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This study aims to improve the accuracy of energy consumption prediction
using the Bidirectional Long Short-Term Memory (BLSTM) model which is
known to be able to handle temporal dependencies in time series data.
However, the performance of BLSTM is greatly affected by the
hyperparameter configuration, which often requires manual tuning which is
inefficient. To address this, this study proposes an optimization framework
that combines BLSTM with Chaotic Particle Swarm Optimization (CPSO)
to automatically adjust hyperparameters such as the number of hidden units
and learning rate. Experiments show that BLSTM optimized with CPSO
produces higher prediction accuracy compared to traditional methods such
as grid search and random search. By utilizing the chaos map, CPSO
improves exploration and exploitation capabilities, accelerates convergence,
and finds more optimal solutions. The integration of CPSO and BLSTM
shows promising results for improving the performance of time series

prediction models, especially in energy consumption forecasting.

This is an open access article under the CC BY-SA license.
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As global energy demand continues to rise, it is imperative to optimize energy distribution, reduce
operational costs, and minimize energy consumption [1]. This is because numerous countries, including
industrialized nations, are unable to accurately identify and forecast energy consumption patterns due to
various factors, including the complex dynamics of the global energy market, fluctuations in demand, and the
impact of climate change[2].

In recent years, deep learning-based methods such as Long Short-Term Memory (LSTM) have
demonstrated superior performance in predicting time series data, including energy consumption[3]—[5].
BiDirectional LSTM (BIiLSTM) enhances the efficacy of LSTM by leveraging information from both
temporal directions, thereby improving the model's capacity to comprehend intricate data patterns [6]-[10].
However, the hyperparameter configurations in BiLSTM influence the model's performance, necessitating an
effective optimization strategy [11]-[16].

Particle Swarm Optimization (PSO) represents a potential avenue for system hyperparameter
optimization[17], [18]. It has been demonstrated that the conventional PSO method encounters local static
obstacles when confronted with intricate or complex optimization problems[19], [20]. To address this
limitation, the Chaotic Particle Swarm Optimization (CPSO) algorithm was developed. CPSO incorporates
chaos dynamics to facilitate the expansion of the search space and prevent premature convergence[21]-[23].

This research entails the creation of a BiLSTM power consumption prediction model that has been
optimized using CPSO to enhance prediction accuracy. Additionally, the hyperparameters of the BiLSTM
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model are tuned to identify the optimal parameter set for the characteristics of energy consumption data. The
objective is to develop a more efficient model for various consumption scenarios.

2. METHOD
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Figure 1. Research methodology

The present study adopts the approach of Bidirectional Long Short Term Memory (BiLSTM) deep
learning technique to predict the energy consumption. The phases of this research work consist of data
collection, building the BiLSTM model, and tuning the hyperparameters by applying Chaotic Particle Swarm
Optimizer (CPSO). In detail, the research methodology is outlined as follows.

2.1. Data Preparation

The energy consumption data used in this study was obtained from the UC Machine Learning data,
which provides time series information for energy consumption appliances[24]. The data collection spans
roughly 4.5 months and has a length of 10 minutes. A ZigBee WSN is used to gather the variables related to
interior temperature and humidity. For around 3.3 minutes, each wireless node sends out temperature and
humidity data. Next, during the course of ten minutes, the data that was wirelessly retrieved within the house
was averaged. Every ten minutes, an m-bus energy meter records energy data. The experimental dataset and
the public dataset at rp5.ru, which includes records from Chievres Airport in Belgium, were combined using
the date and time fields. To test the regression and exclude characteristics (parameters) that were not
predictively relevant, eight two random variables were inserted into the dataset.
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2.2. BiLSTM Model Development

The BIiLSTM model is constructed in a manner that allows for the examination of both past and
future energy consumption characteristics. The input to the model is a collection of energy consumption
characteristics that incorporate bi-directional LSTM optimized for the appropriate number of neurons. The
model also includes a dropout layer to decrease the risk of overfitting and a dense layer as the output that
performs the task of energy consumption prediction.

The model architecture employed in this research paper is distinct from that utilized in other
documents, namely the Bidirectional Long Short-Term Memory (Bi-LSTM) approach. In other words,
BIiLSTM represents an advancement of LSTM, whereby the model is capable of processing time series data
in two directions: forward and backward. Therefore, this model is also capable of utilising contextual
information from both the initial and final points of the sequence, which is of particular importance when
working with sequential data, such as in the prediction of stock prices. In this architectural configuration, the
number of hidden units utilized is 121, which was determined through the process of hyperparameter
optimization. The final layer of the model comprises a single neuron, whose function is to output a
continuous variable that is well suited to the regression task at hand. The model was constructed using the
optimizer Adam with the optimal learning rate of 0.0061 and the mean squared error (MSE) loss function, a
standard regression loss function. The MSE function measures the discrepancy between the predicted and
actual values. The model was trained over 20 epochs with a batch size of 32, and the validation data were
employed to monitor the model's performance in real time during training.

