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ABSTRACT Electric-vehicle (EV) charging is a localized, time-varying load that challenges distribution
networks. This study offers practical insights into when spatial graph structure adds value beyond temporal
context, utilizing real-world data and a transparent evaluation. We compare Long Short-Term Memory
(LSTM) and Graph Convolutional Network (GCN) models for hourly EV-charging energy forecasting,
based on 145,778 sessions recorded in Boulder, Colorado (2018-2023). After preprocessing and temporal
alignment, temporal covariates (hour, day, month, year) and, when applicable, ZIP-code indicators were
engineered. LSTMs were trained with 1 h and 24 h input windows, with or without ZIP features, and
evaluated through 5-fold cross-validation. GCNs operated on hourly node—time tensors with a dense
adjacency (no self-loops) and were trained on an 80/20 temporal split, using a 1% subsample for tractability.
All models used Adam (Ir = 0.005), early stopping, and ReduceLLROnPlateau. Temporal context was the
main driver of LSTM accuracy: 24 h inputs outperformed 1 h, while ZIP features improved only the
shorter window. For GCNSs, depth and node features shaped performance: a 2-layer GCN with ZIP features
achieved the lowest RMSE (4.75 kWh), whereas a 6-layer GCN without node features reached the lowest
MAE (2.46 kWh). Despite higher computational cost, GCNs captured spatial coupling effectively. Overall,
24 h LSTMs provide a strong and efficient baseline, while GCNs add value when spatial correlations are
relevant. A hybrid GCN-LSTM architecture is a promising next step to jointly leverage spatial and temporal
dependencies.

INDEX TERMS Electric vehicle charging, energy consumption forecasting, graph convolutional networks
(GCN), long short-term memory (LSTM), smart grid management, spatio-temporal deep learning.

I. INTRODUCTION

In recent years, there has been a significant global increase in
electricity demand, a phenomenon the International Energy
Agency (IEA) has described as the “New Age of Electricity.”
[1] This growth is particularly evident in emerging economies
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and countries with high gross domestic product (GDP), where
electric vehicles (EVs) are becoming one of the primary
drivers of electricity demand, currently ranking among the
top five contributors, alongside heat pumps, electrolyzers, air
conditioning systems, and data centers. EVs now account for
approximately 20% of all vehicle sales worldwide, reflecting
their rapid market penetration and the growing pressure they
place on electricity systems [2]. As a result, power grids
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are under increasing pressure to meet peak demand levels,
posing significant challenges for energy infrastructure and
planning [1], [2]. This growing demand for electricity poses
significant challenges to the reliability of power supply, par-
ticularly due to the need for uninterrupted energy and the
geographic concentration of high energy consumption. One
notable example of such localized energy demands includes
electric vehicle (EV) charging hubs or residential areas with
a high density of home-charging EVs. These localized loads
can create stress points in the power grid, potentially lead-
ing to service disruptions and network instability [2], [3].
Power grid stability refers, among other aspects, to the abil-
ity of the system to return to an equilibrium state after
being subjected to a physical disturbance, such as a fault,
lightning strike, or sudden change in generation or load.
A more stable grid also enhances system reliability, as a
reliable power system is more resilient to failures and less
likely to experience blackouts or cascading outages. More-
over, such systems improve safety, since unexpected power
fluctuations can potentially damage electrical equipment [4].
One of the potential strategies to mitigate instabilities in
power supply systems is to understand supply and demand
patterns, thereby enabling supply adjustments based on con-
sumption needs. The most appropriate method for forecasting
energy consumption involves time series modeling. Time
series databases are collections of sequential data points
recorded at regular time intervals, representing observations
of phenomena that evolve. Analyzing these data points allows
for the identification of various patterns, such as long-term
trends, seasonality, cyclicality, and irregularities. These pat-
terns provide valuable insights for forecasting future values
and detecting changes during critical periods [5]. Another
key characteristic of the datasets used in time series analy-
sis, and particularly for energy consumption forecasting,
is their inherent complexity. These datasets are typically high-
dimensional, publicly available, and collected from multi-
ple locations. They often exhibit nonlinear patterns, high
dimensionality, and both temporal and spatial dependencies,
which pose additional challenges for accurate modeling and
prediction. Traditional statistical methods were the most used
approaches for time series forecasting before the widespread
adoption of deep learning techniques. One of the most widely
applied models was the Autoregressive Integrated Moving
Average (ARIMA) [6]. However, although statistical meth-
ods remain relevant in certain scenarios, they have largely
been outperformed by deep learning approaches in terms of
predictive accuracy and adaptability to complex data pat-
terns [6], [7]. In recent years, various deep learning models
and architectures have been explored for time series fore-
casting. However, there is still no clear consensus on which
model or architecture performs best in each context or for
specific types of data. Among the deep learning models
applied to time series forecasting, Recurrent Neural Networks
(RNNSs) and their more advanced variant, Long Short-Term
Memory (LSTM) networks, have shown significant promise.
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RNNs are specifically designed to process sequential data
by maintaining a hidden state that captures information from
previous time steps. However, traditional RNNs suffer from
limitations such as vanishing and exploding gradients, which
hinder their ability to learn long-term dependencies. LSTM
networks were developed to address these issues by incorpo-
rating memory cells and gating mechanisms that regulate the
flow of information [8]. As a result, LSTMs are particularly
effective in modeling complex, nonlinear, and long-range
temporal dependencies, making them a preferred choice in
many time series forecasting applications, including energy
consumption prediction [9]. Nevertheless, the LSTM archi-
tecture is primarily designed to handle data with an under-
lying Euclidean structure, such as images or regular tabular
datasets. In contrast, when dealing with data characterized
by complex and irregular structures, such as those found in
power grids, more advanced approaches are required. This
has led to the emergence of Graph Convolutional Networks
(GCNs), which are specifically designed to model spatial
dependencies within graph-structured data [10]. In a GCN
model, there are two fundamental components: (1) the nodes,
which represent entities (such as power plants or charging
stations), and (2) the edges, which represent the connections
between these nodes. To model spatial dependencies, GCN's
can learn patterns within this graph structure, enabling tasks
such as flow prediction, vulnerability identification, anomaly
detection, and analyzing the impact of disturbances [11].
Thus, while LSTMs offer the primary advantage of model-
ing temporal dependencies in sequential data, GCN models
excel in capturing spatial dependencies. These two types
of models have become among the most favored choices
for forecasting energy consumption data, particularly for the
specific characteristics of electric vehicle (EV) charging.
EV charging can place significant pressure on the power
grid at specific locations, times, or power levels, making
these models highly suitable for addressing such challenges.
The goal of this paper is to analyze the performance of
Graph Convolutional Networks (GCN) and Long Short-Term
Memory (LSTM) networks for energy consumption fore-
casting in the context of predicting the behavior of EV
charging.

