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This study investigates the role of Bayesian hyperparameter optimization in enhancing 

the forecasting accuracy of recurrent deep learning models, namely Long Short-Term 

Memory (LSTM) and bidirectional LSTM (BiLSTM), for electricity consumption 

prediction. The objective is to evaluate the impact of optimization on model 

performance and generalization across different national contexts. LSTM captures long-

range temporal dependencies, while BiLSTM extends this capability by processing 

sequences in both forward and backward directions. To ensure a robust evaluation, 

rolling-window time series cross-validation with 32 folds for Germany and 53 folds for 

Brazil was applied. Bayesian optimization was employed to fine-tune key 

hyperparameters, enabling the systematic exploration of model configurations. Results 

show that BiLSTM consistently outperforms LSTM, compared with the non-optimized 

BiLSTM baseline. BiLSTM Bayesian optimization (BiLSTM-BO) reduces the test 

Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) by 53.80% 

and 54.71% for Germany and by 51.26% and 50.56% for Brazil. These findings 

highlight the advantages of bidirectional processing and data-driven optimization, 

providing practical guidance for developing accurate and transferable forecasting 

systems. Although limited to univariate electricity consumption data, the cross-country, 

dual-frequency evaluation provides new evidence regarding the robustness and 

adaptability of Bayesian-optimized LSTM-based models for both short-term operations 

and long-term planning.  
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1. INTRODUCTION

Electricity consumption forecasting plays a critical role in 

supporting energy planning, infrastructure development, and 

grid stability. Accurate demand predictions enable efficient 

energy management, particularly in the face of increasing 

variability due to climate change, population growth, and 

emerging consumption patterns. Many researchers have 

explored a wide range of approaches for electricity 

consumption forecasting, from conventional statistical models 

[1-4] to more recent machine learning and deep learning 

techniques [5-9]. As electricity systems grow increasingly 

dynamic, classical models such as Autoregressive Integrated 

Moving Average (ARIMA) [10] and exponential smoothing 

[11] often face difficulties in representing the nonlinear and

time-dependent behavior of power demand [12].

In recent years, deep learning—especially the Long Short-

Term Memory (LSTM) network—has been widely adopted to 

improve forecasting performance because of its strength in 

learning long-term temporal patterns. Studies in the energy 

field have reported that LSTM models can provide accurate 

forecasts of electricity usage [13]. A further development, the 

Bidirectional LSTM (BiLSTM), processes data in both 

forward and backward directions, offering richer temporal 

context and demonstrating promising results in related 

forecasting applications [14-16].  

LSTM networks have become one of the popular tools for 

modern time series forecasting due to their ability to capture 

long-term dependencies and mitigate vanishing gradient 

issues, as highlighted by Van Houdt et al. [17]. In the energy 

domain, Alizadegan et al. [16] showed that BiLSTM 

outperformed LSTM and traditional models such as ARIMA 

and Seasonal Autoregressive Integrated Moving Average 

(SARIMA), achieving lower Root Mean Square Error 

(RMSE) in short-term forecasts. However, their analysis was 

limited to a single temporal scale and did not consider 

hyperparameter optimization 

Hyperparameter selection plays a crucial role in achieving 

Mathematical Modelling of Engineering Problems 
Vol. 12, No. 11, November, 2025, pp. 3729-3739 

Journal homepage: http://iieta.org/journals/mmep 

3729

https://orcid.org/0000-0002-8185-1274
https://orcid.org/0009-0001-3634-4257
https://orcid.org/0000-0001-8998-8577
https://orcid.org/0000-0002-1224-6521
https://orcid.org/0009-0001-2121-4863
https://orcid.org/0000-0002-1248-9910
https://orcid.org/0000-0002-3700-2363
https://crossmark.crossref.org/dialog/?doi=10.18280/mmep.121101&domain=pdf


 

optimal performance. Yet, many studies still rely on fixed or 

heuristically chosen hyperparameters, which can limit the 

model’s generalization ability across different time periods or 

geographical contexts. Common optimization strategies, such 

as grid search or random search, are widely used but are 

computationally expensive and time-consuming [18-20]. 

More recently, Bayesian optimization has emerged as an 

efficient alternative, offering faster convergence to optimal 

solutions [21, 22], and improved forecasting performance [23, 

24]. Unlike other optimization algorithms, Bayesian 

optimization (BO) uses a surrogate probabilistic model and an 

acquisition function [22] to systematically explore the 

hyperparameter space, making it well-suited for complex 

models such as LSTM and BiLSTM.  

Recent studies have highlighted the benefits of BO-

enhanced recurrent models. Michael et al. [23] showed that 

incorporating BO into stacked LSTM and BiLSTM models 

improved solar irradiance forecasting under varying weather 

conditions. Herrera-Casanova et al. [24] applied BO to 

BiLSTM for photovoltaic power prediction, reporting notable 

gains over multilayer perceptron and random forest baselines. 

