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Abstract

Accurate wind power forecasting is crucial for modern power systems, yet most deep
learning models neglect spatial relationships between turbines. We propose GSTAformer, a
graph-guided spatio-temporal model capturing both spatial and temporal dependencies
through MIC- and PCC-built graphs; GraphSAGE for spatial feature extraction; multi-scale
convolution for trend detection; and an improved Autoformer for temporal modeling.
Experiments on SDWPF and GEFCom2012 datasets demonstrate GSTAformer’s superior
performance, achieving a 24 h mean squared error (MSE) of 0.7480 and mean absolute
error (MAE) of 0.6362 on SDWPFE. This work integrates graph-based spatial modeling
with enhanced temporal forecasting for medium-term wind power prediction, providing a
coherent framework suited to complex wind energy scenarios.

Keywords: wind power forecasting; spatio-temporal modeling; graph neural network;
Autoformer; GraphSAGE; multi-scale convolution; medium-term prediction

1. Introduction

Amid global fossil fuel depletion and growing environmental concerns, renewable
energy development has become a global priority. As a clean and sustainable resource,
wind power has received wide attention for its availability and near-zero operational
emissions [1]. However, its stochastic and intermittent nature—strongly influenced by
meteorological and geographical factors—introduces significant uncertainty to power
system operation, creating challenges for grid stability and energy scheduling [2].

For practical power system management, accurate medium-term wind power fore-
casting (ranging from several hours to a few days ahead) is particularly important. It
supports day-ahead scheduling, power trading, and maintenance planning, helping op-
erators improve system reliability and economic efficiency [3]. Accurate 6-24 h wind
forecasts are also essential in practical decision frameworks such as day-ahead bidding and
coordinated electricity—carbon market operation, where recent studies show that market
efficiency is highly dependent on renewable forecasting accuracy [4]. However, medium-
term forecasting is more challenging than short-term forecasting due to higher uncertainty
and error accumulation over longer horizons. Therefore, developing accurate and robust
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medium-term forecasting methods is of great significance for wind power integration and
system operation.

Over the past decade, diverse forecasting approaches have been developed, rang-
ing from physical and statistical models to machine learning and deep learning frame-
works [5,6]. Deep learning has shown superior ability to capture nonlinear and temporal
dependencies in wind data. Early works mainly used recurrent or probabilistic networks
such as long short-term memory (LSTM), gated recurrent unit (GRU), and deep belief
network (DBN). For instance, Xiong et al. [7] combined convolutional neural networks
(CNNSs) and attention with LSTM, and Boucetta et al. [8] employed GRU with attention for
short-term prediction. These studies laid a foundation for data-driven forecasting but still
fail to represent spatial dependencies across turbines.

Recent efforts emphasize joint spatio-temporal modeling, motivated by the correla-
tion between turbine locations and evolving wind fields. Representative methods include
CNN-Informer hybrids [9], graph convolutional network (GCN)-GRU models for off-
shore forecasting [10], and variational mode decomposition (VMD)-based CNN-GRU
frameworks [11], all demonstrating improved accuracy through spatial-temporal coupling.
Zhang et al. [12] introduced an ICEEMDAN-BiTCN-BiGRU model with attention for
multi-scale feature extraction, while Ghanbari and Avar [13] developed an MVMD-LSTM
framework for non-stationary signal prediction. Liu et al. [14] and Shringi et al. [15] fur-
ther combined decomposition and attention-based recurrent models, achieving accurate
multi-step forecasts.

The Transformer architecture has recently gained attention for long-range temporal
modeling. Informer [16] reduces computational cost via sparse attention, while Aut-
oformer [17] introduces an autocorrelation mechanism to capture periodicity. Further
variants, such as CNN-Informer [18] and decomposition-enhanced Autoformer [19], en-
hance long-horizon forecasting. Nevertheless, most Transformer-based approaches still
emphasize temporal learning while neglecting explicit spatial correlations and struggling
with highly volatile, non-stationary wind dynamics. Their high computational cost and
limited interpretability also hinder deployment in real-world wind farms.

To address these challenges, this paper proposes a Graph-Guided Spatio-Temporal
Autoformer (GSTAformer), which integrates graph neural networks (GNNs) with the
Autoformer architecture for unified spatio-temporal learning. The proposed framework
is evaluated on two benchmark datasets—Baidu SDWPF and GEFCom2012—covering
diverse spatio-temporal scales. Experimental results show that GSTAformer consistently
outperforms state-of-the-art methods across multiple forecasting horizons (6, 12, and 24 h),
achieving superior accuracy, robustness, and efficiency.

