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ABSTRACT
Accurate power load forecasting is essential for the efficient op-
eration and planning of electrical grids, particularly given the in-
creased variability and complexity introduced by renewable energy
sources. This paper introduces GAT-LSTM, a hybrid model that
combines Graph Attention Networks (GAT) and Long Short-Term
Memory (LSTM) networks. A key innovation of the model is the
incorporation of edge attributes, such as line capacities and effi-
ciencies, into the attention mechanism, enabling it to dynamically
capture spatial relationships grounded in grid-specific physical and
operational constraints. Additionally, by employing an early fusion
of spatial graph embeddings and temporal sequence features, the
model effectively learns and predicts complex interactions between
spatial dependencies and temporal patterns, providing a realistic
representation of the dynamics of power grids. Experimental evalu-
ations on the Brazilian Electricity System dataset demonstrate that
the GAT-LSTM model significantly outperforms state-of-the-art
models, achieving reductions of 21. 8% in MAE, 15. 9% in RMSE
and 20. 2% in MAPE. These results underscore the robustness and
adaptability of the GAT-LSTM model, establishing it as a powerful
tool for applications in grid management and energy planning.
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1 INTRODUCTION
Modern power systems are intricate networks of interconnected
components responsible for generating, transmitting, distributing,
and utilizing electricity. A key challenge in these systems is main-
taining the balance between supply and demand, especially with
the rapid integration of renewable energy sources (RES) such as
solar and wind into grid operations. The intermittent nature of
RES introduces variability, which requires the deployment of new
technologies that enhance grid flexibility and enable real-time re-
sponses.

Consequently, accurate demand estimation is fundamental for ef-
fective power planning as matching supply with demand is essential
to maintain grid stability. Note that errors in demand forecasting
can result in significant financial costs, with even a 1% forecast-
ing error potentially leading to hundreds of thousands of dollars
in losses per GWh [39]. Since forecasting plays a critical role in

numerous tasks, improving both the accuracy and efficiency of
forecasting processes is crucial.

Traditionally, load forecasting has relied on statistical methods
that estimate relationships within time-series data, sometimes in-
corporating external factors. Classical statistical models such as
ARIMA [13] and exponential smoothing [36, 47], as well as various
machine learning approaches [10], have been utilized. In addition,
load forecasting is influenced by numerous factors, many of which
are location-specific and depend on the equipment used [5]. Factors
such as weather conditions, demographics, socioeconomic variables,
and special events such as holidays that can impact power demand
are often incorporated as input variables in forecast models [4].

In modern electricity markets, forecasts are generated for various
time horizons, each supporting grid operations and market manage-
ment. Very short-term forecasts, spanning seconds to minutes, are
critical for emergency operations and optimizing Distributed En-
ergy Resources (DER). Short-term forecasts, ranging from minutes
to a day ahead, are vital for real-timemarket trading, power plant op-
erations, grid balancing, and managing operating reserves. Medium-
term forecasts, covering days to months, aid in pre-dispatch, unit
commitment, and maintenance planning, while long-term forecasts,
extending months to years, support system planning, investment
decisions, and maintenance scheduling [14, 44, 54].

Among these, short-term load forecasting (STLF) is particularly
crucial for daily balancing in grid operations and facilitates real-
time decision-making for unit dispatching, peak load analysis, and
automatic generation control, ensuring efficient grid operation
under dynamic conditions, especially as RES are integrated [14, 34,
49, 54].

Artificial intelligence (AI) techniques and deep neural networks
(DNNs) have gained popularity for load forecasting, including
expert systems [45], support vector machines (SVM) [17], fuzzy
logic [42], artificial neural networks (ANNs) [33] and long-short-
termmemory networks (LSTMs) [29]. However, despite their ability
to incorporate external influences, these models have limitations,
such as the risk of getting stuck in local minima, overfitting [55],
and inability to fully capture complex spatial-temporal dependen-
cies.

To address these challenges, hybrid models that combine mul-
tiple forecasting methods have been proposed to further enhance
accuracy and reliability [5, 18, 37]. These hybrid models offer the
advantage of capturing the spatial and temporal features of the elec-
tricity load while addressing the limitations of individual methods.
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However, despite their advantages, hybrid models also introduce
additional complexity in model design, implementation, and param-
eter optimization [5].