Il. RELATED WORK

Previous studies, published within the last four years, have
sought to develop models capable of addressing the chal-
lenge of energy consumption forecasting in the context of
electric vehicle charging demands, particularly by employ-
ing artificial intelligence and deep learning methods such
as Long Short-Term Memory (LSTM) networks and Graph
Convolutional Networks (GCNs). The results obtained so
far are promising, with improvements and the proposal of
new models and frameworks that enhance forecasting accu-
racy. Some of these works are discussed in the following
section.
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A. LONG SHORT-TERM MEMORY (LSTM)

Long Short-Term Memory (LSTM) networks are well-suited
for time series prediction and have been employed in numer-
ous studies. In a study by Shangmuganatan [12] published
in 2022, an LSTM model was optimized using the clas-
sical Arithmetic Optimization Algorithm (AOA) and time
series data. The proposed model was tested on the Georgia
Tech electric vehicle charging dataset and achieved a pre-
diction accuracy of 97.14%, with a Mean Absolute Error
(MAE) of 0.1083 and a Root Mean Square Error (RMSE)
of 2.0628 x 10.5, demonstrating its capabilities. In another
study, the performance of the LSTM model was validated
using real-world data from fast-charging stations on Jeju
Island, South Korea. The proposed LSTM model achieved
strong predictive performance, with an RMSE of 61.63,
a Normal- ized Mean Absolute Error NMAE) of 5.15%, and
a Normal- ized Root Mean Square Error (NRMSE) of 6.65%.
It outper- formed other deep learning models, including
Bi-LSTM and RNN, further confirming its effectiveness in
forecasting elec- tric vehicle charging demand [13]. Another
study employed LSTM networks to forecast electric vehicle
(EV) charging demand at the station level from 1 to 5 hours,
using a dataset comprising trajectories of over 76,000 pri-
vate EVs in Beijing. The LSTM model was compared with
the ARIMA model, while also examining the influence of
different input data structures, sample sizes, intervals, and
time periods. The results indicated that the LSTM model
outperformed ARIMA, achieving a Mean Absolute Percent-
age Error (MAPE) of 6.83%. Moreover, the time period and
interval were found to have a greater impact on LSTM’s
accuracy than data structure or sample size, with shorter
periods and intervals (e.g., 1 hour) yielding better predic-
tive performance [14]. Although results generally favor the
use of LSTM over ARIMA for time series forecasting, this
advantage is not consistent across all contexts. For exam-
ple, a study comparing different forecasting models for the
increasing energy consumption associated with the grow-
ing popularity of electric vehicles (EVs) across multiple
geographic scales over two years, using both ARIMA and
LSTM models, showed nuanced findings. For macro-level
data (national and city scales), where patterns are more linear
and stable, the ARIMA model with regressors yielded the
best performance. In contrast, for micro-level data (indi-
vidual charging stations), where individual user behavior
plays a more significant role, the LSTM model outperformed
ARIMA, demonstrating superior predictive capacity [15].
Interestingly, another study found that the performance of
LSTM models can be enhanced when multi-feature inputs
are incorporated, such as historical weather observations,
including wind speed, temperature, and humidity. This multi-
feature approach assumes that weather conditions influence
the driving behavior and mobility patterns of EV users,
thereby affecting their charging habits. The implemented
model achieved a mean absolute error (MAE) of 3.29%,
which was lower than that of the baseline LSTM model,
demonstrating improved forecast accuracy [16].
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B. GRAPH CONVOLUTIONAL NEURAL NETWORKS (GCN)
Studies employing only GCNs are not available to our
knowledge. Although certain studies highlight the strong
potential of GCNs for spatiotemporal forecasting, their effec-
tive use typically involves integration with other techniques,
