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Short-term load forecasting (STLF) is essential for scheduling, dispatch, and
demand-side management. Real-world load series exhibit rapid local
fluctuations and calendar or exogenous influences that challenge single-
model approaches. This study proposes a hybrid stacking framework
combining a Multilayer Perceptron (MLP), a 1-D Convolutional Neural
Network (CNN), and a Light Gradient Boosting Machine (LightGBM),
integrated through a ridge-regression meta-learner. The CNN extracts local
temporal patterns from sliding windows of the load series, and the MLP
processes tabular features such as lags, rolling statistics, and calendar/holiday
indicators. At the same time, LightGBM captures nonlinear interactions in the
same feature space. Base learners are trained using a rolling TimeSeriesSplit
to avoid temporal leakage, and their out-of-fold predictions are used as inputs
for the meta-learner. Early stopping regularizes the neural models.
Experimental backtests on Queensland electricity demand data (89,136 half-
hourly samples) demonstrate that the stacked model achieves markedly lower
forecasting errors, with MAPE ~ 0.81%, corresponding to a 24% reduction
compared to CNN (MAPE = 1.07%) and a 32% reduction compared to MLP
(MAPE = 1.19%). Regarding runtime, LightGBM is the fastest (25s) but least
accurate, while the stacked model requires longer computation (2488s) yet
delivers the most reliable forecasts. Overall, the proposed framework
balances accuracy and robustness, and it is modular, reproducible, and
extensible to additional exogenous inputs or base learners.
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1. INTRODUCTION

Short-Term Load Forecasting (STLF) is indispensable to reliable and economical power system
operation. Accurate forecasts, ranging from a few hours to several days ahead, enable effective scheduling,
generation dispatch, and resource allocation. With the rapid growth of electricity demand in metropolitan areas,
strongly shaped by daily, weekly, and seasonal patterns, achieving high forecasting accuracy is increasingly
critical for utilities and consumers. Traditional forecasting methods, including Moving Average (MA) [1]-[5],
Linear Regression [6]1-[9], and classical time-series approaches [10]-[11] such as Auto-Regressive Integrated
Moving Average (ARIMA) [12]-[17], have been widely applied for decades. These approaches are simple,
interpretable, and computationally efficient. However, their limited ability to capture nonlinear dynamics and
complex load fluctuations reduces their effectiveness under rapidly changing demand or strong exogenous
influences such as weather and holidays.

The emergence of Machine Learning (ML) and Deep Learning (DL) has significantly advanced STLF
research. ML methods such as Support Vector Regression (SVR) [18]-[22], Random Forest (RF) [23]-[27],
Categorical Boosting (CatBoost) [28]-[31], Extreme Gradient Boosting (XGBoost) [32]-[36], and boosting
algorithms like Gradient Boosting and Light Gradient Boosting Machine (LightGBM) [37]-[41] provide strong
nonlinear modeling capabilities and robust generalization. Meanwhile, DL architectures including Multilayer
Perceptron (MLP) [42]-[46], Convolutional Neural Network (CNN) [47]-[53], Long Short-Term Memory
(LSTM) [54]-{63], and Transformer-based models [64]-[65] have shown remarkable success in automatically
extracting features and capturing temporal dependencies. Nevertheless, DL models often require large datasets,
are prone to overfitting, and demand high computational resources. In contrast, tree-based models may struggle
to represent sequential local patterns inherent in load series.

Hybrid frameworks have been proposed to overcome these limitations. Instead of relying on a single
learner, stacking ensembles [66]—[69] integrate complementary models into a unified framework. For example,
CNN effectively captures local temporal motifs, MLP processes tabular and exogenous features, and
LightGBM provides efficient nonlinear regression. A meta-learner can then learn how to combine these base
predictions, balancing their strengths and mitigating weaknesses. This study introduces a hybrid stacking model
integrating MLP, CNN, and LightGBM through a Ridge-based meta-learner for STLF. The framework is
evaluated on a large-scale real-world dataset and benchmarked against individual base learners. Experimental
results show that the stacked model consistently improves accuracy across multiple error metrics (MAE, MSE,
RMSE, MAPE), particularly during peak load and holiday periods, while maintaining computational
feasibility. The contributions of this work are threefold:

e A novel hybrid stacking framework integrating MLP, CNN, and LightGBM with a Ridge-based meta-
learner to enhance STLF accuracy.

e  Comprehensive evaluation and comparison of base learners and the proposed stacked model, providing
insights into their complementary strengths.

e  Empirical validation on a real-world dataset that highlights the trade-off between forecasting accuracy
and computational cost, offering practical guidance for ensemble-based forecasting frameworks.

