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Accurate long-term electric load forecasting—multi-year, day-ahead peak-

load prediction—is critical for planning, operations, and policy. While 

traditional statistical and shallow machine-learning methods often struggle 

with nonlinear and multi-scale temporal patterns, deep learning offers 

promising alternatives. This study conducts a systematic, controlled 

comparison of three architectures—Multilayer Perceptron (MLP), 

Convolutional Neural Network (CNN), and Long Short-Term Memory 

(LSTM)—within a unified Bayesian hyperparameter optimization protocol 

using daily peak-load data from the New South Wales (NSW) electricity 

market, 2015–2021, with a 365-day look-back window. Under identical data 

splits, objective, and search procedures, CNN delivers the best accuracy 

across all metrics (MAE = 699, MSE = 791,838, RMSE = 890, MAPE = 

7.53%), MLP performs slightly worse, and LSTM yields the most significant 

errors alongside the most extended runtime. These results indicate that, under 

consistent tuning and a one-year context window, CNN captures local 

variations more effectively than the recurrent alternative in this setting. The 

research contribution of this study is a fair, empirical benchmark of widely 

used deep models (MLP, CNN, LSTM) for multi-year, day-ahead peak-load 

forecasting under a single Bayesian optimization framework, offering 

practical guidance for model selection. Reproducibility is facilitated by fixed 

random seeds and comprehensive configuration/trace logging. Limitations 

include an intentionally univariate design (no exogenous variables), a focus 

on learned architectures rather than naïve baselines, and the absence of 

uncertainty quantification; future work will extend to multivariate inputs 

(e.g., weather and calendar effects), hybrid CNN–LSTM and Transformer-

based models, and broader baseline and robustness evaluations. 
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1. INTRODUCTION 

Long-term electric load forecasting is crucial in power system planning, generation scheduling, and stable 

grid operation. In this study, “long-term” refers to multi-year, day-ahead peak-load forecasting using daily 

data, which directly supports capacity planning, asset investment, tariff design, and policy decisions. Accurate 

long-term forecasts enable utilities to optimize resource allocation and maintain system reliability while 

minimizing operational costs and the risk of outages. We focus on New South Wales (NSW), Australia, from 

2015 to 2021, which captures typical seasonality and pandemic-related anomalies, providing a challenging and 

representative evaluation setting. Historically, traditional statistical and econometric models such as regression 

[1]–[5], ARIMA (Autoregressive Integrated Moving Average) [6]–[10], and exponential smoothing [11]–[14] 

have been widely applied in load forecasting due to their simplicity, ease of implementation, and effectiveness 

when data exhibit linear and stable patterns. However, these approaches face significant limitations in modeling 

complex nonlinear relationships and tend to lose accuracy when the data are highly volatile because of seasonal 

factors, weather conditions, or sudden demand shocks. To address these limitations, machine learning methods 

such as Support Vector Regression (SVR) [15]–[18], Random Forests [19]–[20], and Extreme Gradient 

Boosting (XGBoost) [21]–[27] have been introduced, offering improved capability in capturing nonlinearities, 

handling large datasets, and achieving higher accuracy than traditional models. Nevertheless, these methods 

rely heavily on manual feature engineering, are prone to overfitting without careful tuning, and are less 

effective at fully capturing the temporal dependencies inherent in electricity load data. 

The emergence of deep learning has opened a new direction for load forecasting, overcoming many 

limitations of traditional and machine-learning approaches. Models such as Convolutional Neural Networks 

(CNNs) [28]–[37], Long Short-Term Memory (LSTM) networks [38]–[43], and Multilayer Perceptrons 

(MLPs) [44]–[49] enable automatic feature extraction, represent complex nonlinear dependencies, and capture 

temporal dynamics with limited manual preprocessing. The Transformer architecture [50]–[56], originally 

developed for natural language processing, has also been applied to time-series forecasting via attention 

mechanisms that capture both short- and long-term dependencies. However, to establish a transparent and 

interpretable baseline across canonical DL architectures, this study focuses on MLP, CNN, and LSTM; 

Transformer-based models are left to future work due to their substantially higher design complexity and 

computational cost. Despite this progress, two gaps remain for long-term horizons. First, prior studies rarely 

provide an apples-to-apples comparison of MLP, CNN, and LSTM under a unified hyperparameter 

optimization protocol, making it challenging to attribute performance differences to architectures rather than 

tuning choices. Second, evidence is limited regarding which architecture is most suitable when models are 

tuned consistently and evaluated on the same long-horizon data and metrics. Forecasting accuracy and 

robustness depend on architectural design and hyperparameters (e.g., number of layers/neurons, learning rate, 

batch size, regularization). Regardless of architectural advances, the performance of deep models hinges on 

proper hyperparameter configuration. While grid search, random search, and metaheuristics have been applied, 

they can be computationally expensive and inefficient in large search spaces. In this context, Bayesian 

optimization [57]–[63] offers a practical balance between exploration and exploitation, typically requiring 

fewer model evaluations to approach optimal configurations. 

