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 This study proposes a two-stage hyperparameter optimization pipeline for 

convolutional neural network (CNN)–based short-term electricity load 

forecasting. In the first stage, random search is used to broadly explore 

candidate configurations, including the number of filters in each 

convolutional layer, batch size, training epochs, and the loss function. In the 

second stage, Bayesian optimization based on the tree-structured Parzen 

estimator (TPE), implemented in Optuna, refines promising regions of the 

hyperparameter space to obtain a better-performing model. The optimized 

CNN is evaluated using half-hourly (30-minute) electricity demand data from 

New South Wales (NSW), Victoria (VIC), and Queensland (QLD), and is 

benchmarked against a baseline CNN, a multilayer perceptron (MLP), an 

extended short-term memory network, and single-stage optimization variants. 

Across the three regions, the proposed approach achieves mean absolute 

percentage error (MAPE) values between 1.05% and 1.14%, representing an 

improvement of approximately 58% over the baseline CNN. Statistical 

robustness is examined using paired Wilcoxon signed-rank tests with Holm–

Bonferroni correction on per-timestamp errors. Overall, the results indicate 

that combining random search with Bayesian optimization improves CNN 

forecasting accuracy across the three studied regions and provides a 

transparent tuning framework for future replication. 
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1. INTRODUCTION 

Short-term load forecasting (STLF) is critical in modern power system operation and planning. 

Accurate predictions of near-future electricity demand help optimize generation schedules, reduce operational 

costs, lower reserve capacity requirements, and enhance the overall reliability of the grid. Traditional 

forecasting methods, such as linear regression, moving averages, support vector regression (SVR) [1], [2], and 

ARIMA models [3], [4], have been widely used due to their simplicity and ease of implementation. However, 

these models face limitations in capturing nonlinear patterns and short-term fluctuations commonly observed 

in half-hourly (30-minute) electricity load data. With the advancement of deep learning, models such as 

multilayer perceptron (MLP) [5]–[7], long short-term memory (LSTM) [8]–[10], and convolutional neural 

network (CNN) [11]–[13] have demonstrated outstanding potential in time series forecasting tasks. Among 

them, CNNs stand out for their ability to effectively extract local features from sequential data. Nonetheless, 

the performance of deep learning models heavily depends on selecting suitable hyperparameters, such as the 

number of filters, loss functions, batch size, and the number of training epochs. To improve model accuracy, a 

common approach is to apply single-stage hyperparameter optimization, in which a search algorithm, such as 

https://creativecommons.org/licenses/by-sa/4.0/
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grid search [14], [15], random search [16], [17], Bayesian optimization [18]–[20] or genetic algorithm (GA) 

[21]–[25], is directly applied to the whole hyperparameter space to identify the best configuration. While this 

strategy can be effective, it faces challenges in high-dimensional spaces, including high computational cost, 

the risk of getting stuck in local optima, or missing optimal regions due to insufficient search flexibility.  

Despite these advances, several limitations remain unaddressed in existing research. First, single-stage 

optimization strategies often suffer from an imbalance between exploration and exploitation, particularly in 

CNN-based STLF applications. Second, prior studies have rarely conducted comparative evaluations across 

multiple regional datasets to validate model generalizability. Third, the motivation for selecting CNN over 

other deep learning models, such as MLP and LSTM, is often underexplored, despite their fundamental 

differences in architecture and performance behavior. In response to these issues, this study proposes a novel 

two-stage hyperparameter optimization strategy specifically designed to enhance the performance of CNNs in 

STLF. The necessity of including CNN, MLP, and LSTM in this study lies in their distinct structures and 

prevalence in related literature, making the comparison both relevant and valuable. 

This study proposes a two-stage hyperparameter optimization strategy for CNN-based STLF. Stage 

one employs random search for low-cost, broad exploration, while stage two utilizes Bayesian optimization 

(via Optuna) to fine-tune the model in promising regions [26]–[28]. The optimized CNN model 

(RANDOM_BO_CNN) is tested on real half-hourly load data from New South Wales (NSW), Victoria (VIC), 

and Queensland (QLD), and compared to baseline CNN, LSTM, and MLP models using mean absolute error 

(MAE), mean squared error (MSE), root mean squared error (RMSE), mean absolute percentage error (MAPE), 

and execution time. Results show improved accuracy and efficiency. Key contributions include the 

development of a hybrid optimization framework, the application of real-world datasets, and a thorough 

comparison of models. The main contributions of this study are summarized as follows: 

− Proposes a two-stage hyperparameter optimization strategy combining random search and Bayesian 

optimization (TPE) to improve CNN performance for STLF systematically. 