Marweni et al. [25] further emphasized the value of BiLSTM-

BO in handling uncertainty through interval-valued solar 

forecasting. Similarly, Habtemariam et al. [22] optimized 

LSTM for wind power prediction, Wang et al. [26] integrated 

BO with BiLSTM and Kalman filtering for battery state-of-

charge estimation, and Li et al. [27] demonstrated improved 

ECG classification accuracy with BO-enhanced BiLSTM. 

Collectively, these works confirm the potential of BO in 

improving model performance across diverse domains. While 

these studies underline the value of BO for improving 

recurrent networks, they have primarily focused on domain-

specific applications. Evidence on its effect in electricity load 

forecasting, particularly when comparing LSTM and BiLSTM 

models across different temporal resolutions, remains limited. 

To address this gap, the present study investigates the effect 

of Bayesian hyperparameter optimization on LSTM and 

BiLSTM models for electricity load forecasting. Using 

rolling-window cross-validation, we evaluate daily load data 

from Germany and monthly consumption data from Brazil, 

thereby assessing performance across different temporal 

resolutions and seasonal characteristics. This controlled 

evaluation isolates the contribution of BO by directly 

comparing optimized and non-optimized models and 

quantifying the improvements achieved. The dual-level 

comparison further provides insights into how temporal 

granularity and national consumption patterns influence model 

behavior. 

The findings contribute new evidence on the reliability and 

generalizability of BO-enhanced recurrent models for 

electricity demand forecasting. This has implications for 

practical tuning strategies and the design of adaptable 

forecasting systems.  

The rest of this paper is organized as follows: Section 2 

presents the materials and methods, including data and 

preprocessing, model overview, and forecasting workflow and 

evaluation. Section 3 presents the results and discusses the 

findings. Finally, Section 4 provides the conclusion. 
 

 

2. MATERIALS AND METHODS 
 

This section describes the materials and methodological 

framework used in this study. It outlines the characteristics of 

the datasets, preprocessing techniques, model architectures, 

hyperparameter optimization strategy, and validation 

procedures applied to evaluate the forecasting performance of 

LSTM and BiLSTM models enhanced through Bayesian 

optimization. 
 

2.1 Dataset and preprocessing 
 

This study focuses on time series forecasting of electricity 

consumption. The datasets were obtained from Kaggle [28], 

originally provided by ENTSO-E [29] for Germany and from 

the website of the Energy Research Company (Empresa de 

Pesquisa Energética, EPE; www.epe.gov.br) for Brazil. A 

related study that uses and describes the same official data 

source, though for a different period, is provided in the study 

[30]. These two country-specific datasets, which differ in 

frequency and regional characteristics, were selected to 

demonstrate the broader applicability of the proposed 

approach in the energy forecasting domain. Descriptions of 

both datasets are provided in Table 1. 
 

Table 1. Datasets used and corresponding time periods 
 

Country Frequency Period 

Germany daily 01/01/2015 – 31/12/2017 

Brazil monthly 01/2004 – 04/2025 

 

For both datasets, the following standardized preprocessing 

steps were applied to prepare the data for the neural network 

models as presented below.  
 

2.1.1 Determining the training and the testing data 

To evaluate model generalizability, a rolling-window time 

series cross-validation approach was employed. In this 

method, each fold trains the model on a fixed-length window 

of the time series and tests it on the immediately following 

period. This preserves the temporal order of the data and 

prevents information leakage. The training and testing splits 

are illustrated in Table 2. 

 

Table 2. Training-testing splits 

 
Country Fold Train Test 

Germany 

1 

2 

⋮ 
31 

32 

01/01/2015–31/10/2017 

02/01/2015–01/11/2017 

⋮ 
31/01/2015–30/11/2017 

01/02/2015–01/12/2017 

01/11/2017–30/11/2017 

02/11/2017–01/12/2017 

⋮ 
01/12/2017–29/12/2017 

02/12/2017–31/12/2017 

Brazil 

1 

2 

⋮ 
52 

53 

01/2004–12/2019 

02/2004–01/2020 

⋮ 
04/2018–03/2024 

05/2018–04/2024 

01/2020–12/2020 

02/2020–01/2021 

⋮ 
04/2024–03/2025 

05/2024–04/2025 
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For the daily German dataset, a 32-fold cross-validation was 

conducted. In each fold, the models were trained on a rolling 

window of 1,035 days and tested on the subsequent 30 days. 

This fine-grained validation strategy simulates a realistic 

operational scenario in which a utility company might 

recalibrate and deploy its forecasting models every month. 

For the monthly Brazilian dataset, a more extensive 53-fold 

cross-validation was used. Each fold trained the models on a 

rolling window of 16 years (192 months) and tested them on 

the following 12 months. This comprehensive validation 

design ensures that the models are evaluated across a wide 

range of long-term economic and climatic conditions, offering 

a robust assessment of their performance. 

 

2.1.2 Data normalization 

Two normalization techniques, min-max normalization and 

z-score standardization, were considered to ensure numerical 

stability and promote faster convergence during training. Min-

max normalization linearly transforms the data to the [0, 1] 

according to Eq. (1), while the z-score approach rescales the 

data based on mean and standard deviation of the training set 

as shown in Eq. (2). 