Key Challenges with Traditional and
State-of-the-Art Load Forecasting Models

(1) Limited Incorporation of Grid-Specific Features: Tra-
ditional load forecasting models, and even the current ad-
vanced methods, often overlook or inadequately handle
grid-specific information (e.g. transmission capacities, ef-
ficiencies), which are essential for capturing power flow
constraints and line losses in the grid. These models focus
mainly on dynamic data (e.g., energy demand at each loca-
tion, external covariates, etc.). Failing to incorporate these
features limits the model’s ability to accurately represent
real-world grid dynamics, leading to less robust predictions.

(2) Limited Fusion of Spatial and Temporal Information:
Many load forecasting models treat spatial and temporal in-
formation separately, either through sequential models (like
LSTMs) that ignore spatial context or graph-based models
that lack robust temporal modeling. This split approach
fails to capture how spatial dependencies and temporal
patterns interact, limiting the model’s ability to adapt to
sudden changes in load patterns or energy flow dynamics.

(3) Lack of Integration of RES Data: The intermittent and
variable nature of RES, such as solar and wind, introduces
significant uncertainty into load forecasts. Most current
models do not account for RES data, leading to predictions
thatmay not accurately reflect fluctuations in energy supply
and demand.

In this study, we present a hybrid GAT-LSTM fusion model
for STLF that addresses key limitations of existing forecasting ap-
proaches. The proposed model integrates grid-specific attributes,
handles spatial-temporal data fusion, and incorporates RES data to
provide more realistic and reliable load predictions. By capturing
complex interactions within modern power grids, our approach
offers enhanced accuracy and robustness, making it well suited to
the intricacies of today’s dynamic energy landscape.

The rest of the paper is organized as follows; Section 2 presents
reviews of key concepts, including energy forecasting techniques
and graph neural networks, Section 3 describes the data and in-
troduces our hybrid GAT-LSTM model, Section 4 presents the ex-
perimental results and discusses the efficacy of our approach, and
finally, Section 5 concludes with future directions.

2 REVIEW OF KEY CONCEPTS
As discussed, forecasting models predict future energy demand
and supply by analyzing historical time-series data and relevant
covariates to uncover important dynamics within the data. This
section provides a brief overview of some widely employed energy
time-series forecasting techniques in the literature.

2.1 Traditional Energy Forecasting Models
Traditional statistical methods for energy forecasting, such as au-
toregressive models and exponential smoothing techniques, are
foundational approaches that use historical data to predict future

energy demand. These models are widely used for linear and sta-
tionary time series data.

Autoregressivemodels, such as ARMAand its extensions (ARIMA
and SARIMA), and exponential smoothing techniques, have been
widely used for STLF. ARIMA models relationships among current
values, past values, and previous errors, with SARIMA incorporat-
ing seasonal differencing for datasets with seasonality [14, 38].

Exponential smoothing methods, including Holt-linear and Holt-
Winters extensions, use weighted averages of past observations to
capture trends and seasonality in non-stationary data [36]. These
approaches are valued for their simplicity and effectiveness in linear
time series data [13, 15, 36]. However, they are limited in handling
non-linear, high-dimensional data and fail to capture the complex
spatial and temporal dependencies inherent in energy systems.
These limitations are especially evident in modern energy systems,
where demand patterns are shaped by dynamic factors such as
weather, renewable energy integration, and network topology.

2.2 Deep Learning-Based Energy Forecasting
Models

Deep learning, a subfield of machine learning, leverages neural
networks to automatically learn patterns from data, making it par-
ticularly effective for modeling complex, non-linear relationships
in large datasets [7]. Sequence processing models such as recurrent
neural networks (RNNs) and long-short-term memory networks
(LSTMs) are widely used for time-based predictions, as they re-
tain information across time steps and capture temporal dependen-
cies [50, 51].

RNNs model sequential data by updating a hidden state based
on the current input and the previous hidden state. While effec-
tive for short-term dependencies, they struggle with vanishing
or exploding gradients, limiting their ability to capture long-term
dependencies [31, 40, 41].

LSTMs address these challenges through a more sophisticated
architecture featuring a memory cell and gating mechanisms (for-
get, input, and output gates) that regulate information flow. This
design enables LSTMs to capture both long-term and short-term
dependencies in time-series data [21, 22, 26].