− Provides a comparative evaluation on three regional datasets (NSW, VIC, and QLD) to assess the 

consistency and transferability of the proposed model across the studied regions. 

− Presents a detailed analysis of forecasting accuracy and computational cost trade-offs, offering practical 

insights for balancing performance and efficiency in deep learning model deployment. 

− Supplies a reproducible implementation and parameter search framework, enabling researchers and 

practitioners to replicate and adapt the approach for other forecasting tasks. 

 

 

2. RELATED WORK 

Deep-learning models such as MLPs, LSTM networks, and especially CNN are widely used in STLF 

because they capture local temporal patterns in sequential data [29]–[31]. However, the accuracy of CNN is 

highly sensitive to hyperparameters (number of filters, loss function, batch size, and number of training epochs), 

which makes systematic tuning a necessity rather than an option [32]–[34]. Based on this need, numerous studies 

have employed hyperparameter optimization techniques to enhance model performance. 

However, most prior hyperparameter-optimization approaches follow a single-stage pattern (grid 

search, random search, Bayesian optimization, or GA) [35], [36], which reveals limitations when the search 

space is high-dimensional: computational cost grows rapidly, searches can become trapped in local optima, 

and it is challenging to balance exploration and exploitation [37], [38]. Consequently, several gaps remain:  

i) the lack of a deliberate transition from exploration to exploitation when tuning convolutional-neural-network 

models for STLF; ii) limited cross-regional evaluation, leaving generalizability across different power systems 

underexplored; and iii) insufficient discussion of why CNN are preferable to MLPs or LSTM networks in 

specific short-term load-forecasting regimes. Therefore, a more structured hyperparameter-optimization 

procedure and a broader, region-aware experimental protocol are required. 

Building on these limitations, a practical approach is needed. This design helps avoid poor regions 

early while leveraging the sample efficiency of Bayesian methods in the second stage. The present study 

employs a RANDOM_BO_CNN for CNN-based STLF. It validates it on three regional datasets: NSW, VIC, 

and QLD. Beyond aggregate metrics, the evaluation is performed per timestamp and supported by paired 

Wilcoxon signed-rank tests with the Holm–Bonferroni adjustment. The accuracy–computation trade-off is 

analyzed to inform deployment. This positions the two-stage approach as a practical hyperparameter-

optimization solution that improves accuracy while preserving operational relevance. 

 

 

3. PROPOSED METHOD 

This study proposes a two-stage hyperparameter optimization strategy to enhance the performance of 

CNNs for STLF, following recent research that combines global exploration and local refinement in 
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hyperparameter optimization [39], [40]. First, random search broadly explores the hyperparameter space with 

3-fold cross-validation and negative MAPE as the objective, selecting the best configuration as a starting point. 

Next, Bayesian optimization (TPE via Optuna) refines the search around promising regions for greater 

efficiency and reliability. The CNN is tailored for one-dimensional time series, utilizing stacked Conv1D 

layers, Flatten, dense layers, and dropout to mitigate overfitting, with early stopping to prevent unnecessary 

epochs. Performance is evaluated using MAPE, MAE, RMSE, and MSE for accuracy and generalization. 

Three-fold cross-validation and negative MAPE consistently guide optimization toward minimal forecasting 

error. 

 

3.1.  Convolutional neural network model architecture 

The proposed one-dimensional CNN processes time-series windows of size (48,1), which is consistent 

with common CNN-based architectures used in STLF studies [29]–[31]. The backbone architecture comprises 

four consecutive Conv1D layers with a kernel size of 3, ReLU activation, and “same” padding to preserve 

temporal length; the number of filters increases with depth (16, 32, 64, 128), expanding representational capacity 

and enabling progressively richer feature learning. After the convolutional block, the output is flattened and 

passed to a Dense layer with 64 units and ReLU to learn higher-level feature combinations, followed by a 