 

𝑋𝑡
′ =

𝑋𝑡 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 (1) 

 

𝑋𝑡
′ =

𝑋𝑡 − 𝜇

𝜎
 (2) 

 

where, 𝑋𝑡
′  is the scaled data of 𝑋𝑡 , 𝑋𝑚𝑖𝑛  and 𝑋𝑚𝑎𝑥  are the 

minimum and maximum values in the corresponding training 

dataset, respectively. Notations 𝜇  and 𝜎  represent the mean 

and standard deviation of the training data, respectively. The 

same scaling parameters derived from the training set were 

applied to the test set to avoid data leakage. 

 

2.1.3 Determining the input-output pairs 

Recurrent neural networks require input data to be 

structured into sequences of a fixed length. Using a sliding 

window approach, the time-series data was transformed into 

input/output pairs. 

For the daily German data, a sequence length of 7 days was 

selected to explicitly capture the strong weekly patterns 

inherent in electricity usage driven by human social and 

economic activity (e.g., weekday vs. weekend consumption). 

The model was trained using 7 consecutive days of data to 

predict consumption on the 8th day. 

For the Brazilian monthly dataset, the input sequence was 

set to 12 months to reflect the clear yearly seasonal pattern 

influenced by climatic and hydrological factors. Using these 

12 consecutive months, the model then predicted electricity 

consumption for the following (13th) month. 

 

2.2 Models overview 
 

2.2.1 LSTM-based models 

The LSTM network is a variant of the Recurrent Neural 

Network (RNN) developed to overcome the vanishing 

gradient issue that limits standard RNNs [17, 31]. LSTM 

incorporates memory cells together with three gating 

mechanisms: the input gate, the forget gate, and the output 

gate. These gates regulate the flow of information, allowing 

the network to retain relevant signals and discard those that are 

less important as the sequence progresses. With this 

mechanism, LSTM networks are able to capture long-term 

relationships within time-series data, something conventional 

RNNs often struggle to achieve [32]. The structure of the 

LSTM unit is shown in Figure 1. 

The forget gate decides which parts of the previous cell state 

should be removed. It uses a sigmoid activation function 

applied to the combined previous hidden state and current 

input, generating values between 0 and 1. Values near 0 signal 

that the information will be discarded, while those near 1 

indicate it will be kept. This process is described 

mathematically in Eq. (3). 

 

𝑓𝑡 = [1 + exp(−𝑊𝑓[ℎ𝑡−1, 𝑋𝑡] − 𝑏𝑓)]
−1

 (3) 

 

where, 𝑊𝑓  represents the weight matrix of the forget gate, 

which controls how the previous hidden state ℎ𝑡−1  and the 

current input 𝑋𝑡 contribute to the forget decision. The term 𝑏𝑓 

denotes the corresponding bias vector, which adjusts the 

activation threshold and provides additional flexibility for the 

model to learn when to retain or discard information [17]. 

 

  
 

Figure 1. The structure of the LSTM unit 

 

The input gate controls how much new information is 

incorporated into the cell state. It consists of a sigmoid 

function that determines the degree of update and a hyperbolic 

tangent function that produces the candidate values to be 

added. Together, they update the cell state as defined in Eq. 

(4) and Eq. (5). 

 

𝑖𝑡 = [1 + exp(−𝑊𝑖[ℎ𝑡−1, 𝑋𝑡] − 𝑏𝑖)]−1 (4) 

 

and 

 

𝐶̃𝑡 =
𝑒𝑧 − e−z

𝑒𝑧 + e−z
 (5) 

 

where, 𝑧 = 𝑊𝑐[ℎ𝑡−1, 𝑋𝑡] + 𝑏𝑐 .  𝑊𝑐  represents the weight 

matrix associated with the candidate cell state, which 

determines how much influence the previous hidden state ℎ𝑡−1 

and the current input 𝑋𝑡  have on the candidate values. The 

term 𝑏𝑐  denotes the bias vector, which allows the model to 

shift the activation function and provides additional flexibility 

in learning [33].  

The cell state is then updated by combining the filtered 

previous state with the new candidate information. This 

mechanism enables the LSTM unit to maintain long-term 

dependencies while gradually incorporating new and relevant 

inputs, as expressed in Eq. (6). 

 

𝐶𝑡 = 𝑓𝑡𝐶𝑡−1 + 𝑖𝑡𝐶̃𝑡 (6) 
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Finally, the output gate defines the hidden state at the 

current time step. It applies a sigmoid function to decide which 

parts of the updated cell state will contribute to the output, 

while the cell state is transformed using a hyperbolic tangent 

function. The resulting hidden and output states are given in 

Eq. (7) and Eq. (8). 