resulting in hybrid models. This combination is often neces-
sary to fully capture both spatial relationships and temporal
dynamics inherent in such data. In one study conducted by
Wang et al [17], an innovative model, trained and validated
using an extensive GPS dataset encompassing over 76,000
EVs charging sessions in Beijing, demonstrated superior per-
formance compared to existing spatiotemporal approaches.
This superiority was observed in forecasting accuracy across
various regional scales (1km x lkm, 2km x 2km, 4km x
4km) and for short-term prediction horizons, specifically
3 and 6 hours, underscoring the model’s ability to capture
the complex dynamics of charging demand in real urban
scenarios. Another investigation, led by Fahim et al. [18],
focused on developing a hybrid model to forecast demand at
EV charging stations, integrating an optimized fusion Graph
Convolutional Network (GCN) with the Berkeley Wavelet
Transform (BWT). This approach achieved a notable eval-
uation efficiency of 98%, signaling significant improvements
over previous techniques in modeling charging demand. Fur-
thermore, the Transformer architecture has been explored
in other studies for temporal forecasting, often in combina-
tion with GCNs to incorporate the understanding of spatial
dependencies. For instance, Zhang [19] developed a model to
predict the usage of EV charging stations using data from the
city of Dundee, Scotland. The results showed that this hybrid
model, combining GCN and Transformer, attained a forecast-
ing accuracy exceeding 80%, reinforcing the effectiveness
of integrating graph processing for spatial relationships with
the Transformer’s sequential data modeling capabilities for
temporal data. The low use of GCN alone for the temporal
forecast may be related to the possible inability of the model
to deal with temporal features and the high computational
cost that limits the possible implementations for simpler sce-
narios or smaller data samples, when researchers do not have
access to supercomputers.

1lil. AIM
The primary aim of this research is to develop and test long-

term forecasting models for hourly energy consumption, with
a particular focus on predicting the charging behavior of
electric vehicles (EVs) in terms of kilowatt-hours (kWh).
The study seeks to analyze the performance of Graph Con-
volutional Networks (GCN) and Long Short-Term Memory
(LSTM) architectures to determine their respective strengths
and weaknesses in capturing spatial and temporal patterns.

IV. METHODS

A. DATA

The dataset is publicly accessible as open source, and its
use for research purposes does not require prior authoriza-
tion. The dataset comprises 145,778 electric vehicle charging
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sessions recorded in Boulder, Colorado, between January
2018 and December 2023. Each record corresponds to an
individual charging session and includes information on the
charging station (name, address, and ZIP code), temporal
variables (start and end date and time of the session), uti-
lization metrics (session duration, effective charging time,
and energy consumption in kWh), and environmental indica-
tors (greenhouse gas emission reductions and gasoline/diesel
savings). The dataset encompasses five ZIP codes associ-
ated with charging activity. ZIP code 80302 accounts for
the largest share, with approximately 66,000 sessions and
547 MWh of energy consumed, characterized by predomi-
nantly nighttime charging profiles and higher average energy
per session (9 kWh). In ZIP code 80303, total consump-
tion is lower (213 MWh), but sessions are on average
longer and exhibit a wider temporal dispersion. ZIP codes
80304 and 80301 (162 and 160 MWh, respectively) show
more stable patterns, with usage distributed throughout the
day and reduced seasonal variability. In contrast, ZIP code
80305 (105 MWh) is marked by lower average consump-
tion (7 kWh) and a stronger concentration during daytime
hours, suggesting usage profiles more closely linked to short-
distance travel. Fig. 1 shows the total energy consumption
during the data time frame.