2.3. Hyperparameter Optimization with CPSO

Hyperparameters are optimized for BiLSTM networks through hyperparameter regularization via
chaotic particle swarm optimization (CPSO). The CPSO method was selected due to its capacity to alter the
focus of the search, thus circumventing local solution traps through the introduction of chaos.

The specified hyperparameters exert an influence on the architecture of genes, including factors such
as the learning rate, the number of neurons in each layer, the batch size, and others. The approach employs
CPSO, which maps the solution with changing particle velocity and position according to a fitness function,
namely RMSE on validation data.

The CPSO algorithm commences with a number of particles representing the hyperparameters to be
combined and progresses iteratively until it reaches a state of convergence or meets the pre-defined stopping
criteria.

2.4. Model Evaluation

Once the training and optimization processes have been completed, the model is evaluated on the
test dataset using root mean square error (RMSE), and mean absolute error (MAE) as evaluation metrics. The
effectiveness of the proposed approach is analyzed using a comparison with regular models, such as a regular
BiDirectional long short-term memory (BiLSTM) model without CPSO optimization.

3. RESULTS AND DISCUSSION

The objective of this investigation is to utilize the Bidirectional LSTM (BiLSTM) model to predict
the consumption of energy resources and enhance the model's performance with the incorporation of Chaotic
Particle Swarm Optimization (CPSQO). The predictions generated by the Duo models, namely the BIiLSTM
and the BILSTM-CPSO, have been evaluated in terms of their Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and coefficient of determination (R2). The ensuing section presents the assessment
outcomes of the two models.

Table 1. Comparison of evaluation results

Model MAE RMSE
BiLSTM 47.7279 89.1674
BiLSTM-CPSO 51.7223 88.8565

The results for the BiLSTM model without CPSO yielded a lower mean absolute error (MAE) value
(47.7279) than those obtained with the BiLSTM model that was optimized using CPSO (51.7223). The root
mean square error (RMSE) is a measure of the discrepancy between the predicted and actual values. In this
case, the differences between the two models are not statistically significant, as evidenced by the slight
reduction in the RMSE for the BILSTM-CPSO model. The RMSE for the BiLSTM model is 89.1674, while
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that for the BILSTM-CPSO model is 88.8565. This discrepancy demonstrates that although the
hyperparameter is transformed through the use of CPSO, it does not result in a reduction in MSE. However,
in certain instances, it does facilitate an intuitive decline in MSE.

The overall coefficient of determination, indicated by the R? value of 0.2110, demonstrates that the
BiLSTM-CPSO model accounts for approximately 21% of the total variation in the energy consumption data.
Although this R2 value is not particularly high, it is sufficient to demonstrate an enhancement in the model's
generalization ability relative to the BiLSTM model, which was not optimized and did not result in more
impressive coefficients of determination.

Chaotic Particle Swarm Optimization (CPSO) was originally designed to circumvent the common
local optima encountered in traditional PSO algorithms. Despite a reduction in RMSE and other metrics, the
expansion of CPSO does not necessarily guarantee improvement in all evaluation metrics. This may be
attributed to factors such as the complexity of the model and the nature of the dataset, which may not
necessitate further optimization using CPSO.

Overall, the energy consumption prediction accuracy of the BiLSTM model utilized in this study
was satisfactory, as evidenced by the reasonable MAE and RMSE values. The incorporation of a bi-
directional architecture within an LSTM architecture enables the model to gain temporal features more
effectively than an LSTM architecture that is uni-directional and only processes data in one orientation.

It is important to note that the BiLSTM-CPSO model exhibits a higher MAE value, which indicates
that while the CPSO is effective in identifying superior hyperparameters, this optimization technique does
not necessarily yield optimal results for all metrics. Further investigation with diverse experimental settings
is essential, and the potential benefit of integrating multiple optimization strategies to enhance prediction
accuracy should also be considered.

4. CONCLUSION

The findings of the study's evaluation indicate that while the BiLSTM optimization through the use
of CPSO can reduce the RMSE value, it does not result in a significant enhancement in the MAE. For an R2
value of 0.2110, the BiLSTM-CPSO model demonstrates superior generalization capabilities compared to the
BiLSTM model without any optimization. This study presents avenues for future research, particularly the
combination of CPSO with other optimization techniques to further enhance the model's performance. For
further research, it will be continued with the addition of data, for example the variable household energy
consumption data.
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