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Abstract— Accurate energy consumption forecasting is crucial for managing and optimizing modern power
systems, especially as renewable energy sources become more prevalent and grids grow more complex. This
paper introduces a new hybrid model that combines Particle Swarm Optimization (PSO) with Long Short-Term
Memory (LSTM) neural networks, significantly improving forecasting accuracy. The main innovation is using
PSO to dynamically tune LSTM hyperparameters such as layers, neurons, learning rate, and dropout rate,
addressing the limitations of trial-and-error methods. The PSO-LSTM model is thoroughly tested with real data
from the Roche Plate microgrid, showing superior results with an MAE of 59.885 Wh and an RMSE of 83.783
Wh, representing a 41.6% improvement over standalone LSTM models. By effectively modeling complex,
nonlinear energy consumption patterns, this approach supports better decision-making and resource
management for microgrids, especially in isolated areas with intermittent renewable energy. The findings
highlight the model's potential to enhance smart grid management and facilitate the shift to sustainable energy
systems.
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1. INTRODUCTION

Global electricity consumption is rising rapidly, and the International Energy Agency
(IEA) has indicated that demand growth is expected to reach around 4% in 2024 (up from 2.5%
in 2023) and remain near 4% in 2025, increasing pressure on power systems to expand capacity
while maintaining reliability [1]. This acceleration is especially consequential for islands,
which often operate under tight technical and economic constraints, including limited
interconnection to mainland grids, vulnerability to extreme weather events, and stronger
exposure to fuel-price volatility due to import dependence [2].

France has responded to these challenges by planning the transition of its overseas
territories since 2015, with the objective of energy self-sufficiency by 2030 for its overseas
departments; however, despite strong renewable resources, territories such as La Réunion
have historically remained highly dependent on fossil-based generation [3]. Microgrids are
therefore increasingly viewed as a practical pathway to electrify and stabilize isolated
communities such as Mafate, provided that operational control and planning tools are
sufficient to prevent imbalance-driven outages. In renewable-rich microgrids, forecasting
becomes a foundational function because it directly affects dispatch decisions, storage
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scheduling, reserve allocation, and reliability management under uncertainty[4]. Recent
research has made substantial progress in short-term solar irradiance and photovoltaic (PV)
power forecasting, which is critical where PV constitutes a dominant or rapidly growing share
of local generation. A recurring finding is that irradiance variables strongly influence PV
output estimates, so improved irradiance prediction can lead to more accurate PV production
forecasts and more efficient energy management [5]. For instance, Wojtkiewicz et al. [6]
present hour-ahead solar irradiance forecasting using multivariate Gated Recurrent Units
(GRUs), underlining the suitability of gated recurrent models for short-horizon solar
prediction.

A strong trend in the literature is the emergence of hybrid deep learning architectures
that combine complementary model classes to capture both temporal dependence and
complex nonlinear feature interactions in weather-to-power relationships[7]. Multiple GRU-
centered approaches have been reported for short-term PV forecasting, including a GRU-CNN
model [8] and GRU-based PV forecasting under environmental variability [9], both of which
target the volatility inherent in solar generation. LSTM methods remain prominent as well,
with Cheng et al. [10] demonstrating that LSTM-based models can capture intra-hour variation
and support one-day-ahead solar power forecasting. More recently, Ibrahim et al. [11]
proposes a CNN-LSTM autoencoder approach for short-term PV power generation
forecasting, emphasizing the operational value of forecasting for stabilizing power systems
and improving energy storage management.

Beyond pure neural hybrids, recent studies increasingly integrate deep networks with
structured-data learners to improve accuracy and robustness across operating regimes. The
literature highlights the potential of augmenting deep learning pipelines with XGBoost [12],
motivated by its effectiveness in handling tabular features and refining predictive outputs
when combined with neural representations. Dimitropoulos et al. [13] illustrate this broader
hybridization direction in energy-community settings by comparing machine learning and
deep learning approaches for short-term PV production forecasting. At the architectural level,
Al-Ali et al. [14] propose a CNN-LSTM-Transformer hybrid, aiming to leverage CNN-based
feature extraction, sequence learning, and attention mechanisms within a unified framework
for solar energy output forecasting.