RNNs and LSTMs have been extensively applied to load fore-
casting, where they effectively model temporal dependencies and
dynamic patterns in energy time-series data [8, 19, 29, 43]. How-
ever, these models are limited to temporal dependencies and do not
account for the spatial interactions inherent in energy systems. To
address this limitation, hybrid models such as the proposed GAT-
LSTM combine the strengths of LSTMs for temporal modeling with
GNNs for spatial dependencies. This integration provides a holistic
representation of energy systems by capturing both time-series
dynamics and grid topology.

2.3 Graph Neural Networks (GNNs) for Energy
Forecasting

Recent advancements in deep neural networks (DNNs) have ex-
tended their applications to graph-structured (non-Euclidean) data,
enabling themodeling of complex relationships inherent in graphs [23,



Enhanced Load Forecasting with GAT-LSTM: Leveraging Grid and Temporal Features

35, 46]. GNNs are particularly effective in capturing spatial depen-
dencies in domains such as social networks, recommendation sys-
tems, and energy systems, where power grids naturally exhibit
graph structures [27]. By combining graph topology with node and
edge attributes, GNNs facilitate the modeling of spatial interactions
critical for understanding the dynamics of energy networks.

Graph-Structured Data and GNN Architecture: A graph
𝐺 = (𝑉 , 𝐸) consists of nodes (𝑉 ) and edges (𝐸), which may be
directed or undirected. The graph structure is represented by an
adjacency matrix 𝐴, where 𝑎𝑖 𝑗 = 1 if an edge exists between nodes
𝑖 and 𝑗 , and 𝑎𝑖 𝑗 = 0 otherwise. Node features 𝑥𝑖 are organized into
a feature matrix 𝑋 ∈ R𝑁×𝐹 , where 𝑁 is the number of nodes and
𝐹 is the number of features per node.

The core operation in GNNs is the graph convolution, where
nodes aggregate information from their neighbors to update their
representations. At layer 𝑙 , this is defined as:

ℎ
(𝑙+1)
𝑖

= Agg
(
ℎ
(𝑙 )
𝑗

: 𝑗 ∈ 𝑁 (𝑖) ∪ 𝑖
)

(1)

whereℎ (𝑙 )
𝑖

is the embedding of node 𝑖 at layer 𝑙 , 𝑁 (𝑖) denotes the
neighbors of node 𝑖 , and Agg is an aggregation function (e.g., sum,
mean, or max). After aggregation, embeddings are passed through
a non-linear activation function, such as ReLU.

Figure 1: Neighborhood Aggregation in GNNs. Source [30].

Figure 1 illustrates neighborhood aggregation in GNNs. For en-
ergy systems, nodes may represent grid regions or substations, and
edges capture relationships like shared demand or transmission
lines. This process enables GNNs to learn spatial dependencies and
provide context-aware predictions.

Spectral- and Spatial-Based GNNs: GNNs can be broadly
categorized into spectral or spatial-based [9, 12, 24, 25, 48]. Spectral-
based GNNs, such as Graph Convolutional Networks (GCNs), apply
filters in the Fourier domain [11, 32, 53], leveraging the normalized
adjacency matrix 𝐴 to update node embeddings:

𝐻 (𝑙+1) = 𝜎 (𝐴𝐻 (𝑙 )𝑊 (𝑙 ) ) (2)
where 𝐻 (𝑙 ) is the feature matrix at layer 𝑙 ,𝑊 (𝑙 ) is the weight

matrix, and 𝜎 is the activation function. GCNs are effective for tasks
requiring localized information aggregation [35, 39].

Spatial-based GNNs, such as Graph Attention Networks (GATs),
use attention mechanisms to assign importance to neighboring

nodes during aggregation [6, 20]. The attention coefficient 𝛼𝑖 𝑗 is
computed as:

𝛼𝑖 𝑗 =
exp(𝜎 (𝑎𝑇 [𝑊ℎ𝑖 | |𝑊ℎ 𝑗 ]))∑

𝑘∈𝑁 (𝑖 ) exp(𝜎 (𝑎𝑇 [𝑊ℎ𝑖 | |𝑊ℎ𝑘 ]))
(3)

where 𝑎 is a learnable attention vector and | | denotes concatena-
tion. Multi-head attention refines this process further, enhancing
robustness [28].

Applications and Limitations in Load Forecasting: GNNs,
including GCNs and GATs, have been used to improve load forecast-
ing by modeling grid topology and spatial dependencies [28, 35, 39].
However, GNNs alone cannot capture temporal dependencies inher-
ent in energy systems, which are critical for forecasting dynamic
load patterns.

