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ABSTRACT Accurate spatiotemporal wind energy forecasting is essential for ensuring grid stability
and maximizing the efficiency of renewable energy systems. This paper addresses the challenge of
modeling the complex spatial and temporal dependencies inherent in wind power generation by presenting
a comprehensive survey of existing spatiotemporal forecasting methods and introducing an innovative
deep learning approach. The proposed model integrates a Graph Neural Network (GNN) to represent
wind turbines as nodes within a graph, capturing spatial relationships, while a Deep Equilibrium Model
(DEQ) enables equilibrium-based inference to handle highly nonlinear wind patterns. A Sequence-to-
Sequence (Seq2Seq) architecture further manages temporal dependencies. The method was validated using
a real-world dataset of wind power generation, outperforming baseline models across multiple forecast
horizons and maintaining stable accuracy across short- and mid-term predictions. Results demonstrate
that the proposed GNN with DEQ effectively models both spatial and temporal dynamics for Seq2Seq
data, improving prediction accuracy while maintaining computational efficiency. This study highlights the
potential of equilibrium-based spatiotemporal graph models for wind energy forecasting and provides a
robust tool for better integration of wind power into modern power grids.

INDEX TERMS Wind energy, graph neural network, deep equilibrium, spatiotemporal forecasting.

I. INTRODUCTION
Due to its abundance and lack of pollution, wind energy
has emerged as a crucial source of energy all over the
world. The regional power grid may suffer from severe
power fluctuations because of its high volatility. The safe
and steady operation of the entire power system may be
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jeopardized by hidden threats from insufficiently accurate
wind forecasts [1]. An efficient wind power forecasting
approach is required to determine the most cost-effective way
to operate the electricity system. This can assist the power
dispatching department in organizing the generation plan
properly, enhancing the grid’s dependability and security [2].
Given the chaotic and stochastic characteristics of wind

speed time series, its power forecasting is typically seen as
a challenging undertaking. Some broad categories can be
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used to group current wind power forecasting techniques.
As an example, there is the idea of persistence techniques [3],
which rely on the assumption that wind data do not
change in a short period, as well as physical approaches,
which use numerical weather prediction data, such as
temperature, pressure, surface roughness, and impediments,
to formulate the wind power forecasting problem. There are
also statistical approaches, such as Autoregressive Integrated
Moving Average (ARIMA) model grounded in the Box-
Jenkins methodology [4], [5], which rely on statistical
methods to analyze past data and make predictions about
future outcomes.

Wind power data’s nonlinearities and intricate geograph-
ical relationships are difficult to capture using conven-
tional time series forecasting models. Artificial Neural
Networks (ANNs) [6], and Deep Learning (DL) (hybrid
methods [7], attention-based models [8], and using denoising
techniques [9]) have demonstrated promising results in
solving these difficulties, with techniques such as GNNs [10],
DEQ [11], and Seq2Seq [12] emerging as efficient tools for
modeling spatiotemporal data. Both techniques use optimiza-
tion algorithms (social-spider optimization algorithm [13],
annealing algorithm [14], and multi-objective optimization
with non-dominated sorting genetic algorithm version II [15])
to obtain suitable hyperparameters and to acquire the complex
relationship between input and output variables by analyzing
large amounts of past data. GNNs are well-suited for
modeling dynamic systems, particularly those that can be
represented as graphs with evolving structures or attributes
over time. Dynamic systems often involve entities and their
interactions changing over time, and GNNs can effectively
capture these temporal dynamics [16].
Spatiotemporal forecasting models leverage data from

nearby spaces to quickly enhance projections from a target
one [17]. Interest in models that can consider other spatially
distributed data, in addition to historical ones about the
subject of forecasting, has grown in recent years on account of
the strong cross-correlation that exists between a target time
series data and those of its neighboring space relatives [18].
The concept of these models suggests that the data positively
affects forecasting accuracy if they are highly associated with
the objective variable.

As a result, the research in the literature on spatiotem-
poral forecasting is primarily concerned with selecting
the most insightful input data from a pool of candidate
variables. Numerous real-world events are spatiotemporal,
and accurately predicting these systems’ futures based on
past observations is crucial for a variety of practical appli-
cations, including smart city problems [19] and traffic [20],
as well as photovoltaic power production [21] and even
medical problems, for instance the ones regarding virus
spread [22].
A development in this field is the application of unified

graph formulations for spatiotemporal forecasting [23].
In this methodology, each recorded data sample is treated as a

node within a graph, allowing GNNs to simultaneously learn
spatial and temporal dependencies. This unified approach
eliminates the need for separate temporal networks and
naturally accommodates irregular time series data, varying
sampling frequencies, and missing information. Studies have
demonstrated that such frameworks outperform traditional
architectures, especially in scenarios with incomplete data,
by achieving lower errors in wind speed predictions [24].
In this paper, an approach for wind power forecasting

using spatiotemporal data is proposed. Each wind turbine is
represented as a node in a graph with GNNs to model the
complex spatial relationships among different wind farms.
To manage the temporal dependencies in the wind data,
a Seq2Seq (Sequence-to-Sequence) model is applied to
operate on the features processed by the DEQ. The DEQ
represents a novel deep-learning paradigm that perceives
the entire network as a single layer solved iteratively to
equilibrium, making it efficient for modeling highly complex
wind patterns. Furthermore, a latent correlation layer is
introduced into the model, enhancing its ability to capture
complex, non-linear dependencies in the data. Attention
mechanisms are also incorporated, highlighting the most
discriminative features in the time-series data for making
accurate predictions.

The approach is validated using a real-world wind power
generation dataset. Experimental results indicate that the
model outperforms state-of-the-art wind power forecasting
methods, illustrating its effectiveness in capturing spatial and
temporal dependencies. This study makes a contribution to
the advancement of wind power forecasting approaches and
offers a robust tool for more efficient integration of wind
power into the power grid. The main contributions of this
study are:

• A rigorous exploration and analysis of the application
of spatiotemporal forecasting methodologies in various
contexts drawn from an extensive literature review is
presented.

• It is proposed a unique integration of DEQs into
the StemGNN framework, enabling equilibrium-based
inference over spatiotemporal graph data, an approach
not previously explored in this context.

• The proposed model introduces a latent correlation layer
and attention-guided Seq2Seq blocks in the frequency
domain, enhancing temporal feature extraction and
capturing nonlinear spatial dependencies.

• This paper provides a comparison against the original
StemGNN, existing DEQ-based time series models, and
state-of-the-art GNN-based forecasting methods, empir-
ically demonstrating the performance and architectural
advantages of the proposed approach.

The remainder of the paper is organized as follows: an
overview of the fundamentals of spatiotemporal techniques
is given in Section II. Section III reviews the related
work on spatiotemporal series forecasting, highlighting the
motivation for the proposed approach. Section IV presents
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the description of GNN, along with information about
DEQs. Section V describes the proposed method, dataset,
and performance metrics used to evaluate the presented
forecasting model. Section VI presents the results and
discussion, while Section VII concludes the paper and
discusses future research directions.

II. FUNDAMENTALS OF SPATIOTEMPORAL
FORECASTING
Spatiotemporal models make use of time series data from
several available places; therefore, rather than concentrating
on the data from a single location, these models consider
the spatiotemporal dependency structure in an area of
interest [25]. These models integrate two distinct forecasting
techniques, the first one being temporal modeling, in which
projected future values are forecast using past data from the
same point, and the second one refers to spatial modeling,
in which the data are replaced at applications where there is
a lack of information [26].
The main principle behind spatiotemporal forecasting

is attached to the concept of inertia, meaning that the
impacts of an occurrence at one point in a system may,
over time, spread to its surroundings. To reiterate, any data
coming from a different place can potentially help model a
target variable at some time [27]. Therefore, spatiotemporal
forecasting broadens classical time series forecasting or
spatial interpolation approaches into space-time dimensions.
For example, if the goal of the forecast is wind speed, not
just timestamps of different past speeds, past latitudes, and
temperatures can also be advantageous for variable forecasts.