 

𝑜𝑡 = [1 + exp(−𝑊𝑜[ℎ𝑡−1, 𝑋𝑡] − 𝑏𝑜)]−1 (7) 
 

and 
 

ℎ𝑡 = 𝑜𝑡

𝑒𝐶𝑡 − e−Ct

𝑒𝐶𝑡 + e−Ct
 (8) 

 

where, 𝑊𝑜 and 𝑏𝑜 are the weight matrix and bias vector of the 

output gate, respectively, and 𝐶𝑡 is the cell state obtained from 

Eq. (6). 

Furthermore, the concept of bidirectional recurrent neural 

networks was first proposed by Schuster and Paliwal [34]. 

This idea was later extended by Graves and Schmidhuber [35], 

who introduced BiLSTM by integrating LSTM units into the 

bidirectional architecture, where the input sequences are 

processed in both forward and backward directions. As shown 

in Figure 2, a BiLSTM consists of two parallel LSTM layers: 

one processes the input sequence in the forward direction (past 

to future), while the other processes it in the backward 

direction (future to past). The outputs from both directions are 

then combined, enabling the network to incorporate 

information from the entire sequence at each time step. This 

bidirectional structure enhances the model’s ability to capture 

complex temporal relationships and dependencies that may not 

be fully represented by unidirectional models [36]. 
 

2.2.2 Bayesian hyperparameter optimization 

BO was employed to systematically tune key 

hyperparameters. The optimization process with the objective 

of minimizing mean square error as the validation loss. The 

search space included the number of units in the recurrent 

layer, learning rate, batch size, and dropout rate. Each trial was 

evaluated using cross-validation to ensure the robustness of 

selected parameters. In this work, we considered a model 

architecture with the hyperparameters described in Table 3. 

BO was implemented using gp_minimize (scikit-optimize) 

with a Gaussian process surrogate and expected improvement 

acquisition function. The search space included units (32–

256), learning rate (10-4–10-2, log-uniform), dropout (0.10–

0.50), and batch size (16–128). Each fold used 10 evaluations, 

with validation loss as the objective; early stopping (patience 

= 20) ensured convergence. The best configuration was then 

retrained with early stopping (patience = 50). 

 

 
 

Figure 2. The structure of BiLSTM unit 

 

Table 3. LSTM-based model architecture 

 

Parameter Non-BO With BO 

Recurrent units 50 Range: 32 to 256 

Layers 

2 LSTM layers 

2 Dropout layers 

1 Dense layer 

2 LSTM layers 

2 Dropout layers 

1 Dense layer 

Dropout rate 0.0 Range: 0.1 to 0.5 

Learning rate 0.001 

Logarithmic 

Range: 1 × 10-4 to 

1× 10-2 

Batch size 32 Range: 16 to 128 

Optimizer Adam Adam 

Callback 

Early Stopping 

(monitors val_loss) 

20 epochs 

Early Stopping 

(monitors val_loss) 

20 epochs 

Epoch 100 200 

 

 
 

Figure 3. Experimental workflow used in this study 

 

2.3 Experimental workflow and evaluation 

 

The workflow of this work is represented in Figure 3. 

Performance of each model was evaluated using the Mean 

Absolute Error (MAE) and Mean Absolute Percentage Error 

(MAPE), calculated for each fold and then averaged across all 

folds for each country. 

 

 

3. RESULT AND DISCUSSION 
 

The characteristics of the datasets used in this study reveal 
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notable differences in temporal frequency and consumption 

patterns, which can influence how the forecasting models 

perform. The daily frequency for Germany and the monthly 

frequency for Brazil are illustrated in Figures 4 and 5. These 

differences should be taken into account when comparing 

forecasting performance across the two datasets. 

 

 
 

Figure 4. Daily electricity consumption in Germany for the 

period January 1, 2015 to December 31, 2017 

 

 
 

Figure 5. Monthly electricity consumption in Brazil for the 

period January 2004 to April 2025 

 

 
 

Figure 6. The ACF of daily German electricity consumption 

 

 
(a) 

 
(b) 

 

Figure 7. The ACF of the monthly Brazil electricity 

consumption (a) the original series; (b) the first difference 

series 

 

Figure 4 shows a clear repetitive pattern, while Figure 5 has 

a linear upward trend with no obvious repeating pattern. To 

better understand their temporal structure, the seasonal periods 

of each dataset were examined using the autocorrelation 

function (ACF) analysis, which highlights repeating patterns 

and periodicity (see Figures 6 and 7). 

Figure 6 shows a repeating pattern every 7 lags, indicating 

that the German dataset exhibits weekly seasonality with a 

period of 7 days. In contrast, Figure 7(a) shows an ACF that 

gradually decreases, supporting the conclusion that the 

Brazilian monthly dataset follows a trend pattern. By 

removing this trend through differencing, the seasonal pattern 

becomes apparent, with a seasonal period of 12 months, as 

shown in Figure 7(b). 

