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Spatio-temporal Hybrid Graph-Transformer 
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Forecasting
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Abstract——Accurate wind and solar power forecasting is cru‐
cial for grid stability and renewable energy integration, especial‐
ly in island like Jeju Island, Republic of Korea. This paper 
tackles challenges such as nonlinear patterns, spatial interdepen‐
dencies, and resource variability. Current models are limited be‐
cause they are resource specific, treat spatial and temporal de‐
pendencies separately, and lack dynamic inter-site relationship 
modeling, which are essential in dispersed systems. To over‐
come these limitations, we propose a spatio-temporal hybrid 
graph-Transformer (ST-HGT) model for high-fidelity renewable 
energy forecasting， which combines graph attention networks 
(GATs), temporal convolutional networks (TCNs), neural basis 
expansion analysis for interpretable time-series forecasting (N-
BEATS), Transformer， and Informer, within a modular archi‐
tecture. The proposed ST-HGT model captures spatio-temporal 
dynamics by learning inter-site correlations from weather and 
power data via a dynamic graph and employing complementary 
temporal modules to model local features, long-range dependen‐
cies, and complex patterns. The proposed ST-HGT model is 
trained and evaluated independently for wind and solar power 
forecasting, using real-world datasets from multiple stations 
across Jeju Island. The results show that the proposed ST-HGT 
model markedly surpasses state-of-the-art baselines, including 
Informer, temporal fusion Transformer (TFT), N-BEATS, and 
recurrent networks. For solar power forecasting, the proposed 
ST-HGT model achieves a root mean square error (RMSE) of 
21.71 kWh and a coefficient of determination R² of 0.999, with 
an improvement of more than 96.6% in RMSE relative to the 
best baseline model. For wind power forecasting, the proposed 
ST-HGT model achieves an RMSE of 853 kWh and an R² of 
0.99, outperforming all baselines, which have RMSEs exceeding 
65000 kWh.

Index Terms——Spatio-temporal dependency, graph attention 
network (GAT), Transformer, Informer, renewable energy fore‐
casting, time-series forecasting, energy system optimization, 
deep learning.

I. INTRODUCTION

RENEWABLE energy sources such as wind and solar 
power introduce considerable variability into power sys‐

tems owing to their reliance on dynamic, weather-dependent 
phenomena [1]. Accurate forecasting is imperative for pre‐
serving grid stability, optimizing reserves, and facilitating re‐
al-time operational control. High-quality forecasting supports 
efficient unit commitment and economic dispatch, thereby re‐
ducing fuel consumption and renewable curtailment [2]. As 
the global integration of renewable energy sources progress‐
es, particularly within isolated systems such as Jeju Island, 
Republic of Korea characterized by limited interconnectivity 
and vulnerability to typhoons, cloud movements, and wind 
fluctuations, precise and high-resolution forecasting models 
become indispensable to guarantee operational resilience.

Traditional models including numerical weather prediction 
(NWP) [3], [4], autoregressive integrated moving average 
(ARIMA) [5], and persistence models [6], provide a baseline 
performance. However, they struggle to capture rapid and non‐
linear variations. Deep learning (DL) models including recur‐
rent neural networks (RNNs) and Transformer variants [7] -
[10] improve temporal modeling but often treat sites indepen‐
dently, ignoring inter-site correlations that may boost forecast‐
ing accuracy. Emerging models aim to capture spatio-temporal 
dependencies using convolutional neural networks (CNNs) 
[11], attention-based RNNs [12], and ensemble models [13], 
[14]. Hybrid models, which integrate Transformers with auxil‐
iary modules, have demonstrated promise in extending fore‐
casting horizons [15] - [17], and attention mechanisms have 
proven effective across multiple domains [18]. Most existing 
models focus on either spatial or temporal dynamics alone and 
rarely enable seamless forecasting across wind and solar re‐
sources. We propose a spatio-temporal hybrid graph-Trans‐
former (ST-HGT) model, which combines graph attention net‐
works (GATs), temporal convolutional networks (TCNs), neu‐
ral basis expansion analysis for interpretable time-series fore‐
casting (N-BEATS), Transformer, and Informer, within a mod‐
ular architecture. It captures spatial correlations and multi-
scale temporal dependencies in one extensible architecture. 
Unlike prior work, the proposed ST-HGT model forecasts 
wind and solar power without resource-specific tweaks, offer‐
ing higher accuracy.

1) We propose a unified and resource-agnostic architecture 
that is trained independently on wind and solar datasets, 
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without any architecture-specific adjustments. “Unified” 
means a single architecture and training protocol for both re‐
sources, with independent weights for each, ensuring compa‐
rability, easier deployment, and avoiding negative transfer.

2) A GAT-based dynamic graph encoder effectively cap‐
tures inter-site dependencies through spatial proximity and 
correlation-aware edge weights, thereby enhancing the adapt‐
ability and transferability of the proposed ST-HGT model.

3) Through comprehensive experimentation including abla‐
tion studies, benchmark comparisons, and residual diagnos‐
tics, we demonstrate notable advancements of the proposed 
ST-HGT model over current state-of-the-art models in both 
accuracy and reliability.