2.4 Hybrid Models for Energy Forecasting
Hybrid models, such as the proposed GAT-LSTM, address the limita-
tions of standalone GNNs and LSTMs by combining their strengths.
While GATs model spatial dependencies in grid topology, LSTMs
handle temporal dynamics by capturing sequential patterns in en-
ergy consumption. This integration enables a holistic representa-
tion of energy systems, accounting for both spatial interactions and
time-series dynamics [18, 28, 37, 39].

The novelty of the GAT-LSTM lies in its ability to adapt graph-
structured relationships and temporal patterns simultaneously. For
example, GATs use attention mechanisms to focus on the most rel-
evant grid regions, while LSTMs capture the evolving energy con-
sumption trends. Together, they synergize to improve forecasting
accuracy, particularly for complex, interconnected energy networks
where traditional models and standalone deep learning methods
fall short.

This hybrid approach has been extensively studied in domains
like traffic forecasting [52, 56, 57], but remains underexplored in
energy systems. By incorporating grid-specific features and lever-
aging the spatio-temporal interplay, the GAT-LSTM provides robust
and context-aware predictions for energy time series forecasting,
marking a significant advancement in the field.

3 METHODOLOGY
3.1 Data
3.1.1 Data Source and Description: For this study, we used the
Brazilian power system as a case study with actual data on various
aspects of the power system and covariate factors. The data sources
and description is given in Tables 1 and 2, respectively. Except for
the graph data, which are static, all other aspects of the dataset
represent 2-years worth of data from 2019–2020.

3.1.2 Data Preprocessing: The data were cleaned and prepro-
cessed for modeling through the following steps:

(1) Consolidation of Weather Data: The weather data con-
sisted of observations from various stations in different
states of Brazil, with some states having multiple stations.
To ensure consistent hourly data for each weather variable
per state, we calculated the mean and standard deviation
(STD) of each variable, grouped by state and datetime.
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Table 1: Data Sources

Data Details Source

Electricity Load, PV, wind, etc. [16]
Grid Line length, capacity, efficiency, etc. [16]
Weather Temperature, pressure, rainfall, etc. [1]
Socio-economic State-wise GDP [3]
Population State-wise population [2]

Table 2: Data Description

Category Details Horizon

Sequence Data Atmospheric pressure, Total
hourly rain, Global radiation,
Air temperature, Dew point
temperature, Relative humidity,
Wind direction, Wind maximum
gust, Wind speed, PV genera-
tion, Onshore wind generation,
Offshore wind generation, Load
profile (by consumption)

1-hour

Graph Data Node features: Source (state),
Target (state), PV potential, On-
shore wind potential, Offshore
wind potential, geometry (longi-
tude & latitude)
Edge attributes: Line capacity,
Line efficiency, Line length, Line
carrier

Static

Socio-economic Population, GDP, Total plant ca-
pacity

Annual

Calendar Year, Quarter, Month, Day, Hour,
Day-of-week, Week-of-Year, Holi-
day, Season

Annual

(2) Missing Value Imputation: Analysis showed approxi-
mately 21.42% of missing data across the weather dataset,
which was filled by interpolation of time series to maintain
continuity in the data.

(3) Handling Insufficient Data: One state had only a single
weather station, resulting in NaNs for the STD values. We
addressed this by setting the STD values for that state to
zero.

(4) Negative Value Correction: Negative values were ob-
served in the PV variable, which were corrected by replac-
ing them with zero.

(5) Data Scaling: To handle variance and outliers, we scaled
the dataset using RobustScaler from the Python Scikit-learn
package.

(6) Data Splitting: A dynamic split was performed to create
training, validation, and test sets as follows:
• Training set: January-December 2019
• Validation set: January–June 2020

• Test set: July–December 2020
(7) Target Variable Creation: Target values for prediction

were created by shifting the current load by one hour to
facilitate next-hour load forecasting.

(8) State-wise Sequencing: Finally, we generated state-wise
sequences, aligning data by state and timestamp to feed
into the model.

3.2 Problem Definition and Model Architecture
Let 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑝 } represent a historical sequence of multidi-
mensional variables in 𝑝 time steps, where each 𝑥𝑡 ∈ R𝑁 is a vector
of 𝑁 features at time 𝑡 . Each vector 𝑥𝑡 includes the power load at
time 𝑡 and other covariates that influence future load (e.g., temper-
ature, seasonal and holiday variables, etc.). The objective of this
study is to forecast the next hour’s power load, 𝑦𝑝+1, by leveraging
these historical data alongside the spatial grid information and RES
data.