Dropout layer with a rate of 0.2 to reduce overfitting. The output layer uses a single linear unit for point 

forecasting of a continuous variable. The model is compiled with the Adam optimizer (learning rate=0.001), 

using MSE as the loss function and MAE as a monitoring metric; unless otherwise specified, training uses a 

batch size of 32, a 20% validation split, and early stopping (patience=20) to determine the effective number of 

epochs. This design leverages 1D convolutions with small kernels to emphasize short-range temporal 

relationships. Increasing filter counts expands representational power without incurring an excessive 

computational burden. A compact Dense head with dropout provides effective regularization, and Adam, with 

a conservative learning rate, yields stable convergence. Wall-clock training time is also recorded to support 

computational-efficiency analysis and experimental comparisons across configurations. To describe the signal 

processing and feature extraction mechanisms of the CNN model, the key equations are given (1)-(4): 

 

𝑆(𝑖, 𝑗) = (𝐹 ∗ 𝐼)(𝑖, 𝑗) = ∑ ∑ 𝐹(𝑚, 𝑛)𝐼(𝑖 − 𝑚, 𝑗 − 𝑛)𝑛𝑚  (1) 

 

𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(0, 𝑥) (2) 

 

P(i, j) = maxk,l∈window I(i + k, j + l (3) 

 

y = Wx + b (4) 

 

3.2.  Two-stage hyperparameter optimization strategy 

A two-stage hyperparameter optimization strategy was developed to enhance the performance of the 

CNN model in STLF. In the first stage, random search was employed to perform a broad, global exploration 

of the hyperparameter space, quickly identifying regions with promising performance. To ensure statistical 

reliability, each randomly sampled configuration was evaluated using three-fold cross-validation and the 

negative MAPE criterion. The best-performing set of hyperparameters obtained from this stage served as the 

initial seed for the next phase. 

In the second stage, bayesian optimization (bayesian optuna framework with the tree-structured 

Parzen estimator (TPE)) was applied to refine the search locally around the most promising regions discovered 

earlier. This study employed Optuna’s TPE algorithm instead of conventional Gaussian process–based 

Bayesian optimization because TPE scales more efficiently in high-dimensional and discrete hyperparameter 

spaces, avoids assumptions about Gaussian distributions, and achieves faster convergence in deep learning 

applications. This stage used probabilistic modeling to balance exploration and exploitation, thereby 

converging efficiently toward the global optimum while avoiding redundant evaluations of poor configurations. 

The process was repeated using three-fold cross-validation and the negative MAPE objective function. After 

finding the optimal configuration, the final CNN model was trained on the complete training dataset with early 

stopping to prevent overfitting. Model performance was then evaluated using the MAE, MSE, RMSE, and 

MAPE metrics on the test dataset. 

This two-stage strategy combines global exploration (random search) with local refinement (Bayesian 

optimization), effectively balancing search breadth and precision. The method avoids local minima by 

progressively narrowing the search from broad to focused regions. It reduces overall computational search cost 

while retaining high forecasting accuracy and reproducibility for CNN-based STLF applications. 
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3.3.  Algorithm flowchart 

Figure 1 presentation of the proposed two-stage hyperparameter optimization workflow for CNNs in 

STLF. The process starts with the historical electricity load time series (Y₁, Y₂, …, Yₙ), followed by data 

preprocessing and windowing to clean, normalize, and generate fixed-length input–output sequences. The 

dataset is then split into training and testing sets (X_train, Y_train, X_test, Y_test) to ensure unbiased 

evaluation.  

 

 

Input time series: 

Load values 

Y1,Y2,  Yn

Train/Test split.

Build baseline CNN

Random Search for 

Hyperparameter 

Optimization

Best hyperparameters 

from Random Search

Train & Evaluate 

CNN

Generate final predictions (Y_pred)

Training Data:

X_train, Y_train

Testing Data:

X_test Y_test

Bayesian Optimization 

(TPE/Optuna) to refine 

search

MAE, MAPE, MSE, RMSE

Select Top-K Best Configurations (from Random 

Search) to seed Bayesian Optimization

Define CNN 

hyperparameter 

search space

Train & Evaluate CNN 

with BO trials

Best hyperparameters from Bayesian 

Optimization

Retrain CNN model with best 

hyperparameters

Data preprocessing & 

windowing

 
 

Figure 1. Workflow of the proposed two-stage hyperparameter optimization for CNN-based STLF 