Based on the identified seasonal periods, the input sequence 

length for the LSTM and BiLSTM models was set to 7 for the 

German dataset and 12 for the Brazilian dataset. These values 

correspond to one full seasonal cycle, allowing each model to 

capture the dominant periodic behavior effectively. The choice 

of input length was guided by the autocorrelation function 

(ACF) of each dataset, which revealed distinct seasonal 

patterns: a strong weekly cycle for the German daily series and 

a pronounced annual cycle (12-month lag) for the Brazilian 

monthly data. Following common practice in short-term load 

forecasting (e.g., studies [37, 38]), one complete seasonal 

cycle was used to represent the most influential temporal 

dependencies while maintaining computational efficiency. 

Using longer input windows could introduce redundant 

information and increase model complexity without 

substantial gains in accuracy. Moreover, in this study, the main 

objective was to compare model performance with and 

without BO. Therefore, keeping the input sequence length 

consistent across experiments ensured that any observed 

differences in forecasting accuracy could be attributed 

primarily to the optimization process rather than to variations 

in model input design. Aligning the input sequence length with 

the dominant seasonal period enables recurrent architectures 

to better learn cyclical dependencies, thereby improving 

forecasting accuracy for time series with strong periodic 

components. 
 

3.1 Result 
 

In this work, both min–max normalization and z-score 

standardization were evaluated, as recommended in the 

literature. Tables 4-7 present the average MAE and MAPE 
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values for the training and testing data of all models for 

Germany and Brazil, based on both min–max normalization 

and z-score standardization. These values were computed 

across all folds using the rolling-window time series cross-

validation described in Section 2. The comparative results 

(Tables 4-7) show that neither method consistently 

outperformed the other across datasets, models, or metrics: 

standardization tended to perform better for the Germany 

dataset, while the Brazil dataset produced mixed outcomes. 

For the sake of consistency across experiments, min–max 

normalization was ultimately adopted in this study, but we 

note that the choice of normalization method appears to be 

dataset-dependent and may warrant further investigation in 

future work. 

 

Table 4. Comparison of MAEs (min-max normalization) 

 

Model 
Germany Brazil 

Train Test Train Test 

LSTM 42.55 104.42 645,551 2,402,183 

LSTM-BO 48.71 92.81 466,363 1,368,288 

BiLSTM 34.91 81.37 621,617 2,383,356 

BiLSTM-BO 13.46 37.59 376,315 1,161,574 

 

Table 5. Comparison of MAPEs (min-max normalization) 

 

Model 
Germany Brazil 

Train Test Train Test 

LSTM 3.62 6.55 1.75 5.80 

LSTM-BO 3.18 7.31 1.24 3.13 

BiLSTM 2.66 5.60 1.65 5.40 

BiLSTM-BO 1.00 2.70 0.99 2.67 

 

Table 6. Comparison of MAEs (standardized data) 

 

Model 
Germany Brazil 

Train Test Train Test 

LSTM 11.06 43.48 658,285 2,507,053 

LSTM-BO 9.85 51.44 452,682 1,807,252 

BiLSTM 8.01 42.41 753,338 1,870,825 

BiLSTM-BO 7.61 33.95 382,932 1,440,265 

 

Table 7. Comparison of MAPEs (standardized data) 

 

Model 
Germany Brazil 

Train Test Train Test 

LSTM 0.81 2.94 1.77 6.07 

LSTM-BO 0.72 3.49 1.20 4.1 

BiLSTM 0.60 3.02 2.02 4.29 

BiLSTM-BO 0.56 2.46 1,01 3.27 

It is important to note that the testing phase involved 

forecasting up to 30 days ahead for the daily German dataset 

and up to 12 months ahead for the monthly Brazilian dataset. 

This forecasting horizon adds practical relevance to the 

evaluation, as it reflects realistic operational scenarios for both 

short-term and long-term electricity demand planning. 

For the German dataset, BiLSTM-BO achieves the lowest 

MAE (13.46 train, 37.59 test) and MAPE (0.99% train, 2.50% 

test), followed by BiLSTM, LSTM-BO, and LSTM. For the 

Brazilian dataset, BiLSTM-BO also records the lowest MAE 

(376,315 train, 1,161,574 test) and MAPE (0.99% train, 2.67% 

test), with LSTM-BO ranking second. Standard LSTM 

consistently shows the highest errors in both datasets. 

While Tables 4 and 5 provide a clear summary of average 

accuracy, they do not convey the variability of model 

performance across folds. Therefore, Figures 8 and 9 present 

boxplots of MAPE values for the German and Brazilian 

datasets, respectively, to illustrate the distribution and stability 

of each model’s performance. These results correspond to 

models trained using min–max normalization, which was 

adopted for consistency across experiments after comparative 

evaluation with z-score standardization. 

For the German dataset (Figure 8), BiLSTM-BO achieves 

the lowest median MAPE and smallest spread in both training 

and testing phases, indicating the best and most consistent 

forecasting performance with minimal signs of overfitting. 

The other three models show trade-offs between median 

accuracy and stability, with standard LSTM being the least 

effective and exhibiting the highest variability in testing. 