The data, model structure, parametrization, and particular
applications affect spatiotemporal forecasting accuracy [28].
Therefore, applications of spatiotemporal forecasting may
handle uncertainty originating from both the model and
the data applied [29]. There may be errors in the datasets
from various causes, including measurement errors caused by
external factors, instrumental insufficiency, andmethodologi-
cal uncertainty. External conditions may include temperature,
solar radiance, and rain, which impact the accuracy of the data
acquisition. What refers to instrumental errors is the inability
to have flawless equipment containing inherent systematic
and random instrumental errors [30].

Spatial and time-based elements are both included in
spatiotemporal data. Three distinct characteristics define
them: non-spatiotemporal, spatial, and temporal. The
non-contextual features of things are indicated by the first
attribute [31]. The spatial characteristics define the location,
range, and shape of the items. The timestamps and durations
of processes are marked by temporal attributes, representing
the vector or raster layers of a spatial object.

Spatial and temporal data can be categorized as discrete
or continuous observations depending on how they were
gathered. Events and data trajectories are cases of discrete
data types and can be exemplified in Figure 1, whereas point

reference and raster data are continuous data types [32],
as shown in Figure 2.

FIGURE 1. Numerous sorts of spatiotemporal occurrences carried out at
various times and places.

FIGURE 2. Spatiotemporal trajectories between locations at different
times.

A. METHODOLOGIES APPLIED TO SPATIOTEMPORAL
FORECASTING
Spatiotemporal forecasting methodologies focus on predict-
ing the state of phenomena that have spatial and temporal
dimensions. For example, weather forecasting [33], pollution
levels [34], crime rate [35], and disease spread [36] are
typical spatiotemporal problems. The key characteristic of
spatiotemporal forecasting methodologies is the inclusion of
both the chronological sequence of data and the spatial depen-
dencies between different locations [37]. Hence, capturing
both the progression over time and the interdependencies
across space. Moreover, they can handle large, complex data
effectively, particularly with the advances in computational
power and data storage capabilities [38].

These methodologies can also accommodate nonlinear
relationships. Advanced spatiotemporal methods, such as
those based on machine learning approaches, can capture
these nonlinearities. In addition, incorporating contextual
or auxiliary information, such as temporal trends, seasonal
cycles, or extra variables, into the forecasting model can aid
the predictions [39]. Feature selection and dimensionality
reduction are also important components in such cases [40].

The evolution of spatiotemporal forecasting method-
ologies over the years can be summarized in statistical
models, beginning with AutoRegressive Moving-Average
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model (ARMA) [41] and ARIMA model [42], and its
variants, as is the case of AutoRegressive Integrated Moving
Average with eXogenous inputs (ARIMAX) [43], that could
simultaneously handle spatial and temporal data. Other
models important to mention are the seasonal ARIMA with
and without exogenous inputs, i.e., SARIMAX [44] and
SARIMA [45] models, respectively. Next, there were the
spatiotemporal statistical models, such as SpatioTemporal
ARIMA (STARIMA) [46] and vector autoregressive [47]
models. These models are presented in Figure 3.

FIGURE 3. Spatiotemporal forecasting representation chart: statistical
models.

Machine Learning models, on the other hand, provide a
data-driven approach that allows for complex nonlinear rela-
tionships between predictors and response variables. Models
such as Support Vector Machine (SVM) [48], Random Forest
(RF) [49], and Gradient Boosting Machines (GBMs) [50]
have been widely used. Recently, with the success of DL in
various domains, models like Convolution Neural Networks
(CNNs) [51], Recurrent Neural Networks (RNNs) [52], Long
Short-Term Memory (LSTM) networks [53], GNNs [54],
and hybrid methods [55] have been employed. Ultimately,
hybrid and ensemblemethods are being developed to leverage
the strengths of different models [56]. These can combine
traditional statistics with machine learning or deep learning
models to improve forecasting accuracy and can be seen in
Figure 4.
Recent advancements in industrial fault detection empha-

size the limitations of traditional global- and local-based
methods [57], which often assume independence among
local variable groups, a condition rarely met in real-
world scenarios. To address this, a novel mutual stacked
autoencoder has been proposed.

This architecture enhances local details, global struc-
tures, and residual associations by incorporating a multi-
task entropy-aided loss function. Evaluations across eleven
datasets demonstrate its superior performance and com-
ponent efficacy, offering a robust solution for accurate
multivariable industrial fault detection [58].

B. ACCURACY OF FORECASTING MODELS
Incorporating spatiotemporal data can improve the accuracy
of forecasting models by providing them with more holistic
and relevant information, due to the inherent spatial and
temporal dependencies in many real-world phenomena that
interact with their surroundings. For example, wind patterns
are influenced by both temporal factors, such as diurnal and
seasonal cycles, and spatial factors, namely topography and
proximity to geographical features.

Also, wind conditions in one location can influence or be
influenced by conditions in neighboring areas. Spatiotempo-
ral data can help in detecting anomalies or unusual events
that may disrupt regular patterns. For instance, abnormal
temperature spikes and other factors like temperature,
humidity, and air pressure can be identified by comparing the
current data with historical spatial and temporal patterns.

The model can learn from a larger collection of features
that are provided by spatiotemporal data. Because of this, the
modelmay be able to identify complex, nonlinear interactions
that would be missed by simpler models. Furthermore,
models that have been trained on spatiotemporal data
frequently generalize well to novel contexts. This is because
they are less likely to be taken aback by new data as they are
exposed to a greater range of circumstances during training.

III. RELATED WORK ON WIND ENERGY
A vital component of the renewable energy industry is wind
power forecasting, which enables ideal energy management
and grid integration. The current wind power prediction
techniques can be divided into physics, statistics, and
machine learning approaches [59]. The first one uses
historical data to develop forecasting models based on
time series analysis and regression techniques. Physical
models depend on numerical weather prediction models
to forecast meteorological variables. In addition, machine
learning approaches such as ANNs, SVMs, and ensemble
learning models have drawn more and more attention in
recent years, given their promise to increase accuracy and
adaptability [60].

To get the best performance, the work of Aly [61] makes
use of various fusions of the Recurrent Kalman Filter,
Fourier series, wavelet neural networks, and ANN evaluated
in twelve distinct hybrid models, as it combines deep
learning hybrid models with clustered segments to enhance
system performance overall. Lui et al. [62] proposed a
Jaya algorithm-based SVM model for short-term wind speed
forecasting. While Shahid et al. [63] proposed a framework
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FIGURE 4. Spatiotemporal forecasting representation chart: machine learning models.

consisting of a genetic algorithm with LSTM for short-term
wind power prediction.

Liu et al. [64] proposed the use of discrete wavelet
transform and LSTM networks to anticipate wind energy.
Therefore, the dynamic behavior of the wind power time
series may be successfully displayed by the LSTM network
thanks to its architecture. At the same time, the discrete
wavelet transform is used to divide the non-stationary wind
power time series into more predictable and stationary
components. Santamaría-Bonfil et al. [65] proposed a hybrid
methodology based on Support Vector Regression for wind
speed forecasting.