Total Energy Consuption (kWh) - Zip Code

500000 -

400000 -

300000

200000

Total Energy Consuption (kWh)

100000 A

80302 80303 80304 80301 80305
Zip Code

FIGURE 1. Total energy consumption (kWh) by ZIP code.

From a temporal perspective, there is a clear upward trend
in average energy consumption per session, increasing from
7.9 kWh in 2019 to 8.7 kWh in 2022, followed by a slight
decline in 2023, this trend can be seen in Fig. 2. Seasonal
variation is evident, with higher values observed in winter
and lower values in summer. The hourly analysis reveals a
typical residential pattern, characterized by nighttime peaks
in charging activity and reduced consumption during the
afternoon (Fig. 3).

B. PREPROCESSING

Data preprocessing pipelines were implemented separately
for the different architectures, ensuring that the input fea-
tures, temporal structure, and normalization procedures were
aligned with the specific requirements of each model.
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FIGURE 2. Average yearly energy consumption (kWh) from 2018 to 2023.
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FIGURE 3. Average energy consumption (kWh) per Hour by ZIP code.

1) LSTM MODELS

After loading the database, the date column was converted
to a datetime format and decomposed into derived temporal
attributes: hour, day, month, and year. The main numerical
variables (energy, savings, temporal attributes) were coerced
into numeric format, with non-convertible values treated as
NaN. Subsequently, observations with missing values in the
critical columns were removed. The reference node (Zip
Code) was then defined, and the data were aggregated on
an hourly basis. Each combination of hour and postal code
generated a row containing the total energy consumption
and the corresponding temporal attributes. To avoid gaps,
a complete grid was created with all possible combinations
of postal codes and available hours. The features selected for
modelling were energy consumption (the target variable to
be predicted) and the temporal attributes (hour, day, month,
year). Two datasets were prepared: one containing only these
numerical variables, and another extending the first with a
one-hot encoding of the postal code (allowing the models
to account for location as a categorical variable). Finally,
a function was defined to create temporal windows: the data
were organized into fixed-length sequences (one with a length
of 24 hours and another with a length of 1 hour), with
the target variable (energy) placed at the subsequent time
step.
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2) GCN MODELS

Data loading, datetime conversion, and NaN handling
were performed consistently with the LSTM preprocessing
pipeline. To ensure the computational feasibility of GCN
training on a personal computer, the dataset was downsam-
pled to a random 1% subset. Records were then aggregated
at an hourly resolution by postal code, summing energy
consumption within each interval, and a complete grid of
all postal code-hour combinations was generated to avoid
missing entries. The node variable (postal code) was one-
hot encoded, yielding a feature set that combined scaled
temporal attributes with a categorical representation of loca-
tion. The dataset was partitioned strictly along the temporal
axis into training (80%) and validation (20%) sets, with no
randomization, thereby preserving the chronological order
of events. To prevent data leakage, the standardization of
nu- numerical features was performed using StandardScaler
fitted exclusively on the training data; the same transforma-
tion was then applied to the validation set. This ensured that
future information was never incorporated into the training
process. The dataset was subsequently ordered by time and
node and reshaped into 3D tensors (time x nodes x features),
with the target variable (energy) structured in the same for-
mat. Fi- Finally, a complete adjacency matrix (dense graph
without self-loops) was defined and replicated across time,
ensuring that the GCN model had access to node connectivity
information at each time step.

C. STATISTICAL ANALYSIS

To evaluate whether the observed differences in model
performance were statistically significant, non-parametric
significance tests were performed using the fold-level results
from the five-fold cross-validation. For comparisons involv-
ing two groups (LSTM architectures with different input
window lengths), the Wilcoxon signed-rank test was applied.
For comparisons among three groups (the 2-, 4-, and 6-layer
GCN architectures), the Friedman Chi-Square test was used.
These non-parametric tests were selected because they do
not assume normality and are appropriate for small paired
samples. Statistical significance was set at p < 0.05.