This study addresses the aforementioned gaps by conducting a controlled comparative evaluation of MLP, 

CNN, and LSTM for long-term (multi-year, day-ahead peak-load forecasting using daily data) electric load 

forecasting under a unified Bayesian hyperparameter optimization framework. We standardize data splits, the 

objective (validation MAPE), and model-specific search spaces across all architectures to ensure fair 

comparability. The research contribution is threefold: A systematic, controlled comparison of MLP, CNN, and 

LSTM for long-term, day-ahead peak-load forecasting using daily data under a unified Bayesian optimization 

framework; Empirical evidence showing that CNN achieves the best overall accuracy across MAE, MSE, 

RMSE, and MAPE, with MLP close behind and LSTM underperforming both in accuracy and runtime; 

Practical guidance for selecting DL architectures in long-term planning, clarifying the trade-offs between 

accuracy and computational cost. Scope and research focus. We aim to quantify how Bayesian hyperparameter 

optimization affects different learned architectures under an identical search budget. Accordingly, we 

emphasize like-for-like comparisons among MLP, CNN, and LSTM. While simple seasonal/persistence 

baselines provide proper context, a comprehensive baseline survey would broaden the scope beyond our 

optimization-centric research questions and is therefore deferred to future work; this is noted again in the 

limitations. 
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2. THEORETICAL BACKGROUND 

2.1. MLP – Multilayer Perceptron 

The Multi-Layer Perceptron (MLP) is a subclass of artificial neural networks widely used for 

classification and regression tasks. As a Deep Neural Network (DNN) family member, MLPs can approximate 

complex nonlinear relationships, making them suitable for high-dimensional and nonlinear problems. An MLP 

consists of three main components: an Input layer receiving raw features; Hidden layers extracting hierarchical 

patterns through weighted linear combinations and nonlinear activation functions; and an Output layer that 

produces the final prediction (a class label for classification or a continuous value for regression). The learning 

process of an MLP includes forward propagation and backpropagation. In forward propagation, inputs are 

transformed layer by layer through linear operations and activation functions. Backpropagation then adjusts 

the weights and biases using gradients of the loss function to minimize prediction errors. Where, 𝑧𝑙 is the linear 

combination between the pre-layer output and weights, plus bias. Wl is the weighted matrix between class -1 

and class 𝑙. 𝑎𝑙−1 is the output of class -1 𝑙. 𝑏𝑙: Is the bias of the class  𝑙. 𝑎𝑙 is the output of the second class, 

which is the result after applying the trigger function l. 𝜎 is the trigger function. 𝑦̂ is the predicted output value. 

𝑦 is the actual value. 
𝜕𝐿

𝜕𝑎𝑙 is the derivative of the loss function L for class output 𝑙. 𝑚 is the number of samples 

in the training dataset. Gradient for calculation via trigger function 𝑧𝑙. 
𝜕𝐿

𝜕𝑧𝑙 is the gradient of the loss function 

for pure input 𝑧𝑙. 
𝜕𝐿

𝜕𝑎𝑙 is the gradient of the loss function to the output of the class 𝑙. 𝑊𝑙 is the weighted matrix 

in the second class   𝑙. 𝜂 is the learning rate. 𝜂
𝜕𝐿

𝜕𝑊𝑙 is the derivative (gradient) of the loss function L by weight 

𝑊𝑙. 𝜂 Is the speed of learning. 𝑏𝑙 is the bias of the class, making the model more flexible when learning 𝑙. 
𝜕𝐿

𝜕𝑏𝑙: 

The derivative of the loss function L for the bias in the class 𝑙.  

 𝑧𝑙 = 𝑊𝑙𝑎(𝑙−1) + 𝑏𝑙 (1) 

 𝑎𝑙 = 𝜎(𝑧𝑙) (2) 

 Loss =  L(𝑦̂, y) (3) 

 ∂L

∂al
=

2

m
(ŷ − y) (4) 

 𝜕𝐿

𝜕𝑧𝑙
=

𝜕𝐿

𝜕𝑎𝑙
𝜎′𝑧𝑙 (5) 

 
𝑊𝑙 = 𝑊𝑙 − 𝜂

𝜕𝐿

𝜕𝑊𝑙
 (6) 

 
𝑏𝑙 = 𝑏𝑙 − 𝜂

𝜕𝐿

𝜕𝑏𝑙
 (7) 

 
𝜎(𝑥) =

1

1 + 𝑒−𝑥
 (8) 

 
tanh(𝑥) =

𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 +  𝑒−𝑥
 (9) 

 ReLU(x) = max(0, 𝑥) (10) 

 Leaky ReLU(x) = max(α𝑥, 𝑥) (11) 

 
ℒ = − ∑ 𝑦(𝑖) log(𝑦̂(𝑖)) + (1 − 𝑦(𝑖))log (1 − 𝑦(𝑖)

𝑚

𝑖=1

) (12) 
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𝑀𝑆𝐸 =

1

𝑚
∑(𝑦(𝑖) − 𝑦̂(𝑖))2

𝑚

𝑖=1

 (13) 

 

2.2. LSTM – Long Short-Term Memory 

Long Short-Term Memory (LSTM) networks are specialized Recurrent Neural Networks (RNNs) 

designed to capture long-term dependencies in sequential data. Unlike conventional RNNs, which often suffer 

from vanishing or exploding gradients when trained on long sequences, LSTM networks employ a memory 

cell and a system of gates—input, forget, and output—that regulate the flow of information. This gating 

mechanism allows the network to retain valuable information and selectively discard irrelevant details over 

time. An LSTM cell is composed of four key elements: a memory cell that stores information across multiple 

time steps, an input gate that controls the incorporation of new information, a forget gate that decides which 

data to discard, and an output gate that regulates the information passed to the next layer. These gates use 

nonlinear activation functions, typically the sigmoid and hyperbolic tangent (tanh), to determine how much 

information flows through the cell at each step. 