The main contributions are summarized as follows:

(1) Graph-guided Autoformer framework: A unified architecture integrating GNN-
based spatial modeling with Autoformer, enabling joint learning of spatial and
temporal dependencies for wind power forecasting.

(2)  Multi-scale temporal fusion: A convolution-enhanced temporal module that captures
both rapid fluctuations and periodic variations, improving adaptability to non-
stationary wind dynamics.

(3)  Comprehensive validation: Extensive experiments on SDWPF and GEFCom?2012
confirm GSTAformer’s superior performance across different forecasting horizons.

The remainder of this paper is organized as follows: Section 2 introduces the archi-
tecture and methodology of the proposed GSTAformer. Section 3 describes the datasets,
experimental setup, and main results. Section 4 provides a detailed discussion of the find-
ings, model behavior, and limitations. Finally, Section 5 concludes the paper and outlines
future research directions.
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2. Methodology
2.1. Owverall Structure of the Proposed Network

To enhance medium-term wind power forecasting, we propose GSTAformer, a unified
framework that jointly models spatial and temporal dependencies. As illustrated in Figure 1,
the architecture comprises three components: (1) a spatial feature extraction module, (2) a
temporal feature extraction module, and (3) an improved Autoformer.
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Figure 1. The structure of the GSTAformer for wind power forecasting. The blue line denotes the
wind power series before wavelet-based denoising, whereas the yellow line denotes the denoised
wind power series.

Preprocessed wind power data—after missing-value interpolation, anomaly filtering,
and noise reduction via discrete wavelet transform (DWT) [20]—are first fed into the spatial
module. Two graphs are constructed: a turbine-level graph using the maximal information
coefficient (MIC) and a variable-level graph using the Pearson correlation coefficient (PCC).
GraphSAGE then aggregates node features to obtain spatial embeddings.

These embeddings are processed by the temporal module, which employs multi-scale
convolutions to capture both short-term variations and long-term trends. Finally, the fused
spatio-temporal features are fed into the enhanced Autoformer with self-attention for
accurate medium-term wind power forecasting.

2.2. Spatial Feature Extraction Module

Modeling spatial dependencies is crucial for wind power forecasting, as turbine
outputs are strongly correlated by geography and meteorology. Many existing models
use simple distance-based metrics or ignore inter-variable relations, leading to incomplete
spatial representations. To address this, we design a dual-graph spatial feature extraction
module leveraging both turbine-level and variable-level similarity graphs, followed by
GraphSAGE aggregation to produce robust spatial embeddings as shown in Figure 2.
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Figure 2. Dual-graph construction using MIC and PCC similarity matrices. The numerical values in
the heatmaps represent the pairwise similarity coefficients computed by MIC and PCC, respectively.
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2.2.1. Graph Construction

Turbine similarity graph. An undirected weighted graph G; = (Vi, E;) is built,
where each node v; denotes a turbine and edge weights encode nonlinear correlations of
power series. Instead of Euclidean distance or PCC, we employ the maximal information
coefficient (MIC) [21], which captures both linear and nonlinear dependencies:

Wij = MIC(xi, x]) (1)

A high MIC value indicates strong shared information across operating conditions,
which typically arises when turbines are aligned with dominant wind directions or influ-
enced by similar terrain-induced flow structures. Thus, G; approximates flow connectivity
rather than mere Euclidean proximity.

For each turbine v;, only the k most similar neighbors are retained, forming the
adjacency matrix A € R™*":

Wij/ v; € N(l) orv; € N(]),

0, otherwise.

Aij =

@)

Variable correlation graph. To model inter-variable dependencies among meteorolog-
ical and operational factors, an undirected weighted graph G, = (V», Ey) is constructed
using the Pearson correlation coefficient (PCC) [22]:

T (- £)(x! - %)

- . 3)

¥ii
] VLo (xf = )2 JE (2] — %)

Each variable node connects to its § most correlated neighbors, yielding adjacency

matrix B. This complementary design captures nonlinear turbine similarities through G;
and linear variable correlations through Gy, enabling comprehensive spatial dependency
learning. The PCC-based graph G, captures physically consistent co-variations among
variables such as wind speed, direction, and temperature, which are jointly modulated by
mesoscale atmospheric regimes or operational strategies.
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2.2.2. GraphSAGE-Based Feature Aggregation

Given G; and Gy, we employ GraphSAGE [23] to aggregate spatial features in an
inductive manner, allowing generalization to unseen turbines or variables. Specifically,
the hidden representation of node i is updated as

where AGG(-) denotes a neighborhood aggregation function (mean pooling in this study),
and o(-) is a nonlinear activation. The same process is applied to variable nodes f; in G;:

fi=c(Uifi+Uy- AGG{fj | j € M(i)}). ®)

To better capture inter-variable dependencies, we adopt the variable-as-token strategy
inspired by iTransformer [24], and the contrast between the traditional GNN input view
and the proposed view in GSTAformer is illustrated in Figure 3. Specifically, the input
tensor X € R™*T*C is reshaped into Xvariable-major € RE*m*T treating variables as tokens
while preserving turbine and temporal dimensions. This design facilitates cross-variable
interactions during aggregation.
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Figure 3. Traditional vs. GSTAformer view on graph neural network (GNN) input.