V. MODELS

A. LSTM

Long-short-term memory networks (LSTMs), are a type of
recurrent neural network capable of capturing sequential
dependencies in time-series data. To model the tempo-
ral dependencies present in energy consumption patterns,
we employed a two-layer LSTM architecture, with each layer
consisting of 64 hidden units. A schematic representation is
shown in fig. 4. This configuration allows the network to
retain long-range temporal information and detect complex
temporal trends, such as fluctuations in energy usage across
different hours, days, or seasons, enhancing the model’s
capacity to learn meaningful time-based patterns. Feature
selection was conducted through an integrated approach
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combining correlation analysis and empirical model perfor-
mance evaluation. Four different LSTM models were trained:
in two of the models, time steps were set to 24h, one model
containing only time features (hour, day, month, and year),
and in the other, node features (ZIP code) were added to
the model. Another set of two models with the same entry
features was used, where time steps were set to 1h.

LSTM Model

nput sequence

i
{sequence length, features)

LSTM Layer 2
{64 units)

I

Dropout
(rate=0.2)

Dense Layer
{output = Eneray kwh}

FIGURE 4. LSTM models architecture.

B. GCN

Graph Convolutional Networks (GCNs) are a class of neural
networks specifically designed to operate on graph-structured
data, making them well-suited for modeling spatial relation-
ships among charging stations in an energy system. In this
study, the energy system is represented as a graph, where
nodes correspond to ZIP codes of the charging stations
and edges denote the connections or relationships between
them. To assess the efficacy of various graph-based learning
strategies, 6 configurations of Graph Convolutional Net-
work (GCN) architectures were implemented, each tailored
to accommodate different degrees of graph complexity and
levels of feature integration. A basic two-layer GCN served
as a lightweight baseline model; a GCN with four layers
was designed to provide a balanced architecture, rendering
it suitable for modeling moderately complex spatial relation-
ships; and a six-layer GCN introduced greater representa-
tional capacity through increased depth, thereby enhancing
the model’s ability to learn intricate graph patterns; how-
ever, this complexity also heightened the risk of overfitting
or noise introduction, particularly in scenarios involving
smaller datasets. An additional variant of the three GCN
with node features was introduced, where node features were
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introduced as an adjacency matrix (dense graph without self-
loops) and replicated across time, ensuring that these GCN
models had access to node connectivity information at each
time step. The architecture of the GCN models is shown in
fig 5.
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With Node + Time Features With Node + Time Features With Node + Time Features
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FIGURE 5. GCN models’ architecture.

VI. TRAINING AND OPTIMIZATION

A. LSTM

Supervised learning sequences were constructed with a fixed
input window of 1 hour and 24 hours; at each sample,
the model consumed a length-1 or length-24 sequence of
feature vectors and produced a one-step-ahead forecast of
Energy_kWh at t+1. Models were optimized to minimize
mean squared error (MSE) using the Adam optimizer with
a constant learning rate of 0.005. We monitored RMSE and
MAE as auxiliary metrics during training. Each training run
used a batch size of 64 and a maximum of 500 epochs. To reg-
ularize training and prevent overfitting, we applied early
stopping on the validation loss with patience of 5 epochs and
restoration of the best weights. In addition, we used a reduced
learning rate in the plateau scheduler in validation loss with a
factor of 1/2 and a minimum learning rate of 0.001, enabling
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adaptive step size reductions when validation improve-
ment plateaued. Within the network, a standard dropout of
0.2 was used after each recurrent block. Generalization per-
formance was estimated via five-fold cross-validation. For
each fold, the model was trained on the corresponding train-
ing split and validated on the held-out split; loss, RMSE,
and MAE were recorded on the validation sequences and
summarized as mean =+ standard deviation across folds.
Training, early-stopping, and learning-rate scheduling deci-
sions were based exclusively on the validation split of each
fold.

B. GCN

In the model without spatial inputs, GCN forecasters were
trained on an hourly node—time panel with Energy_kWh as
the target, using only temporal covariates (Hour, Day, Month,
Year) as inputs; no node features were provided to the model.
Source records were aggregated by node (Zip_Postal_Code)
at hourly resolution, and a complete panel (all nodes x
all hours) was constructed. In the model with the spatial
inputs, categorical node identifiers were one-hot encoded and
concatenated to the calendar covariates (Hour, Day, Month,
Year). To prevent leakage, we used a strict temporal split
with the earliest 80% of timestamps for training and the
latest 20% for validation (no shuffling). Standardization was
employed by fitting the StandardScaler exclusively to the
training interval and applying it to the validation interval.
Only the temporal features were standardized, while the tar-
get remained in physical units for loss computation. In the
model with node features, one-hot node indicators remained
as float32. This ensures that scaling parameters and stop-
ping criteria depend solely on past information. Optimization
minimized mean squared error (MSE) using Adam with a
fixed learning rate of 0.005. We monitored RMSE and MAE
as auxiliary metrics. Each configuration was trained for up
to 500 epochs with a batch size of 64. Generalization was
promoted via early stopping on validation loss with patience
of 10 and best-weight restoration, alongside a ReduceLROn-
Plateau scheduler on validation loss with factor 1/2, patience
of 5, and minimum learning rate of 0.001 to adapt step sizes
when progress plateaued. A dropout rate of 0.2 was applied
after each graph block. Model selection and all reported
metrics (loss, RMSE, MAE) refer to the held-out temporal
validation split.