 

 

In the first stage (random search), a baseline CNN architecture and its hyperparameter search space 

(filters, batch size, training epochs, loss function, and learning rate) are defined. Random search broadly 
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explores this space by training and evaluating multiple CNN configurations. The Top-K best configurations 

from random search are then selected and explicitly used to seed the Bayesian optimization stage, making the 

transition between global exploration and local refinement clear. In the second stage (Bayesian optimization), 

the TPE via Optuna refines the search around these promising regions. Each Bayesian trial proposes new 

hyperparameters guided by probabilistic modeling to balance exploration and exploitation. After convergence, 

the best hyperparameters from Bayesian optimization are used to retrain the CNN model from scratch with the 

complete training dataset. Finally, the optimized CNN produces predicted loads (Y_pred) for the test set, and 

performance is assessed using MAE, MAPE, MSE, and RMSE. 

 

3.4.  Pseudocode two-stage hyperparameter optimization for CNN in STLF 

The following pseudocode summarizes the proposed two-stage hyperparameter optimization 

procedure for the CNN-based STLF model, including the random search stage and the subsequent Bayesian 

optimization refinement stage. 

 

Input: Preprocessed electricity load dataset   

Output: Optimized CNN model   

1. Split the dataset into a training set and a testing 

set 

2. Define CNN hyperparameter search space: 

   - Number of filters 

   - Batch size 

   - Number of epochs 

   - Loss function 

3. Stage 1: Random Search 

   For i = 1 to N_trials (e.g., 100) do: 

       - Randomly sample a hyperparameter 

configuration. Hi 

       - Perform 3-fold cross-validation on the 

training set 

       - Evaluate the model using negative MAPE 

   End For 

   Select the best configuration, H1, with the lowest 

MAPE 

4. Stage 2: Bayesian Optimization (TPE using 

Optuna) 

   For j = 1 to M_trials (e.g., 100) do: 

       - Suggest new configuration Hj near H1 (using 

TPE sampler) 

       - Perform 3-fold cross-validation on the 

training set 

       - Evaluate the model using negative MAPE 

   End For 

   Select the best configuration H2 with the lowest 

MAPE 

5. Train the final CNN model using H2 

   - Apply early stopping (patience = 20 epochs) 

   - Monitor validation loss during training 

6. Evaluate the final trained model on the test set 

   - Calculate performance metrics: MAPE, MAE, 

RMSE, MSE 

 

 

3.5.  Experimental setup data 

This subsection describes the dataset used to evaluate the proposed RANDOM_BO_CNN model. 

Real half-hourly electricity load data from NSW, VIC, and QLD were employed for model training and 

performance comparison. Figure 2 presents the half-hourly (30-minute) electricity load time series for three 

Australian regions: NSW, VIC, and QLD.  

 

 

 
 

Figure 2. Electricity load profiles in NSW-VIC-QLD 
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The data were standardized (SETTLEMENTDATE), converted into one-dimensional arrays, and 

segmented into supervised samples using a 48-step sliding window (one day of input). Each sample consists of 

48 input values, followed by the corresponding target output. The most recent 1,680 samples (≈35 days) were 

retained per region, split chronologically into 80/20 sets, and reshaped to (N, 48, 1) for Conv1D. This process 

ensures a fair comparison and enables the model to capture daily load patterns for effective short-term forecasting. 

 

3.6.  Hyperparameter grid  

Table 1 summarizes the hyperparameters used to optimize the CNN model, including the number of 

filters, batch size, number of epochs, and loss function — key factors that directly affect learning ability and 

forecasting accuracy.  

 

 

Table 1. Hyperparameters of the CNN model 
Hyperparameter Search range 

Number of filters {16, 32, 64, 96, 128} 

Batch size {16, 32, 64} 

Number of epochs Range: 50-501 

Loss function {MSE, MAE} 
Learning_rate 0.001 

Optimization algorithm (stage 1) Random search 
Optimization algorithm (stage 2) BO-TPE 

 

 

Filters with sizes {16, 32, 64, 96, 128} were selected to capture both fine local and broader features, 

based on insights from previous studies. Batch sizes {16, 32, 64} balance fast weight updates and training 

stability; small batches train quickly but are noisier, while larger ones are more stable but require more memory 

and time. Epochs: 50-501 controls learning depth: fewer reduce training time and overfitting, while more allow 

deeper feature learning and higher accuracy. Loss functions {MSE and MAE} were compared to evaluate 

sensitivity to significant errors MSE versus robustness to outliers MAE. A two-stage optimization strategy was 

applied: random search broadly explored the hyperparameter space to identify promising ranges, followed by 

Bayesian optimization (BO-TPE) for fine-tuning. This approach improves search efficiency, avoids local 

optima, and reduces computational cost. These choices were guided by prior research to balance predictive 

accuracy and computational efficiency. 