2. MODEL DESCRIPTION
2.1. LightGBM - Light Gradient Boosting Machine

LightGBM (Light Gradient Boosting Machine) is a machine learning algorithm belonging to the Gradient
Boosting Decision Tree (GBDT) family, developed by Microsoft, designed to optimize training speed, memory
efficiency, and the ability to handle large-scale data. In principle, LightGBM inherits the idea of GBDT by
constructing multiple decision trees sequentially, where each new tree is trained to minimize the residual error
of the previous model, following the general formula:

En(x) = Fp_1(x) + nhpy (%) (D

Where F, (x) represents the model at the mthm”{th} iteration, h,,(x) is the newly generated decision
tree, and n\eta denotes the learning rate. The fundamental distinction of LightGBM compared to traditional
GBDT lies in its leaf-wise growth strategy: instead of expanding trees level-wise, LightGBM selects the leaf
with the maximum loss reduction for further splitting, which results in higher accuracy but also a greater risk
of overfitting if the number of leaves is not constrained by parameters such as max depth. In addition,
LightGBM employs the histogram-based splitting technique, where feature values are discretized into bins,
thereby reducing computational cost, saving memory, and accelerating training. With these mechanisms,
LightGBM provides multiple advantages, including fast training speed, efficient handling of large and sparse
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data, GPU support, and high predictive accuracy; however, the model can overfit if hyperparameters are not
properly tuned. Key hyperparameters include num leaves, max depth, learning rate, n estimators,
feature fraction, bagging fraction, as well as the regularization terms A1 and A1. Thanks to these properties,
LightGBM has been widely applied in domains such as classification, regression, ranking, and large-scale data
analysis, such as web logs or clickstream data.

2.2. 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.; Output layer: 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.
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z': Linear combination between the pre-layer output and weights, plus bias; W!: is the weighted matrix
between class-1 and class ; a'™*: Is the output of class-1 [; b': Is the bias of the class [; a': is the output of

the second class, which is the result after applying the trigger function [; o : Is the trigger function; ¥: Predicted

aL . . .
output value; y: Actual value; PR The derivative of the loss function L for class output [; m: is the number of

samples in the training dataset.; y : Predicted output value; y: Actual value; Gradient for calculation via trigger
. a . . . a . .
function:z'; a_le: The gradient of the loss function for pure input z; a—:l: The gradient of the loss function to the

output of the class I; W': Weighted matrix in the second class [; : Learning rate; n%; the derivative
(gradient) of the loss function L by weight W!; n: Is the speed of learning ; b': Bias of the class, making the

model more flexible when learning [; %: The derivative of the loss function L for the bias at the class [.

2.3. CNNs - Convolutional Neural Network

Convolutional Neural Networks (CNNs) are powerful deep learning models that handle grid-like data
structures, including images and one-dimensional sequences. While they were first introduced for computer
vision applications such as object recognition, image classification, and face detection, CNNs have also shown
strong potential in short-term load forecasting (STLF). A CNN is typically composed of several essential
components: convolutional layers that learn local patterns through trainable filters, activation functions that
add nonlinearity to improve learning capacity, pooling layers that downsample feature maps to lower
complexity, and fully connected layers that combine the extracted information to generate the final output.

For time-series forecasting, one-dimensional CNNs apply convolutional kernels across the temporal axis,
enabling the model to identify periodic structures such as daily or seasonal demand fluctuations. Compared
with recurrent neural networks, CNNs offer faster training, parallel computation, and robust results even when
historical data are relatively limited. Nonetheless, their predictive performance highly depends on carefully
chosen hyperparameters, including the number of layers, filter sizes, kernel dimensions, learning rate, batch
size, and epochs.

S@H=F=DEN=) Y Femmii—m,j-n) (15)
ReLU(x) = max(0, x) (16)

P(i, ) = maxy jewingow 10 + k,j + 1) 17
y=We+b (18)

S(i,j) :is the value at position (i,j)in the feature map; size m x n filterlter of size m x n,;
(i —m,j —n): 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 +
1) 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.