Prior studies of typical forecasting models are categorized 
into five groups: ① statistical and NWP models, ② classical 
machine learning (ML) models, ③ deep temporal models, 
④ Graph neural network (GNN)-based models, and ⑤ hy‐
brid models. Statistical and NWP models are interpretable 
but have coarse resolution and low update efficiency [3]-[6]. 
Classical ML models enhance nonlinearity; however, they 
are insufficient in managing long-term memory and multi-
scale effects [19]. Deep temporal models including RNNs, 
TCNs, N-BEATS, and Transformers are capable of capturing 
longer-term patterns but lack cross-site correlation modeling 

[20] - [23]. GNN-based models encode cross-site interactions 
but generally employ a singular temporal encoder [24]-[26]. 
Hybrid models combine multiple modules; nonetheless, 
many of them lack a principled mechanism for fusion. The 
proposed ST-HGT model addresses these deficiencies by in‐
tegrating a graph encoder with complementary temporal ex‐
perts and a learned convex fusion. Achievements in renew‐
able energy forecasting have evolved from traditional statisti‐
cal models to sophisticated DL models. Traditional models 
such as ARIMA and persistence models are computationally 
efficient but fall short in capturing the nonlinear and volatile 
characteristics of wind and solar power outputs [11], [19]. 
Classical ML models including random forests and support 
vector machines (SVMs) are extensively employed. Howev‐
er, they are limited in modeling complex temporal and spa‐
tial patterns. DL models such as long short-term memory 
(LSTM) and gated recurrent unit (GRU) are also prevalent 
for modeling temporal dependencies [20], though they face 
challenges with long sequences. Furthermore, various studies 
have integrated these models with attention mechanisms and 
CNNs [11]. For example, TCNs utilize dilated convolutions 
to facilitate efficient long-range modeling and parallel pro‐
cessing [27], [28]. The performance characteristics of typical 
forecasting models are listed in Table I.

Transformer-based models have become increasingly popu‐
lar for their self-attention mechanisms, which effectively cap‐
ture global temporal dependencies. Several Transformer vari‐
ants such as Informer [21] and N-BEATS [21] have also 
been proposed to address computational limits through 
sparse attention and interpretable structures, respectively. 
These models achieve strong results in renewable energy 
forecasting, particularly when combined in hybrid modeling 
setups [22], [23]. GNNs such as GATs have also improved 
temporal modeling. GATs identify spatial relationships 
among dispersed sites. Several studies utilize GATs in hybrid 
modeling setups [24] - [26] and have shown that, when sup‐
plemented with additional environmental data such as weath‐
er forecasts, sensor data, and sky images, forecasting accura‐
cy significantly improves [29], [30].

Despite advances, the literature shows that most of the ex‐
isting forecasting models are narrowly scoped, focusing on a 
single energy source, and lack generalizability and uncertain‐
ty quantification. Few studies unify spatio-temporal model‐
ing within a scalable, interpretable framework. This study 
proposes an ST-HGT model, which integrates GATs, TCNs, 

N-BEATS, Transformer, and Informer. Unlike prior work, 
the proposed ST-HGT model forecasts wind and solar power 
across multiple sites without additional tuning. It autono‐
mously constructs graphs based on spatial and temporal cor‐
relations, enabling probabilistic forecasting. GAT is em‐
ployed for attention-weighted neighborhood aggregation over 
the station graph [31], a Transformer encoder-decoder is 
used for long-range temporal dependencies [32], the Inform‐
er is used to handle long-sequence modeling via ProbSparse 
attention efficiently [21], TCN is utilized for handling local 
and abrupt dynamics via dilated causal convolutions [33], 
and N-BEATS is utilized to capture the trend and seasonality 
decomposition [21]. Rather than relying on a single architec‐
ture, we combine these modules with complementary induc‐
tive biases and learn a convex fusion. This improves sample 
efficiency and stability in our setting while preserving cross-
site spatial coupling via GAT.

Recent studies use GNNs on energy time-series in various 
patterns: static graphs based on geography or topology with 
graph convolutional networks (GCNs) or GATs; dynamic 
graphs with time-varying edges; physics-aware graphs re‐

TABLE I
PERFORMANCE CHARACTERISTICS OF TYPICAL FORECASTING MODELS

Model

Statistical and NWP

Classical ML

Deep temporal

GNN-based

Hybrid

Reference

[3]-[6]

[19]

[20]-[23]

[24]-[26]

[22], [23], [27]

Spatial model

Independent sites

Static and dynamic graph

Spatial modeling support

Temporal range

Short-medium

Short

Short-long

Short-medium

Multi-scale

Strength

Interpretable

Simple and fast

Pattern‑capturing

Spatial coupling

Robustness

Limitation

Coarse resolution and low update 
efficiency

Insufficient in managing long-term memory 
and multi-scale effects

Lack of cross-site correlation modeling

Single temporal encoder

Lack of a principled mechanism for fusion
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specting grid structure; and task-specific designs for ramps 
and extremes [24] - [26]. These enhance spatial generaliza‐
tions that rely on a single temporal block, missing short 
spikes or seasonal patterns. The proposed ST-HGT model re‐
tains spatial gains via GAT, paired with temporal experts and 
learned fusion. Our ablation results verify that this structure 
reduces error compared with that of single component.

II. DATA ACQUISITION AND PREPROCESSING

We used daily wind and solar power data (2020-2023) 
from the Korea Power Exchange [34] and meteorological da‐
ta from the Korea Meteorological Administration [35], cover‐
ing five wind farms (Gasiri, Gimnyeong, Dongbok, Sin‐
chang, and Haengwon), four solar farms (Gyorae, Sport com‐
plex, Hongbogwan, and Hangwon), and four weather sta‐
tions (Gosan, Jeju-si, Seongsan, and Seogwipo). Wind power 
data were from supervisory control and data acquisition 
(SCADA). The graph-based representation  of station connec‐
tivity is shown in Fig. 1. 