To assess whether the observed differences in predictive 

accuracy between LSTM and LSTM-BO were statistically 

significant, the Kolmogorov–Smirnov Predictive Accuracy 

(KSPA) test proposed by Hassani and Silva [39] was applied 

to both fold-level and step-ahead (1–30) error distributions for 

the German dataset. The results are presented in Tables 8 and 

9. 

The KSPA is a non-parametric test based on the principles 

of the Kolmogorov–Smirnov (KS) test and serves two 

complementary purposes. First, it evaluates whether there is a 

statistically significant difference between the distributions of 

forecast errors produced by two competing models. Second, it 

applies the concept of stochastic dominance to determine 

whether the model with lower mean errors also exhibits a 

stochastically smaller error distribution, thereby providing a 

directional assessment of predictive superiority. The test was 

implemented using the Hassani. Silva package in R, and both 

absolute and squared error variants were examined at a 5% 

significance level.  

 

 
 

Figure 8. Boxplot for the MAPEs obtained from LSTM and BiLSTM models with and without BO for the daily electricity 

consumption in Germany 
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Table 8. Results of the absolute and square error one-sided 

KSPA test comparing LSTM and LSTM-BO on the German 

test set across cross-validation folds 
 

Fold 
MAE 

p-value 
Significance 

(Better Model) LSTM LSTM-BO 

1 149.72 144.16 0.4390 No 

2 192.13 131.67 0.01729 Yes, (LSTM-BO)  

3 123.10 166.85 0.0354 Yes, (LSTM) 

4 160.73 196.66 0.0078 Yes, (LSTM) 

5 131.77 153.13 0.0675 No 

6 179.16 184.72 0.1977 No 

7 79.73 181.04 0.0013 Yes, (LSTM) 

8 104.72 132.52 0.0354 Yes, (LSTM) 

9 141.61 53.20 0.0000 Yes, (LSTM-BO)  

10 182.50 23.15 0.0000 Yes, (LSTM-BO)  

11 99.91 41.55 0.0001 Yes, (LSTM-BO)  

12 36.16 34.33 0.3048 No 

13 40.80 38.77 0.7441 No 

14 38.81 38.77 0.1197 No 

15 130.80 131.02 0.5909 No 

16 84.52 71.98 0.1977 No 

17 35.26 29.73 0.4390 No 

18 29.36 38.60 0.5909 No 

19 68.78 38.60 0.0004 Yes, (LSTM-BO)  

20 82.44 46.33 0.0013 Yes, (LSTM-BO)  

21 26.02 51.09 0.0354 Yes, (LSTM) 

22 143.94 37.65 0.0001 Yes, (LSTM-BO)  

23 40.44 48.30 0.3048 Yes, (LSTM-BO)  

24 97.72 58.57 0.0078 Yes, (LSTM-BO)  

25 166.12 73.25 0.0033 Yes, (LSTM-BO)  

26 120.51 89.62 0.0013 Yes, (LSTM-BO)  

27 86.58 102.47 0.1980 Yes, (LSTM-BO)  

28 87.20 98.76 0.1980 No 

29 138.49 115.77 0.0013 Yes, (LSTM-BO)  

30 104.82 112.98 0.5909 No 

31 122.23 178.33 0.1197 No 

32 115.21 126.43 0.5909 No 
Note: Values in bold indicate lower MAE, representing better model 

performance for the corresponding fold. 

 

The results of the absolute and squared error one-sided 

KSPA tests for each fold and forecast step are presented in 

Tables 8 and 9, respectively. In these tables, the MAE values 

are reported for both LSTM and LSTM-BO, with the lower 

values shown in bold to indicate better performance. As 

observed in Tables 8 and 9, most comparisons yielded p > 

0.05, indicating no statistically significant difference in 

predictive accuracy between the two models. Although the 

majority of comparisons were not significant, several folds 

(Table 8) and medium-range horizons, approximately steps 5 

to 6 and 12 to 14 (Table 9), showed significant results favoring 

LSTM-BO, while none favored the standard LSTM. These 

findings indicate that the slightly higher average MAPE 

observed for LSTM-BO on the German test set is not 

statistically meaningful. Overall, both models achieved 

comparable accuracy, with the BO-optimized version 

demonstrating more stable performance across folds and 

forecasting horizons. 
 