3. PROPOSED METHOD
3.1. Architectures LightGBM

Light Gradient Boosting Machine (LightGBM) is a tree-based gradient boosting framework designed for
efficiency and high predictive accuracy. It applies a histogram-based algorithm and a leaf-wise growth strategy
with depth constraints, enabling faster training and reduced memory usage compared to level-wise boosting.
LightGBM is selected as one of the base learners for short-term load forecasting in this study. The model is
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trained on tabular features including lagged load values, rolling mean and standard deviation, and calendar
indicators such as hour of day, day of week, and holiday flags. This design allows LightGBM to capture
nonlinear dependencies and feature interactions effectively.

The hyperparameter search space included number of leaves (31, 63, 127), learning rate (0.05, 0.1, 0.2),
number of boosting rounds (100, 300, 500, 1000), maximum depth (-1, 10, 20), feature fraction (0.7-1.0),
bagging fraction (0.7-1.0), bagging frequency (1, 5), and both L1 and L2 regularization terms (0—10). After
cross-validation, the final configuration chosen was: number of leaves equal to 63, learning rate equal to 0.1,
number of boosting rounds equal to 500, maximum depth equal to —1, feature fraction equal to 0.8, bagging
fraction equal to 0.8, bagging frequency equal to 5, L1 regularization equal to 1, and L2 regularization equal
to 1. This configuration balanced predictive performance and computational efficiency, making LightGBM a
strong complement to CNN and MLP within the proposed stacking framework.

3.2. Architectures MLP

The Multilayer Perceptron (MLP) is a deep learning baseline for tabular feature modeling. It consists of
three hidden layers with 16, 32, and 64 neurons, each activated by the Rectified Linear Unit function. The final
output layer uses a linear activation to predict continuous load values. The search space covered batch sizes
(16, 32, 64) and epochs (100-500), with early stopping patience fixed at 10. The optimizer used is Adam with
a learning rate of 0.001, and the loss function is mean squared error, with mean absolute error tracked as an
additional evaluation metric. After cross-validation, the final configuration chosen was a batch size equal to 32
and a maximum of 500 epochs, with early stopping typically halting training earlier based on validation loss.
This design ensured stable convergence and avoided overfitting. The MLP played a complementary role within
the hybrid stacking framework, focusing on smooth nonlinear mappings from lagged values and exogenous
variables.

3.3. Architectures CNN

The Convolutional Neural Network (CNN) captures short-term temporal patterns and local dependencies
in load sequences. By applying convolution filters across fixed-length sliding windows of the input series,
CNN automatically detects cyclical load fluctuations, abrupt changes, and seasonal peaks. The search space
included filter sizes (16, 32, 64), kernel sizes (3, 5), and dropout rates (0.1, 0.2, 0.3). The final architecture used
three successive one-dimensional convolutional layers with 16, 32, and 64 filters, each with Rectified Linear
Unit activation and kernel size equal to 3. The feature maps were flattened and passed through a dense layer
of 32 neurons with Rectified Linear Unit activation, followed by a dropout layer with a rate equal to 0.2, and
a single linear output neuron. The model was trained using the Adam optimizer with a learning rate of 0.001,
a batch size of 32, a maximum of 500 epochs, and an early stopping patience of 10. This setup allowed CNN
to specialize in sequence-based learning, complementing MLP and LightGBM, which focused on tabular
features and feature interactions.

3.4. Optimization method

The optimization of the hybrid stacking framework followed a multi-stage process. Each base learner
(MLP, CNN, LightGBM) was optimized individually using the defined hyperparameter search spaces. For
MLP and CNN, the Adam optimizer with a learning rate of 0.001 was used, with mean squared error as the
loss function and mean absolute error monitored. Batch size was set to 32, and early stopping with patience 10
was applied, with a maximum of 500 epochs. For LightGBM, the final chosen configuration was number of
leaves equal to 63, learning rate equal to 0.1, boosting rounds equal to 500, maximum depth equal to —1, feature
fraction equal to 0.8, bagging fraction equal to 0.8, bagging frequency equal to 5, L1 regularization equal to 1,
and L2 regularization equal to 1.