 

3.7.  Model evaluation metrics 

To evaluate the forecasting accuracy, this study employs four widely used error metrics in STLF: 

MAE, MAPE, MSE, and RMSE, which are commonly used in previous load forecasting studies [41]–[43]. 

These metrics quantify absolute, relative, and squared deviations between actual and predicted values, allowing 

a comprehensive assessment of prediction accuracy and comparison among hyperparameter optimization 

methods. They are used to analyze the effectiveness of the proposed two-stage optimization strategy (random 

search→Bayesian optimization) for the CNN model and to benchmark against one-stage approaches, as 

detailed in the results and discussion section. 

 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=1  (5) 

 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|𝑛

𝑖=1  (6) 

 

𝑀𝑆𝐸 =  
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1  (7) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1  (8) 

 

 

4. RESULTS AND DISCUSSION  

Table 2 summarizes the best results (MAE, MSE, RMSE, MAPE, and training time) for NSW, VIC, 

and QLD. RANDOM_BO_CNN achieves the lowest errors across all regions, with MAPEs of 1.05% (NSW), 

1.14% (VIC), and 1.02% (QLD), and substantial reductions in MAE/RMSE compared to the baselines. 

Compared with plain CNN, MAPE drops by 58.4%/29.4%/27.1%; versus RANDOM_CNN by 

52.9%/13.3%/25.1%; and versus BO_CNN by 45.8%/7.8%/12.4%, confirming the random→Bayesian 
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synergy. This accuracy comes at the cost of much longer training times (≈31000 s NSW, 17000 s VIC, 16000 

s QLD), while MLP trains the fastest (28–81 s) but is less accurate, and LSTM yields the most significant 

errors. Despite the heavier training, the two-stage optimization shows robust gains and remains practical with 

periodic offline retuning and fast inference. Figure 3 compares MAPE values across six forecasting models—

MLP, LSTM, CNN, RANDOM_CNN, BO_CNN, and RANDOM_BO_CNN—for NSW, VIC, and QLD. 

 

 

Table 2. Forecasting performance and the best-performing model on the NSW, VI, QLD dataset 
Model MAE MSE RMSE MAPE% Time (s) 

NSW 
MLP 245.0682 72888.22 269.9782 3.180223 28 

LSTM 773.9056 1498554 1224.154 10.21842 1478 

CNN 194.8472 47573.41 218.1133 2.529861 61 
RANDOM_CNN 174.0563 42859.82 207.0261 2.232579 6691 

BO_CNN 149.9385 30934.19 175.8812 1.940599 12516 

RANDOM_BO_CNN 82.56039 12330.04 111.0407 1.052616 31336 

VIC 

MLP 97.7214 15582.2 124.8287 1.8105718 81 

LSTM 523.0125 475575.7 689.62 9.685216 1344 
CNN 89.6261 12509.21 111.8446 1.6192078 142 

RANDOM_CNN 73.16432 8506.277 92.22948 1.3184468 8185 

BO_CNN 66.89527 7754.058 88.05713 1.2406533 14740 
RANDOM_BO_CNN 62.22491 6766.249 82.25721 1.1434628 17313 

QLD 
MLP 109.7563635 15675.11122 125.2002844 1.9584 65 

LSTM 357.2004152 196055.5391 442.781593 6.3259 1600 

CNN 80.23974109 9262.897341 96.24394704 1.4051 182 
RANDOM_CNN 76.50749791 8136.363382 90.20179257 1.3689 9003 

BO_CNN 65.85034819 6191.664483 78.68713035 1.1704 8628 

RANDOM_BO_CNN 57.49292847 5378.321506 73.33704048 1.0249 16474 

 

 

 
 

Figure 3. Comparative performance of deep learning models in regional load forecasting 

 

 

The results show that RANDOM_BO_CNN consistently achieves the lowest MAPE (1.05–1.14%), 

confirming its superior forecasting accuracy. In contrast, LSTM exhibits the highest error (up to 10.22%), while 

CNN and its optimized variants demonstrate gradual improvement. The consistent performance ranking across 

regions indicates that the two-stage Random–Bayesian optimization effectively and robustly enhances the 

accuracy of the CNN model for STLF. Table 3 summarizes per-timestamp performance (mean±standard 

deviation) across the NSW, VIC, and QLD datasets. 