This structure makes LSTM networks highly effective for modeling nonlinear relationships and temporal 

dependencies in time-series data, including electricity load forecasting. They can learn from historical 

consumption patterns, seasonal fluctuations, and external variations to predict future demand. The selective 

memory mechanism enables LSTM to retain critical historical context while filtering noise, often resulting in 

superior accuracy compared to traditional RNNs. However, the performance of LSTM is sensitive to 

hyperparameters such as the number of layers, memory units, learning rate, batch size, and dropout rate. Poorly 

tuned configurations may lead to underfitting, overfitting, or slow convergence, highlighting the necessity of 

systematic hyperparameter optimization to fully exploit the forecasting capabilities of LSTM models. The 

internal operations of an LSTM cell can be mathematically formulated as follows, where the gating 

mechanisms regulate the flow of information over time: 

 it = σ(Wi[ht−1,𝑥t] + bi) (14) 

 ft = σ(Wf[ht−1,𝑥t] + bf) (15) 

 𝐶𝑡̂ = tanh(Wc[ht−1,𝑥𝑡] + bc) (16) 

 𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡̂ (17) 

 𝑜𝑡 = 𝜎(𝑊0[ℎ𝑡−1, 𝑥𝑡] + 𝑏0 (18) 

 ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝑐𝑡) (19) 

At time t, the input variable is denoted as 𝑥𝑡. The symbols 𝑊𝑖 , 𝑊𝑓 , 𝑊𝑐 , 𝑊𝑜  represent the weight matrices, 

where it corresponds to the input gate, and 𝑓𝑡 , 𝑜𝑡 , 𝐶𝑡  denote the forget gate, output gate, and cell state, 

respectively. The sigmoid activation function is denoted by σ, while ℎ𝑡  represents the hidden state output at 

time t in vector form. Additionally, 𝑏𝑖 , 𝑏𝑓 𝑎𝑛𝑑 , 𝑏𝑐 , 𝑏𝑜 are the bias terms associated with each gate in the LSTM 

architecture. 

 

2.3. CNNs - Convolutional Neural Network 

Convolutional Neural Networks (CNNs) are robust deep learning architectures that process grid-

structured data, such as images and one-dimensional time series. Initially developed for computer vision tasks 

like face recognition, object classification, and localization, CNNs have been successfully adapted for short-

term load forecasting (STLF). A typical CNN model consists of four main components: Convolutional layers, 
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which extract local features using learnable filters. Activation functions: introduce nonlinearity to enhance 

representational capacity. Pooling layers: reduce dimensionality and computational complexity. Fully 

connected layers: integrate extracted features for the final prediction. In time-series forecasting, 1-D CNNs are 

applied by sliding kernels along the temporal dimension to capture sequential patterns such as daily or seasonal 

load curves. CNNs are advantageous compared to recurrent models due to faster training, parallelization 

capability, and effective performance even with limited historical data. However, their effectiveness depends 

on appropriate hyperparameter selection (e.g., number of layers, filters, kernel size, learning rate, batch size, 

and epochs). 

 𝑆(𝑖, 𝑗) = (𝐹 ∗ 𝐼)(𝑖, 𝑗) = ∑ ∑ 𝐹(𝑚, 𝑛)𝐼(𝑖 − 𝑚, 𝑗 − 𝑛)
𝑛𝑚

 (19) 

 𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(0, 𝑥) 
(20) 

 𝑃(𝑖, 𝑗) = 𝑚𝑎𝑥𝑘,𝑙∈𝑤𝑖𝑛𝑑𝑜𝑤  𝐼(𝑖 + 𝑘, 𝑗 + 𝑙) 
(21) 

 𝑦 = 𝑊𝑥 + 𝑏 
(22) 

Where, 𝑆(𝑖, 𝑗) is the value at position (i, j) in the feature map. size 𝑚 𝑥 𝑛 filter of size 𝑚 𝑥 𝑛. (𝑖 − 𝑚, 𝑗 − 𝑛) is 

the represents the corresponding region in the input image. 𝑥 is the input of the activation function, which 

selects the better value between 0 and 𝑥. If 𝑥 is less than 0, the output will be 0; if 𝑥 is greater than 0, the 

output will remain 𝑥. The ReLU function enhances the neural network’s ability to learn nonlinear features 

while reducing the vanishing gradient problem, making the model more efficient during training. 𝐼(𝑖 + 𝑘, 𝑗 +
𝑙) is a small region in the feature map. 𝑥 is the input from the previous layer. 𝑊 is the weighted matrix, and b 

is the bias vector. 

 

2.4. Bayesian Hyperparameter Optimization 

Hyperparameter optimization improves deep learning models' performance and generalization ability. 

Unlike model parameters learned during training, hyperparameters such as the number of layers, hidden units, 

learning rate, batch size, and dropout rate must be predefined. Poorly chosen hyperparameters may lead to 

underfitting, overfitting, or unstable convergence, reducing forecasting accuracy. Traditional search methods, 

such as grid search and random search, are limited in efficiency because they require extensive evaluations 

over large search spaces, making them computationally expensive. Bayesian optimization offers an efficient 

alternative by treating hyperparameter tuning as a black-box optimization problem. Instead of exhaustively 

searching the space, Bayesian methods build a probabilistic surrogate model (commonly Gaussian Processes 

or Tree-structured Parzen Estimators) to approximate the relationship between hyperparameters and validation 

performance. At each iteration, the surrogate model predicts promising hyperparameter configurations, while 

an acquisition function balances exploration of untested regions and exploitation of known good areas. This 

approach allows Bayesian optimization to converge faster to near-optimal solutions with fewer evaluations 

than conventional methods. In load forecasting, Bayesian optimization is applied to systematically tune the 

hyperparameters of MLP, CNN, and LSTM models. The objective is to minimize forecasting error, measured 

by metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute 

Percentage Error (MAPE). By integrating Bayesian optimization into the training pipeline, this study ensures 

fair comparison among models and highlights the impact of hyperparameter tuning on improving predictive 

accuracy and model reliability. 