Spatiotemporal dependenciesmust be taken into account in
wind power forecasting to capture underlying trends better.
Wu et al. [66], for the prediction of ultra-short-term wind
power using CNNs and LSTM, presented a model based on a
spatiotemporal correlation model. Li and Armandpour [67]
used historical wind speed data and a wind turbine’s
spatial location in relation to other turbines to predict the
amount of wind power that will be produced. Lu et al. [68],
to anticipate the output wind power from several wind
farms, proposed a framework for ultra-short-term forecasting
based on spatiotemporal analysis, multi-output support vector
machines, and grey wolf optimizer.

The work of Zhao et al. [69] explored a hybrid deep
learning model comprised of variable mode decomposition,
CNN, and Gated Recurrent Unit (GRU), in which the
wind speed sequence volatility is significantly decreased
with Variational Mode Decomposition (VMD), while the
GRU can directly extract temporal features from historical
input data. The CNN automatically extracts complex spatial
features from the wind power data. Wilms et al. proposed
employing a convolutional LSTM to include both spatial and
temporal dependencies gleaned from regionally dispersed
wind forecasts and time series. WMD was also applied for
signal denoising in [70] for wind speed forecasting and in [71]
for streamflow series forecasting, showing promising results.

GNNs have emerged as a powerful tool for modeling
structured data, particularly in the context of spatiotemporal
forecasting. GNNs are well-suited for this task, as they
can effectively model the spatial relationships among
geographically distributed wind farms while considering
the temporal dynamics. Several studies have demonstrated
the potential of GNNs in wind power forecasting, such as the
work of Dong et al. [72], which proposed a directed graph
convolutional structure-based spatiotemporal convolutional
network, and the temporal characteristics of wind power were
also characterized using a temporal CNN.
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Wu et al. [73] proposed a multidimensional spatiotemporal
GNN for wind speed prediction. Li et al. [74] presented an
adaptive spatiotemporal fusion GNN for short-term power
forecasting of multiple wind farms. Bentsen et al. [75]
applied a GNN to extract spatial connections and learn
temporal correlations using various update functions, and
many neural network designs were used to implement these
update functions.

The application of DEQs in the proposed model is
grounded on its unique capability to address complex systems
by treating the entire network as a single layer solved
iteratively to equilibrium. This revolutionary approach was
first introduced by Bai et al. [11], who demonstrated its
effectiveness in tackling various tasks by integrating it into
different architectures. DEQs have been further explored by
Bai et al. [76] in optical flows. DEQs are also used in imaging
applications, such as the case of the work of Zhang et al. [77]
in medical imaging and in the work of Zhao et al. [78] for
snapshot compressive imaging.

A. BIBLIOMETRIC SURVEY ON SPATIOTEMPORAL WIND
FORECASTING
Numerous studies have explored various aspects of wind
prediction, seeking to enhance accuracy. This introduction
sets the stage for a bibliometric study that delves into related
works on wind energy forecasting with a specific focus
on spatiotemporal dynamics. By employing bibliometric
analysis across diverse repositories, such as Web of Science
(WoS), Scopus, and Dimensions, aiming to systematically
map and evaluate the existing body of literature. Through this
exploration, the research seeks to uncover prevalent themes,
identify influential authors, journals, and countries, and offer
a comprehensive understanding of the evolving landscape in
spatiotemporal wind energy forecasting.

Spatiotemporal Wind Forecasting was the search term
used for WoS, Scopus, and Dimensions when the search
was conducted in February 2025. Each database potentially
contained overlapping or irrelevant studies. Filtering was
performed to ensure relevance and avoid redundancy, as seen
in Figure 5. Filtration was carried out according to the
PRISMA guidelines [79], however, the order of the steps
was modified to facilitate the authors’ management of
each database separately before conversion. After the initial
search, the papers were filtered by date, therefore, only
the most recent studies were considered pertinent, and then
studies deemed irrelevant to the survey’s scopewere excluded
through a thorough screening process. Duplicate entries,
resulting from papers appearing in multiple databases, were
also removed. Afterward, all repositories were compared,
covering publications in the last few years, when spatiotem-
poral forecasting was more actively applied.

In the field of wind energy forecasting with a spatiotem-
poral emphasis, the role of influential papers is pivotal
in influencing innovation. This bibliometric study explores
the scholarly landscape, displaying the contributions of key

articles in the field. Therefore, Table 1 presents the 10 most
relevant papers in this area. The table shows a variety of
approaches used in the research, such as fully connected
LSTM, ensemble learning, wavelet transformation, varia-
tional Bayesian, along deep learning. The number of citations
serves as a quantitative measure of the impact each paper
has had within the academic community, measuring its
significance in the realm of spatiotemporal wind forecasting.

The five most productive countries in the related field,
as measured by the number of publications from the WoS,
Scopus, and Dimensions, are listed in Table 2, sorted by
paper counts and considering paper citations. China emerges
as a dominant force in the three repositories, consistently
securing the top position in terms of both scientific document
production and citations. The inclusion of the United States
of America (USA), Germany, India, and the United Kingdom
in the top five countries across all repositories reflects the
global collaboration and diverse geographical distribution of
research efforts in spatiotemporal wind forecasting.

1) KEYWORKS ANALYSIS
The most popular terms used by authors in their papers are
displayed in this section using VOSviewer, a widely used
information visualization tool. In Figure 6, the occurrence
of the most common keywords in WoS is presented, where
words representing predictions and forecasting models are
enlarged, meaning more commonly used. The same occurs
in Figure 7, in which the most common keywords in text
fromScopus are shown. Dimensions, however, do not provide
keyword information.

The visual representations depicted in the images pro-
vide a comprehensive overview of the most frequently
used keywords within the repositories WoS and Scopus,
focusing specifically on terms that have garnered more
than 20 occurrences. Scopus exhibits a higher frequency
of keywords surpassing the 20-occurrence threshold in
comparison toWoS. These visualizations not only underscore
the distinctiveness in the utilization of specific terms within
the two databases but also offer valuable insights into the
evolving trends and emphases within the scholarly literature
encapsulated by Scopus and WoS.

Moreover, upon closer examination of the visualizations,
it becomes evident that certain keywords exhibit a notable
convergence between the repositories, such as ‘‘machine
learning,’’ ‘‘wind power,’’ ‘‘wind speed,’’ and ‘‘prediction’’
are prominently featured in both images, transcending the
numerical disparities in keyword occurrences. This shared
emphasis on specific terms underscores their universal
significance within the academic discourse encapsulated by
both databases.

In VOSviewer, color clusters typically represent thematic
groupings of keywords based on their co-occurrence patterns.
Each color corresponds to a cluster, and keywords within the
same cluster are more closely related to each other in terms of
how often they appear together in documents. These clusters
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FIGURE 5. Filter map study.

TABLE 1. Top 10 most influential papers.

TABLE 2. Top 5 countries publishing about spatiotemporal wind
forecasting.

can reveal thematic areas or topics that have a higher degree
of interconnectedness in the analyzed literature.

IV. FUNDAMENTALS ON GRAPH NEURAL NETWORKS
AND DEEP EQUILIBRIUM MODEL
This section provides a detailed exploration of GNNs and
DEQs, powerful frameworks for learning from structured
and sequential data. First, the fundamental concepts of
GNNs are introduced, highlighting their ability to process
graph-structured information and capture complex relational
patterns. Then, the DEQs are explained, focusing on their
implicit modeling approach and advantages over traditional
deep networks.

A. GRAPH NEURAL NETWORK
A GNN is a highly effective machine learning framework
designed for processing data represented as graphs [90].
GNNs extend the capabilities of CNNs to handle graph-
structured data, and they have demonstrated remarkable
performance in various tasks, including node classifica-
tion [91], link prediction [92], and graph classification [93].
Formally, let G = (V ,E) denote a graph, where V =

{v1, v2, . . . , vn} represents the set of nodes and E ⊆ V × V
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FIGURE 6. Most used keywords in web of science.