Finally, we obtain two sets of embeddings: turbine-level features H,atia1 € R™* T>C
from G, and variable-level features Hepure € R™*T*C from G,, which are subsequently
fused in the temporal module for spatio-temporal learning.

2.3. Temporal Feature Extraction Module

Wind power series exhibit multi-scale temporal variability, containing long-term
periodicity (e.g., diurnal/seasonal cycles) and short-term fluctuations (e.g., gusts and
turbulence). To capture both global and local dependencies beyond the capacity of recurrent
models (LSTM, GRU), we design a multi-scale convolution (MSC) module for hierarchical
temporal feature extraction.

As shown in Figure 4, the MSC module comprises three parallel one-dimensional
convolutions with kernel sizes k1 = 3, ko = 5, and k3 = 15, corresponding to short-,
medium-, and long-range dependencies. These kernel sizes are empirically determined
from the autocorrelation structure of wind power data to balance responsiveness and
smoothness. To verify robustness, we conduct a sensitivity experiment by replacing the
kernel triplet with {3,5,7} and {3,7,15}.
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Figure 4. Flowchart of the temporal feature extraction module.

Given input X € R"*T*C the ith branch performs
F=¢(W;xX+10;), (6)

where * denotes temporal convolution, and ¢(-) is the rectified linear unit (ReLU). Zero-
padding preserves dimensional consistency. The three feature maps are fused by element-

wise summation:
Fime =FH + 5+ F, (7)

yielding a unified representation that integrates short-term dynamics and long-term trends
for subsequent modeling.

2.4. Improved Autoformer

To enhance long-term forecasting and strengthen the integration of spatial-temporal
representations, we redesign the Autoformer module with two refinements: (1) an adaptive
decomposition window and (2) a full-attention mechanism in the decoder as illustrated

in Figure 5.
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Figure 5. Structure of the improved Autoformer.

2.4.1. Adaptive Series Decomposition

The original Autoformer [17] employs a fixed moving-average window for trend—
seasonal decomposition, which limits its ability to adapt to non-stationary wind sequences.
We introduce an adaptive decomposition window whose length L; varies with the input
length T and prediction horizon H:

T

ﬁ/ (8)

Ld:tX'

where « is a tunable factor (x = 0.5 by default). To justify this choice, we perform a sensi-
tivity analysis using & € {0.25,0.50,0.75}. A shorter window preserves rapid variations,
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while a longer one extracts smooth long-term dynamics. This operator decomposes the
sequence into trend and seasonal parts:

X; = AvgPool; (Padding(X)), ©9)
Xs = X — Xy, (10)

where X; captures slowly evolving patterns, and X; models short-term fluctuations.
The adaptive window improves robustness across diverse temporal scales.

2.4.2. Full-Attention Mechanism

To enhance global dependency modeling, we replace conventional cross-attention in
the decoder with a full-attention mechanism, allowing each decoder query to attend jointly
to encoder outputs and its own autoregressive history. Let Hene denote the encoder output
and Hye. the decoder input. We form a unified memory bank

M = Concat(Henc, Hgec), (11)

from which keys and values are generated. Full-attention is computed as

ar

where causal masking is applied to preserve autoregressive ordering. This design enables

QKT
FullAtin(Q, K, V) = Softmax v, (12)

the decoder to fuse long-term historical context with evolving seasonal patterns, improving
representation completeness over extended forecasting horizons.

2.4.3. Encoder-Decoder Processing

Each encoder layer refines seasonal representations through self-attention, feed-
forward processing, and adaptive decomposition:

Sg;l) = SeriesDecomp(SelfAttn(ngl)) + ngl)), (13)
si?) = SeriesDecomp( FEN(s{x')) + s ), (14)

ensuring that long-range temporal dependencies are extracted while gradually removing
accumulated trend bias.