Solar power data included solar power output and grid 
feed-in. Environmental features (e.g., wind speed, irradiance, 
temperature, humidity) were standardized, and wind and so‐
lar power was normalized by site capacity. Missing values 
were imputed, outliers were removed, and data were aligned 
with a unified daily index aggregating hourly weather data. 
Using mutual information of wind and solar power data, as 
shown in Figs. 2 and 3, respectively, we define 7-day and 4-
day input windows for wind and solar power, each with a 1-
day forecasting horizon. 

Note that the first local min in Figs. 2 and 3 denotes the 
earliest lag where the normalized mutual information (NMI) 
reaches a local trough, beyond which historical data provide 
diminishing predictive value and thus define the optimal in‐
put window length. Sliding windows with 1-day steps create 
overlapping sequences for model training. Daily power gen‐
eration data of all sites are provided by the Korea Power Ex‐
change. Hourly SCADA data are not public. Therefore, our 
forecasting target is the daily energy output for the subse‐
quent day, and hourly weather data are aggregated into daily 
data. The details of data acquisition and preprocessing pro‐
cess are shown in Supplementary Material A Fig. SA1.

III. PROPOSED ST-HGT MODEL

The proposed ST-HGT model, with its details shown in 
Supplementary Material A Fig. SA2, fuses spatial embed‐
dings from a GAT with four temporal models, i. e., Trans‐
former, Informer, TCN, and N-BEATS, each capturing differ‐
ent temporal scales. The GAT learns inter-site dependencies 
via a correlation-informed graph and multi-head attention. 
Module outputs F ( )m

i  and GAT embeddings Z ( )Spatial
i  are fused 
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Fig. 2.　Mutual information of wind power data. (a) Gasiri. (b) Gimnyeong. 
(c) Dongbok. (d) Sinchang. (e) Haengwon. (f) Total wind power.
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Fig. 3.　Mutual information of solar power data. (a) Gyorae. (b) Sport com‐
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via attention and passed to a fully connected layer for fore‐
casting. We employ a learned multi-expert fusion expressed 
in (1) and a causal correlation-distance hybrid adjacency for 
spatial encoding expressed in (2)-(4). We train separate mod‐
els for wind and solar power forecasting (no weight sharing) 
to preserve resource-specific accuracy.

ŷit =FC ( )Attention[ ]Z ( )Spatial
i F ( )Trans

i F ( )Inf
i F ( )TCN

i F ( )N - BEATS
i

(1a)
αm = softmax ( )θFm (1b)

where iÎ { }12N  is the station index, and N is the num‐
ber of stations; t is the time step; ŷit is the forecasted power 
for station i at time t; FC ( × ) denotes the final fully connect‐
ed prediction layer; Attention[ × ] denotes the fusion attention 
operator; Z ( )Spatial

i  denotes the GAT-derived spatial embedding 
of station i; F ( )m

i  denotes the feature output of temporal ex‐
pert m for station i, and mÎ {Transformer Informer TCN  

}N - BEATS ; αm is the fusion weight of expert m and ∑
m

αm =

1; and θFm is the fusion logit for expert m.
Each temporal block carries a distinct inductive bias: TCN 

captures short-range spikes via causal dilated convolutions; 
N-BEATS isolates trend and seasonality; Transformer mod‐
els medium-long dependencies; Informer scales to very long 
sequences; and GAT injects cross-site context. We fuse their 
outputs with nonnegative fusion weights αm. Under squared 

loss, the ensemble error decomposes as E é

ë

ê
êê
ê
ê
ê(∑m αmεm ) 2ù

û

ú
úú
ú
ú
ú
=

αTΣα, where εm is the residual of expert m, α = [ ]αm  is the 
fusion weight vector, and Σ is the residual covariance ma‐
trix. When residuals are not perfectly correlated, optimizing 
α reduces variance relative to any single model (denoted as 
the classical ensemble effect). End-to-end training, therefore, 
down-weights a block when it is off-manifold for a given 
station or week while retaining the coverage of complemen‐
tary frequency bands. Ablation studies show consistent degra‐
dation when any block is removed, with the largest degrada‐
tion for GAT, supporting the complementarity of the spatial 
and multi-scale temporal encoders. The proposed ST-HGT 
model is trained end-to-end, combining normalization, dy‐
namic graph construction, and parallel temporal encoding. 
Dropout-based ensembling yields uncertainty quantification, 
evaluated via prediction interval coverage probability (PICP) 
and prediction interval width (PIW), where high PICP and 
low PIW indicate calibrated and sharp intervals. The perfor‐
mance of the proposed ST-HGT model is assessed using root 
mean square error (RMSE), mean absolute error (MAE), 
mean absolute percentage error (MAPE), and coefficient of 
determination (R2) (with details in Supplementary Material A 
Algorithm SA1). The ablation confirms the centrality of 
GAT and the complementarity of temporal modules, where V 
is the vertex set, and E is the edgest.

An undirected graph G = (VE ) is constructed to model 
spatial dependencies, where V is the vertex set, and E is the 
edg set. The graph has N = 13 nodes, including five wind 
farms, four solar plants, and four weather stations. Edges in‐
dicate spatial proximity (within 20 km) and historical correla‐
tion, with weights assigned via exponential decay. The sym‐

metric adjacency matrix AÎRN ´N with self-loops Aii = 1 en‐
ables GAT-based message passing.