FIGURE 7. Most used keywords in scopus.

represents the set of edges. Each node vi ∈ V is associated
with a feature vector xi ∈ Rd . A GNN processes the graph

by iteratively updating node embeddings h(t)i ∈ Rp, where
t denotes the iteration or layer of the GNN. The updated
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embeddings are computed based on the node’s own features
and the embeddings of its neighbors using the following
equation:

h(t+1)
i = ReLU

(
W(t)

· agg(t)(h(t)j : vj ∈ N (vi)) + b(t)
)

,

(1)

where N (vi) represents the set of neighbors of node vi,
W(t)

∈ Rp×p and b(t) ∈ Rp are learnable parameters
at layer t , and agg(t) is an aggregation function that
combines the embeddings of neighboring nodes. Commonly
used aggregation functions include summation, mean, and
maximum.

The GNN operates for T iterations, and the final node
embeddings are utilized for downstream tasks such as node
classification:

zi = softmax
(
W(T )

· h(T )i + b(T )
)

. (2)

The model parameters are learned by minimizing a loss
function L(zi, yi), where yi represents the ground truth label
associated with node vi.

1) GRAPH CONVOLUTIONAL NETWORKS
A Graph Convolutional Network (GCN) is a type of neural
network architecture designed to work directly on graph-
structured data [94]. Instead of requiring the graph to be
transformed into a vector representation, it operates directly
on the graph structure, propagating information across the
nodes of the graph to generate contextually relevant node
embeddings.

The central operation of a GCN is rooted in the concept of
message passing, where each node forwards its feature vector
to all its connected neighbors [95]. These nodes, in turn,
update their respective feature vectors based on the received
messages. Mathematically, this process can be explained as
follows.

Suppose A is the adjacency matrix representing the graph,
and X is a matrix where each row corresponds to the feature
vector of a node. The functioning of a GCN layer can then be
represented as:

Ã = A+ I (3)

Here, I represents the identity matrix, the addition of which
introduces self-loops to the graph. Then,

D = diag(Ã · 1) (4)

In this equation, 1 is a vector of ones, and diag(·) is a
function that transforms a vector into a diagonal matrix. The
resultant matrix D corresponds to the degree matrix of Ã.
We then calculate the normalized adjacency matrix as:

Â = D−
1
2 ÃD−

1
2 (5)

Subsequently, the output Z of a GCN layer is defined as:

Z = ÂXW (6)

In this equation, W ∈ Rd×d ′

denotes a matrix of
trainable weights that transforms the input feature dimension
d to output dimension d ′. The equation illustrates that the
updated feature vector for each node is a weighted sum
of its neighbors’ feature vectors, with the weights being
provided by the adjacency matrix Â. This sum is further
transformed by the matrix W . By stacking these operations
over several layers, we can construct a deep GCN that can
capture complex patterns embedded in the graph structure.

Examining this process from a node-wise perspective, the
update rule for a GCN can be expressed as:

h(l+1)
i = σ

b(l) +

∑
j∈N (i)

1
cji
h(l)j W

(l)

 (7)

In this equation, h(l+1)
i is the feature vector of node i at

layer l + 1, and σ is the activation function. Here, b(l) is the
bias term for layer l, and

∑
j∈N (i) denotes the summation over

the neighbors j of node i. Also, cji is a normalization constant
for the edge between nodes i and j, h(l)j is the feature vector
of node j at layer l, and W (l) is the weight matrix for layer l.

2) GRAPHSAGE CONVOLUTION
SAGEConv, or GraphSAGE convolution, is a layer operation
used in GNNs, introduced by theGraphSAGE (Graph Sample
and Aggregated) [96]. The key idea behind GraphSAGE is to
generate embeddings by sampling and aggregating features
from a node’s local neighborhood. Firstly, the features of the
neighbors of each node are aggregated. Different ways to
perform this aggregation include mean, pooling, and LSTM.
Then, the aggregated feature vector is concatenated with the
feature vector of the node itself. This concatenated vector
is fed through a fully connected layer with a non-linear
activation function.

Mathematically, this process can be described as:

h(l+1)
N (i) = agg({hlj, ∀j ∈ N (i)}) (8)

h(l+1)
i = σ

(
W · concat(hli, h

(l+1)
N (i) )

)
(9)

h(l+1)
i = norm(h(l+1)

i ) (10)

Here, norm(·) refers to the L2 normalization operation
that ensures the updated node embeddings have unit length,
promoting stability during training.

If a weight tensor on each edge is provided, the aggregation
becomes:

h(l+1)
N (i) = agg({ejihlj, ∀j ∈ N (i)}) (11)

where eji ∈ R represents the weight or importance of the edge
connecting node j to node i, allowing the model to consider
edge attributes during neighborhood aggregation.

3) GRAPH ATTENTION NETWORK VERSION 2
GraphAttentionNetwork version 2 convolution (GATv2Conv)
uses attention mechanisms to weigh the influence of
neighboring nodes when updating the feature representation
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of a node [97]. The original GAT model applied a shared
self-attention mechanism to all edges in the graph, learning a
set of attention coefficients that determined how much each
node’s features should contribute to each neighbor’s updated
features. However, this mechanism suffered drawbacks such
as over-smoothing when applied to deep architectures.

GATv2Convwas introduced to overcome these limitations.
It introduces a new attention mechanism that separately con-
siders self-attention (attention of a node to its features) and
neighboring attention (attention of a node to its neighbors’
features) [98]. This results in improved performance and
more stable training in deep GNNs.

For each node, a self-attention and neighboring attention
score are calculated. The self-attention score is calculated
based on the node’s own features, while the neighboring
attention score is calculated based on the features of the
node’s neighbors. The attention coefficients are calculated
by applying a softmax function to the self-attention and
neighboring attention scores. The node’s features are updated
by taking a weighted sum of the node’s and neighbors’
features, where the attention coefficients give the weights.

Mathematically, it can be written as

h(l+1)
i =

∑
j∈N (i)

α
(l)
ij W

(l)h(l)j (12)

where αij is the attention score between node i and node j

α
(l)
i = softmaxi(e

(l)
ij ) (13)

e(l)ij = a⃗T (l)LeakyReLU(W (l)
lefthi +W (l)

righthj) (14)

where Leaky Rectified Linear Unit is referred to as
LeakyReLU,W (l)

left ∈ Rd ′
×d andW (l)

right ∈ Rd ′
×d are learnable

weight matrices that transform the features of nodes i and j
respectively, and a⃗T (l) ∈ Rd ′

is a learnable attention vector
that determines how to combine the transformed features to
compute the attention coefficients.

B. DEEP EQUILIBRIUM MODEL
DEQModels represent a subcategory of implicit layermodels
within the realm of deep learning. Their emergence in the
field is relatively recent, yet they have already demonstrated
substantial potential, yielding impressive results across var-
ious tasks in vision and natural language processing. These
models often outperform their counterparts that are based
on explicit models. The fundamental principle underpinning
DEQ Models is rooted in the concept of establishing a layer
whose function is to identify the fixed point of an iterative
procedure, a notion reminiscent of the foundational work on
recurrent backpropagation.

DEQ Models harness these foundational ideas, merging
them with contemporary deep architectures to depict the
entirety of a deep network as an equilibrium computation.
Furthermore, these models strive to ascertain the fixed point
directly, applying root-finding methods instead of relying
solely on fixed-point iteration.

ADEQ can bemathematically represented as a deep neural
network containing implicit layers, in which the output for
each layer is governed by the root of a set of nonlinear
equations. The objective is to discover a fixed point or
equilibrium that harmonizes the inputs and outputs across
each layer.