A key element of the optimization was the generation of out-of-fold predictions using 5-fold
TimeSeriesSplit cross-validation, ensuring that validation sets always followed training sets in chronological
order to avoid temporal leakage. These out-of-fold predictions from the base learners were concatenated to
form a meta-feature matrix. The meta-learner, Ridge regression, was then trained on this meta-feature matrix.
The regularization strength alpha was selected as 0.01 from the candidate set {0.0001, 0.001, 0.01, 0.1, 1.0}.
Ridge regression was chosen for its robustness against multicollinearity and ability to produce stable weights.
This approach allowed the meta-learner to balance the complementary strengths of CNN, MLP, and
LightGBM, improving generalization and reducing overfitting.
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3.5. Algorithm Flowchart

The overall training and inference workflow of the proposed stacking framework is illustrated in Figure
1. Figure 1 illustrates the complete workflow of the hybrid stacking framework, consisting of two main phases:
training and inference.The raw load series is preprocessed in the training phase through normalization and
feature engineering, including lagged values, rolling statistics, and calendar attributes.
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Figure 1. Training and inference workflow of the proposed hybrid stacking framework
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The dataset is then divided into training and testing sets. Three base learners—Multilayer Perceptron
(MLP), Convolutional Neural Network (CNN), and Light Gradient Boosting Machine (LightGBM)—are
initialized with their respective hyperparameters and trained independently. Predictions are generated on
validation subsets using a 5-fold TimeSeriesSplit cross-validation strategy, producing out-of-fold predictions
(OOF_MLP, OOF _CNN, OOF_LightGBM). These OOF predictions are concatenated into a meta-feature
matrix (OOF _full), which is used to train the Ridge regression meta-learner. At the end of this stage, all trained
models (MLP, CNN, LightGBM, and Ridge) are saved for later use. In inference, the saved base learners
generate predictions on the unseen test set. These predictions are stacked and passed to the Ridge meta-learner,
which outputs the final forecasts. The predictive accuracy of the framework is then evaluated using four
standard error metrics: Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Mean Squared
Error (MSE), and Root Mean Squared Error (RMSE).

3.6. Evaluation Method

This study's evaluation process for short-term load forecasting follows a structured workflow, as shown
in Figure 1. The original load series is preprocessed into lag features, rolling statistics, and calendar-based
attributes. The processed dataset is then divided chronologically into two subsets: a training set (X _train,
Y _train) and a testing set (X _test, Y _test). A 5-fold TimeSeriesSplit cross-validation strategy is applied on the
training set to ensure robust training and prevent temporal leakage. In each fold, the three base learners—
Multilayer Perceptron (MLP), Convolutional Neural Network (CNN), and Light Gradient Boosting Machine
(LightGBM)—are trained independently on the training folds and generate predictions for the validation fold.
This produces out-of-fold predictions concatenated to form a meta-feature matrix, which is then used to train
the Ridge regression meta-learner. Once the stacking model is finalized, each base learner is retrained on the
complete training dataset, and their predictions on the test set are combined through the meta-learner to
generate the final forecasts Y_stack.

Forecast accuracy is assessed using four standard error metrics: Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE).
MAE and MAPE measure the average error magnitude in absolute and relative terms, while MSE and RMSE
emphasize larger deviations. This multi-metric approach ensures that model performance is comprehensively
evaluated regarding average predictive accuracy and robustness under volatile demand conditions. Although
statistical significance tests such as the Diebold—Mariano test are highly valuable for validating forecasting
improvements, in this study, we relied on a comprehensive set of error metrics (MAE, MAPE, MSE, RMSE),
which already provide a robust and reliable evaluation of model accuracy. Formal significance testing will be
conducted in future research to strengthen the conclusions further.

4. RESULT AND DISCUSSION
4.1. Data

The descriptive statistics of the Queensland load data are summarized in Table 1. Table 1 reports the
descriptive statistics of the Queensland load series based on 89,136 observations. The mean demand is 5,846
MW, with a median of 5,909 MW and a standard deviation of 839 MW (coefficient of variation =~ 14.3%),
indicating moderate variability. The slightly higher median suggests a mildly left-skewed distribution. The
interquartile range spans from Q1 =5,159 MW to Q3 = 6,438 MW, implying that half of the values fall between
5.2 and 6.4 GW. The minimum is 4,041 MW, while the maximum and peak load reach 8,891 MW, yielding a
peak-to-mean ratio of 1.52 and a peak-to-min ratio of 2.20.