Table 9. Results of the absolute and square error one-sided 

KSPA test comparing LSTM and LSTM-BO on the German 

test set across forecasting horizons (1–30 steps ahead) 
 

Step 
MAE 

p-value 
Significance 

(Better Model) LSTM LSTM-BO 

1 50.83 50.59 0.4620 No 

2 61.78 50.63 0.1368 No 

3 64.72 55.93 0.3282 No 

4 71.31 61.22 0.0801 No 

5 77.29 54.49 0.0047 Yes, (LSTM-BO)  

6 78.53 55.92 0.0438 Yes, (LSTM-BO)  

7 77.70 52.29 0.0801 No 

8 89.84 68.76 0.2188 No 

9 91.17 73.21 0.1368 No 

10 76.39 68.70 0.4620 No 

11 87.58 78.36 0.1368 No 

12 97.23 75.09 0.0438 Yes, (LSTM-BO)  

13 110.27 74.66 0.0224 Yes, (LSTM-BO)  

14 102.79 68.77 0.0107 Yes, (LSTM-BO)  

15 101.61 75.01 0.1368 No 

16 96.52 90.06 0.3282 No 

17 83.99 80.35 0.1368 No 

18 97.65 91.78 0.3282 No 

19 109.66 87.04 0.0801 No 

20 118.84 92.71 0.1368 No 

21 115.44 86.31 0.1368 No 

22 113.03 91.31 0.2188 No 

23 118.71 115.82 0.1368 No 

24 107.72 117.91 0.6105 No 

25 130.60 140.31 0.6105 No 

26 140.127 144.80 0.7578 No 

27 145.54 159.79 0.3282 No 

28 163.43 158.25 0.3282 No 

29 172.029 171.32 0.7578 No 

30 180.12 192.99 0.6105 No 
Note: Bold values denote the lower MAE, indicating better model 

performance at each step. 
 

 
 

Figure 9. Boxplot for the MAPEs obtained from LSTM and BiLSTM models with and without BO for the monthly electricity 

consumption in Brazil 
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Further, for the Brazilian dataset (Figure 9), BiLSTM-BO 

again demonstrates the lowest median MAPE and smallest 

spread, followed by LSTM-BO. These results confirm that 

Bayesian optimization significantly improves both LSTM and 

BiLSTM performance. Standard LSTM and BiLSTM without 

optimization perform worse, with LSTM showing the weakest 

generalization and the highest variability in the test phase. 

Overall, applying BO substantially reduced forecasting 

errors, with the largest gains observed for BiLSTM. For the 

German dataset, BO reduced BiLSTM’s test MAE and MAPE 

by 53.80% and 54.71%, respectively, compared with the non-

optimized BiLSTM baseline, while for Brazil, the reductions 

were 51.26% and 50.56%. LSTM models also benefited, 

particularly for Brazil, where test MAE and MAPE decreased 

by 43.04% and 46.03%, respectively, relative to the non-

optimized LSTM baseline. The only exceptions were the 

German training MAE and test MAPE for LSTM, where BO 

resulted in slightly higher errors. As shown in Figure 6, the 

distribution of MAPE values for LSTM-BO in the German 

dataset exhibits a narrower spread compared with LSTM, 

suggesting that BO improved the stability of model 

performance even when the median error was marginally 

higher. These results highlight the strong positive impact of 

BO, particularly when combined with the bidirectional 

architecture. 

 

3.2 Discussion  

 

BO introduces additional computational overhead due to its 

iterative search and model evaluation process. All experiments 

were conducted on the Kaggle platform, utilizing a single 

NVIDIA P100 GPU (16 GB RAM) in a Python environment 

with TensorFlow and Keras APIs. The training time varied 

across configurations: for the BO-enhanced models, the 

runtime ranged from approximately 38 minutes for LSTM 

(Brazil) to 3 hours 43 minutes for BiLSTM (Germany), 

whereas the non-optimized models required only 14–20 

minutes to train. Although BO substantially increased the 

computational cost, the optimization was performed offline 

and only once for each dataset. Once the optimal 

hyperparameters were identified, retraining the models for 

operational forecasting required significantly less time. This 

balance between computational cost and predictive 

performance underscores the practicality of BO as a data-

driven approach that enhances model robustness while 

reducing the need for manual tuning in future retraining 

cycles. 

Regarding forecasting results, the BiLSTM-BO model 

consistently outperformed the other approaches across both 

datasets, achieving the best accuracy and stability during 

training and testing. Its strong performance stems from the 

synergy between bidirectional processing, capturing temporal 

information from both past and future contexts, and the 

adaptive parameter search enabled by BO, which optimizes 

model configuration for higher forecasting accuracy. 

The benefit of Bayesian optimization is clear in both the 

daily and monthly experiments. For the German dataset, 

BiLSTM-BO produced the lowest average errors and the most 

consistent results across folds, maintaining reliable accuracy 

even when predicting up to 30 days ahead. For the Brazilian 

dataset, BiLSTM-BO again achieved the best accuracy, 

followed closely by LSTM-BO. These outcomes emphasize 

how effective hyperparameter optimization can strengthen 

model generalization, particularly for lower-frequency 

monthly data with longer forecasting horizons of up to 12 

months. 

By contrast, standard LSTM and BiLSTM models without 

optimization exhibited higher errors and greater variability, 

underscoring the limitations of fixed hyperparameters in 

capturing complex demand patterns. The performance gap 

between optimized and non-optimized models was more 

pronounced in the monthly Brazilian dataset, suggesting that 

tuning plays a more critical role when dealing with smaller 

datasets and long-term forecasts, where overfitting or 

underfitting risks are higher. 