Consider the function fi(hi−1) as the non-linear transfor-
mation from layer i − 1 to layer i, where hi−1 stands for the
output from layer i− 1. The output for layer i, or hi, can then
be defined as the root of the subsequent equation set:

fi(hi−1) = hi. (15)

The cumulative output of the DEQ Model, hL , is depicted
as the output stemming from the concluding layer, wherein L
denotes the total number of layers present within the model.
Root-finding methodologies like Newton’s method or the
bisection method can be applied to solve for hi within each
layer. This root-finding procedure can be characterized as
follows:

hi = root-finding(fi(hi−1)). (16)

Here, root-finding(·) refers to any algorithm that solves for
the value hi that satisfies the equation fi(hi−1) = hi, such as
Newton’s method, bisection method, or fixed-point iteration.

It’s important to note that the function fi and the root
finding approach employed are contingent on the unique
requirements of the task and the model’s architectural design.
Fundamentally, the DEQ Model is equipped to manage
intricate and non-linear relationships between the inputs and
outputs, whichmakes it an exceedingly potent tool for a broad
array of applications.

A DEQ, which stands for Deep Equilibrium Model,
is a distinct form of deep learning model that depicts
functions as fixed points within an update function. The
DEQmodel’s representation is extraordinarily powerful, with
the capability to present any deep network (irrespective of
depth or connectivity) as a single-layer DEQ model. This
is corroborated by the fact that any computational graph
can be combined into a vector, and the DEQ function can
perform the succeeding computation in the graph on each
of these elements. This structure showcases the power of
a single DEQ layer, yet it is not typically employed due
to efficiency constraints and the need to store the complete
vector in memory. It has also been proven that a single DEQ
layer can simulate any quantity of stacked DEQ layers.

Implicit differentiation of equilibrium layers in DEQ
models is calculated based on computing the vector-Jacobian
product of the fixed point solution z∗ = f (z∗, x). Here,
z∗ represents the equilibrium point, f is the transformation
function, and x denotes the input to the model. The implicit
function theorem allows us to compute the derivative of the
fixed point for any variable we wish to differentiate (like the
input x or the function f ’s parameters). This is achieved by
calculating the derivative of the function f to x and z, and
subsequently resolving the linear equation system to acquire
the gradient.
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The final form of implicit backpropagation for DEQ
models can be formulated as follows: Let J =

∂f
∂z and

H =
∂f
∂x , then the Jacobian of the fixed point is computed as

J∗
= I−J (z∗, x), where I is the identity matrix. The gradient

of the fixed point to x can be obtained by multiplying the
Jacobian J∗ by the gradient of the loss to the fixed point, i.e.,
∂z∗
∂x = J∗

·
∂L
∂z∗ . Here,

∂L
∂z∗ represents the gradient of the loss

function L with respect to the equilibrium point z∗. Similarly,
the gradient of the loss to the parameters of the function f can
be calculated by determining the derivative of J and H to the
parameters and then using these derivatives to compute the
gradient.

Assuming that the transformation function f (z, x) is
Lipschitz continuous with constant L < 1, a condition
under which Banach’s Fixed Point Theorem guarantees the
existence and uniqueness of an equilibrium point z∗. The
iterative process is defined as:

z(k+1)
= f (z(k), x), with lim

k→∞
z(k) = z∗, (17)

ensuring convergence to the fixed point under the stated
condition.

For that matter, we use an auxiliary Jacobian norm
penalization term during training to encourage L to remain
below 1. This term is computed using randomized directional
derivatives to approximate the Jacobian spectral norm in
expectation. Specifically, we use the following estimate:

Jloss(f , z) =
1
k

k∑
i=1

∥∥∥∥∂f
∂z
vi

∥∥∥∥2 /
dim(z), (18)

where vi ∼ N (0, I ). This term is incorporated as a
regularization loss during training.

DEQ layer enhances temporal representation while ben-
efiting from a constant memory footprint during backprop-
agation via implicit differentiation. The gradient of the
equilibrium state to the input is computed using:

dz∗

dx
=

(
I −

∂f
∂z

(z∗, x)
)−1

∂f
∂x

(z∗, x), (19)

where ∂f
∂z (z

∗, x) is the Jacobian of f with respect to z,
evaluated at the equilibrium point.

V. DATA AND METHODOLOGY
This section provides a detailed examination of the dataset
chosen for the application of this research. Also, the
methodology employed is explained.

A. DATASET
For experimental purposes, we employed the dataset depicted
in [99]. Between 2010 and 2011, 200 turbines on an inland
wind farm with flat terrain were randomly chosen for a
year-long spatiotemporal measurements. The information
consists of hourly wind speeds that are unique to each turbine
as determined by the anemometers installed individually.
Additionally, three met masts in the same wind farm

have a year’s worth of hourly wind speed and direction
measurements accessible. Each turbine is associated with
wind power and speed, which are included in the data
collection, as well as the coordinates for each turbine.
However, while the relative positions of the turbines and the
met masts remain true to the actual layout, the coordinates are
altered by a constant to conceal the true geographic location
of each object. This barometer network offers coverage with
a one-mile spatial resolution and an hour-long temporal
resolution.

Figure 8 illustrates the spatial distribution of turbines and
meteorological masts used in our study. The non-uniform
distribution of turbines creates regions with varying density
that influence local wind dynamics.

FIGURE 8. Spatial distribution of the 200 wind turbines used in this study.
Turbines are color-coded by their proximity to the three meteorological
masts (dark blue circles). This spatial arrangement demonstrates the
complex arrangement of measurement points that must be captured by
the graph structure. The non-uniform turbine distribution creates varying
density regions that influence local wind dynamics and challenge
simplistic distance-based correlation models.

From a physical interpretation perspective, the alteration
in local wind conditions can be seen in various frequency
ranges. Slow fluctuations, as in days, are driven by
synoptic-scale weather variables, such as air masses, fronts,
pressure systems, and jet streams. On the other hand, higher
frequency variations, meaning minutes or hours, arise from
a confluence of interrelated physical processes that are
tricky to identify separately but have a significant combined
impact [100]. Wind energy systems are therefore inherently
nonlinear due to the complex interactions between various
components and environmental factors [101].

B. METHODOLOGY
StemGNN was originally designed to address challenges
in multivariate time-series forecasting, diverging from con-
ventional methods that emphasize temporal correlations
in the time domain and often rely on pre-defined priors
for inter-series interactions. StemGNN operates in the
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spectral domain, concurrently capturing temporal depen-
dencies and inter-series correlations. The integration of
Graph Fourier Transform (GFT) and DFT characterizes
StemGNN’s approach. GFT models inter-series correlations,
while DFT models temporal dependencies. The resulting
spectrum representations reveal distinct patterns, enhancing
the predictability of convolutional and sequential learn-
ing modules. StemGNN’s ability to automatically learn
inter-series correlations from the data, without the need for
pre-defined priors, constitutes a significant advantage.

StemGNN’s efficacy is validated through comprehensive
testing on ten real-world datasets. The model’s capacity to
learn and generalize network structures is further enhanced in
our implementation by introducing customLaplacian regular-
ization to the graph convolutional layer. This layer produces
learned attention weights and a customized Laplacian matrix
illustrating connections between graph nodes.

Following Fourier transforms and spectral representations,
the model directs its output into a fully connected DEQ
network at the output stage. The DEQ facilitates more
efficient training and inference by allowing the network to
reach an equilibrium state for each layer.

The implementation of our modified StemGNN model
utilizes PyTorch, and hyperparameter tuning involves various
strategies. Parameters such as dropout rate, leaky rate, learn-
ing rate, and the number of stacks and layers in the multilayer
perceptron are considered. The model employs the Adam
optimizer and utilizes binary cross-entropy with logits as the
loss function. Multiple runs of the updated StemGNN model
with diverse hyperparameter configurations are conducted to
validate its performance.