Table 1. Descriptive statistics of the load data in Queensland
count mean std min PeakLoad 25% 50% @ 75%  max var

89136 5846 839 4041 8891 5159 5909 6438 8891 703384

These values confirm significant intraday fluctuations and the presence of pronounced peaks. The average
daily load profile of Queensland is depicted in Figure 2. Figure 2 shows the average daily load curve,
highlighting a strong day—night cycle. Demand decreases to a trough of 4.6—4.7 GW in early morning hours
(03:00—04:00) and then rises sharply during 05:00-09:00, stabilizing at ~6.2—6.3 GW midday. A second ramp
occurs between 16:00 and 19:00, forming the evening peak at ~6.6 GW, roughly 0.8 GW above the plateau.
After 20:00, load declines steadily to ~5.6 GW at midnight. This pattern—marked by a pre-dawn valley and
an evening peak—indicates that forecasting models must prioritize accuracy during 17:00-20:00 when
operational risk is highest. A one-week sample of the load time series is shown in Figure 3. Figure 3 illustrates

Trung Dung Nguyen (Hybrid Stacking of Multilayer Perceptron, Convolutional Neural Network, and Light
Gradient Boosting Machine for Short-Term Load Forecasting)



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro 675
Vol. 7, No. 4, December 2025, pp. 668-683

a 7-day sample of the load series (04—10 Oct 2009), showing regular diurnal patterns. Daily amplitudes reach
~2.1-2.3 GW, with consistent morning up-ramps and evening peaks around 6.6—6.8 GW. Day-to-day
variability is relatively small (<=5%), but weekends exhibit slightly lower midday levels. These observations
justify the inclusion of hour-of-day and day-of-week features in the forecasting models.

—— Average Load

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Hour of Day

Figure 2. Average Daily Load Profile

—— Load

Load (MW)

04/10/2009 05/10/2009 06/10/2009 07/10/2009  08/10/2008  09/10/2009  10/10/2009  11/10/2009
Date

Figure 3. Time Series of Load (7-day sample)

4.2. Hyperparameter Grid

The hyperparameter search space for the proposed stacking framework is presented in Table 2. Table 2
summarizes the hyperparameter search space for all models in the stacking framework. For MLP,
configurations included three hidden layers (16—64 neurons), ReLU activation, Adam optimizer (learning rate
= 0.001), and training up to 500 epochs with early stopping (patience = 10). For CNN, three convolutional
layers (filters 16-64), kernel sizes (3, 5), dropout rates (0.1-0.3), and similar optimization settings were
considered. LightGBM explored several leaves (31-127), learning rates (0.05-0.2), boosting rounds (100—
1000), and various fractions and regularization parameters. The meta-learner Ridge regression tuned o in
{0.0001-1.0}.

Through 5-fold TimeSeriesSplit cross-validation, the final configurations selected were:

e  MLP: batch size = 32, epochs = 500 (with early stopping), neurons per layer =[16, 32, 64].

. CNN: filters = [16, 32, 64], kernel size = 3, dropout = 0.2, batch size = 32, epochs = 500.

e LightGBM: num leaves = 63, learning_rate = 0.1, n_estimators = 500, max_depth = —1, feature fraction
= 0.8, bagging fraction = 0.8, bagging freq=5,11=1,A2=1.

e  Ridge meta-learner: o = 0.01.

This systematic search ensured a fair comparison among models while avoiding overfitting.

4.3. Result

Figure 4 to Figure 7 compare the predicted and actual values obtained from LightGBM, MLP, CNN, and
the Stacking model. Figure 4 to Figure 7 compare the forecasts of LightGBM, MLP, CNN, and Stacking against
the actual load. LightGBM (Figure 4) tracks only the average level (~5,800—6,000 MW) and smooths short-
term fluctuations, failing at peaks and troughs. MLP (Figure 5) improves substantially, capturing overall trend
and daily cycles, though errors persist at abrupt changes. CNN (Figure 6) aligns closely with the actual load,
showing minimal deviations and a strong ability to model recurrent temporal patterns. Stacking (Figure 7)
achieves the best performance: its forecasts nearly coincide with actual values, correcting local errors of
individual models and providing the most accurate representation of both trend and extremes. These results
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demonstrate that while LightGBM offers stability, neural models (MLP, CNN) capture temporal dynamics
better, and the stacking framework leverages their complementary strengths to achieve superior accuracy.