In the decoder, historical seasonal components are extended with zero-initialized
future positions, and trend components are initialized using historical statistics to stabilize
extrapolation. Each decoding layer combines self-attention and full-attention to incorporate
both short-term seasonal structure and global encoder memory:

Sgéz), Tc(ile’z) = SeriesDecomp(FullAt’m(Sge’l), HY ) + Sgél)), (15)
() _ pU=1) 4 (12)
Tde - Tde + Tde : (16)

Seasonal and trend predictions are finally aggregated to obtain the multi-step fore-
cast. The improved Autoformer therefore adaptively decomposes temporal signals and
strengthens long-range dependency learning for complex wind dynamics.

https://doi.org/10.3390/en19010254
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3. Experiment

3.1. Data Description
3.1.1. SDWPF Dataset

The SDWPF dataset from the KDD Cup 2022 contains 10 min records from 134 tur-
bines over 245 days, including wind speed, direction, temperature, and power output.
Ten representative turbines are selected (about 35,000 samples each) to provide diverse
temporal and spatial characteristics. Data quality control follows turbine-level physical
constraints: measurements with negative power, zero power under sufficiently high wind
speed, abnormal blade pitch angles, or out-of-range wind direction are treated as invalid
and replaced with missing values. Missing segments are imputed using backward—forward
filling, which is suitable for the smooth evolution of turbine operating states. Feature
engineering includes normalized temporal variables (day, hour, and minute), absolute rotor
speed, and the maximum blade pitch angle as a stability indicator, while irrelevant columns
are removed.

3.1.2. GEFCom?2012 Dataset

The GEFCom2012 dataset provides hourly normalized wind power data from seven
wind farms (2009-2012) with 48 h forecasting tasks. It also includes data gaps caused by
maintenance and sensor faults, yielding realistic testing conditions. Since no turbine-level
measurements are available, only calendar-based features (Year/Month/Day/Hour) are
extracted and normalized to [—0.5,0.5], and dataset-specific auxiliary fields are removed to
avoid redundancy.

Both datasets are divided into training, validation, and test sets with a 7:1:2 ratio.
Each experiment is repeated ten times and averaged for stability. Inputs are min—-max
normalized, and the input length is set to twice the prediction horizon to ensure sufficient
historical context. To suppress sensor noise while preserving ramp dynamics important
for forecasting, wavelet denoising is applied to power sequences using a Daubechies-4
wavelet, two decomposition levels, and soft-thresholding based on the MAD-estimated
universal threshold.

3.2. Comparison with Baseline Models

To validate the effectiveness of GSTAformer, we compare it with 13 representative
baselines on the SDWPF and GEFCom?2012 datasets, covering three model categories:

RNN-based models: LSTM, GRU, bidirectional LSTM (BiLSTM), and bidirectional
GRU (BiGRU), representing classical sequence models for temporal dependency learning.

CNN-based model: Temporal convolutional network (TCN) [25], which captures
temporal patterns via dilated causal convolutions.

Transformer-based models: DLinear [26], Transformer [27], Informer [16], PatchTST [28],
iTransformer [24], and TimeXer [29], representing recent advances in long-sequence forecasting.

All baselines are trained under identical data splits, input/output lengths, normaliza-
tion, and optimization settings with early stopping for fair comparison.

3.2.1. Evaluation on the SDWPF Dataset

Table 1 summarizes the forecasting results on the SDWPF dataset. GSTAformer con-
sistently achieves the lowest MSE and root-mean-square error (RMSE) across all horizons,
confirming its superior capacity to capture both short-term fluctuations and long-term
temporal trends. Figure 6 further illustrates its robustness.

https://doi.org/10.3390/en19010254
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Table 1. Comprehensive evaluation of model performance on the SDWPF dataset.

6-h 12-h 24-h
Model
MSE MAE RMSE MSE MAE RMSE MSE MAE RMSE
LSTM 0.4253 0.4285 0.6521 0.6907 0.5858 0.8308 0.8789 0.6999 0.9375
GRU 0.4070 0.4213 0.6379 0.6538 0.5832 0.8086 0.8866 0.7100 0.9415
BiLSTM 0.4441 0.4657 0.6664 0.6716 0.5845 0.8194 0.9164 0.7078 0.9571
BiGRU 0.4273 0.4387 0.6537 0.6717 0.6002 0.8194 0.8921 0.7229 0.9444
TCN [25] 0.4096 0.4408 0.6400 0.6344 0.5773 0.7964 0.8657 0.6896 0.9304
DLinear [26] 0.4210 0.4779 0.6488 0.6434 0.6121 0.8021 0.8462 0.7298 0.9199
Transformer [27] 0.4933 0.4609 0.7009 0.8826 0.6503 0.9390 1.2029 0.7949 1.0938
Informer [16] 0.5179 0.4759 0.7192 0.8135 0.6254 0.9018 1.1274 0.7595 1.0583
PatchTST [28] 0.4123 0.3983 0.6420 0.7361 0.5888 0.8579 1.0648 0.7249 1.0303
iTransformer [24] 0.4574 0.4204 0.6762 0.7796 0.5835 0.8828 1.1849 0.7480 1.0867
TimeXer [29] 0.4555 0.4259 0.6747 0.7488 0.5844 0.8653 1.0731 0.7216 1.0344
GSTAformer 0.3887 0.4210 0.6234 0.5469 0.5364 0.7395 0.7480 0.6362 0.8648
Note: Bold values indicate the best performance for each prediction horizon.
6-h ahead 12-h ahead 24-h ahead
1.2 ]
1.0