A( )dist
ij = exp ( - dij

σd ) (2)

where A( )dist
ij  is the distance-based spatial adjacency weight be‐

tween station i and station j, which decays exponentially with 
increasing geographic distance; σd is the spatial scaling factor; 
and dij is the spatial distance between station i and station j. A 
spatial scaling factor σd = 20 km ensures that nearby nodes re‐
ceive higher weights. To capture long-range dependencies, 
Pearson correlations ρ ij are computed between historical pow‐
er or weather data. Stations i and j are linked if ρ ij > τ, with 
Pearson correlation threshold τ = 0.6 ensuring statistical rele‐
vance. Correlation-based edge weights are defined as:

A( )corr
ij = {ρ ij ρ ij > τ

0 otherwise
(3)

Unlike prior models that rely solely on spatial proximity, 
the proposed ST-HGT model combines spatial and correlation-
based edges to capture geographic and meteorological relation‐
ships. Final edge weights are computed as:

Aij = αA( )dist
ij + ( )1 - α A( )corr

ij (4)

The coefficient α balances distance-based and correlation-
based edge weights in the final adjacency matrix A. We se‐
lect α via cross-validation on the training/validation split, 
with a grid search of { }0.3 0.5 0.7 0.9 . Performance is ro‐
bust for αÎ [ ]0.60.8 ; and we use α = 0.7 to favor spatial 
continuity on the compact geography of Jeju Island while re‐
taining adaptivity to correlations. With α = 0.7, spatial and 
correlation-based edge weights are combined to construct the 
adjacency matrix, highlighting coherent regional clusters. 
Wind and solar are weather-driven; GAT uses resource-spe‐
cific covariates for inter-site context, and temporal models 
are fused at the site level. Models are trained separately per 
resource (no weight sharing), with normalization and early 
stopping to avoid trade-offs in accuracy. Each station i re‐
ceives a sequence x iÎRW ´Fi, reshaped into XÎRN ´ ( )WFi  for 
GAT-based spatio-temporal modeling, where W is the input-
window length, and Fi is the number of input features at sta‐
tion i.

H ( )0 ( )t =X ( )t ÎRN ´Fi (5)

where H ( )0  is the initial hidden feature matrix, and the sub‐
script 0 indicates the 0th GAT layer. The GAT layer output is 
given as:

H ( )l ( )t = [ ]h( )l
1 ( )t h( )l

2 ( )t h( )l
N ( )t T

(6)

where lÎ { }01L  is the GAT layer index. The feature of 
each station is updated as (7), and N ( )i  includes station i it‐
self.

h( )l+ 1
i ( )t = σ ( ∑jÎN ( )i

α( )l
ij ( )t W ( )l h( )l

j ( )t ) (7)

where σ ( )×  is the ReLU activation function; W ( )l  is the learn‐
able linear transformation matrix at the l th GAT layer; h( )l

j  is 

the hidden feature vector of station j at the l th GAT layer; 
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and α( )l
ij ( )t  is the attention coefficient and can be computed 

as:

e( )l
ij ( )t =LeakyReLU ( )( )a( )l T[ ]W ( )l h( )l

i ( )t ||W ( )l h( )l
j ( )t (8)

α( )l
ij ( )t =

exp ( )e( )l
ij ( )t

∑
kÎN ( )i

exp ( )e( )l
ik ( )t (9)

where a( )l  is the learnable attention vector at the l th GAT lay‐
er; and || denotes the concatenation.

Equation (9) ensures normalized attention weights across 
neighbors. Two GAT layers are stacked for capturing higher-
order interactions. Each stack uses K = 4 attention heads. The 
intermediate GAT layers concatenate the multi-head outputs as:

h( )l+ 1
i ( )t = ||

K

k = 1
σ ( )∑

jÎN ( )i
α( )l k

ij ( )t W ( )l kh( )l
j ( )t (10)

where ||
K

k = 1
 denotes the concatenation over K attention heads; 

and k is the index of attention head.
The final GAT layer is averaged as:

h( )L
i ( )t =

1
K∑k = 1

K

σ ( ∑jÎN ( )i
α( )L k

ij ( )t W ( )L kh( )L - 1
j ( )t ) (11)

The multi-head GAT learns from a range of spatial pat‐
terns including local influence, meteorological similarity, and 
correlated variability across multiple granularities. Mean‐
while, GCNs employ fixed normalization as:

A͂ =D
-

1
2

deg(A + I ) D
-

1
2

deg
(12)

where A͂ is the normalized adjacency matrix; and Ddeg is the 
diagonal degree matrix of A + I, and I is the identity matrix. 
Attention weights are computed by the GAT, enabling con‐
text-aware neighbor weighting and filtering out noisy nodes. 
This allows the proposed ST-HGT model to assign higher 
weights to informative stations and lower weights to noisy 
or temporarily unreliable stations. For example, during a lo‐
calized weather anomaly, the proposed ST-HGT model can 
reduce the influence of stations that are geographically close 
but exhibit inconsistent temporal behavior. After passing 
through L GAT layers, the final node embedding is ex‐
pressed as:

z i = h( )L
i (13)

The embeddings capture local history and spatial context, 
enabling cross-site knowledge sharing. For example, storm 
impacts at one site inform forecasts at nearby locations. Cor‐
relation-based graph design and attention-driven propagation 
produce context-rich spatial features that improve forecasting 
accuracy.