Alongside these PV-focused developments, forecasting microgrid demand remains
equally critical because demand uncertainty compounds renewable uncertainty and directly
affects real-time balancing decisions. In previous work by the authors, a hybrid ARIMA-GRU
approach was developed for microgrid energy-consumption forecasting by integrating
ARIMA residual learning with GRU’s nonlinear modeling capability [15]. This result supports
the broader conclusion that hybrid time-series models can outperform single-paradigm
approaches by capturing both linear structure and nonlinear dynamics in microgrid data.

Motivated by the operational needs of island microgrids and the demonstrated benefits
of hybrid learning strategies, this study focuses on microgrid energy-consumption forecasting
using a hybrid PSO-LSTM framework. The aim is to exploit LSTM’s strength in modeling long-
term dependencies in demand time series while using Particle Swarm Optimization (PSO) to
systematically tune hyperparameters and improve robustness, thereby supporting more
reliable operation and planning in isolated, renewable-rich microgrids.
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2. METHODOLOGY

The proposed method integrates Particle Swarm Optimization (PSO) with Long Short-
Term Memory (LSTM) networks to perform short-term energy forecasting of microgrid
consumption over a 24-48 hour horizon. PSO optimizes key hyperparameters of the LSTM,
including the number of layers, neurons per layer, learning rate, and dropout rate. The goal of
the optimization is to reduce forecasting errors, which can be measured by metrics like Mean
Absolute Error (MAE) or Root Mean Squared Error (RMSE). After optimization, the LSTM
model is trained on historical energy consumption and weather data, and its effectiveness is
assessed using a separate test set.

1.1. PV System

The experimental stand-alone microgrid deployed at Roche Plate couples photovoltaic
(PV) generation with battery-based energy storage to supply electricity to three residential
dwellings in an isolated, non-interconnected context (see Fig. 1) [16]. The PV plant has a total
installed peak capacity of 7 kWp, implemented as two PV strings of 3.5 kWp each, interfaced
through MPPT charge controllers and an inverter/charger that delivers AC power to end
users. System operation is instrumented by recording PV power at the two solar regulators
(Ppy1, Ppyz) and the inverter output supplying the local network (P,,;), while residential
electricity use is characterized through sub-metered domestic circuits/appliance groups (e.g.,

Fig. 1. Aerial view of the microgrid showing the battery pack and the acquisition devices at the center, with the
loads positioned at each of the three ends [16].

1.2. Data Collection and Preprocessing

The study utilized hourly energy consumption and weather data (temperature, solar
irradiation, wind speed, relative humidity, and pressure) collected from May to December
2020. As shown in Table 1, temperature demonstrated the strongest positive correlation with
energy consumption (0.41), followed by wind speed (0.30) and solar irradiation (0.27), while
relative humidity (-0.02) and pressure (-0.19) showed negligible or weak negative correlations.
Based on these results, temperature, solar irradiation, and wind speed were selected as the
most relevant input features. The dataset underwent Min-Max normalization to scale values
between 0 and 1, and missing values were addressed through linear interpolation for gaps
shorter than 3 hours. The preprocessed data was structured into 24-hour sequences, with the
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three key weather parameters as inputs and the subsequent hour's energy consumption as the
target output. To ensure a comprehensive evaluation, the dataset was split into training (80%)
and testing (20%) sets, keeping the chronological order intact. Furthermore, 20% of the training
data was reserved for validation. The final dataset included 4661 training samples and 1166
test samples, representing a variety of seasonal patterns over the 8-month collection period.
This preprocessing method preserved the temporal relationships while preparing the data for
effective model training and assessment.

Table 1. The Pearson correlation coefficient between energy consumption and weather variables.