To achieve this, we propose a hybrid GAT-LSTM model 1 as
shown in Figure 2 and described below:

Phase 1 (Get Node Embeddings): The model employs 2 paral-
lel GAT layers to compute node embeddings that reflect spatial
dependencies and grid-specific constraints. Unlike traditional at-
tention mechanisms, which typically rely only on node features,
our approach also incorporates edge attributes (i.e., line capacities,
efficiencies, etc.) into the calculation of attention coefficients. Thus,
we modify Equation 3 to incorporate edge attributes such that, for
a pair of connected nodes 𝑖 and 𝑗 with respective node features ℎ𝑖
and ℎ 𝑗 and edge attribute 𝑒𝑖 𝑗 , the attention coefficient 𝛼𝑖 𝑗 becomes:

𝛼𝑘𝑖 𝑗 =

exp
(
𝜎

(
𝑎𝑘 · [𝑊 𝑘ℎ

′
𝑖
∥𝑊 𝑘ℎ

′
𝑗
∥ 𝑈 𝑘𝑒

′
𝑖 𝑗
]
))

∑
𝑘∈𝑁 (𝑖 ) exp

(
𝜎

(
𝑎𝑘 · [𝑊 𝑘ℎ

′
𝑖
∥𝑊 𝑘ℎ

′
𝑘
∥ 𝑈 𝑘𝑒

′
𝑖𝑘
]
)) (4)

Where:
• 𝑊 𝑘 = learnable transformation matrix specific to attention

head 𝑘 of node features ℎ
′
𝑖

• 𝑈 𝑘 = learnable transformation matrix specific to attention
head 𝑘 of edge attributes 𝑒

′
𝑖 𝑗

• 𝑎𝑘 = learnable vector that projects the concatenated inputs
into a scalar (used for attention scoring)

• 𝜎 = LeakyReLU activation function
Based on the multi-head attention mechanism, the aggregation

and update function for each head is given as:

ℎ
′
𝑖 = Concat ©­«𝜎 ©­«

∑︁
𝑗∈𝑁 (𝑖 )

𝛼𝑘𝑖 𝑗𝑊
𝑘ℎ

′
𝑗
ª®¬ ,∀𝑘 ∈ {1, . . . , 𝐾}ª®¬ (5)

This formulation allows the model to dynamically learn the im-
portance of each connection based on both node and edge attributes,
yielding node embeddings that better capture the underlying power
grid structure and constraints.

1Ourmodel code is available under an open license: https://github.com/ugoorji12/Load-
Forecasting-using-GAT-LSTM

https://github.com/ugoorji12/Load-Forecasting-using-GAT-LSTM
https://github.com/ugoorji12/Load-Forecasting-using-GAT-LSTM
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Figure 2: Model Architecture

Phase 2 (Early Fusion of Spatial and Temporal Data): The goal
of this phase is to combine the graph-derived node embeddings
ℎ
′
𝑖
from the GAT layer (Phase 1) with temporal sequence data. We

achieve this by first expanding the ℎ
′
𝑖
along the temporal dimension

to match the sequence data as represented in Equation 6.

𝑍𝑖 =


𝑥1
𝑖

ℎ
′
𝑖

𝑥2
𝑖

ℎ
′
𝑖

.

.

.
.
.
.

𝑥𝑇
𝑖

ℎ
′
𝑖


, 𝑍𝑖 ∈ R𝑇×(𝑑𝑠+𝑑𝑔 ) (6)

The final concatenation is given as:

𝑍𝑖 = Concat(𝑋𝑖 , Repeat(ℎ
′
𝑖 ,𝑇 )), 𝑍𝑖 ∈ R

𝑇×(𝑑𝑠+𝑑𝑔 ) (7)

Where:
• ℎ

′
𝑖
∈ R𝑑𝑔 = The graph-derived embedding for node 𝑖 , where

𝑑𝑔 is the GAT output dimension (after concatenation across
heads).

• 𝑋𝑖 = {𝑥𝑡
𝑖
}𝑇
𝑡=1 ∈ R𝑇×𝑑𝑠 = The temporal sequence data for

node 𝑖 , 𝑇 is the sequence length (e.g., 24 hours), and 𝑑𝑠 is
the feature dimension of the sequence data.