IV. HYBRID MODELING ARCHITECTURE OF ST-HGT MODEL

The architecture of the proposed GAT, as shown in Fig. 4, 
integrates a GAT-based spatial encoder with four temporal 
models: Transformer, Informer, TCN, and N-BEATS. The 
GAT processes site-level sequences x iÎRW ´Fi, comprising 
power and weather features, to generate z iÎRW ´Fz that cap‐
ture inter-site correlations, with Fz as the spatial-embedding 

dimension. For clarity, we define the forecast horizon as H =
1 throughout this paper, corresponding to one-step-ahead pre‐
diction. These context-aware embeddings are input to the 
temporal modules for 1-day-ahead prediction (H = 1). The 
Transformer employs an encoder-decoder with self-attention 
and positional encoding to capture long-range dependencies 
in W. The attention mechanism is given by:

Attention (QKV ) = soft max ( QK T

dk )V (14)

where Q, K, and V are the query, key, and value projections, 
respectively; and dk is the key dimension (set to be 64). The 
decoder generates one-shot forecasts ŷitW + 1

 by attending to en‐

coder outputs and z itW
, and tW indicates the last time step in 

the input window, while tW + 1 denotes the next time step to 
be forecasted (one-step-ahead). 

Two encoder layers and four attention heads, as shown in 
Supplementary Material A Fig. SA3, offer a trade-off be‐
tween accuracy and efficiency. To improve scalability, we in‐
tegrate Informer—a Transformer variant using ProbSparse at‐
tention—to reduce quadratic time complexity O (L2 ) to 
O (L ln L), where L is the sequence length. It selects domi‐
nant queries via Kullback-Leibler (KL) divergence and uses 
a generative decoder for one-shot output, as shown in Sup‐
plementary Material A Fig. SA4. To capture local temporal 
patterns, we use a TCN with stacked dilated causal convolu‐
tions. Unlike RNNs, TCNs support full parallelism, improv‐
ing efficiency. The output feature of station i at the l th GAT 
layer at time t is:

h( )l
it = f ( yityit - dyit - ( )k - 1 d ) (15)

where f ( )×  is the convolutional filter; the subscript k denotes 
the kernel size; and the subscript d denotes the dilation fac‐
tor. The receptive field is defined as:

RF = 1 + 2 ( )k - 1 d (16)

Residual connections stabilize training, enabling deep cov‐
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distance matrix and
 correlation matrix

Edge index 
representation for
graph connectivity

for GAT

Embedding of station i 

Output embedding of station i 

Linear transformations

Attention coefficients
and aggregation

GAT output

Coordinates and features of
weather and power stations

Fig. 4.　Architecture of proposed GAT.
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erage with few layers. The TCN output ŷ( )TCN
i  captures short-

term cycles and abrupt shifts, as shown in Supplementary 
Material A Fig. SA5. To capture trend and seasonality, we 
use N-BEATS, which is a fully-connected and block-wise 
model, to produce backcast and forecast outputs per block. 
Given the input x( )1 = yi, each block b refines residuals as fol‐
lows. The backcast of block b backcast( )b  and forecast of 
block b forecast( )b  are generated by applying its transforma‐
tion functions B( )b  and F ( )b  to the block input x( )b , respective‐
ly. The backcast is passed to the next block as the new input, 
while the forecast contributes to the final prediction output.

ì
í
î

ïï

ïïïï

backcast( )b =B( )b ( )x( )b

forecast( )b =F ( )b ( )x( )b
(17)

x( )b + 1 = x( )b - backcast( )b (18)

The final prediction aggregates all forecast terms as:

ŷ( )N - BEATS
i =∑

b = 1

B

F ( )b ( )x( )b (19)

N-BEATS is configured with B = 2 blocks, each containing 
two fully connected layers. The feed forward network (FFN) 
employs a hidden width of 256 and uses the ReLU activation 
function. As shown in Fig. 5, this setup efficiently captures 
trend and seasonal components. All temporal modules receive 
the same GAT-enhanced input and independently generate 
forecasts, which are fused via attention to produce robust, 
high-resolution, and context-aware predictions. Note that in 
Fig. 5, the minus signs represent residual calculation for itera‐
tive feature learning, and the plus signs represent fusion of pre‐
diction components from blocks and stacks to generate the fi‐
nal model output.

V. IMPLEMENTATION AND EXPERIMENTAL SETUP

We train separate models for wind and solar power fore‐
casting, with distinct parameters. The experiments use an 
NVIDIA RTX 4080 GPU, an Intel i5-12600K CPU, and 24 
GB RAM, which speed up training and remain efficient on 
lower-end GPUs, with increased moderate runtime. The im‐
plementation uses Python 3.10 and PyTorch 2.0 (CUDA 
11.8), with hyperparameters tuned via Optuna. The training 
employs Adam and regularization, usually converging within 
500 epochs. All baselines share preprocessing, input window, 
horizon, split, mean square error (MSE) loss, optimizer, ear‐
ly stopping, and tuning. Windows are strictly forward-look‐

ing, with hyperparameters tuned on validation tail to prevent 
leakage. Models without spatial coupling are trained at each 
station using the same covariates.

VI. RESULTS AND DISCUSSION

We evaluate the proposed ST-HGT model on real-world 
wind and solar datasets from Jeju Island. The same architec‐
ture is applied across both domains without modification, 
demonstrating strong generalization. The forecasting perfor‐
mance of the proposed ST-HGT model is assessed using 
MSE, RMSE, MAE, R2, PICP, and PIW. Additional valida‐
tion includes station-wise analysis, ablations, baseline com‐
parisons, and residual diagnostics. We compare against ma‐
jor temporal forecasting models, i. e., LSTM, GRU, BiL‐
STM, TCN, N-BEATS, Transformer, temporal fusion Trans‐
former (TFT), and Informer. All models use identical inputs, 
window, horizon, splits, MSE loss, optimizer, early stopping, 
and tuning. Models without spatial operators are trained per 
station, whereas the proposed ST-HGT model uses all sta‐
tions via the graph.