Error
Error

MAE RMSE MSE MAE RMSE MSE
HEN GSTAformer M GRU I BiGRU I DLinear B Informer B iTransformer
B LST™ I BiLSTM s TCN Transformer WM PatchTST WM TimeXer

Figure 6. Performance comparison of forecasting models on the SDWPF dataset.

6 h Ahead Forecasting

As shown in Table 1, short-term forecasting yields relatively small errors across models.
GSTAformer attains the best MSE (0.3887) and RMSE (0.6234), outperforming all baselines.
The improvement arises from the MSC module, which extracts fine-grained local variations
that recurrent models tend to over-smooth. Although PatchTST achieves a slightly lower
MAE, its higher MSE and RMSE indicate less stability under fluctuating conditions.

12 h Ahead Forecasting

For the 12 h horizon, increased temporal dependency makes forecasting more chal-
lenging. GSTAformer achieves the lowest MSE (0.5469), MAE (0.5364), and RMSE (0.7395),
improving upon TCN by 13.81% in MSE. These gains stem from the GNN-based spatial
integration and the adaptive series decomposition, which separates seasonal and trend
components for more accurate mid-range prediction.

24 h Ahead Forecasting

Long-horizon prediction is most affected by uncertainty and trend drift. GSTAformer
still leads with MSE = 0.7480, MAE = 0.6362, and RMSE = 0.8648. The full-attention
mechanism and adaptive decomposition window jointly enhance the capture of global
periodicity while preserving high-frequency dynamics. Compared with LSTM and GRU,
MSE decreases by 14.9% and 15.7%, respectively, verifying the effectiveness of the spatio-
temporal fusion strategy.

https://doi.org/10.3390/en19010254
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3.2.2. Evaluation on the GEFCom2012 Dataset

Table 2 reports results on the GEFCom2012 dataset, and Figure 7 provides a visual
comparison of the forecasting performance across different models and horizons. All
models perform better than on SDWPF due to lower volatility and stronger periodicity, yet
GSTAformer remains best across all horizons, highlighting its strong generalization ability.

Table 2. Comprehensive evaluation of model performance on the GEFCom2012 dataset.

6-h 12-h 24-h

Model

MSE MAE RMSE MSE MAE RMSE MSE MAE RMSE
LSTM 0.3294 0.3413 0.5740 0.4177 0.3913 0.6463 0.4910 0.4292 0.7007
GRU 0.3401 0.3509 0.5832 0.4201 0.3910 0.6481 0.4943 0.4310 0.7031
BiLSTM 0.3128 0.3289 0.5593 0.4054 0.3844 0.6367 0.4806 0.4236 0.6933
BiGRU 0.3263 0.3388 0.5712 0.4235 0.3927 0.6507 0.4845 0.4251 0.6961
TCN [25] 0.3359 0.3523 0.5795 0.4148 0.3940 0.6440 0.5091 0.4509 0.7135
DLinear [26] 0.3106 0.3205 0.5572 0.4037 0.3712 0.6353 0.5227 0.4552 0.7230
Transformer [27] 0.2780 0.2760 0.5266 0.3984 0.3377 0.6303 0.5389 0.4354 0.7336
Informer [16] 0.2988 0.3017 0.5462 0.4113 0.3670 0.6399 0.5332 0.4571 0.7298
PatchTST [28] 0.2332 0.2310 0.4828 0.3478 0.3239 0.5897 0.4406 0.4017 0.6636
iTransformer [24]  0.2327 0.2306 0.4823 0.3330 0.3282 0.5769 0.4747 0.3925 0.6890
TimeXer [29] 0.2176 0.2303 0.4665 0.3431 0.3260 0.5856 0.4522 0.4104 0.6724
GSTAformer 0.1958 0.2297 0.4425 0.3080 0.3207 0.5549 0.4001 0.3799 0.6325

Note: Bold values indicate the best performance for each prediction horizon.
6-h ahead 12-h ahead 24-h ahead

MAE

Error
Error

RMSE MSE MAE RMSE

EEm GSTAformer B GRU s BiGRU B Dlinear m Informer B iTransformer
B LST™M B BiLSTM mm TCN Transformer B PatchTST BN TimeXer

MSE

Figure 7. Performance comparison of forecasting models on the GEFCom2012 dataset.