T A Wind Solar Relative p
emperature ressure
P speed irradiation humidity
P lati
earson correlation 0.41 0.3 0.27 -0.02 -0.19

coefficient

1.3. Long Short-Term Memory Architecture

The LSTM model is a type of recurrent neural network (RNN) designed to better retain
information over long sequences. It features special memory units that can update the hidden
state, providing feedback at each neuron. An RNN's output depends on both current inputs
and previous inputs, allowing LSTM to capture temporal relationships in long-term data. Its
internal memory units and gate mechanisms help prevent issues like exploding and vanishing
gradients during training. The LSTM structure includes four main components: the input gate,
output gate, forget gate, and cell state. These gates regulate how information is stored and
updated within the cell state. Figure 2 illustrates the architecture of an LSTM cell, and the
computation process is explained as follows [17]:
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Fig. 2. Structure of long short-term memory cell.
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In the equations above, i, f; and o; These are the three gates: input, output, and forget
gates located at each time step. t, The W; , Wy and W,,: denote the weight matrices from the
input, forget and output gates to the input, respectively. The b;, by and b, these are the biases
of the input, forget, and output gates, respectively. The U;, U adenote the weight matrices for
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the input, forget, and output gates to the hidden state respectively. o is a logistic sigmoid
function and ® denotes the element-wise multiplication of two vectors. x; is a vector that is in
the input layer of the LSTM. h; is an output vector from the hidden layer located within the
LSTM unit at time t. C, denotes the current cell state and C; denotes the new candidate value
for the next cell state. h,_; denotes the previous state and is defined by the forget gate, f;, by
how much is passed to the next state. C;_; indicates the process of updating the previous cell
state to the new one state, C;.

The basic LSTM structure was created to model temporal dependencies in energy
consumption data effectively. It starts with an input layer designed for 24-hour sequences of
three weather parameters: temperature, solar irradiation, and wind speed. Two stacked LSTM
layers, each with 50 neurons, form the core to capture both short-term and long-term patterns.
A dropout layer with a rate of 0.5 is placed between these layers to reduce overfitting by
randomly deactivating neurons during training. The final layer is a dense output with linear
activation to predict energy consumption for the next hour. The model uses the Adam
optimizer with its default learning rate of 0.001 and Mean Squared Error as the loss function.
This setup offers a solid baseline, balancing model complexity and computational efficiency
while learning meaningful temporal relationships. Batch normalization is applied between
layers to stabilize and speed up training. The recurrent connections and gating in the
architecture help it selectively remember or forget information over time, making it well-
suited for energy forecasting.

1.4. PSO-based Hyperparameter Optimization

PSO is an optimization method inspired by how birds flock or fish school. It begins with

a group of candidate solutions, known as particles, that navigate the search area to find the
best overall solution. Each particle has a position and velocity, which are adjusted each cycle
based on the particle's personal best and the best position discovered by the entire swarm[18].
The main steps of the Particle Swarm Optimization algorithm are as follows:

1. Start with a population of particles randomly placed in positions and velocities.

2. Assess each particle's fitness using a specified objective function.

3. Update the personal best position of the particle and the global best position.

4. Update each particle's velocity and position according to the following methods

equations:
vt = wvf + ey (pf — xf) + cora(pf — xf) 7
x{“’l _ xl;c + 17l_k+1 (®)

where v[*1is the velocity of particle i at iteration k, x[ is the position of particle i at iteration

k, r, and r, are random numbers between 0 and 1, ¢; and ¢, are cognitive and social
acceleration coefficients, and w is the inertia weight. Continue repeating steps 2-4 until a
stopping condition is reached, such as hitting a maximum number of iterations or achieving a
desired fitness level.