 

3. PROPOSED METHOD 

3.1. Model Architectures MLP 

The Multilayer Perceptron (MLP) model was implemented as a baseline deep learning architecture for 

long-term electric load forecasting. The network consists of four fully connected hidden layers, where the 

number of neurons in each layer is treated as a tunable hyperparameter. Specifically, the search space included 

{16, 32, 64, 128} neurons per hidden layer, allowing the architecture to adaptively capture nonlinear 

dependencies in the data. All hidden layers used the Rectified Linear Unit (ReLU) activation function to 

improve convergence speed and mitigate the vanishing gradient problem. The output layer contained a single 
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linear unit to generate continuous load forecasts. The Adam optimizer optimized the model with a fixed 

learning rate of 0.001. Two alternative loss functions—Mean Squared Error (MSE) and Mean Absolute Error 

(MAE)—were incorporated into the hyperparameter search to ensure fairness in evaluation. In addition, the 

batch size was selected from {16, 32, 64}, and the number of training epochs ranged from 50 to 250. Bayesian 

Optimization with Gaussian Process priors (BayesSearchCV) was employed to explore the hyperparameter 

space efficiently. A three-fold cross-validation scheme was used, with the Mean Absolute Percentage Error 

(MAPE) as the objective scoring metric. Each configuration was evaluated across folds to compute the average 

validation error. The best-performing set of hyperparameters was selected based on the lowest cross-validated 

MAPE, ensuring robust generalization to unseen data. The complete training and hyperparameter optimization 

process was timed to record computational cost. This procedure provides predictive accuracy and a fair basis 

for comparing the MLP against other CNN and LSTM architectures under a consistent evaluation framework. 

 

3.2. Model Architectures LSTM 

The Long Short-Term Memory (LSTM) network was adopted to capture long-range temporal 

dependencies inherent in electric load data. The architecture consisted of four stacked LSTM layers, each 

parameterized by a tunable number of units selected from {16, 32, 64, 128}. All hidden layers employed the 

Rectified Linear Unit (ReLU) activation function to enhance non-linearity and mitigate vanishing gradient 

issues. Dropout with a fixed rate of 0.2 was applied after each recurrent layer to prevent overfitting. The final 

layer of the model was a fully connected dense layer with a single linear neuron, producing the load forecast. 

The optimizer used was Adam with a learning rate of 0.001. Mean Squared Error (MSE) and Mean Absolute 

Error (MAE) were included as candidate loss functions in the hyperparameter search to ensure a fair 

comparison across architectures. Additional hyperparameters considered included batch size {16, 32, 64} and 

epochs {50, 100, 150, 200, 250}. The model was trained using Bayesian Search. Each candidate configuration 

was evaluated using three-fold time series cross-validation, and the mean Mean Absolute Percentage Error 

(MAPE) was employed as the optimization criterion. Early stopping was applied to reduce overfitting and 

shorten training time. The optimization process yielded the best-performing LSTM configuration, which was 

stored in JSON and CSV formats for reproducibility and further analysis. This systematic tuning ensures that 

the LSTM results are directly comparable with those of the MLP and CNN architectures under the same 

experimental framework. 

 

3.3. Model Architectures CNN 

The Convolutional Neural Network (CNN) architecture was designed to capture local temporal patterns 

in the load data through convolutional feature extraction. The model consists of four one-dimensional 

convolutional layers, each parameterized by a tunable number of filters selected from {16, 32, 64, 128}. All 

convolutional layers employed a kernel size of 3 with “same” padding to preserve the input dimensionality, 

and used the Rectified Linear Unit (ReLU) activation function for non-linearity. Following the convolutional 

blocks, the extracted features were flattened and passed through a fully connected dense layer with 64 neurons 

and ReLU activation. A dropout layer with a fixed rate 0.2 was applied to mitigate overfitting before the output 

stage. The final output layer was a single linear neuron, producing continuous electric load forecasts. The 

network was optimized using the Adam optimizer with a learning rate 0.001. Mean Squared Error (MSE) and 

Mean Absolute Error (MAE) loss functions were incorporated into the hyperparameter search to maintain 

fairness across models. The batch size was also selected from {16, 32, 64}, and the number of epochs ranged 

between 50 and 250. For hyperparameter optimization, Bayesian Optimization was employed through 

BayesSearch with 20 iterations. A three-fold cross-validation scheme was applied, and the objective metric 

was the Mean Absolute Percentage Error (MAPE). Each candidate configuration was evaluated across folds, 

and the mean validation MAPE was used to guide the optimization. The total training time for the search was 

recorded to quantify computational cost. The optimal hyperparameters identified by this process represent the 

most effective CNN configuration under the evaluation framework, allowing for a fair performance comparison 

with MLP and LSTM architectures. 