In all regions, RANDOM_BO_CNN delivers the lowest MAPE_mean—1.05% (NSW), 1.14% (VIC), 

and 1.02% (QLD)—with N_points=336 for each dataset, and also reduces MAE_mean and RMSE_mean 

relative to baselines. Using MAPE_mean, the improvements over a plain CNN are approximately −58.5% 

(NSW), −29.6% (VIC), and −27.7% (QLD); against RANDOM_CNN they are −52.9%, −13.6%, and −25.5%; 

and versus BO_CNN they are −45.9%, −8.1%, and −12.8%, confirming the synergy of the random → Bayesian 

sequence. Regarding variability, MAPE_std also decreases versus CNN (NSW: −26.6%, VIC: −15.4%, and 

QLD: −10.0%), indicating improved robustness; the only nuance is QLD, where RANDOM_BO_CNN shows 

a slightly higher MAPE_std than BO_CNN (0.81 vs. 0.75), while still achieving the lowest MAPE_mean 

overall. LSTM yields the most significant errors in all three regions, and MLP trails CNN and the HPO variants. 

These results support the conclusion that the two-stage RANDOM_BO_CNN improves accuracy and reduces 

variability across diverse regional datasets. 
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Table 4 shows that the proposed RANDOM_BO_CNN consistently achieves the lowest MAPE across 

all three datasets, confirming the effectiveness of the two-stage optimization strategy. Overall performance and 

ΔMAPE gain of RANDOM_BO_CNN over single-stage optimization. 

The relative improvement (ΔMAPE) compared with single-stage RANDOM_CNN and BO_CNN is 

substantial: NSW shows a reduction of approximately 52.9% versus RANDOM_CNN and 45.8% versus 

BO_CNN; VIC achieves 13.3% and 7.8% reductions, respectively; and QLD improves by 25.1% and 12.4%. 

These results demonstrate the synergy of broad exploration via random search followed by guided refinement 

with Bayesian optimization, leading to more accurate CNN configurations than either stage alone. 

 

 

Table 3. Overall forecasting performance of models across the NSW-VIC-QLD datasets 
Data Model MAPE mean MAPE std MAE mean MAE std RMSE mean RMSE std N points 

NSW MLP 3.18 0.53 245.07 46.33 266.38 47.45 336 

NSW LSTM 10.22 2.10 773.91 198.09 1191.06 305.36 336 
NSW CNN 2.53 0.42 194.85 28.09 216.96 24.21 336 

NSW RANDOM_CNN 2.23 0.38 174.06 33.07 204.60 34.10 336 

NSW BO_CNN 1.94 0.12 149.94 9.95 175.73 7.99 336 
NSW RANDOM_BO_CNN 1.05 0.28 82.56 22.97 108.51 25.45 336 

QLD MLP 1.96 0.25 109.76 12.41 124.50 14.33 336 

QLD LSTM 6.33 2.02 357.20 122.20 424.96 134.31 336 
QLD CNN 1.41 0.17 80.24 11.08 95.65 11.55 336 

QLD RANDOM_CNN 1.37 0.15 76.51 9.95 89.72 10.02 336 
QLD BO_CNN 1.17 0.08 65.85 4.81 78.59 4.29 336 

QLD RANDOM_BO_CNN 1.02 0.26 57.49 13.92 71.62 17.06 336 

VIC MLP 1.81 0.18 97.72 7.11 124.59 8.30 336 
VIC LSTM 9.69 2.12 523.01 102.71 673.30 161.07 336 

VIC CNN 1.62 0.17 89.63 10.42 111.54 8.95 336 

VIC RANDOM_CNN 1.32 0.10 73.16 2.79 92.01 6.93 336 
VIC BO_CNN 1.24 0.18 66.90 4.55 87.87 6.17 336 

VIC RANDOM_BO_CNN 1.14 0.20 62.22 5.98 81.94 7.83 336 

 