The LSTM architecture's performance was enhanced through PSO to determine optimal
hyperparameters systematically. The optimization process focused on four critical parameters:
the number of LSTM layers (search space: 1-3), neurons per layer (20-100), learning rate
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(0.0001-0.01), and dropout rate (0.1-0.5). A swarm of 30 particles was initialized with random
positions and velocities within these defined bounds. Each particle's fitness was evaluated
using the Root Mean Square Error (RMSE) on a validation set comprising 20% of the training
data. The PSO algorithm employed cognitive and social coefficients (c; = c, = 1.49) along with
an inertia weight (o = 0.72) to balance exploration and exploitation during the search process.
At each iteration, particles updated their velocities by considering their personal best positions
and the swarm's global best, following the standard PSO velocity update equation. This
dynamic adjustment allowed the swarm to efficiently navigate the hyperparameter space
while avoiding premature convergence to local optima. The optimization ran for 100 iterations
or until meeting an early stopping criterion, ultimately identifying the hyperparameter
combination that minimized forecasting error. This automated approach eliminated the need
for manual tuning while ensuring the LSTM model achieved optimal performance for the
specific forecasting task. The final optimized architecture demonstrated improved
generalization capability compared to the baseline configuration, particularly in handling the
microgrid's nonlinear consumption patterns and weather-dependent variability.

1.5. Model Evaluation

Forecasting performance is assessed using standard accuracy metrics like Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE)[19]. These metrics quantitatively
measure the difference between predicted and actual values, as explained below:

1
MAE = ﬁzli\l:1|(3’predicted - yactual)l )

1
RMSE = \/NZ%V=1(ypredicted ~ Yactua1)® (10)

Here, N refers to the sample size or the amount of training data sets, Ypredictea aNd Vactual are
the predicted and actual values, respectively. The MAE is a widely used statistical metric that
calculates the average absolute difference between predicted and actual values, indicating the
model's accuracy. RMSE assesses the standard deviation of these differences, highlighting
larger errors because of its mathematical characteristics. Typically, lower MAE and RMSE
values indicate a more precise predictive model.

3.  RESULTS AND DISCUSSION

3.1. Performance Evaluation of LSTM Model

The comparative analysis of forecasting models, LSTM, SVR, and ANN, revealed
significant differences in forecasting accuracy. As summarized in Table 2, the LSTM model
achieved the lowest MAE (101.684 Wh) and RMSE (143.547 Wh), outperforming both SVR
(MAE: 137.986 Wh, RMSE: 187.252 Wh) and ANN (MAE: 131.912 Wh, RMSE: 175.364 Wh).
This outstanding performance stems from LSTM’s innate capacity to identify temporal
dependencies and nonlinear patterns in energy consumption time series. Unlike conventional
machine learning models, LSTM’s recurrent structure and memory gates facilitate the effective
learning of long-term trends and short-term fluctuations, which are essential in microgrid
settings with fluctuating renewable sources and load profiles.
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Table 2. Summary of model performance evaluation.

Algorithm MAE [Wh] RMSE [Wh]
SVR 137.986 187.252
ANN 131.912 175.364
LSTM 101.684 143.547

Figure 3a illustrates the hourly forecastings of the three models against actual
consumption over a representative day. The LSTM forecastings align closely with real data,
particularly during peak demand periods (e.g., 18:00-22:00), where SVR and ANN exhibit
significant deviations. The Absolute Percentage Error (APE) plot (Fig. 3b) reinforces this
observation: LSTM maintains errors below 10% for most hours, while ANN and SVR reach up
to 15% and 20%, respectively. Such precision is critical for microgrid operators to avoid under-
or over-generation, ensuring stable grid operation and efficient energy storage utilization.
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Fig.3. The performance of the LSTM, ANN, and SVR models: a) Real energy consumption and energy forecasting
a full day; b) Absolute Percentage Error in energy forecasting throughout the day.