 

3.4. Bayesian Hyperparameter Optimization and Evaluation Protocol  

To enable a fair and systematic comparison, the hyperparameters of the MLP, CNN, and LSTM models 

were optimized with BayesSearchCV (scikit-optimize). The Bayesian procedure employs a Gaussian-process 

surrogate and an exploration–exploitation acquisition rule to traverse the search space efficiently. The series 

was first split chronologically into 80% training and 20% hold-out test (shuffle = False). Within the training 

80%, each candidate configuration was evaluated via three-fold time-series cross-validation under an 

expanding-window protocol (no shuffling; a temporal gap was used to mitigate leakage). The objective 
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minimized during model selection was the mean cross-validated MAPE (%), implemented as 

scoring='neg_mean_absolute_percentage_error'. After model selection, the best configuration for each 

architecture was retrained on the 80% training subset and assessed on the 20% hold-out test using MAE, MSE, 

RMSE, and MAPE. Training employed early stopping (monitoring validation loss, patience = 10, restoring 

best weights) to reduce overfitting and shorten evaluation time. The search budget was set to 20 trials per 

architecture to balance solution quality and computational cost. No feature scaling or normalization was 

applied; Peak Load remains in MW throughout preprocessing and modeling. An additional advantage of 

BayesSearchCV is sample efficiency. By fitting a Gaussian-process surrogate and using an uncertainty-aware 

acquisition rule (e.g., expected improvement or lower confidence bound), it concentrates evaluations on 

promising regions of the search space and often finds strong configurations under a small budget. The method 

naturally supports mixed hyperparameter types (continuous, integer, categorical), integrates cleanly with time-

series cross-validation, and is robust to noisy fold estimates by modeling uncertainty rather than relying on 

single point evaluations—thereby lowering computational cost and reducing the risk of overfitting to a single 

split. Environment and reproducibility. Experiments were conducted on Google Colab (high-performance 

CPUs and ample memory) using Python 3.10 and TensorFlow 2.12. Random seeds were fixed for all runs, and 

complete optimization traces (hyperparameters, fold-wise scores, and early-stopping epochs) were logged and 

stored. Wall-clock runtime was recorded to report computational cost. 

 

3.5. Algorithm Flowchart 

The flowchart in Figure 1 provides a comprehensive illustration of the procedure adopted in this study 

for long-term electric load forecasting using deep learning models, where model hyperparameters are 

optimized through a Bayesian approach. The process begins with the input of raw data (Y1, Y2, …, Yn), 

followed by preprocessing steps aimed at normalizing the data and dividing it into two distinct sets: the training 

set (X_train, Y_train) and the test set (X_test, Y_test).  

 

 
Figure 1. Proposed Framework for Long-Term Electric Load Forecasting Using Bayesian Hyperparameter Optimization 

 



632 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572 

 Vol. 7, No. 3, September 2025, pp. 625-640 

 

Tuan Anh Nguyen (Bayesian-Optimized MLP-LSTM-CNN for Multi-Year Day-Ahead Electric Load 

Forecasting)  

This preprocessing stage is crucial in ensuring the input data are consistent and suitable for training deep 

learning models. After this step, the hyperparameter search space is defined for the three neural network 

architectures under investigation—MLP, CNN, and LSTM—in which key hyperparameters such as the number 

of neurons, filters, batch size, loss function, and number of epochs are specified within particular ranges of 

values. Subsequently, Bayesian search, implemented through BayesSearchCV, explores the hyperparameter 

space. During this stage, multiple candidate hyperparameter configurations are generated, and for each 

configuration, the model is trained and evaluated using time-series cross-validation (TimeSeriesSplit) to ensure 

objectivity. The process is repeated over 20 trials, and the mean MAPE across folds is recorded at each trial. 

Once the search process is completed, the best hyperparameter configuration is selected based on the lowest 

MAPE value. This ensures that the final result is not determined by arbitrary choice but reflects a systematic 

and rigorous optimization process. With the optimal hyperparameter configuration, the selected model is 

retrained on the whole training dataset to maximize data utilization. The model is then applied to the test set to 

generate predicted values (Ŷ_pred), which are directly compared against the actual values of the test set. 

Finally, a set of error metrics—MAE, MAPE, MSE, and RMSE—is computed to evaluate forecasting 

performance comprehensively. This workflow offers a structured and scientifically rigorous framework and 

demonstrates how Bayesian optimization contributes to ensuring fairness in the comparison among MLP, 

CNN, and LSTM architectures, while simultaneously improving the efficiency of hyperparameter tuning and 

enhancing the accuracy of long-term electric load forecasting. 

 

3.6. Evaluation Method 

This study's evaluation process for long-term load forecasting follows a structured workflow, as illustrated 

in Figure 1. The procedure begins with raw input data Y1, Y2,…, Yn, which are preprocessed and divided into 

two subsets: the training set X_train, Y_train, and the testing set X_test, Y_test. After preprocessing, a 

hyperparameter search space is defined for the three considered deep learning models (MLP, CNN, and 

LSTM). The Bayesian optimization framework is then employed to explore this search space. At each iteration, 

the Bayesian search algorithm proposes candidate hyperparameter configurations, which are used to train the 

forecasting models. The models are evaluated based on validation performance, and the process is repeated for 

a fixed number of trials. Once the search is completed, the configuration yielding the lowest validation error is 

selected as the best hyperparameter setting. Using these optimal hyperparameters, the model is retrained from 

scratch on the whole training dataset. After training, the model generates predictions Y^pred for the test dataset. 