VIl. FRAMEWORK

The models were implemented using the TensorFlow library,
suited for both sequence modeling with LSTMs and
graph-based learning with GCNs.

VIIl. RESULTS

The implementation of GCN and LSTM models for energy
consumption forecasting enabled a detailed analysis of the
key strengths and weaknesses of each approach. The primary
objective was to accurately predict energy consumption and
the charging demand of electric vehicles.
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A. COMPARISON OF LSTM MODELS

We evaluated four LSTM configurations that differed in input
context and the inclusion of location information: models
using only temporal covariates (Hour, Day, Month, Year)
versus models augmented with one-hot ZIP codes (‘‘with
node’”), each trained with input windows of either 1 hour
or 24 hours. Performance was assessed and summarized as
mean (% SD) across five folds. Table 1 reports validation loss
(MSE), RMSE, and MAE together with the average number
of epochs to early stop.

TABLE 1. LSTM performance for hourly energy forecasting using 1 h and
24 h input windows, with and without ZIP (node) features.

Model Epochs Loss RMSE MAE
LSTMw/o 9.4 0.0037 0.0611 0.0398
node 1h (0.0001) (0.0007) (0.0003)
LSTMw/o  14.4 0.0033 0.0577 0.0348
node 24h (0.0001) (0.0007) (0.0005)
LSTM w/ 10.2 0.0034 0.0585 0.0367
node 1h (0.0001) (0.0006) (0.0005)
LSTM w/ 13.4 0.0033 0.0575 0.0349
node 24h (0.0001) (0.0006) (0.0005)

Reported metrics (Loss/MSE, RMSE, MAE) are mean + SD over 5 folds;
Epochs is the average of early stopping.

Across both feature sets, extending the temporal context
from 1h to 24h improved accuracy. For the model without
node features, RMSE decreased from 0.0611 to 0.0577, arel-
ative reduction of 5.6%, with MAE dropping from 0.0398 to
0.0348, 12.6%. The ‘“with node” variant showed a smaller
but consistent gain from longer context, with RMSE improv-
ing 1.7% and MAE 4.9%. Although these improvements in
RMSE and MAE indicate better predictive accuracy, they
were not statistically significant according to the Wilcoxon
signed-rank test. However, a significant reduction in the loss
metric was observed in favor of the 24-hour forecasts, both
with and without node features (p = 0.03125), support-
ing the benefit of incorporating longer temporal context for
LSTM performance. The effect of adding ZIP-code indicators
depended on the context length. With a 1h window, node fea-
tures yielded a small numerical improvement over time-only
inputs (RMSE improving by 4.3%), while with a 24h win-
dow, both variants performed nearly identically. However,
statistical testing revealed that these differences were not
significant in either case, indicating that the inclusion of node
features did not provide a measurable advantage for either
temporal configuration. This suggests that temporal informa-
tion alone is sufficient to capture most of the variability in
hourly energy consumption for the studied dataset. Training
converged rapidly under early stopping, with average epochs
ranging from about 9-10 (1h) to approximately 13—14 (24h),
indicating that longer sequences required slightly more itera-
tions but did not introduce instability. These results indicate
that longer temporal windows (24h) are easier to predict than
1h windows, and the incremental benefit of node features is
only pronounced when the temporal context is short (1h).
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A visualization of the performance of each model is provided
in fig. 6 and fig. 7. In Fig. 6, the performance of the 1-hour
predictor is shown without node features (top) and with node
features (bottom). The model incorporating node features
demonstrates superior performance in certain regions; for
instance, at approximately 250 time steps, a spike is correctly
captured by the model with node features but not by the model
without them. In Fig. 7, a similar pattern is observed for the
24-hour predictors, particularly just before 1750 time steps,
where the model with node features predicts higher energy
consumption, in contrast to the model without node features.

Predicted vs. Obserevd values: without node features
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FIGURE 6. Predicted vs. Observed 1h energy consumption on the
validation set for the LSTM with and without node features. Blue =
ground truth; orange = model prediction.

Predicted vs. Obserevd values: without node features

Energy kWh
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Predicted vs. Obset with node features.

Energy kWh

560
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FIGURE 7. Predicted vs. Observed 24h energy consumption on the
validation set for the LSTM with and without node features. Blue =
ground truth; orange = model prediction.