6 h Ahead Forecasting

GSTAformer achieves the lowest MSE (0.1958), MAE (0.2297), and RMSE (0.4425),
outperforming TimeXer by 10.03% in MSE. The multi-scale convolution module captures
fine-grained patterns that characterize this smoother dataset.

12 h Ahead Forecasting

For the 12 h horizon, GSTAformer further improves performance through its adap-
tive decomposition window, which adjusts to the dataset’s periodicity. Compared with
iTransformer, MSE and RMSE are reduced by 7.51% and 3.81%, respectively.

24 h Ahead Forecasting

At the 24 h horizon, GSTAformer attains MSE = 0.4001, MAE = 0.3799, and
RMSE = 0.6325, demonstrating consistent trend tracking and short-term adaptability.
PatchTST and TimeXer show weaker responses to anomalies, whereas GSTAformer effec-
tively balances spatial and temporal dependencies for more accurate long-term forecasts.
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Further Analysis

Figure 8 shows predictive trajectories. GSTAformer more accurately tracks sharp tran-
sitions (steps 30-50 and 60-80), reflecting its adaptability to dynamic variations. The syn-
ergy between GNN-based spatial representations and full-attention temporal modeling
mitigates long-horizon error accumulation.

1.00

—— True Values 1.01 — True Values

0.751 — GSTAformer —— GSTAformer
---- ----Informer

0.50{ 0517 iTransformer
: PatchTST
--- TimeXer

0.251 -~ Bi
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-0.25
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-1.00 -0y T -
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(a) Traditional model (b) Latest Model
Figure 8. Diagram of forecasting result curves on the GEFCom?2012 dataset.
3.3. Ablation Study
To further evaluate the contribution of each component, we conduct comprehen-
sive ablation experiments on the SDWPF dataset, as shown in Table 3. All variants are
trained under identical hyperparameters and parameter scales to ensure fair comparison,
and results are averaged over five runs for statistical stability (standard deviation within
+1.3%).
The evaluated variants include the following:
*  w/o GIM: removing the graph-temporal fusion module, which jointly integrates
spatial and temporal embeddings;
¢  w/o Temporal: excluding the MSC-based temporal feature extractor;
*  w/o Gj: removing the turbine-level spatial graph modeling component;
*  w/o0 Gy: removing the variable-level correlation graph module.
Table 3. Ablation study results of GSTAformer on multiple forecasting scales (SDWPF dataset).
6-h 12-h 24-h
Model
MSE MAE RMSE MSE MAE RMSE MSE MAE RMSE
GSTAformer w/o GTM 0.4120 04247 0.6418 0.6391 05692 07992  0.8609 0.6892  0.9274

GSTAformer w/o Temporal
GSTAformer w/o Gy
GSTAformer w/o Gy
GSTAformer

03990 04318 0.6315 05483 05397 0.7395 0.7651  0.6508  0.8744
0.3978 04275 0.6307 05967 05512 0.7716 0.7707  0.6570  0.8775
0.3908 04281 0.6251 05677 05440 0.7525 0.8265 0.6827  0.9084
0.3887  0.4210 0.6234 0.5469 0.5364 0.7395 0.7480  0.6362  0.8648

Note: Bold values indicate the best performance for each prediction horizon.

3.3.1. Spatial-Temporal Coupling Effect

Removing the graph—temporal fusion module (w/o GTM) causes the largest perfor-
mance degradation across all horizons, particularly in the 24 h forecasting task where
MSE increases from 0.7480 to 0.8609. This confirms that the integrated spatio-temporal
representation is indispensable for long-horizon forecasting, as it allows dynamic inter-
action between turbine-level topology and evolving temporal dynamics. Eliminating the
turbine-level graph (w/o Gp) also notably worsens results, with MSE rising from 0.5469 to
0.5967 in the 12 h setting, highlighting the importance of explicitly modeling turbine inter-
dependence. In contrast, removing the variable-level graph (w/o G;) produces a smaller
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but consistent decline, suggesting that feature-level correlation contributes to smoother
local temporal prediction.