A. Station-wise Performance on Wind Power Forecasting

To evaluate spatial generalization, we assess the station-
wise performance across five wind farms. Despite training 
on aggregated data, the proposed ST-HGT model captures 
station-specific patterns without tuning.
1) Prediction Accuracy

Table II presents station-wise metrics for wind farms, with 
four of five stations achieving R2 > 0.995 and RMSE below 
1500 kWh. Gasiri and Dongbok show near-perfect accuracy 
(R2 = 0.9997 and 0.9999), while Sinchang yields the lowest 
RMSE (341 kWh) and MAE (250 kWh). Gimnyeong per‐
forms slightly lower R2 = 0.9689, likely due to coastal wind 
complexity, but remains within acceptable accuracy bounds.

Figure 6 shows close alignment between actual and fore‐
casted wind power generation for each wind farm, effective‐
ly capturing both short-term fluctuations and overall trends. 
The slightly higher error at Gimnyeong reflects its high 
coastal variability.
2)Residual Diagnostics

Figure 7 shows that the residual distributions are roughly 
symmetric around zero. Gasiri, Dongbok, and Sinchang 
have tightly clustered residuals, while the residuals in Gim‐
nyeong are slightly skewed but acceptable. RMSE-to-MAE 
ratios (1.3-1.6), which can be calculated based on Table II, 
indicate infrequent and non-systematic large errors. Note 
that in Fig. 7, the red line represents the normal distribution 
curve.

Block 1

Block 3

Stack 1

Model
ouput

Block 2

Stack residual
for next stack

Block 1

Block 3

Stack 2

Block 2

Fig. 5.　Architecture of N-BEATS.

TABLE II
STATION-WISE METRICS FOR WIND FARMS

Wind farm

Gasiri

Gimnyeong

Dongbok

Sinchang

Haengwon

MSE (kWh2)

848378.9

174590.3

1999021.1

116495.5

499624.7

RMSE (kWh)

921.07

417.84

1413.87

341.31

706.84

MAE (kWh)

587.69

313.29

1048.78

250.13

558.88

R2

0.9997

0.9689

0.9999

0.9957

0.9998
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Residual autocorrelation function (ACF) for each wind 
farm, as shown in Fig. 8, demonstrates near-zero time lag 
correlations, signifying that residuals are uncorrelated over 
time. Minor lag-1 autocorrelations observed at Gasiri and 
Gimnyeong diminish rapidly, confirming effective temporal 
modeling.
3) Calibration Analysis

In Fig. 9, the dashed line represents the ideal calibration 
performance (the mean actual value equals the mean fore‐
casted value), and the solid line with points represents the 
actual calibration performance of the proposed ST-HGT mod‐
el. Figure 9 shows a calibration curve mostly aligning with 
the 45-degree line, indicating good calibration. Gimnyeong 
has minor undercoverage at high quantiles, likely due to 
sparse peak data.

4) Ablation Study Result
We remove one component at a time while keeping other 

settings fixed and retrain the proposed ST-HGT model under 
the same setup. Table III presents ablation results for wind 
power forecasting. It is observed that excluding GAT causes 
the largest performance drop, with R2 declining from 0.99 to 
0.90, highlighting the importance of GAT in spatial model‐
ing. N-BEATS significantly impacts trend and seasonality de‐
tection. TCN, Transformer, and Informer add some temporal 
depth with smaller effects. Validation error remains stable 
across αÎ [ ]0.60.8 , so we choose α = 0.7 for all experi‐

ments.
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Fig. 7.　 Residual distribution for each wind farm. (a) Gasiri. (b) Gim‐
nyeong. (c) Dongbok. (d) Sinchang. (e) Haengwon.
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5) Comparison Against Baseline Models
Table IV shows the performance comparison of forecast‐

ing models. The proposed ST-HGT model surpasses all mod‐
els and achieves an RMSE reduction of 98% and an R2 ex‐
ceeding 0.99. Despite tuning, strong temporal models (i. e., 
Informer, Transformer, TFT, TCN, N-BEATS, and RNNs) 
achieve only 0.51-0.66 R2, showing that single-station mod‐
els explain much but not all variance. This highlights the 
need for a hybrid architecture that models spatial and multi-
scale temporal dynamics.

B. Station-wise Performance Analysis for Solar Power 
Forecasting

To assess the robustness across domains, the proposed ST-
HGT model is used for solar power forecasting with identi‐
cal architecture and training as for wind power forecasting, 
which is evaluated at four solar farms: Gyorae, Sport com‐
plex, Hongbogwan, and Hangwon, each with unique tempo‐
ral and environmental profiles.

1) Forecasting Performance and Residual Analysis
Figure 10 shows that the proposed ST-HGT model effec‐

tively captures daily solar power fluctuations across solar 
farms. Table V shows the performance metrics for solar pow‐
er forecasting for each solar farm. Table V summarizes the 
results with R2 of 0.99 and RMSEs from 1317 kWh (Hong‐
bogwan) to 30.97 kWh (Gyorae).
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Fig. 8.　Residual ACF for each wind farm. (a) Gasiri. (b) Gimnyeong. (c) 
Dongbok. (d) Sinchang. (e) Haengwon.
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Fig. 9.　Calibration curves for each wind farm. (a) Gasiri. (b) Gimnyeong. 
(c) Dongbok. (d) Sinchang. (e) Haengwon.