This early fusion strategy ensures that both spatial and temporal
information are jointly modeled in the downstream LSTM layer.

Phase 3 (LSTM Layer for Sequential Processing): The com-
bined spatial-temporal data are fed into an LSTM layer, which learns
the combined dependencies, capturing how past load trends and
covariates evolve over time to influence future loads. This layer en-
ables the model to retain and process the long-term spatio-temporal
dependencies in the data.

Phase 4 (Final Prediction Layer): The output from the LSTM
layer is fed into a fully connected layer that generates the forecast
for the next hour’s load, 𝑦𝑝+1.

3.3 Training Process
Loss Function and Optimization: The training process used the
mean squared error (MSE) as the loss function for both training
and validation. MSE is particularly suited for regression tasks as
it heavily penalizes larger errors, ensuring a focus on minimizing
significant deviations in predictions.

For optimization, the Adam optimizer was chosen due to its effec-
tive combination of momentum and adaptive learning rates, which
makes it well suited for handling complex models. Additionally, a



Orji et al.

ReduceLROnPlateau learning rate scheduler was used to dynami-
cally adjust the learning rate. If the validation loss did not improve
for five consecutive epochs, the learning rate was reduced by a
factor of 0.1 (90% decrease), promoting more effective convergence.

To prevent overfitting, Early Stopping was applied, halting the
training process if validation loss showed no improvement for 10
consecutive epochs. This ensured that the training process was
stopped once convergence was achieved.

These techniques work together to ensure efficient learning,
smoother convergence, and better generalization.

4 EXPERIMENTS AND RESULTS
4.1 Experimental Setup
The experiments were carried out in a high performance computing
environment featuring a dual-socket architecture with 12 physical
cores (24 logical CPUs) and 192 GB of memory. The system includes
3 NVIDIA Tesla GPUs and ran on Linux (Debian 6.1), with Slurm
(version 22.05.8) used for job scheduling. The hyperparameters
used in the model were carefully selected, with details provided in
Table 3.

Table 3: Description of Model Parameters

Parameter Value

Sequence length 24
Batch size 27
GAT output layer 64
GAT attention heads 8
LSTM hidden-state 128
Number of LSTM layers 4
Learning rate 0.0001
Weight decay 1 × 10−5
GAT Dropout 0.2
LSTM Dropout 0.3
Epochs 200

4.2 Baseline Models
The following baseline models were used to compare the perfor-
mance of our proposed approach:

GCN-LSTM: This hybrid model combines Graph Convolutional
Network (GCN) layers with a Long Short-Term Memory (LSTM)
network for load forecasting. It mirrors the GAT-LSTM architecture
by applying two parallel 1-hop GCN layers, each performing a
1-hop convolution on the node features, followed by dropout for
regularization. The outputs of these GCN layers are concatenated
and indexed for the nodes corresponding to the input sequences.
These combined GCN features are expanded to match the temporal
sequence length and concatenated with the sequence data. The
LSTM layer captures temporal dependencies, and a fully connected
layer generates the final output. Unlike GAT-LSTM, this model does
not incorporate edge attributes, as standard GCNs focus exclusively
on node features and graph structure.

EdgeGCN-LSTM: An extension of GCN-LSTM, this model in-
tegrates edge attributes into the message-passing process using a

custom EdgeAttrGCNConv layer. Edge attributes are transformed
via a linear layer before aggregation, allowing the model to utilize
both node and edge information effectively. The aggregated fea-
tures are passed to an LSTM layer to capture temporal dynamics
and generate predictions.

LSTM: Serving as a sequence forecasting baseline, this model
focuses solely on temporal data without incorporating graph-based
features. It uses an LSTM network to learn temporal dependencies
and produce forecasts based on dynamic time-series data.

XGBoost: A popular tree-based regression model, XGBoost is
used here as a baseline for evaluating performance on time-series
data. Like the LSTMmodel, it does not include graph-based features
and relies entirely on dynamic data for forecasting.

4.3 Evaluation Metrics
Our evaluation metrics include Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), and Mean Absolute Percentage Error
(MAPE).

Concretely, these metrics are widely used to evaluate the accu-
racy of single or hybrid load forecasting models [5, 44].