The different behaviors of G; and G; across horizons can be explained as follows.
For 6 h and 12 h forecasts, removing G; leads to a larger MSE increase than removing G,
(e.g., from 0.5469 to 0.5967 at 12 h) because these horizons are dominated by the short- to
mid-term propagation of wind fields along the turbine layout, which is explicitly captured
by the MIC-based turbine graph. At 24 h, however, the absence of G; is more detrimental
(MSE 0.8265 vs. 0.7707 for w/o Gj), indicating that very long-range prediction relies more
on stable cross-variable relationships (e.g., between wind speed, direction and power)
encoded in the PCC-based graph to regularize the temporal evolution. This suggests that
G1 mainly enhances short- to medium-term responsiveness, whereas G, provides long-term
stabilization, and their combination yields the best overall accuracy.

3.3.2. Temporal Dynamics Effect

Excluding the multi-scale temporal feature extractor (w/o Temporal) increases MSE
from 0.7480 to 0.7651 in the 24 h horizon, indicating that the MSC module effectively
captures fine-grained short- and medium-term dynamics. Without this component,
the model struggles to represent local fluctuations and fails to align temporal patterns
across multiple scales.

3.4. Hyperparameter Sensitivity Analysis

To evaluate the robustness of key architectural design choices in GSTAformer, we
conduct two sensitivity experiments on the SDWPF dataset for the 24 h horizon. These
experiments examine the effect of (1) the MSC kernel-size configuration and (2) the decom-
position coefficient & used in the adaptive trend extraction.

Table 4 compares three kernel-size triplets. Although all configurations produce com-
parable errors, the proposed setting {3,5,15} achieves the best performance (MSE = 0.7480),
indicating its balanced ability to capture short-, medium-, and long-range temporal patterns.

Table 5 reports results for « € {0.25,0.50,0.75}. The model performs best at « = 0.5,
while nearby values yield slightly higher errors (0.7530-0.7600 MSE), demonstrating that
GSTAformer is not overly sensitive to this hyperparameter.

These results confirm that the proposed architectural settings are well motivated and
stable across reasonable hyperparameter ranges.

Table 4. Sensitivity of MSC kernel sizes on the SDWPF dataset (24 h horizon).

Model (Kernel Sizes) MSE (24-h) MAE (24-h) RMSE (24-h)
GSTAformer (k = {3,5,7}) 0.7580 0.6420 0.8706
GSTAformer (k = {3,5,15}) 0.7480 0.6362 0.8648
GSTAformer (k = {3,7,15}) 0.7540 0.6395 0.8683

Table 5. Sensitivity of the adaptive decomposition coefficient « on the SDWPF dataset (24 h horizon).

Model () MSE (24-h) MAE (24-h) RMSE (24-h)
GSTAformer (« = 0.25) 0.7600 0.6430 0.8718
GSTAformer (« = 0.50) 0.7480 0.6362 0.8648
GSTAformer (x = 0.75) 0.7530 0.6390 0.8678

3.5. Computational Cost Analysis

To assess the efficiency and feasibility of GSTAformer in practical wind farm opera-
tions, we evaluate the computational cost on the SDWPF dataset under the 72-step—to-36-
step forecasting setting, which is one of the most computationally demanding configu-
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rations. We report the number of parameters, FLOPs per forward pass, and per-epoch
training time, measured on a single NVIDIA GeForce RTX 4090 GPU.

Table 6 shows the comparison results. GSTAformer achieves a favorable balance
between efficiency and modeling capability. With 3.17M parameters and 42.48 GFLOPs per
forward pass, its computational footprint is significantly lower than that of mainstream
Transformer models, while its training speed (55.56 s per epoch) remains well within the
range suitable for large-scale, continuous retraining in operational wind farms.

Table 6. Computational cost on the SDWPF dataset (72— 36 forecasting).

Model Params (M) FLOPs (GFLOPs) Time/Epoch (s)
LSTM 1.088 12.366 16.17
GRU 0.820 9.281 11.97
BiLSTM 2.175 24.731 32.34
BiGRU 1.640 18.562 24.27
TCN 0.255 3.085 4.03
DLinear 0.006 0.015 0.02
Transformer 10.539 121.333 160.86
Informer 11.327 110.082 143.96
PatchTST 6.480 72.902 95.34
iTransformer 6.362 11.188 14.63
TimeXer 8.547 6.966 9.11
GSTAformer 3.166 42.484 55.56

4. Discussion

The experiments on the SDWPF and GEFCom2012 datasets show that GSTAformer
consistently outperforms recurrent, convolutional, and Transformer-based baselines over 6-,
12-, and 24 h horizons (Tables 1 and 2). On the more volatile SDWPF dataset, the gains are
most pronounced for 24 h forecasting, suggesting that explicit spatio-temporal modeling
effectively mitigates long-horizon error accumulation. On the smoother and more periodic
GEFCom?2012 dataset, GSTAformer still achieves the best performance, indicating good
generalization across different temporal characteristics and spatial layouts.