The accuracy of the forecasts is assessed by comparing predicted values with actual observations. Four standard 

error metrics are employed: Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Mean 

Squared Error (MSE), and Root Mean Square Error (RMSE). These metrics provide a comprehensive 

evaluation, where MAE and MAPE capture average error magnitude, while MSE and RMSE emphasize large 

deviations. This multi-metric evaluation ensures that each model's performance is measured regarding average 

accuracy and robustness to extreme variations. 

 

4. RESULT AND DISCUSSION 

4.1. Data  

The dataset was obtained from the Australian Energy Market Operator (AEMO) for New South Wales 

(NSW), Australia), covering 01/2015–12/2021 with 2558 daily observations of Peak Load (MW). In this study, 

we use only Peak Load as the predictor/target (univariate setting); we do not include additional endogenous 

features (Minimum/Mean/Std) or exogenous variables (weather, holidays). Focusing on Peak Load allows the 

model to learn directly from the daily demand peak—an operationally critical quantity—while keeping the 

experimental setup compact and transparent for architectural comparison—definition of long-term. “long-term 

forecasting” is defined as day-ahead predictions over multi-year horizons. The 2015–2021 period spans pre-, 

during-, and post-COVID-19, capturing regular seasonality and pandemic-related anomalies. Preprocessing 

and windowing. The DATE column was standardized to a datetime type and sorted chronologically; the data 

were checked for missing values (none found). No scaling/normalization was applied (Peak Load remains in 

MW). We formulate a one-day-ahead task (H = 1 day) with a look-back window K = 365 days: each input 

sample consists of the sequence [x_(t−364),…,x_t] and the target is y_(t+1). From the original 2558 points, 

windowing produces 2193 samples (Shape of X = (2193, 365), Shape of y = (2193,). 

Time-based split. The series is split chronologically with 80% of the windows for training and 20% for 

testing (shuffle = False), yielding: Train: X_train (1754, 365), y_train (1754,); Test: X_test (439, 365), y_test 

(439,). For CNN/LSTM/GRU, inputs are reshaped to (N, 365, 1): X_train→(1754, 365, 1), X_test→(439, 365, 

1). For MLP, the flattened (N, 365) representation is used. We did not apply feature scaling or normalization 

because the peak-load measurements are recorded in consistent, physically meaningful units (MW); 
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transformation methods are beyond the scope of this study and will be considered in future work. Figure 2 

illustrates the daily time series of peak load in New South Wales (NSW), Australia, over the period 2015–

2021. The plot reveals clear seasonal fluctuations in electricity demand. During summer (December to 

February), peak load tends to rise due to the intensive use of air conditioning, while in winter (June to August), 

demand also increases due to heating requirements. By contrast, transitional periods such as spring and autumn 

exhibit relatively more stable load levels, reflecting reduced influence from extreme climatic conditions. 

In addition to seasonal cycles, the data also display abrupt fluctuations with abnormal peaks. These spikes 

are typically associated with extreme weather events such as heatwaves or cold snaps, when the demand for 

cooling or heating devices surges dramatically. The significant day-to-day variations further highlight the 

sensitivity of the electricity load to weather conditions, underscoring the strong interdependence between 

climate and energy consumption. Over the 2015–2021, no clear long-term upward or downward trend in peak 

load can be observed. Instead, the variability appears to be predominantly driven by seasonal factors and short-

term weather conditions rather than a linear growth trajectory. This emphasizes incorporating seasonal and 

climate-related information into load forecasting models to improve predictive accuracy. Figure 3 presents the 

boxplot of daily peak load in New South Wales (NSW), Australia, during 2015–2021, highlighting the 

distributional characteristics of electricity demand. The median peak load is recorded at 9,260.7 MW, 

representing the typical daily demand level. The interquartile range (IQR), from Q1 = 8,501.6 MW to Q3 = 

10,355.4 MW, indicates that 50% of the data are concentrated within this interval, reflecting a relatively stable 

demand pattern around 9,000–10,000 MW. Beyond the central tendency, the data reveal substantial variability. 

The minimum observed value is 6,796.0 MW, while the maximum reaches 13,985.9 MW, demonstrating a 

considerable spread in daily peak demand. Several outliers are also visible above the upper whisker, 

corresponding to exceptionally high demand days. These extreme cases are often associated with prolonged 

heatwaves or other adverse weather events, when electricity consumption for cooling sharply increases. 

Overall, Figure 3 indicates that while most peak load values remain concentrated within a stable range, the 

electricity system in NSW is subject to frequent fluctuations and occasional extreme surges. This underscores 

the importance of developing forecasting models that capture average demand patterns and abrupt variations 

driven by seasonal and climatic factors. 

 

 
Figure 2. Time Series of Daily Peak Load in NSW (2015–2021) 

 

 
Figure 3. Boxplot of Daily Peak Load (2015–2021) 
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4.2. Hyperparameter Grid 

Table 1 summarizes the hyperparameter search space designed for the three deep learning models 

investigated in this study, namely MLP, CNN, and LSTM. Although each model differs in architecture, the 

search space was constructed consistently and parallel to ensure fairness. For the MLP model, four hidden 

layers were employed, with the number of neurons in each layer selected from the set {16, 32, 64, 128}. 