 

Table 4. Overall performance and ΔMAPE gain of RANDOM_BO_CNN over single-stage optimization 

Dataset 
RANDOM_CNN 

(MAPE %) 

BO_CNN 

(MAPE %) 

RANDOM_BO_CNN 

(MAPE %) 

Δ% vs 

RANDOM_CNN (%) 

Δ% vs 

BO_CNN (%) 

NSW 2.23 1.94 1.05 52.9 45.8 

VIC 1.32 1.24 1.14 13.3 7.8 
QLD 1.37 1.17 1.02 25.1 12.4 

 

 

Figure 4 presents a MAPE (%) comparison for six models on three regional datasets: NSW (Figure 4(a)), 

VIC (Figure 4(b)), and QLD (Figure 4(c)). The results are reported as mean±standard deviation at each 

timestamp (N=336; error bars=±1 standard deviation). Across all three regions, RANDOM_BO_CNN 

consistently achieves the lowest MAPE—1.05% (NSW), 1.14% (VIC), and 1.02% (QLD)—with short error 

bars indicating strong robustness. These results demonstrate the effectiveness of the proposed two-stage 

hyperparameter optimization strategy for improving CNN-based STLF accuracy. The error decreases 

monotonically along the sequence CNN→RANDOM_CNN→BO_CNN→RANDOM_BO_CNN, confirming 

the synergy between random search (broad exploration) and Bayesian optimization/TPE (guided refinement). 

In contrast, MLP is simpler but less accurate than the HPO-enhanced CNN variants, while LSTM is 

consistently the worst performer, with large means and dispersions (10.22%; 9.69%; 6.33% for NSW, VIC, 

QLD). These differences are statistically significant, as indicated by paired Wilcoxon tests (p <0.05), 

suggesting that the two-stage pipeline improves both accuracy and stability, making it suitable for periodic 

offline retuning followed by rapid inference in deployment. 

To confirm that the observed accuracy differences are statistically significant, we applied the 

Wilcoxon signed-rank test on per-timestamp MAPE, comparing the proposed RANDOM_BO_CNN with 

RANDOM_CNN and BO_CNN. Given the hypothesis that our model yields lower errors, a one-sided test 

(alternative=“less”) was used; the non-parametric Wilcoxon test is suitable for the non-normal error 

distribution. The Holm–Bonferroni adjustment was applied to control Type I error across the paired 

comparisons. 

Table 5 shows that, for NSW, VIC, and QLD, both comparisons yield adjusted p-values <0.05, 

confirming the proposed model’s improvements are statistically significant. For operating-regime analysis, 

load was split by quantiles (bottom 10%=trough, middle 80%=middle, top 10%=peak). Forecasting errors 

increase slightly at peaks: +0.55 percentage points in NSW, +0.14 in VIC, while QLD shows no increase and 

even −0.27. Despite this, RANDOM_BO_CNN consistently achieves the lowest relative error. These findings, 
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detailed in the Discussion, highlight limitations under extreme load and suggest remedies such as adding 

exogenous features, extending data for spikes, or exploring hybrid architectures. 
 
 

MAPE Error Values Across Models and Regions 

   

 
(a) (b) (c) 

 

Figure 4. MAPE error values across models and regions: (a) forecasting performance on the NSW dataset,  

(b) forecasting performance on the VIC dataset, and (c) forecasting performance on the QLD dataset 

 

 

Table 5. Wilcoxon tests on MAPE with Holm–Bonferroni adjustment 

Dataset (Timestamps) 
RANDOM_BO_CNN < RANDOM_CNN 

(P_Adjusted) 
RANDOM_BO_CNN < BO_CNN 

(P_Adjusted) 

NSW 336 <0.05 <0.05 

VIC 336 <0.05 <0.05 

QLD 336 <0.05 <0.05 

 

 

Figure 5 illustrates the training times of various forecasting models on datasets from NSW, VIC, and 

QLD. Specifically, Figure 5(a) presents the results for NSW, Figure 5(b) for VIC, and Figure 5(c) for QLD. 