TABLE III
ABLATION STUDY RESULTS FOR WIND POWER FORECASTING

Scenario

Without TCN

Without Transformer

Without Informer

Without GAT

Without N-Beats

Full ST-HGT

MSE (kWh2)

379725760

396963680

394497440

722046464

427897568

     727622

RMSE (kWh)

19486.55

19923.95

19861.96

26870.92

20685.69

853.00

MAE (kWh)

12130.89

12308.16

12164.47

16748.08

12583.72

551.00

R2

0.95

0.95

0.95

0.90

0.94

0.99
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Figure 11 shows the residual distribution for each solar 
farm, showing zero-centered, symmetric residuals across so‐
lar farms. Note that in Fig. 11, the red line represents the 
normal distribution curve. Figure 12 shows the residual ACF 
for each solar farm within 95% bounds. The results indicate 
that the proposed ST-HGT model is unbiased and consistent 
with no overfitting.

2) Calibration Analysis
Figure 13 shows calibration curve for each solar farm. 

The curve aligns with the 45-degree line, showing accurate 
quantile estimation without overestimation or underestima‐
tion, even at peak intensities, indicating robust distributional 
calibration.
3) Ablation Study Result

An ablation study is conducted for solar power forecast‐
ing, and the results are shown in Table VI. The results show 
that excluding GAT yields the largest drop in performance, 
i.e., RMSE = 336.5 kWh and R2 = 0.848. Removing N-BEATS 
significantly degrades the performance, i. e., RMSE = 258.0 
kWh and R2 = 0.911, confirming its effectiveness in captur‐
ing trends and seasonality. Removing TCN, Informer, or 
Transformer produces moderate decreases, i. e., R2 » 0.947 -
0.950. The ablation study thus affirms the complementary 
importance of all modules.

TABLE V
PERFORMANCE METRICS FOR SOLAR POWER FORECASTING

Station

Gyorae

Sport complex

Hongbogwan

Hangwon

MSE (kWh2)

959.223

435.885

173.536

316.654

RMSE (kWh)

30.971

20.878

13.173

17.795

MAE (kWh)

25.607

16.749

10.204

14.080

R2

0.999

0.999

0.992

0.995
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Fig. 10.　Actual and forecasted solar power generation for each solar farm. 
(a) Gyorae. (b) Sport complex. (c) Hongbogwan. (d) Hangwon.
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Fig. 11.　Residual distribution for each solar farm. (a) Gyorae. (b) Sport 
complex. (c) Hongbogwan. (d) Hangwon.

TABLE IV
PERFORMANCE COMPARISON OF FORECASTING MODELS FOR WIND POWER 

FORECASTING

Model

Informer

Transformer

N-BEATS

TCN

TFT

BiLSTM

GRU

LSTM

MSE (kWh2)

3546919000

3518843000

3686202000

3927000000

3338051000

3723762000

3797490000

3852591000

RMSE (kWh)

59556.46

59320.08

60713.61

62665.87

57775.87

61022.63

61623.92

62069.28

MAE (kWh)

35662.61

35765.50

35900.81

31957.20

28619.62

32126.85

34292.75

30912.42

R2

0.62

0.63

0.61

0.56

0.66

0.60

0.57

0.51
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4) Comparison Against Baseline Models
In Table VII, the proposed ST-HGT model is compared 

against all baseline models. The proposed ST-HGT model 
significantly outperforms the standalone baseline models, 
achieving an RMSE of 21.71 kWh and an R2 of 0.999. 
Among the baseline models, Informer performs best, with an 
RMSE of 527.64 kWh and an R2 of 0.685, while other mod‐
els such as TFT, Transformer, and N-BEATS attain R2 values 
in the range of approximately 0.55-0.69. Even after tuning, the 
baseline models only explain part of the variance, while the 
proposed ST-HGT model more accurately captures the com‐
plex temporal dynamics of solar power.

C. Performance of Probabilistic Forecasting 

To quantify the uncertainties of the proposed ST-HGT 
model, we employ two metrics: PICP and PIW.
1) PICP

PICP measures the proportion of actual values that fall 
within the bounds of specified prediction interval. Let n de‐
note the total number of predictions, t index the prediction 
instances, yt denote the observed (ground-truth) value at in‐
stance t, and [ ]ŷL

t ŷ
U
t  denote the lower and upper bounds of 

the prediction interval at instance t, respectively. Then, we 
can obtain:

PICP =
1
n∑t = 1

n

I ( ytÎ [ ]ŷL
t ŷ

U
t ) (20)

where I ( )×  is the indicator function, returning 1 if the condi‐
tion is true and 0 otherwise. A higher PICP (close to the 
nominal coverage such as 95%) indicates more reliable cov‐
erage.
2) PIW

PIW measures the average width of the prediction inter‐
vals. Smaller intervals are preferred when coverage is ade‐
quate, as they indicate sharper predictions.
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Fig. 12.　Residual ACF for each solar farm. (a) Gyorae. (b) Sport complex. 
(c) Hongbogwan. (d) Hangwon.
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Fig. 13.　Calibration curves for each solar farm. (a) Gyorae. (b) Sport com‐
plex. (c) Hongbogwan. (d) Hangwon.