From a practical perspective, the two case studies considered in this work already
represent distinct operational regimes: SDWPF corresponds to a highly volatile wind
farm with fine temporal resolution, whereas GEFCom2012 represents aggregated wind
power with smoother, more periodic behavior. The consistent gains of GSTAformer across
these datasets suggest that the proposed architecture can generalize to different wind
farm configurations, aggregation levels, and temporal resolutions, which is essential for
deployment in heterogeneous power systems.

4.1. Effect of Spatial Graph Modeling

The ablation study highlights the importance of the dual-graph design. Removing
the turbine-level similarity graph (w/o Gj) leads to clear degradation, especially at 12 h
and 24 h, confirming that MIC-based turbine correlations provide useful inductive bias
beyond purely temporal modeling (Table 3). The variable-level correlation graph (G)
also brings consistent, though slightly smaller, improvements, suggesting that encoding
relationships among meteorological and operational variables helps regularize feature
learning. This interpretation is consistent with the quantitative differences reported in
Table 3, where removing either G; or G, systematically increases MSE, MAE, and RMSE
across all horizons, and the full model with both graphs always yields the best performance.
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4.2. Role of Multi-Scale Temporal Modeling and Improved Autoformer

The multi-scale convolution (MSC) module and the improved Autoformer jointly
strengthen temporal modeling. Ablation results show that removing the MSC module
(w/o Temporal) particularly harms longer-horizon performance on SDWPF, indicating that
multi-scale convolutions complement attention by capturing fine-grained local dynamics
that are easily smoothed out in purely global architectures. The adaptive decomposition
window allows the trend—seasonal separation to adjust to different input and prediction
lengths, improving robustness to non-stationary behavior. Meanwhile, the full-attention
mechanism, where decoder queries attend to both encoder outputs and their own history,
enhances long-range dependency modeling. Compared with the vanilla Autoformer,
GSTAformer achieves superior accuracy with only modest increases in parameters and
training time, suggesting a favorable trade-off between effectiveness and efficiency.

Furthermore, the kernel-size and decomposition-coefficient sensitivity experiments
(Tables 4 and 5) show that the model maintains its advantage under reasonable variations
of these temporal-design hyperparameters. This indicates that the improvements brought
by the MSC and adaptive decomposition modules are robust rather than the result of fragile
hyperparameter tuning, thereby providing stronger support for the architectural choices
adopted in GSTAformer.

4.3. Limitations and Future Directions

Despite its strong performance, GSTAformer has several limitations. The dual-graph
and multi-branch design increases architectural complexity and may limit interpretability
and deployment on resource-constrained platforms. Moreover, the current spatial graphs
are constructed from historical correlations and remain static during inference, which
ensures stability and computational efficiency but cannot fully capture the evolving spatial
dependencies induced by changing atmospheric conditions. The present work also focuses
only on deterministic point forecasting and does not provide uncertainty estimation, which
is essential for risk-aware decision-making in power dispatch and electricity trading.

Future work will explore dynamic or learned graph structures that adapt to evolving
wind field patterns in an online manner, as well as model compression and acceleration
techniques to further reduce computational cost. In addition, extending GSTAformer to
probabilistic forecasting through distributional outputs, Monte Carlo sampling, or ensemble
schemes would enable quantification of predictive uncertainty.

5. Conclusions

This paper presented GSTAformer, a graph-guided spatio-temporal forecasting frame-
work that integrates (i) a dual-graph architecture for learning local and global spatial
dependencies, (ii) a multi-scale temporal fusion module for capturing both rapid fluctua-
tions and periodic trends, and (iii) a unified Autoformer-based pipeline that jointly models
spatial-temporal interactions.

Extensive experiments on two representative operational regimes—SDWPF and GEF-
Com2012—demonstrate consistent and substantial improvements over 13 strong baselines.
Across 6-24 h forecasting horizons, GSTAformer reduces prediction errors by roughly
10-20% compared with the best existing models, confirming its robustness and strong
generalization capability under both highly volatile and more periodic wind conditions.

While promising, the framework introduces additional architectural complexity and
relies on static spatial graphs. Future work will explore adaptive or learned graph struc-
tures, model compression for deployment efficiency, and probabilistic extensions to enable
uncertainty-aware forecasting in real-world power system operations.
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