Similarly, in the CNN model, four convolutional layers were configured, and the number of filters was 

optimized within the same set, thereby maintaining consistency with MLP while reflecting the convolutional 

nature of the network. The LSTM model followed the same principle, with four LSTM layers, each containing 

units selected from {16, 32, 64, 128}. The remaining hyperparameters were consistent across the three models 

to eliminate potential bias. Specifically, the learning rate was fixed at 0.001, which is commonly regarded as a 

stable starting point for gradient-based optimization in deep neural networks. Two loss functions, Mean 

Squared Error (MSE) and Mean Absolute Error (MAE), were considered, as they are widely used in regression 

tasks, particularly in load forecasting; MSE emphasizes significant errors, whereas MAE provides a more 

robust evaluation against outliers. The batch size was restricted to {16, 32, 64} to balance convergence stability 

with computational efficiency. Finally, the number of epochs varied between 50 and 250, sufficient to ensure 

model convergence while avoiding unnecessary training costs. The rationale behind this configuration lies in 

ensuring both comparability and practicality. By standardizing the search space across MLP, CNN, and LSTM, 

performance differences can be attributed to the intrinsic learning capability of each architecture rather than 

discrepancies in hyperparameter tuning. Moreover, the selected ranges are consistent with prior studies on 

electricity load forecasting, where small- to medium-sized architectures have proven effective in capturing 

demand dynamics without imposing excessive computational burden. This design thus ensures methodological 

rigor, computational feasibility, and the generalizability of the results. 

 
Table 1. Hyperparameter Space for MLP, CNN, LSTM 

Model Hyperparameters Search Space 

MLP  

Neurons per hidden layer (4 layers) {16, 32, 64, 128} 

Learning rate {0.001} 

Loss function {MSE, MAE} 
Batch size {16, 32, 64} 

Epochs {50, 100, 150, 200, 250} 

CNN  

Filters per conv layer (4 layers) {16, 32, 64, 128} 
Learning rate {0.001} 

Loss function {MSE, MAE} 

Batch size {16, 32, 64} 
Epochs {50, 100, 150, 200, 250} 

LSTM  

Units per LSTM layer (4 layers) {16, 32, 64, 128} 

Learning rate {0.001} 
Loss function {MSE, MAE} 

Batch size {16, 32, 64} 

Epochs {50, 100, 150, 200, 250} 

 

4.3. Evaluation Outcomes 

Figure 4 presents the forecasting performance of the optimized MLP model on the test dataset, where the 

actual load values are compared against the predicted outputs. After Bayesian hyperparameter tuning, the 

results demonstrate that the MLP model can capture the overall dynamics of electricity demand, including 

general trends and seasonal fluctuations. The predicted series aligns relatively well with the actual values, 

particularly in periods of stable demand, which indicates that the MLP can effectively learn the dominant 

patterns in the data. However, the figure also highlights notable discrepancies at extreme load conditions. 

Specifically, the model underestimates sharp peaks during high-demand periods and slightly overestimates 

troughs in low-demand intervals. These deviations suggest that while the MLP architecture is efficient in 

modeling nonlinear relationships, its feedforward structure may be less effective in representing temporal 

dependencies and abrupt changes inherent in load demand. The optimized MLP provides a solid baseline 

performance for long-term load forecasting. 

Figure 5 presents the forecasting performance of the optimized LSTM model on the test dataset, where 

the actual load demand is compared against the predicted values. The results indicate that the LSTM model 

can effectively capture the underlying temporal dynamics of electricity consumption, including recurring trends 

and seasonal fluctuations. Owing to its recurrent architecture, the LSTM demonstrates stronger capability in 

modeling sequential dependencies than feedforward structures, enabling the predicted series to align closely 

with the actual demand during periods of gradual variation. However, the figure also reveals discrepancies at 

extreme conditions. The model underestimates sharp peaks during high-demand intervals and fails to fully 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  635 

 Vol. 7, No. 3, September 2025, pp. 625-640 

 

 

Tuan Anh Nguyen (Bayesian-Optimized MLP-LSTM-CNN for Multi-Year Day-Ahead Electric Load 

Forecasting) 

reproduce the magnitude of sudden load drops. These deviations suggest that while the LSTM excels in 

learning long-term temporal correlations and nonlinear relationships, it remains less responsive to abrupt 

fluctuations and outlier events. Overall, the optimized LSTM provides reliable forecasting accuracy and a 

robust approach for long-term load prediction. However, further refinement may be necessary to enhance its 

ability to capture extreme demand variations. 

Figure 6 presents the forecasting performance of the optimized CNN model on the test dataset, where the 

actual load values are compared against the predicted outputs. After Bayesian hyperparameter tuning, the 

results show that the CNN model can effectively capture the overall dynamics of electricity demand, including 

both long-term trends and short-term fluctuations. The predicted series strongly aligns with the actual values, 

particularly in segments with moderate demand, indicating that the CNN architecture can successfully extract 

local temporal features through its convolutional layers. However, discrepancies remain visible at extreme load 

conditions. In particular, the model occasionally underestimates sharp demand peaks and slightly overestimates 

certain low-demand intervals. These deviations suggest that while CNN excels in capturing localized patterns 

and improving predictive accuracy compared to simpler feedforward models, it may still face challenges in 

fully representing highly volatile or abrupt changes in load behaviour. Overall, the optimized CNN delivers 

robust forecasting accuracy and demonstrates the effectiveness of Bayesian hyperparameter search in 

enhancing its performance for long-term electric load forecasting. 