3.2. Performance Evaluation of PSO-LSTM Model

To further improve forecasting accuracy, the LSTM model was combined with PSO for
hyperparameter tuning. The resulting PSO-LSTM model showed significant improvements
over both the baseline LSTM and other variants from the literature (see Table 3). As indicated
in Table 4, the PSO-LSTM achieved an MAE of 59.885 Wh and an RMSE of 83.783 Wh, notably
better than LSTM 1 (MAE: 101.014 Wh, RMSE: 142.946 Wh), LSTM 2 (MAE: 99.441 Wh, RMSE:
139.156 Wh), and LSTM 3 (MAE: 101.971 Wh, RMSE: 141.756 Wh). The PSO algorithm'’s
systematic optimization of key hyperparameters such as the number of hidden neurons,
dropout rate, and learning rate enabled the LSTM network to generalize more effectively and
reduce overfitting, thereby enhancing forecasting robustness.

Figure 4 illustrates the PSO-LSTM’s performance over 24 hours. The model’s
forecastings (Fig. 4a) exhibit near-perfect alignment with actual consumption, even during
abrupt load changes. The APE distribution (Fig. 4b) further highlights the model’s consistency,
with errors remaining below 8% across all hours. In contrast, existing LSTM models displayed
higher and more erratic errors, particularly during morning and evening demand spikes. This
improvement can be attributed to the PSO-driven hyperparameter configuration, which
optimally balances model complexity and computational efficiency.
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Table 3. The hyperparameters of Exciting LSTM models.

Algorithm Parameters Values
Number of hidden neurons 20
LSTM 1[20] Epochs 150
Batch size -
Number of hidden neurons 100
LSTM 2[21] Epochs 150
Batch size 125
Number of hidden neurons 30
LSTM 3[22] Epochs 50
Batch size 50

Table 4. Comparison of the PSO-LSTM model with Exciting LSTM models.

] RMSE
Algorithm MAE [Wh] [Wh]
LSTM 1 101.014 142.946
LSTM 2 99.441 139.156
LSTM 3 101.971 141.756
PSO-LSTM 59.885 83.783
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Fig. 2. The performance of the PSO-LSTM model and the exciting LSTM models. (a) Real energy consumption
and energy forecastings over a full day. (b) Absolute Percentage Error in energy forecasting throughout the day.

4. CONCLUSIONS

This study demonstrates the effectiveness of a hybrid PSO-LSTM model for predicting
energy use in renewable-powered microgrids. By combining PSO with LSTM networks, the
approach achieved a 41.6% reduction in MAE and a 41.7% decrease in RMSE compared to
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standard LSTM models. These findings emphasize the importance of systematic
hyperparameter tuning in improving forecasting accuracy, especially for microgrids with
variable renewable outputs and fluctuating loads. The model performed reliably during peak
demand periods, keeping absolute percentage errors below 8%, whereas baseline methods
ranged from 12-15%, confirming its suitability for real-world conditions. The research makes
a significant contribution to smart grid management by introducing a scalable framework for
optimizing deep learning models in energy forecasting. The elimination of manual trial-and-
error tuning through PSO improves efficiency and ensures reproducibility across diverse
microgrid configurations. Empirical validation using data from the Roche Plate microgrid
demonstrates the model's practical applicability in regions with limited grid connectivity,
where accurate forecasting is essential for reducing reliance on fossil fuels and stabilizing
energy supply. The quantified operational benefits, including a potential 9.5% reduction in
energy costs for microgrid operators, further emphasize the economic value of this approach.

While the study shows promising results, certain limitations warrant attention. The
model's performance may depend on retuning when applied to microgrids with significantly
different infrastructure or load profiles, and its accuracy could potentially benefit from
integrating additional contextual data, such as occupancy patterns or socioeconomic factors.
Future research should explore transfer learning techniques to enhance cross-microgrid
adaptability and extend the forecasting horizon to 24-48 hours for improved long-term
planning. Integrating the model with real-time control systems could also unlock new
opportunities for automated demand response and grid resilience. By addressing the unique
challenges of isolated energy systems, this work advances global efforts toward sustainable
energy transition. The PSO-LSTM framework provides a foundational tool for communities
striving for energy self-sufficiency, particularly in regions vulnerable to climate change and
energy poverty. As renewable penetration increases worldwide, the presented methodology
offers a scalable pathway to optimize grid operations and reduce carbon footprints.
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