Next, the utilized network is contrasted with classical CGN
and LSTM [102]. To put it briefly, the most recent defines
and trains amodel that processes graph-structured input using
both LSTM and GCN layers, with the help of an attention
mechanism [103] that establishes the relative relevance of the
LSTM and GCN outputs. Figure 9 exposes the methodology
more freely.

For the imputation of missing data in the dataset, using the
Inverse Distance Weighting (IDW) interpolation method for
estimatingmissing data is a successful solution in wind power
generation. This technique is beneficial when data from one
or more turbines is unavailable or incomplete. Utilizing the
spatial correlation of wind characteristics in a wind farm, the
IDW interpolation uses the closeness of the nearby turbines to
approximate the missing values. Specifically, the five nearest
turbines to the turbine with missing data are identified using
the trigonometric function known as the haversine, which
computes the great-circle separation between two points on
a sphere.

This ensures that the turbines chosen for the estimating
procedure have the most comparable wind conditions and
geographic attributes. The reliability of wind power estimates
and related operational decisions are consequently improved
by this proximity-based technique, which enables a more
precise imputation of the missing data.

The primary component of the model is a unique block
layer, which is based on a Seq2Seq cell [104], constructed
to efficiently process temporal and spatial data in the input
time series. The data are first transformed using the Discrete
Fourier Transform (DFT), followed by a series of GLU
transformations. Inverse DFT is then applied to return the
data to the time domain. This component aims to capture
temporal dependencies in the input data by transforming it
to the frequency domain, operating in this domain, and then
returning it to the time domain.

The model architecture employs the concept of a GNN,
which allows the model to exploit inherent graph structures
in the data. To construct this graph, a self-graph attention
mechanism is applied to calculate the attention score between
different parts of the input sequence. This score is used to
construct the adjacency matrix of the graph. A Laplacian
matrix, representing the graph’s topology, is then computed
and used in the Chebyshev polynomial to capture the graph’s
higher-order dependencies.

Another key component is the GRU. The GRU is
employed in the self-graph attention mechanism layer to
process the input sequence and retain the long-term temporal
dependencies. The GRU helps the model better understand
the underlying temporal dynamics and keep track of the
essential information in the input sequence. The Gated Linear
Unit (GLU) is also employed in the Seq2Seq block for
feature transformation. GLU is chosen because it can model
complex interactions and preserve input information. It helps
the model dynamically decide the amount of information to
pass forward in the network.

A DEQ is added at the end of the model to finalize the
prediction. DEQs are an effective way to model complex
systems as they can inherently handle time-varying data and
are more interpretable than traditional deep learning layers.
In this model, a DEQ is employed as a component. This
represents a novel approach to deep learning that replaces
the traditional stacked layers with a single layer solved to
equilibrium at both training and test time. They are notable
for their constant memory footprint during backpropagation,
irrespective of model depth, which is a highly desirable
trait in dealing with large-scale datasets or high-resolution
inputs.

The DEQ approach inherently creates an infinitely deep
network as the same transformation is applied until a fixed
point is reached. This is done while ensuring a constant
memory footprint, enabling the model to capture long-range
dependencies and complex transformations in the data. Fully
connected layers are a core component of many neural
networks. In this model, they act as a transformation step that
maps the output of the previous layers, in this case, the DEQ
and the self-graph attention mechanism, to a new space that
is useful for the final prediction task.

In this model, the fully connected layers would likely
take the latent vectors (high-dimensional representations
of the input data) from the previous layers and apply
linear transformations (via matrix multiplications and bias
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FIGURE 9. Overview of the employed methodology.

additions) followed by non-linear activation functions. The
parameters for these transformations are learned during the
training process, and they help to further refine and specialize
the information in the vectors for the final forecasting task.

The output of these layers would then be passed on to the
final output layer, which would transform these vectors one
more time to match the format of the target data. Thus, fully
connected layers play an important role in shaping the final
output of the model.

Themodel is trained using the Adam optimizer and L1Loss
as the loss function. The L1 loss, also known as the Mean
Absolute Error (MAE), is a common loss function used in
machine learning and statistical modeling. It measures the
difference between the true values and the values predicted by
a model. Given a set of n true values y1, y2, . . . , yn and their
corresponding predicted values ŷ1, ŷ2, . . . , ŷn, the L1 loss is
defined as:

L(y, ŷ) =
1
n

n∑
i=1

|yi − ŷi| (20)

where yi represents the true value for the ith observation, ŷi
represents the predicted value for the ith observation, and | · |

denotes the absolute value function. The L1 loss gives the
average magnitude of the errors between the predicted values
and the true values.

The model employs dropout for regularization and leaky
Rectified Linear Unit (ReLU) for non-linearity. To validate
the proposed model, a training loop is run considering 100
epochs. For each epoch, the model’s parameters are updated
to minimize the loss function. The above methodology
has been implemented as a Python script using PyTorch,
a popular open-source machine learning framework that

TABLE 3. Hyperparameters for StemGNN: Search Ranges and Optimal
Values.

accelerates the path from research to production deploy-
ment. The hyperparameters presented in Table 3 along
with the related search space were used in the final
model.

Figure 10 shows the importance of each hyperparameter in
the overall model. The learning rate was the most important
one since it serves as a scalar factor dictating the magnitude
of steps taken during the iterative process of model parameter
optimization. The leaky rate comes in secondmost important,
as the leaky ReLU activation function plays a pivotal role
in mitigating the dying ReLU phenomenon within neural
networks. Unlike traditional ReLU, which sets the gradient
to zero for negative inputs, Leaky ReLU introduces a
small, positive slope for such inputs [105]. This seemingly
subtle adjustment is instrumental in preventing neurons from
becoming inactive during training, thereby addressing the
issue of neurons that cease to learn. By allowing a controlled
flow of information through the network, even when the
input is negative, Leaky ReLU contributes significantly to the
robustness and effectiveness of neural networks, promoting
more stable and consistent learning across various layers and
units.
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FIGURE 10. Importance of each hyperparameter.

FIGURE 11. Train over each step.

FIGURE 12. Validation over each step.

VI. RESULTS AND DISCUSSION
After multiple testing and calibration iterations, the model
demonstrated convergence with expected outcomes. Devia-
tions from initial projections decreased, enhancing prediction
accuracy.

All experiments were conducted on a high-performance
workstation running Gentoo Linux. The computational
environment includes an Intel(R) Core(TM) i9-14900K, and
an NVIDIA GeForce RTX 4090 Graphics Processing Unit
(GPU). The system has 31.03 GiB of Random Access
Memory (RAM) andmultiple high-capacity storage volumes,
ensuring efficient data handling and model training.

The model is evaluated considering the analysis of
the L1 Loss, presented in Eq. (20), the Mean Squared
Error (RMSE), given by Eq. (21), and the Coefficient of
Determination (R2), presented in Eq. (22).

RMSE =

√√√√1
n

n∑
i=1

(yi − ŷi)2. (21)

R2
= 1 −

∑n
i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2

, (22)

where ȳ is the mean of real values.

A. FORECASTING RESULTS
Table 4 presents the distribution of training and validation
losses, along with additional performance metrics across
three forecasting horizons. At the shortest prediction horizon
(1 step), themean L1 (MAE) loss on the training set is 2.3816,
while the corresponding validation MAE is 0.1241 in scaled
units. Although the absolute values differ due to scaling,
the low values across both sets indicate effective short-term
learning.