These findings align with previous studies reporting that 

bidirectional architectures can capture richer contextual 

information [36], and that systematic hyperparameter 

optimization can significantly enhance forecasting 

performance [23]. Overall, the consistent superiority of 

BiLSTM-BO across datasets and forecasting horizons 

demonstrates its robustness and suitability for practical 

electricity demand forecasting applications. It is also 

noteworthy that the forecasting improvements observed in this 

study align with recent calls for more data-efficient 

optimization strategies in energy forecasting [20]. By 

demonstrating that Bayesian optimization substantially 

reduces error rates with relatively modest computational 

budgets, our findings provide practical guidance for energy 

researchers and industry practitioners who often face resource 

constraints. 

In addition to model optimization, normalization techniques 

were also found to influence forecasting performance. 

Although detailed numerical results are not presented here, 

additional experiments were conducted using both min–max 

normalization and z-score standardization. The outcomes were 

not entirely consistent across datasets. Despite the upward 

trend in electricity consumption, models trained with min–

max normalization often performed better for the Brazil 

dataset, whereas standardized data yielded slightly lower 

errors for Germany. This may appear counterintuitive, as 

standardization is commonly preferred for trending data to 

center the distribution. However, LSTM and BiLSTM 

architectures rely on the compatibility of input values with 

activation functions such as tanh and sigmoid, which operate 

most effectively within constrained input ranges. These results 

suggest that the effect of normalization depends on the 

temporal characteristics of the data. For the Germany dataset 

(Figure 4), characterized by strong seasonality and relatively 

stable amplitude, standardization preserved fluctuations 

around a consistent mean. In contrast, the Brazil dataset 

(Figure 5) exhibits a pronounced upward trend and larger 

magnitude variation, where min–max normalization helped 

maintain proportional scaling and stabilize gradient updates. 

Overall, no single normalization method consistently 

outperformed the other; their effectiveness appears linked to 

data dynamics and model sensitivity. Consequently, the 

interaction between normalization choice and temporal 

structure should be carefully considered when designing deep 

learning pipelines for forecasting tasks. 

From a practical standpoint, these results suggest that 

combining bidirectional LSTM architectures with Bayesian 

optimization can provide utility companies and energy 

planners with more reliable forecasts for both short-term and 

long-term electricity demand. The ability of BiLSTM-BO to 

maintain high accuracy and stability across different temporal 

frequencies means it can be adapted to various operational 

contexts, from daily grid balancing to annual capacity 
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planning. This versatility is particularly important in the 

energy sector, where reliable demand forecasts play a key role 

in optimizing costs, allocating resources efficiently, and 

maintaining grid stability. Even so, the real-world 

applicability of the proposed BO-enhanced LSTM and 

BiLSTM models should be interpreted with care. The 

Brazilian dataset, for instance, includes the period affected by 

the COVID-19 pandemic, during which electricity 

consumption patterns deviated markedly from historical 

behavior. These irregularities may limit the accuracy of long-

term forecasts (up to 12 months ahead) and highlight the 

importance of incorporating external variables or adaptive 

retraining methods in future work. Despite these challenges, 

the results contribute valuable insights into model 

generalization and the role of parameter optimization in 

improving electricity demand forecasts. 

For future research, incorporating relevant exogenous 

variables such as temperature, humidity, and other climate 

indicators may further enhance forecast accuracy, particularly 

in regions where electricity demand is strongly shaped by 

weather conditions. Integrating these variables into the 

BiLSTM-BO framework could lead to more adaptive and 

robust forecasting models for real-world energy management. 

 

 

4. CONCLUSION 

 

This study evaluated the performance of LSTM and 

BiLSTM models, both with and without Bayesian 

optimization, using electricity consumption data from 

Germany (daily) and Brazil (monthly). Applying a rolling-

window time series cross-validation, the analysis showed that 

BiLSTM-BO achieved the most accurate and stable forecasts 

across both datasets, up to 30 days ahead for Germany and up 

to 12 months ahead for Brazil. The use of Bayesian 

optimization notably enhanced model generalization, 

particularly for the lower-frequency monthly data, where the 

improvement over non-optimized models was more evident. 

The findings highlight the advantages of combining 

bidirectional processing with data-driven hyperparameter 

tuning, offering a robust and transferable forecasting 

framework that can support both short-term operational 

planning and long-term capacity management in the energy 

sector. From a practical perspective, the adaptability of 

BiLSTM-BO across different temporal frequencies provides 

valuable guidance for utilities and energy planners seeking 

reliable forecasting solutions under diverse operating 

conditions.  

This study is limited to univariate electricity consumption 

data without incorporating exogenous factors such as weather 

and socio-economic indicators, or anomalous events like the 

COVID-19 pandemic. Future research should expand the 

framework by incorporating climate and external drivers, 

exploring multi-step forecasting strategies, and testing hybrid 

approaches that combine deep learning with statistical or 

physics-informed approaches. Such advancements could 

further enhance the adaptability and resilience of forecasting 

systems, supporting the development of sustainable and data-

driven energy management practices. 
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