Table 2 shows a consistent performance ranking across the three architectures, with CNN achieving the 

best results on all metrics, MLP second, and LSTM the worst. Specifically, CNN attains MAE = 699, lower 

than MLP (746, a difference of ≈ 6.7%) and LSTM (909, ≈ 30%). On metrics sensitive to large deviations, 

CNN’s MSE/RMSE (791,838/890) also outperforms MLP (940,334/970) and especially LSTM 

(1,309,799/1,144), indicating better control over extreme errors. In terms of relative error, CNN’s MAPE is 

7.53%, better than MLP (8.02%, +0.49 percentage points ~ +6.5% relative) and LSTM (9.74%, +2.21 

percentage points ~ +29.3% relative). The agreement in ranking across all metrics (CNN < MLP < LSTM) 

supports the conclusion that, under the univariate day-ahead setup with a 365-day window, CNN delivers 

higher and more stable accuracy; MLP is close but still noticeably worse on squared-error metrics, whereas 

LSTM yields the most significant errors—suggesting that the limited tuning budget and/or current 

hyperparameter choices have not effectively leveraged the long-term dependency modeling of sequential 

architectures. The gaps between CNN and LSTM across all metrics are markedly larger than the inter–fold 

variation, indicating practical significance for long-term deployment. CNN also consistently outperforms MLP 

by smaller yet stable margins across all metrics. Figure 7 compares runtime performance among the MLP, 

CNN, and LSTM models after Bayesian hyperparameter optimization in long-term electric load forecasting. 

The results show that the MLP model required 726 seconds, the CNN model took 900 seconds, and the LSTM 

model consumed 8,900 seconds. The chart highlights a significant difference in runtime across the three 

models, with MLP and CNN showing relatively low execution times. At the same time, LSTM required 

considerably more computation time. This distribution reflects the computational cost of each model during 

training and forecasting. 

 

 
Figure 4. Actual vs predicted load using the MLP model optimized with Bayesian Search 
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Figure 5. Actual vs predicted load using the LSTM model optimized with Bayesian Search 

 

 
Figure 6. Actual vs predicted load using the CNN model optimized with Bayesian Search 

 

 
Table 2. Model performance on NSW data (2015–2021) for MLP, LSTM, and CNN 

Metric MLP CNN LSTM 

MAE 746.00 699 909 

MSE 940,334 791,838 1,309,799 

RMSE 970 890 1,144 
MAPE (%) 8.02 7.53 9.74 

 

 
Figure 7. Runtime Across Models 
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4.4. Discussion 

The experimental results in Table 2 reveal apparent differences among the MLP, CNN, and LSTM models 

in the long-term electric load forecasting task. Although LSTM has traditionally been considered a common 

choice for time series tasks due to its ability to model long-term dependencies, the findings of this study indicate 

that its performance in long-term load forecasting is not as effective as expected. This limitation can be 

attributed to the characteristics of load data, which contain strong local fluctuations, seasonal variations, and 

abrupt changes. In such cases, the recurrent structure of LSTM is prone to vanishing gradient issues, thereby 

reducing its ability to fully capture complex variations across extended horizons. In contrast, CNN appears 

more suitable due to its ability to extract local and hierarchical features, enabling the effective modelling of 

short-term and long-term patterns. The lower error values and reasonable training time obtained by CNN 

reinforce the view that convolution-based architectures are efficient in image processing and can adapt well to 

complex time series tasks such as electric load forecasting. Furthermore, MLP, despite being structurally 

simpler, still demonstrated stable results, making it a useful baseline model for comparative studies. 

Another important aspect is the significant difference in computational cost. LSTM required considerably 

longer training time than CNN and MLP, which reduces its practicality for large-scale deployment or 

applications where rapid response is essential. As such, LSTM did not demonstrate predictive accuracy or 

computational efficiency advantages in long-term load forecasting. These findings suggest several directions 

for future improvement. One potential solution is the development of hybrid CNN–LSTM models, where CNN 

is responsible for extracting local features and LSTM for capturing long-term dependencies. Additionally, the 

recent advancements of Transformer-based models, such as the Temporal Fusion Transformer (TFT) and 

Informer, offer promising alternatives due to their ability to model long-term dependencies without suffering 

from vanishing gradient problems. Integrating such architectures with advanced hyperparameter optimization 

strategies could further enhance the accuracy and efficiency of long-term electric load forecasting in future 

research. Although no formal tests are conducted, the observed differences exceed inter-fold variability and 

persist across all metrics, suggesting a tangible benefit of choosing CNN (or MLP) for operational settings. 

This study does not include formal statistical significance testing (Diebold–Mariano tests) or bootstrap 

confidence intervals. We leave these analyses for future work. We do not include seasonal/persistence 

baselines, as the study is scoped to the comparative effect of Bayesian optimization across learned models. 

Future work will complement these results with a broader baseline benchmark. 

 

5. CONCLUSIONS 

This study evaluated MLP, CNN, and LSTM under a unified Bayesian hyperparameter optimization 

protocol for long-term electric load forecasting. The CNN architecture consistently achieved the highest 

accuracy across standard error metrics (MAE, MSE, RMSE, MAPE). At the same time, MLP delivered 

comparable performance at lower architectural complexity, and LSTM exhibited the most significant errors 

and computational cost. These findings underscore the value of Bayesian optimization for establishing a fair 

comparison baseline and improving model effectiveness in long-horizon settings. A practical implication is 

that CNN is a strong default choice for long-term planning scenarios, with MLP as a viable alternative when 

resources are constrained. The present work is limited by a univariate setup and a modest search budget; future 

research will examine multivariate inputs (weather and calendar effects), larger or adaptive search budgets, 

and advanced or hybrid architectures (CNN–LSTM and Transformers) to enhance forecasting accuracy and 

generalizability further. 
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