Among the models, the MLP model has the shortest training time (ranging from 28 to 81 seconds), followed 

by the CNN model, which requires less than 200 seconds for training. 

 

 
Training Time Across Models and Regions 

   

 
(a) (b) (c) 

 

Figure 5. Training time across models and regions: (a) training time on the NSW dataset, (b) training time on 

the VIC dataset, and (c) training time on the QLD dataset 

 

 

Due to its sequential architecture, the LSTM model took significantly longer (1,344–1,601 seconds). 

Models incorporating the two-stage optimization strategy—BO_CNN, RANDOM_CNN, and 

RANDOM_BO_CNN—required substantially more time, with RANDOM_BO_CNN reaching up to 31,336 

seconds in the NSW dataset. These results highlight the trade-off between achieving higher accuracy and 

increasing training costs. Despite the increased training time, the RANDOM_BO_CNN model consistently 

outperformed the baseline models in forecasting accuracy across all regional datasets. The experimental 

findings confirm the effectiveness of the two-stage hyperparameter optimization strategy in enhancing model 
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performance. Although it demands more computational resources, this trade-off is justified in applications 

where forecasting accuracy is paramount. 

Figure 6 illustrates the relationship between training time and forecasting accuracy (MAPE) for six 

models—MLP, LSTM, CNN, RANDOM_CNN, BO_CNN, and RANDOM_BO_CNN—across three regions. 

Specifically, Figure 6(a) presents the results for NSW, Figure 6(b) for VIC, and Figure 6(c) for QLD. 

The results indicate that optimized models, particularly RANDOM_BO_CNN, achieve significantly 

higher accuracy despite longer training times. In contrast, LSTM exhibits the longest training duration yet the 

highest error, suggesting limited suitability for short-term forecasting. This figure illustrates the trade-off 

between computational cost and forecasting accuracy, showing that RANDOM_BO_CNN offers the best 

balance, making it the most practical model for real-world load forecasting applications. 

 

 

Training Time vs Accuracy by Region 

   

 
(a) (b) (c) 

 

Figure 6. Relationship between computational cost and forecasting accuracy across regions: (a) results on the 

NSW dataset, (b) results on the VIC dataset, and (c) results on the QLD dataset 

 

 

Error analysis indicates that the forecasting performance of the proposed model varies across different 

load regimes. The model exhibits slightly higher deviations during peak load hours, when demand fluctuates 

abruptly, resulting in temporary increases in MAPE and RMSE values. In contrast, prediction accuracy remains 

stable during off-peak and moderate-load periods, demonstrating the robustness of the two-stage optimized 

CNN in capturing dominant daily and seasonal patterns. 

Despite the substantial improvement in forecasting accuracy, the model still presents certain 

limitations. The two-stage optimization process requires a relatively long training time due to the sequential 

random and Bayesian search phases. However, once trained, the inference process operates rapidly, allowing 

the model to be effectively applied in real-time operations or periodic retraining scenarios. This trade-off 

between computational cost and performance accuracy highlights the balance between model complexity and 

deployment feasibility in practical grid forecasting environments. 

 

 

5. CONCLUSION 

This study presents a two-stage hyperparameter optimization strategy for CNN-based STLF, 

combining broad exploration through random search with targeted refinement using Bayesian optimization 

(Optuna). The proposed RANDOM_BO_CNN model improves forecasting accuracy across the three studied 

regions while preserving a relatively simple CNN architecture. Experiments on half-hourly load data from 

NSW, VIC, and QLD show that RANDOM_BO_CNN achieves the lowest MAPE values (1.05%, 1.14%, and 

1.02%) among the evaluated models, outperforming the conventional CNN, MLP, and LSTM baselines. 

However, the improved accuracy comes at the cost of longer training time, highlighting the trade-off between 

predictive performance and computational efficiency. 

Future work may investigate multi-objective optimization to better balance accuracy and 

computational cost, incorporate exogenous variables such as weather and holidays, and explore hybrid 

architectures such as CNN–LSTM or CNN–Transformer for more complex forecasting tasks. It should also be 

noted that the present findings are based on three regional datasets within the same electricity-market context; 

therefore, broader validation under more diverse operating conditions is needed. Owing to its relatively 

lightweight architecture and fast inference, the proposed framework may have potential for future application 

in practical load-forecasting workflows, subject to further deployment-oriented validation. 
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