At the 12-step horizon, the training MAE increases to
4.3016 (unscaled), and the validation MAE reaches 0.2242
(scaled), reflecting the greater difficulty of long-range
forecasting. The standard deviations (STD) remain low across
all horizons (e.g., 0.0037 for training MAE at horizon 1 and
0.0029 for validationMAE at horizon 12), suggesting that the
model’s performance is stable and consistent across runs.

The gap between training and validation losses remains
relatively narrow and controlled, with no sharp increases in
variance or degradation, which supports the conclusion that
the model generalizes well and does not suffer from signifi-
cant overfitting even as the prediction horizon increases.

While R2 values naturally decrease with longer horizons
— dropping from 0.7242 at 1-step to 0.2887 at 12-step— the
model continues to achieve low absolute errors, with RMSE
remaining below 5.3 MWh across all cases. This highlights
a known tradeoff in wind power forecasting: even when the
explained variance is modest due to inherent stochasticity,
accurate short-term predictions (as captured by MAE and
RMSE) are often more relevant for operational use cases such
as dispatch and reserve allocation. Therefore, the proposed
model balances this tradeoff effectively, maintaining both
numerical stability and practical forecasting accuracy.

The assessment includes visual representations of mean
predicted values for training and validation datasets over
100 steps. Figure 11 displays the training data, showing
the mean at each step with shaded regions indicating the
range from minimum to maximum values. This visualization
illustrates the model’s stability patterns during training.
Figure 12 presents the validation dataset, showing the mean

131474 VOLUME 13, 2025



L. S. Aquino et al.: Spatiotemporal Wind Energy Forecasting: A Comprehensive Survey

TABLE 4. Performance metrics at multiple forecast horizons (Mean ± STD).

TABLE 5. Performance measures of different models used to forecast wind speed multi-step-ahead.

TABLE 6. Training efficiency comparison on RTX 4090 GPU.

prediction at each step, with maximum and minimum values
enclosed in a shaded region.

Wind power forecasting model evaluation requires a
systematic performance comparison. Such analysis reveals
the strengths and limitations of different approaches and
informs futuremodel refinement. Table 5 summarizes the per-
formance of the proposed model in comparison with baseline
architectures, including RNN, LSTM, GRU, and a vanilla
GNN. The table shows how different these frameworks act
on three multi-step-ahead wind speed forecasting horizons
(1h, 6h, and 12h). All baseline models were configured with
identical hyperparameters: input size=10, hidden size equal

to the prediction horizon, 2 layers, dropout=0.2, and learning
rate=0.0001 with Adam optimizer.

The proposed model demonstrates superior performance
across all evaluation metrics, consistently achieving the
lowest error values. With an L1 loss of 0.1144 and an RMSE
of 0.1697, the model outperforms alternative architectures in
MAE, RMSE, and R2 metrics. This performance advantage
is most pronounced at the 1-hour horizon.

As expected, all models exhibit decreased accuracy with
increased forecast horizons due to temporal uncertainty.
However, the proposed model maintains consistent perfor-
mance between 6 hours (0.1713) and 12 hours (0.1665),
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FIGURE 13. Critical Difference Diagram comparing neural network model
performance based on the MAE metric. The diagram illustrates average
ranks with CD = 1.93 at α = 0.05 significance level. Models connected by
the same horizontal line do not exhibit statistically significant
performance differences.

FIGURE 14. Adjacency matrix heatmap of the learned graph structure for
wind field dynamics. The 200 × 200 matrix shows the connectivity
patterns between nodes, with brighter colors indicating stronger
connections. The periodic horizontal and vertical lines with higher
intensity values reveal hierarchical community structures across the
spatial domain.

TABLE 7. Spectral properties and stability metrics of the learned graph
Laplacian.

with RMSE values showingminimal variation and occasional
improvement at longer horizons. This trend indicates robust
long-term prediction capability, attributable to the model’s

FIGURE 15. Scatter plot showing the relationship between physical
distance between stations and graph edge weights. The weak negative
correlation (r = −0.084, p < 0.000001) indicates that the learned graph
structure captures relationships beyond simple spatial proximity,
representing complex meteorological patterns.

equilibrium-guided design that balances predictive dynamics
and captures latent spatiotemporal structures.

Recurrent architectures exhibit limitations in capturing
long-term dependencies, as evidenced by performance degra-
dation with increased prediction horizons, particularly in
RMSE and R2 metrics. The GRU’s elevated RMSE at
12 hours (0.4001) illustrates the constraints of conventional
sequence models in this application. The baseline GNN
produces competitive but inferior results compared to the pro-
posed model, demonstrating the advantages of incorporating
latent dynamics and DEQ in graph-based forecasting.

While the proposed model demonstrates superior perfor-
mance across all forecasting horizons and metrics, as shown
in Table 5, it is important to note the computational trade-
offs involved. Despite achieving lower error rates and higher
accuracy, the proposed model requires approximately ten
times more computational resources per epoch (0.48s) com-
pared to the baseline methods (0.04-0.05s) (Table 4). This
increased computational demand is attributable to themodel’s
more complex architecture, which incorporates advanced
feature extraction and temporal relationship modeling. For
applications where computational efficiency is critical, this
trade-off between prediction accuracy and processing time
should be carefully considered.

To quantify the statistical significance of performance
differences between the models, a Critical Difference (CD)
diagram was constructed using the MAE metric, as shown in
Figure 13. The Friedman test with Nemenyi post-hoc analysis
at α = 0.05 significance level yielded a critical difference
value of 1.93. The diagram positions each model according
to its average rank across all forecast horizons, with lower
ranks indicating better performance.

The proposed model achieved the best average rank (1.0),
demonstrating clear separation from the baseline models.
RNN (3.0), LSTM (3.2), GRU (3.3), and GNN (4.5) exhibited
higher average ranks, indicating inferior performance. The
horizontal line connecting RNN, LSTM, and GRU indicates
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FIGURE 16. Spatial distribution of spectral clusters identified from the
graph Laplacian eigenvectors. The five distinct clusters (represented by
different colors) correspond to regions with similar wind behavior,
revealing the underlying meteorological zones captured by the model.

TABLE 8. Deep equilibrium model analysis.

TABLE 9. Fixed-point solver parameters and convergence settings.

that performance differences among these three architectures
are not statistically significant. However, the absence of
a connecting line between the proposed model and any
baseline model confirms that its performance improvement
is statistically significant. Similarly, GNN’s performance
differs significantly from the recurrent architectures.

The model’s performance is dependent on the repre-
sentativeness of the training data. Biases or limitations in
the training dataset may affect the model’s generalization

capabilities. While the model demonstrates stability across
training and validation sets, the higher standard deviation
in training data indicates variable performance during the
training process, potentially attributable to data noise or
external factors not fully captured by the model.

B. LEARNED GRAPH STRUCTURE
The spectral properties of the learned graph Laplacian reveal
the underlying structure of wind field dynamics captured
by our model. Analysis based on 5 data batches yielded
quantitative metrics that support the physical justification of
our graph construction methodology.

The eigendecomposition of the learned graph Laplacian
matrix yielded n = 200 eigenvalues corresponding to the
network nodes. The smallest eigenvalue (λ1 = −0.162592)
deviates from the theoretical lower bound of zero for a
standard Laplacian, attributable to numerical approximations
in the computation process. The algebraic connectivity (λ2 =

0.998420) indicates a strongly connected graph structure,
reflecting substantial wind field correlations across the
spatial domain. This connectivity aligns with the physical
expectation that wind patterns exhibit spatial dependencies.
The spectral gap (1.161013) between the smallest and second
smallest eigenvalues demonstrates pronounced community
structure within the learned graph. The condition number
(1.569307) suggests numerical stability in the graph repre-
sentation, enabling robust spectral decomposition.