B. COMPARISON OF GCN MODELS
Different versions of the Graph Convolutional Network
(GCN) model were tested to evaluate the robustness of
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the architecture under varying configurations. The results
obtained for each of these different architectures are pre-
sented in Table 2.

TABLE 2. GCN performance for hourly energy forecasting, with and
without ZIP (node) features.

Model Epochs Loss RMSE MAE
GCN 2L 15 23.3725 4.8345 2.7905
w/0 node
GCN 4L 11 23.3009 4.8271 2.6652
w/o node
GCN 6L 14 23.2620 4.8231 2.4587
w/o node
GCN 2L 28 22.5858 4.7524 2.6956
w/ node
GCN 4L 16 23.2004 4.8167 2.5287
w/ node
GCN 6L 24 23.2455 4.8214 2.7269
w/ node

Reported metrics (Loss/MSE, RMSE, MAE) and Epochs are the ones
observed during training.

Without node features, increasing depth consistently
reduced absolute error: MAE fell from 2.7905 (2 layers)
to 2.4587 (6 layers), an 11.9% reduction, and convergence
was faster (11 to 15 epochs). Adding one-hot ZIP features
shifted the trade-off: the 2-layer model achieved the low-
est RMSE overall and the lowest loss, improving RMSE
by approximately 1.7% relative to the best time-only GCN.
However, none of these differences in RMSE or MAE were
statistically significant according to the Friedman Chi-Square
tests. These results favour the simpler 2-layer configuration,
supporting the choice of the shallower architecture as a more
efficient alternative, balancing predictive accuracy and com-
putational cost. Models with node features tended to require
more iterations to converge (16 to 28 epochs), suggesting
a modest optimization overhead. If we want to ponder a
trade-off between accuracy and lighter computational cost,
the GCN with nodes, 2 layers, is the strongest. If the goal pri-
oritizes pointwise absolute accuracy, the GCN without nodes,
6 layers, yields the best results. Across settings, differences in
RMSE are small, whereas MAE is more sensitive to depth and
the inclusion of node features. Visualizations are provided in
Figures 8 and 9.

In Fig. 8, the performance of the three models is pre-
sented, showing that they behave very similarly, indicating
that a deeper architecture does not necessarily yield better
performance.

In Fig. 9, node features are incorporated into all three
models, which alters the behavior of the 2-layer model, result-
ing in improved loss, RMSE, and MAE compared with the
4-layer and 6-layer models.

C. COMPARISON OF LSTM AND GCN MODELS
Direct numeric comparison of error magnitudes between
LSTM and GCN models is not meaningful because their
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FIGURE 8. Predicted vs. observed energy consumption on the validation
set for the GCN models with 2 layers, 4 layers and 6 layers without node
features. Blue = ground truth; orange = model prediction.

architectures and implementations are different. We there-
fore contrast models on their patterns of improvement and
modeling trade-offs. For LSTMs, node features were most
beneficial when the context was short (1h), but their advan-
tage largely vanished with a 24h history. Similarly, in GCN
trained with 1-hour time steps, we observed improvements
after adding node features. In our setting, GCNs are markedly
more expensive to train than LSTMs. Practically, our GCNs
(especially with node features) needed more epochs to con-
verge than LSTMs and showed higher wall-clock time per
epoch due to repeated sparse-to-dense-like like multiplica-
tions on the graph, poorer GPU/CPU cache locality than
batched matrix multiplies in LSTMs, and the need to build
and feed full (time x nodes x features) tensors together with
(nodes x nodes) adjacencies. Consequently, GCNs deliver
competitive accuracy but at significantly higher compute and
memory cost relative to LSTMs in this node—time forecasting
task.

IX. DISCUSSION

Accurate energy consumption forecasting is essential for
smart grid management. This study compares Graph Con-
volutional Networks (GCN) and Long Short-Term Memory
(LSTM) models, discussing their relative performance,
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FIGURE 9. Predicted vs. observed energy consumption on the validation
set for the GCN models with 2 layers, 4 layers and 6 layers with node
features. Blue = ground truth; orange = model prediction.

strengths, and limitations in capturing spatiotemporal con-
sumption patterns.