4.4 Experiment Results and Discussion
Training Performance and Early Stopping Analysis

0 25 50 75 100 125 150 175 200
Epochs

0

2

4

6

8

Lo
ss

Learning Curves with Early Stopping Highlighted
GAT-LSTM Train Loss
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EdgeGCN-LSTM Train Loss
EdgeGCN-LSTM Val Loss
EdgeGCN-LSTM Train Early Stop
EdgeGCN-LSTM Val Early Stop
GCN-LSTM Train Loss
GCN-LSTM Val Loss

GCN-LSTM Train Early Stop
GCN-LSTM Val Early Stop
LSTM Train Loss
LSTM Val Loss
LSTM Train Early Stop
LSTM Val Early Stop
XGBoost Train Loss
XGBoost Val Loss
XGBoost Train Early Stop
XGBoost Val Early Stop

Figure 3: Learning curve for all models.

Figure 3 presents the learning curves for all models during train-
ing, highlighting their convergence behavior and potential overfit-
ting risks. GAT-LSTM demonstrates rapid convergence with stable
training and validation losses, suggesting efficient training and gen-
eralization. Early stopping was applied around optimal epochs to
prevent overfitting. In contrast, EdgeGCN-LSTM and GCN-LSTM
show steady declines in training loss but exhibit fluctuations in val-
idation loss, indicating minor risks of overfitting. LSTM converges
more slowly, with its validation loss stabilizing at a higher value,
reflecting its weaker capacity to model the data comprehensively.
Lastly, XGBoost displays the poorest training performance, with
consistently high errors throughout, underscoring its limitations
in capturing temporal dependencies.
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Model Comparison Based on Accuracy Metrics

Table 4: Experiment Results

Model MAE (MW) RMSE (MW) MAPE (%)

GAT-LSTM 64.64 119.06 4.59
LSTM 82.68 141.55 5.75
EdgeGCN-LSTM 84.63 148.09 7.24
GCN-LSTM 89.11 184.12 5.72
XGBoost 297.47 517.69 40.50

Table 4 summarizes the performance of all models based onMAE,
RMSE, and MAPE. GAT-LSTM achieves the best overall accuracy,
outperforming other models across all metrics. Specifically, it shows
a 21. 82% improvement in MAE compared to LSTM and a 23.62%
improvement over EdgeGCN-LSTM. This highlights the ability of
GAT-LSTM to effectively capture both spatial and temporal depen-
dencies, leveraging the graph-attention mechanism. LSTM, despite
lacking spatial awareness, performs better than both EdgeGCN-
LSTM and GCN-LSTM due to its robust temporal modeling capabil-
ities. The underperformance of EdgeGCN-LSTM relative to LSTM
suggests that incorporating spatial relationships without attention
mechanisms might introduce irrelevant or noisy information, hin-
dering forecasting accuracy. Similarly, GCN-LSTM performs the
worst among GNN-based models, indicating that suboptimal spatial
features can reduce model effectiveness. Lastly, XGBoost demon-
strates the highest errors across all metrics, reflecting its inability to
model non-linear temporal dependencies and spatial relationships
critical for load forecasting.

Analysis of Mean Actual vs Predicted Load Curves
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Figure 4:MeanActual vs Predicted LoadValues for allModels.

Figure 4 compares the mean actual and predicted load profiles
across all models. GAT-LSTM closely follows the actual load curve
throughout the day, reflecting its superior accuracy and ability to
generalize across varying load conditions. LSTM and EdgeGCN-
LSTM show reasonable alignment with the actual load curve but
exhibit larger deviations during peak and off-peak transitions, par-
ticularly in high-gradient periods. GCN-LSTM struggles more dur-
ing peak hours, with noticeable deviations during high-load periods.
In contrast, XGBoost displays significant errors, including peak and

off-peak times, confirming its limited ability to generalize load
dynamics effectively.

Performance ofGAT-LSTMDuringPeak vsOff-peakHours
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Figure 5: Peak vs Off-peak Performance for GAT-LSTM.

Figure 5 illustrates the average performance of GAT-LSTM dur-
ing peak and off-peak periods across the test set. During peak hours
(7:00 AM–10:00 AM and 4:00 PM–7:00 PM), GAT-LSTM consistently
tracks actual load trends but exhibits slight deviations during sharp
increases, such as the morning ramp-up. Evening peaks are gener-
ally better captured, although minor overestimations occur after
the peak (e.g., hours 18–19). During off-peak hours (12:00 AM–6:00
AM and 8:00 PM–11:00 PM), predictions align well with actual
loads, although a pattern of overestimation is observed during early
off-peak periods (e.g., hours 2–5). This performance demonstrates
the model’s robustness, but also highlights areas for further im-
provement, such as better handling of high-gradient patterns.