Stability analysis reveals consistently low standard devi-
ations of Laplacian and adjacency matrices across batches
(mean: 0.000319, max: 0.002424), indicating high stability
in the learned graph structure. This suggests the model has
captured consistent underlying patterns in the wind field
data, which is critical for reliable forecasting across varying
temporal horizons.

The physical interpretation of these spectral properties
provides insight into the wind field dynamics. The algebraic
connectivity (λ2 = 0.998420) quantifies the connectivity
strength within the graph, with a high value indicating
robust wind field correlations across the spatial domain.
As illustrated in Figure 14, the adjacency matrix reveals
structured connectivity patterns between nodes, with bright
lines indicating stronger connections that form a hierarchical
community structure. Spectral clustering applied to the eigen-
vectors corresponding to the smallest non-zero eigenvalues
identified 5 distinct regions with similar wind behavior,
corresponding to physically interpretable meteorological
zones, as shown in Figure 16. The Fiedler vector (eigenvector
associated with λ2) reveals the primary spatial division in the
wind field, providing insight into the fundamental modes of
variability.

The eigenvalue distribution exhibits a continuous spectrum
with rapid decay, indicating that wind field dynamics can
be approximated by a reduced set of dominant modes.
This property supports the dimensional reduction approach
employed in our forecasting model. The correlation between
physical distances and edge weights in the learned graph
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TABLE 10. Post-hoc statistical analysis: pairwise comparisons with 95% confidence intervals.

was computed to assess whether the model captures rela-
tionships beyond simple spatial proximity, as depicted in
Figure 15. The analysis yielded a correlation coefficient r =

−0.084 with p < 0.000001, indicating a statistically signif-
icant but weak correlation (having no significant influence
on the model validation metrics. This result confirms that the
learned graph structure represents complex meteorological
patterns rather than merely distance-based relationships.

The stable graph structure with well-defined community
patterns enables effective capture of spatiotemporal relation-
ships in wind fields. The weak correlation between physical
distances and learned edge weights demonstrates the model’s
capacity to identify meteorologically meaningful patterns
that enhance predictive capabilities across different forecast
horizons. These findings validate our graph construction
methodology from a physical perspective, addressing poten-
tial concerns about the justification of the graph structure.

C. DEQ ANALYSIS
This section presents an analysis of the Deep Equilibrium
(DEQ) component, examining its convergence properties,
stability characteristics, and computational efficiency based
on empirical evaluation across 10 batches comprising
2560 samples.

The DEQ layer configuration consists of input dimension
10, state dimension 20, and output dimension 6, with no
hidden layers and ReLU activation function. The model
employs Anderson acceleration as the fixed-point solver with
a maximum threshold of 200 iterations and a convergence
tolerance of 0.001.

The convergence analysis shows consistent behavior
across all evaluated samples. The Anderson solver reached
equilibrium within a fixed number of iterations (3.00± 0.00)
for all samples, indicating deterministic convergence prop-
erties. This uniform convergence pattern demonstrates that

the model’s fixed-point iteration process reaches equilibrium
states for the wind field forecasting task within a predictable
computational bound.

Stability analysis quantifies the characteristics of the
DEQ layer. The average Jacobian spectral norm (0.0633 ±

0.0026) is below 1.0, with a maximum observed value of
0.0722. Thesemeasurements confirm that all evaluated points
(100%) satisfy the stability criterion for implicit layers,
where spectral norms less than unity ensure convergence. The
measured Jacobian loss (0.004019 ± 0.000237) provides a
metric for the model’s stability during training and inference.

The DEQ approach reduces computational requirements
compared to explicit deep networks. The implemented
DEQ layer requires 766 parameters, representing a 52.30%
reduction compared to an equivalent explicit model requiring
1606 parameters. Both forward and backward passes utilize
approximately 3 iterations, maintaining constant memory
requirements regardless of effective depth. This parameter
efficiency is relevant for spatiotemporal forecasting applica-
tions where computational resources may be limited.

The DEQ layer integrates with the graph structure by
operating on outputs from graph convolution layers, receiving
spatially-aware representations from stacked StockBlock-
Layer components. This integration enables the model to
process temporal dynamics while preserving spatial relation-
ships represented in the graph structure. The implicit infinite
depth property of DEQ, combined with constant memory
usage, allows the model to represent spatiotemporal depen-
dencies within wind fields while maintaining computational
tractability.

VII. CONCLUSION
While statistical models have served well across applications,
the ascendancy of machine learning and hybrid models
outperforms autoregressive techniques. This is due to a
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significant shortcoming of the classical models in harnessing
Big Data. Furthermore, classical approaches often neglect the
spatiotemporal connections in input data, a gap addressed by
GNNs that apply graphs for spatial representation and employ
message passing for information propagation. Graphs can be
used to model spatial information, and message passing can
be used to spread information across nodes.

Leveraging advancements in measuring and performance,
forecasting methods employing spatial and temporal data
have gained wide use, constructed around the idea that
shared physical processes allow related variables to affect
one another. The emergence of intelligent spatiotemporal
forecasting systems capable of autonomously collecting data,
constructing models, and delivering real-time or near-real-
time predictions is transforming decision-making in practical
contexts.

The application of spatiotemporal components in forecast-
ing renewable energy generation has a reputation for higher
accuracy and reduced computational cost compared to classi-
cal methods. This can be explained by the inherited scientific
advantages of the method, as, for instance, predicting wind
power at different turbine locations helps improve turbine
placement for maximum energy yield. Additionally, it can
be used to optimize turbines’ maintenance, considering the
identification of patterns indicating mechanical stress due
to changing wind conditions. Moreover, accurate predictions
help grid operators manage power fluctuations and integrate
wind energy more efficiently into the electrical grid, improv-
ing energy dispatching.

This paper reviews the research on spatiotempo-
ral forecasting techniques and related methodologies.
It explains their structure, differences from traditional
temporal approaches, and significant advantages. Based
on the findings of the associated studies, it concludes
that using spatiotemporal data often increases forecasting
accuracy without significantly slowing down processing
times. Improvements in the applications of spatiotemporal
forecasting are expected, as it is an interesting replacement
for classical time series forecasting.

This study also aimed to improve the accuracy of wind
power forecasting. The unpredictable nature of wind, its
spatiotemporal characteristics, and the consequent challenges
posed by power grids made this endeavor imperative. The
proposed approach, merging the strengths of GNNs, DEQ,
and Seq2Seq, has demonstrated its potency, especially when
benchmarked against other established models. Notably, the
incorporation of attention mechanisms made a significant
contribution to its superior performance, with a reduction of
at least 15% in loss function when compared to other models.

Future work should explore more holistic evaluation
metrics and consider potential improvements in the model’s
generalization capabilities to enhance its robustness across a
broader spectrum of conditions and datasets. Additionally,
a key focus should be on reducing the computational cost
associated with both GNNs and DEQs, particularly for
large-scale applications. This could involve trying more

efficient training strategies, such as quantization or low-
rank approximations, as well as exploring alternative model
formulations that maintain predictive performance while
improving scalability.

VIII. APPENDIX
A summary of the fixed-point solver configurations used
during both forward and backward passes is provided in
Table 9. These include the Anderson acceleration settings
(e.g., memory size m = 6, damping parameter β = 1.0)
and stopping tolerances (ϵ = 10−3 for the forward pass and
ϵ = 10−2 for the backward pass).

Additionally, we report a post-hoc statistical comparison
of the proposed model against baseline methods using the
Friedman test followed by the Nemenyi post-hoc analysis.
The results, shown in Table 10, confirm that the performance
gains achieved by the proposed method are statistically
significant at the 0.001 level across all baseline comparisons.
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