Figure 8 to Figure 11 present the quantitative evaluation of forecasting performance across all models
using MAE, MSE, RMSE, and MAPE. Figure 8 to Figure 11 present the quantitative comparison of forecasting
performance across the four models using the evaluation metrics MAE, MSE, RMSE, and MAPE. As shown
in Figure 8, the LightGBM model yields a very high mean absolute error (MAE = 571.72), indicating its
limitations in closely following the actual data. In contrast, the deep learning models demonstrate substantially
better performance, with MLP and CNN achieving MAE values of 79.98 and 60.65, respectively. The Stacking
model again shows clear superiority, recording the lowest MAE of 45.74. A similar pattern is observed in
Figure 9 for the MSE metric. LightGBM produces a huge error (488,439), whereas MLP and CNN significantly
reduce this value to 10,608 and 6,378, respectively. Stacking further improves performance by attaining the
lowest MSE of 3,488, confirming its ability to minimize large error magnitudes effectively. The results in
Figure 10 reinforce this trend through the RMSE metric. LightGBM records a high RMSE of 698.88,
highlighting its weakness in modeling short-term fluctuations. MLP and CNN improve accuracy considerably,
with RMSE values of 103.00 and 79.87, respectively. Stacking once again provides the best results, with an
RMSE of only 59.06, demonstrating its effectiveness in accurately capturing variations in the load profile.

Finally, Figure 11 evaluates the models using MAPE, which measures relative forecasting accuracy.
LightGBM has an MAPE of 10.71%, substantially higher than the neural network—based models. MLP reduces
the error to 1.42%, CNN further lowers it to 1.07%, and Stacking achieves the best result at just 0.81%. These
findings indicate that the ensemble approach minimizes absolute and squared errors and ensures the highest
relative accuracy. The results from Figure 8 to Figure 11 highlight the performance gap among the models.
While LightGBM is inadequate for detailed load forecasting, MLP and CNN achieve considerable
improvements. Nevertheless, Stacking consistently outperforms all individual models across all evaluation
metrics, underscoring the effectiveness of ensemble learning for short-term load forecasting.
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The runtime comparison of the four models is illustrated in Figure 12. Figure 12 illustrates the runtime
performance of the four models. The results indicate that LightGBM has the shortest runtime of only 25
seconds, reflecting its computational efficiency and relatively limited forecasting accuracy. The MLP and CNN
models require slightly more time, with runtimes of 48 seconds and 70 seconds, respectively, which remain
acceptable given their substantially improved accuracy compared to LightGBM. In contrast, the Stacking
model demands a considerably higher computational cost, with a runtime of 2,488 seconds. This significant
increase in training and inference time is attributed to integrating multiple base learners and the additional
complexity of the ensemble framework. All experiments were executed on Google Colab Pro with the High-
RAM runtime configuration (approximately 25-30 GB RAM), equipped with an Intel Xeon-class CPU and an
NVIDIA Tesla T4 GPU (16 GB VRAM). The runtimes reported in Figure 12 include both training and
inference under this hardware environment.

Overall, the findings suggest a clear trade-off between accuracy and computational efficiency. While
LightGBM is the fastest model, it produces the least accurate forecasts. Neural network models such as MLP
and CNN achieve a balanced compromise, offering relatively short runtimes with markedly improved
predictive performance. Stacking provides the most accurate forecasts across all evaluation metrics, but at the
expense of substantially longer execution time. This may limit its practical applicability in real-time or near-
real-time load forecasting scenarios.

3500

2488.20

Runtime (seconds)

25.00 47.97 69.59

OLigthBM MLP CNN Stacking
Models

Figure 12. Comparison of Runtime values across models

4.4. Discussion

The experimental findings from Figure 4 to Figure 12 reveal distinct behaviors across the forecasting
models under investigation. LightGBM, while computationally efficient, is limited to capturing the overall
trend of the load series and fails to model short-term fluctuations or extreme values, resulting in higher errors.
This reflects the inherent weakness of tree-based models when applied to highly dynamic and periodic time
series data. MLP improves substantially by modeling nonlinear relationships and capturing periodic variations,
though errors persist at abrupt changes. CNN further advances performance by extracting local temporal
features, generating forecasts that align closely with actual profiles. This confirms its superiority in modeling
sequential dependencies, consistent with prior works using CNN-based forecasting [47]-[53].