TABLE VI
ABLATION STUDY RESULT FOR SOLAR POWER FORECASTING

Scenario

Without TCN

Without Transformer

Without Informer

Without GAT

Without N-BEATS

Overall ST-HGT

MSE (kWh2)

39712.246

37165.281

39383.816

113228.195

66562.852

471.324

RMSE (kWh)

199.279

192.783

198.454

336.494

257.998

21.710

MAE (kWh)

147.554

140.616

141.885

238.428

187.760

16.660

R2

0.947

0.950

0.947

0.848

0.911

0.999
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PIW =
1
n∑t = 1

n

( )ŷU
t - ŷL

t (21)

Together, the PICP and PIW metrics assess the quality of 
uncertainty quantification. Ideally, high PICP values should 
be achieved without excessively wide intervals (low PIW), 
thereby balancing reliability and precision.
3) Wind Power Results

Table VIII presents the PICP and PIW for each wind 
farm. The proposed ST-HGT model reports PICP values 
from 0.94 to 0.98, with PIW values scaling with wind power 
output. Gimnyeong and Haengwon show PICP of 0.98 and 
PIWs of 850 kWh and 950 kWh, respectively, while larger 
wind power output of Dongbok results in a broader PIW of 
1700 kWh.

4) Solar Power Results
Solar power forecasting consistently achieves robust perfor‐

mance, as shown in Table IX. All solar farms attain high PICP 
values (³ 0.95) with narrow and stable PIWs between 50 and 
90 kWh, indicating reliable uncertainty quantification. The re‐
sults confirm that the proposed ST-HGT model is accurate for 
point predictions and dependable in uncertainty quantification, 
supporting its applicability in risk-informed renewable energy 
forecasting.

5) Stress-case Error Analysis
Errors grow with ramp magnitude: MAE and RMSE in‐

crease from median (Ramp D5) to top (Ramp D10) deciles 
for wind and solar power forecasting, showing that rapid 
day-to-day changes affect residuals. Higher relative errors 
are observed during periods with low solar power output 
(with frequent cloud cover transitions), as well as during the 
periods with high wind power output and sudden gust peaks. 
Under extreme weather (top 5% daily wind speed), RMSE 
rises and intervals widen, but PICP stays near nominal and 
calibration remains stable. The error analyses for wind and 
solar power forecasting are presented in Table X and Table 
XI, respectively.

VII. CONCLUSION

This paper presents the ST-HGT model for high-fidelity re‐
newable energy forecasting, combining GATs, TCN, N-
BEATS, Transformer, and Informer. Experiments demon‐
strate that the proposed ST-HGT model captures spatial de‐
pendencies and temporal dynamics, providing accurate short-
term and long-term wind and solar power forecasting. The 
performance of the proposed ST-HGT model is validated on 
real datasets from Jeju Island. The proposed ST-HGT model 
consistently outperforms baseline models on key metrics 
such as RMSE, MAE, and R2, and demonstrates high accura‐
cy and robustness across solar and wind power forecasting. 
The modular architecture enables transfer across tasks with‐
out architecture-specific tuning. Ablation studies highlight 
the importance of the proposed ST-HGT model, especially 
GAT for spatial understanding and N-BEATS for temporal 
decomposition, showcasing the advantages of combining di‐
verse spatio-temporal components. Beyond point estimates, 
the proposed ST-HGT model allows uncertainty-aware fore‐
casting with PICP- and PIW-based probabilistic forecasting. 
Future work includes improving uncertainty calibration, ex‐
ploring alternative probabilistic methods, and integrating on‐
line or continual learning to adapt to changing grid condi‐
tions. We aim to integrate multi-modal data like environmen‐

TABLE VII
PERFORMANCE COMPARISON OF ALL FORECASTING MODELS FOR SOLAR 

POWER FORECASTING

Model

Informer

TFT

TCN

N-BEATS

GRU

BiLSTM

Transformer

LSTM

MSE (kWh2)

278401

294512

335208

318945

334876

362183

282746

348792

RMSE (kWh)

527.64

542.69

579.14

564.75

578.68

601.82

531.74

590.59

MAE (kWh)

378.22

392.18

395.47

381.33

405.29

418.56

380.91

415.88

R2

0.685

0.650

0.626

0.617

0.596

0.602

0.631

0.553

TABLE VIII
PICP AND PIW FOR EACH WIND FARM

Wind farm

Gasiri

Gimnyeong

Dongbok

Sinchang

Haengwon

PICP

0.95

0.98

0.97

0.94

0.98

PIW (kWh)

1200

850

1700

450

950

TABLE IX
PICP AND PIW FOR EACH SOLAR FARM

Solar farm

Gyorae

Sport complex

Hongbogwan

Hangwon

PICP

0.98

0.98

0.95

0.98

PIW (kWh)

70

90

50

80

TABLE X
ERROR ANALYSIS FOR WIND POWER FORECASTING

Stratum

Ramp D5 (median)

Ramp D10 (top)

Low power output

High power output

Extreme weather

MAE (kWh)

420

900

360

700

820

RMSE (kWh)

700

1500

600

1200

1400

PICP

0.97

0.95

0.98

0.95

0.96

PIW (kWh)

950

1900

700

1600

1800

TABLE XI
ERROR ANALYSIS FOR SOLAR POWER FORECASTING

Stratum

Ramp D5 (median)

Ramp D10 (top)

Low power output

High power output

Extreme weather

MAE (kWh)

14

26

11

22

18

RMSE (kWh)

20

38

16

33

27

PICP

0.98

0.96

0.97

0.96

0.97

PIW (kWh)

60

90

55

85

80
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tal images, grid measurements, and sensor data to enhance 
long-term forecasting and spatial generalization. Currently, 
there is no publicly available hourly power data for the sites, 
and we plan to test an hourly version once available.
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