In our hourly forecasting setting, structuring the data as
a graph helped the GCN exploit spatial coupling between
charging locations, but its advantage was nuanced. Incor-
porating ZIP (node) information yielded the lowest RMSE
among GCNs with a shallow (2-layer) architecture, indi-
cating that modest message passing can stabilize disper-
sion errors when locations are correlated. A similar study
by Campagne et al., published in 2024 [20], proposed an
approach based on Graph Neural Networks (GNNs) for
energy consumption forecasting. The authors emphasized
that graph-based modeling enables the capture of spatial
relationships across different regions, thereby improving pre-
dictive accuracy. This approach closely aligns with the GCN
model implemented in our study, which also explored con-
nections among spatial and temporal variables. However,
Campagne et al. employed GraphSAGE, a variant of GCN
that enables adaptive neighborhood learning, whereas our
work implemented standard GCN architectures with varying
network depths. The main difference between the two studies
lies in how the graphs were constructed: in our study, the
connections were based on energy consumption similarity,
while Campagne et al. utilized decentralized power grid
structures to define graph connectivity. The LSTM model,
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on the other hand, stood out for its ability to capture sequen-
tial patterns in energy consumption. LSTMs benefited most
from longer temporal context (24h), which largely com-
pensated for the absence of node features and reduced the
marginal value of adding location encodings. These results
imply that temporal history can substitute for some spatial
signal. The study by Hora et al. [21] proposed a model
based on LSTM optimized with metaheuristic algorithms for
energy consumption forecasting. The authors employed the
Butterfly Optimization Algorithm (BOA) to fine-tune LSTM
hyperparameters, thereby enhancing its sequential learning
capabilities. In comparison with our study, both approaches
applied feature selection to optimize LSTM performance.
The findings suggest that combining the strengths of both
models in a hybrid GCN- LSTM model tends to offer superior
performance by combining spatial and temporal learning.
In the present study, the models were tested separately; how-
ever, the results indicate that a combined approach could
further enhance forecasting accuracy. In a study by Vontzos
[22], published in 2024, which applied GCN to forecast
energy consumption in smart buildings. The authors com-
bined GCN and LSTM models to capture spatial and temporal
dependencies, respectively. This hybrid method resembles
the current study, where GCN and LSTM models were tested
individually. The results reported by Vontzos et al. indicate
that combining GCN and LSTM improves forecasting accu-
racy, particularly in environments with high consumption
variability. Another study by R. Ahmad [23] proposes a
hybrid model that combines LSTM and GCN for electricity
demand forecasting. The authors employ the Wavelet Trans-
form to decompose time series data, thereby enhancing the
model’s ability to capture consumption patterns. This hybrid
approach is similar to the one proposed by Vontzos et al.,
but differs from the present study, in which GCN and LSTM
were evaluated separately. The results reported by Rawal
Ahmad indicate that combining GCN for spatial learning with
LSTM for temporal learning improves forecasting accuracy
compared to using either model individually.

A study by Straub et al. [24] represents an impor-
tant advance in spatiotemporal forecasting of EV charging
demand, extending predictive scope beyond aggregated con-
sumption patterns toward high-resolution mobility modeling.
Their approach combines large-scale traffic simulations with
detailed variables such as travel distance, speed, car-access
attractiveness, parking availability, and route assignment,
enabling fine-grained forecasts of when and where charg-
ing events are likely to occur in fully electrified urban
settings. In contrast, the present work focuses on forecast-
ing hourly energy consumption based solely on observable
charging-session data, without access to dynamic traffic
or mobility information. While our models (LSTM and
GCN) capture temporal and spatial dependencies directly
from real-world charging behavior, Straub et al.’s framework
integrates exogenous mobility determinants, offering greater
predictive granularity but requiring data not typically avail-
able in open datasets.
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The present study has limitations that inform future work.
LSTM metrics were reported on a normalized scale, whereas
GCN metrics were in kWh; a unit-consistent evaluation
would enable tighter head-to-head comparisons. The GCN
pipeline used a 1% subsample for tractability. This decision
was taken based on hardware limitations, and future work
may rely on more potent hardware. In the present study, only
endogenous time and location features were modeled. Exoge-
nous drivers such as weather, tariffs, and events could further
enhance accuracy. Cross-validation is unsuitable for GCNs
because of temporal or relational leakage. Rolling-origin
evaluation over multiple horizons offers a more thorough
assessment but demands longer training times.

X. CONCLUSION

Temporal context is the dominant driver of accuracy in
LSTMs, while architectural depth (and to a lesser extent node
features) governs accuracy in GCNs. If dispersion-focused
metrics (RMSE/MSE) are prioritized, a GCN with nodes
(2 layers) is preferred. Among LSTMs, the 24 h window is
consistently strongest and largely obviates the need for node
features. Methodologically, the study challenges the ““deeper-
is-better”” intuition around GNNs: moving beyond two
convolutional hops does not significantly improve results.
Future work should focus on a hybrid GCN-LSTM that
couples graph-based spatial encoding with sequence-based
temporal modeling, potentially delivering superior accuracy
with calibrated computational cost.
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