The Stacking model emerges as the best-performing approach, achieving the lowest errors across all
metrics by exploiting the complementary strengths of CNN, MLP, and LightGBM. Its effectiveness lies in
combining sequence-based learners (CNN) with feature-based learners (MLP, LightGBM), allowing robust
modeling of temporal motifs and nonlinear feature interactions. This aligns with recent studies advocating
hybrid or ensemble approaches [66]-[69], demonstrating improved robustness compared to single-model
baselines. Nonetheless, this superior accuracy comes at the cost of much higher computational complexity
(Figure 12), limiting its applicability in real-time contexts.

These observations suggest that no single model is universally optimal. While LightGBM offers speed, it
sacrifices accuracy; CNN and MLP provide a balance of accuracy and efficiency; and Stacking achieves the
highest accuracy at the expense of runtime. The choice of method should therefore depend on application
priorities, whether accuracy, computational speed, or a compromise of both. A limitation of this study is the
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absence of statistical significance testing, such as the Diebold—Mariano test, which will be addressed in future
work. Further research may incorporate richer exogenous inputs (e.g., temperature, holidays), explore hybrid
deep learning frameworks (CNN-Transformer), and develop lightweight ensemble variants to reduce
execution time.

Table 2. Hyperparameter Search Space for the Proposed Stacking Framework

Model Hyperparameters Search Space
Neurons per hidden layer (3 (16, 32, 64}
layers)
Activation function {ReLU}
Learning rate {0.001}
MLP Optimizer {Adam}
Loss function {MSE, MAE}
Batch size {16, 32, 64}
Epochs {100, 200, 300, 400, 500}
Early stopping patience {10}
Filters per conv layer (3 layers) {16, 32, 64}
Kernel size {3,5}
Activation function {ReLU}
Dropout rate {0.1,0.2,0.3}
Learning rate {0.001}
CNN Optimizer {Adam}
Loss function {MSE, MAE}
Batch size {16, 32, 64}
Epochs {100, 200, 300, 400, 500}
Early stopping patience {10}
Number of leaves {31, 63, 127}
Learning rate {0.05,0.1,0.2}
n_estimators (boosting rounds) {100, 300, 500, 1000}
Max depth {-1, 10, 20}
LightGBM Feature fraction {0.7,0.8,0.9, 1.0}

Bagging fraction

{0.7,0.8, 0.9, 1.0}

Bagging frequency {1,5}
L1 regularization (A1) {0, 1, 5,10}
L2 regularization (A2) {0, 1,5, 10}

Regularization strength (o) {0.0001, 0.001, 0.01, 0.1, 1.0}
Meta-Learner (Ridge Regression) Solver {auto}
Input features {OOF predictions of CNN, MLP, LightGBM}
Cross-validation strategy TimeSeriesSplit
Number of folds {5}
OOF predictions {Enabled}
Final prediction Weighted combination learned by Ridge

Stacking Framework

5. CONCLUSIONS

This study comprehensively compared four short-term load forecasting models—LightGBM, MLP,
CNN, and a hybrid Stacking framework. The main contributions can be summarized as follows: (i) design and
evaluation of a stacking ensemble that integrates sequence-based (CNN) and feature-based (MLP, LightGBM)
learners through a Ridge meta-learner, (ii) extensive benchmarking against individual baselines across multiple
error metrics, and (iii) analysis of the trade-off between accuracy and computational cost in practical
forecasting contexts. The results demonstrate that Stacking consistently achieved the best forecasting accuracy,
outperforming all baselines across MAE, MSE, RMSE, and MAPE. CNN and MLP provided a strong balance
of accuracy and runtime, while LightGBM offered the fastest execution but at the cost of precision. These
findings confirm the effectiveness of ensemble learning for short-term load forecasting and highlight that
model selection should be application-dependent.

This study also has limitations. The runtime of Stacking is substantially higher, restricting its applicability
in real-time operations. In addition, statistical significance testing (e.g., Diebold—Mariano test) was not
conducted and will be included in future research. Future work will incorporate richer exogenous inputs (e.g.,
temperature, calendar events), explore hybrid deep learning architectures such as CNN-Transformer, and
develop lightweight ensemble frameworks to preserve accuracy while reducing computational demands.
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Overall, the proposed stacking approach provides a robust solution for scenarios where accuracy is critical and
computational resources are sufficient. At the same time, CNN and MLP are practical alternatives in
operational settings. These insights support designing more reliable, efficient, and context-adaptive load
forecasting systems for modern power grids.
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