4.5 Key Insights and Discussion
The experimental results underscore several critical insights:

Effectiveness of Attention Mechanisms: The GAT-LSTM
model demonstrates superior accuracy by effectively capturing
spatial and temporal dependencies using attention mechanisms.
Its ability to prioritize relevant node and edge attributes enables
robust modeling of grid-specific constraints, such as line capacities.
However, the model struggles slightly during rapid transitions, such
as morning ramp-ups, suggesting that the temporal component
could benefit from further fine-tuning. The integration of spatial
embeddings and temporal features remains a key strength, enabling
GAT-LSTM to model complex interactions with high robustness
for real-world electricity forecasting.

Limitations of Basic Graph Architectures: Both EdgeGCN-
LSTM and GCN-LSTM perform worse than LSTM, indicating that
spatial features, when modeled without attention mechanisms, may
introduce noise or irrelevant information, reducing forecasting
accuracy.

Temporal Strength of LSTM: Despite its lack of spatial aware-
ness, LSTM’s strong temporal modeling capabilities allow it to
outperform EdgeGCN-LSTM and GCN-LSTM. This highlights the
importance of robust temporal modeling in energy forecasting
tasks.
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Limitations of XGBoost: XGBoost exhibits the highest errors,
confirming its inability tomodel sequential relationships and tempo-
ral dependencies effectively. Its tree-based approach further limits
its ability to capture the non-linear temporal dynamics critical for
load forecasting.

5 CONCLUSION, LIMITATIONS, AND FUTURE
WORK

In this paper, we introduce and evaluate the GAT-LSTM model for
hourly power load forecasting, combining GAT and LSTM to effec-
tively capture spatial and temporal dependencies in electricity grids.
Our results demonstrate that GAT-LSTM consistently outperforms
state-of-the-art models, across key metrics such as MAE, RMSE, and
MAPE. This superior performance arises from the model’s ability to
leverage graph-based attention mechanisms to extract meaningful
spatial features while utilizing the LSTM’s strength in modeling
sequential patterns.

Despite its strong performance, the model has notable limita-
tions. The integration of graph attention mechanisms and LSTM
layers introduces significant computational complexity, potentially
hindering scalability for large datasets or resource-constrained en-
vironments. Furthermore, the model’s accuracy is influenced by
the quality of the graph structure; incomplete or inaccurate node
connections, often due to missing or imprecise data in electrical
grid representations, can reduce its effectiveness. These issues are
relatively common in real-world grids due to challenges such as
missing data, approximations in topology, and outdated infrastruc-
ture records. Additionally, while GAT-LSTM performs well during
stable off-peak periods, it struggles to fully capture rapid transi-
tions, such as morning ramp-ups, leading to deviations from actual
load values. This limitation is not unique to GAT-LSTM, but reflects
a broader challenge in forecasting highly dynamic events, where
past information may not adequately represent future behavior.

Future work should address these challenges by enhancing the
model’s ability to handle rapid load transitions during peak hours
and reducing sensitivity to low-magnitude variations in off-peak
periods. Adaptive learning techniques, automated graph refine-
ment, and the inclusion of additional external covariates, such as
market data and maintenance records, could improve the model’s
robustness and contextual understanding. Leveraging attention
mechanisms to identify and prioritize critical graph elements, such
as influential nodes or edges, can further enhance interpretabil-
ity and provide deeper insights into the spatial-temporal factors
driving predictions. Additionally, integrating uncertainty quan-
tification methods alongside these mechanisms would improve
decision-making reliability and broaden the model’s applicability
in real-world scenarios.

In conclusion, the GAT-LSTM model represents a significant
advancement in power load forecasting by effectively modeling
spatial-temporal relationships in electricity grids. Its ability to iden-
tify and prioritize informative graph components allows it to cap-
ture critical spatial dependencies that underpin accurate predictions.
Addressing its limitations related to computational complexity and
peak-hour accuracy, along with further refinements for scalability
and reliability, will enhance its practicality. Visualizing the graph
structure to identify central or influential nodes could also provide

valuable insights, improving both interpretability and optimization.
These advancements will solidify GAT-LSTM’s role as a powerful
tool for grid management, demand response, and energy planning
in dynamic and interconnected energy systems.
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