
OPEN

Scientific Reports |        (2026) 16:20913 1| https://doi.org/10.1038/s41598-026-52040-6

Loss functions in deep residual 
networks for short-term load 
forecasting: a systematic analysis
Junchen Liu 1, Faisul Arif Ahmad 1, Khairulmizam Samsudin 1,  
Fazirulhisyam Hashim 1 & Mohd Zainal Abidin Ab Kadir 2

The dependable and effective operation of contemporary electricity systems depends on short-term 
load forecasting (STLF). Although Deep Residual Networks (DRNs) have proven to be highly predictive, 
little is known about how loss functions affect forecasting performance and optimization behavior. This 
study presents a systematic evaluation of various loss functions within the original DRN and Principal 
Component Analysis–Deep Residual Network (PCA–DRN) frameworks under a unified experimental 
setting. Traditional, robust, and task-specific Penalized loss functions are examined using real-world 
datasets with distinct climatic and load characteristics. The results show that the Charbonnier loss 
consistently achieves the best overall performance across all evaluation metrics under the original DRN 
framework. However, under the PCA–DRN framework, a performance divergence emerges: while the 
Charbonnier loss remains optimal for point-forecast error metrics, the Penalized loss demonstrates 
superior performance in squared-error-based and correlation-oriented metrics. Moreover, PCA–DRN 
consistently outperforms the original DRN, highlighting the effectiveness of dimensionality reduction 
in improving feature representation and generalization capability. The statistical significance of the 
reported improvements is further confirmed using bootstrap-based statistical analysis. These findings 
suggest that loss function selection should be jointly considered with data characteristics and feature 
representation, rather than treated as an isolated design choice, to achieve robust and accurate STLF.
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Modern power systems depend on accurate Short-Term Load Forecasting (STLF) for stable and effective 
operation1. Utilities may optimize important decision-making processes, such as generation scheduling, 
unit commitment, and energy trading strategies, by using STLF, which provides accurate demand estimates 
for forecasting timeframes ranging from 24 h to one week ahead2. Improved grid planning, operation, and 
management are directly impacted by increased forecasting accuracy, which strengthens supply reliability, 
reduces operating costs, and increases total energy efficiency3.

Yet, the complexity and significance of STLF have significantly increased due to the continuous rise in energy 
demand and the growing variety of consumption patterns4,5. From an economic standpoint, even slight increases 
in predicting accuracy can result in significant cash gains. It has been observed that even a 1% increase in 
accuracy can result in yearly savings of several million dollars for large-scale electricity providers, mainly due to 
more effective resource allocation and lower reserve needs6,7. As a result, ongoing improvements in forecasting 
techniques, no matter how big, can result in substantial operational and financial benefits.

Generally, STLF approaches can be broadly categorized into earlier statistical and machine learning-based 
methods and more recent data-driven approaches. Early studies predominantly relied on statistical models and 
conventional machine learning techniques8, which established the foundation for STLF research and provided 
valuable insights into electricity consumption patterns. However, these early approaches exhibit inherent 
limitations in modeling complex and highly nonlinear load dynamics. Their reliance on simplified assumptions 
about underlying consumption patterns restricts their adaptability to real-world variability. In addition, as the 
dimensionality of input features increases, their generalization capability tends to degrade, making them more 
susceptible to overfitting9,10.

To address these limitations, artificial neural networks (ANNs) have been increasingly introduced, leading to 
growing interest in data-driven STLF solutions. By leveraging deep learning (DL) principles, ANNs demonstrate 
improved capability in capturing complex nonlinear relationships within load data11. Nevertheless, increasing 
the number of input variables, hidden units, or network layers may still lead to overfitting, thereby compromising 
model generalization. To mitigate this issue, various enhanced ANN architectures have been explored in the 
context of STLF12–14.

Despite these developments, the capacity of early ANNs and their variants, which are typically characterized 
by relatively shallow structures, remains limited in capturing highly complex load patterns. Because of their 
enhanced representational capacity and capacity to learn hierarchical features, deep neural networks (DNNs) 
with several hidden layers have become more popular. Complex temporal dependencies and geographical 
correlations seen in a variety of data sources may be more effectively modeled thanks to these structures. As a 
result, STLF research has progressively moved away from conventional ANN-based models and toward more 
complex DL frameworks that provide more flexibility and predictive power15.

In STLF, shallow model designs have been gradually replaced by deeper neural network frameworks 
with a variety of input characteristics. Convolutional Neural Networks (CNNs) have been widely employed 
among them because to their ability to capture localized temporal patterns through convolutional processes. 
Nevertheless, they are still not very good at simulating long-range temporal connections, and deeper networks 
frequently result in more challenging training16,17. As an extension of traditional CNNs, Temporal Convolutional 
Networks (TCNs) have been proposed to overcome these constraints. TCNs allow for simultaneous modeling of 
longer temporal sequences by using dilated and causal convolutions, which increase the receptive field. However, 
their performance is largely reliant on architectural design decisions, and more intricate or deep configurations 
may still be needed to correctly capture very long-term dependencies18,19. Recurrent neural networks (RNNs), 
especially Long Short-Term Memory (LSTM) networks, use memory cells and gating methods to explicitly 
express temporal connections and solve the vanishing gradient problem. Despite these benefits, managing 
lengthy input sequences reduces computing efficiency due to their sequential processing structure20,21. 
Transformer-based architectures have attracted a lot of interest lately because of their self-attention mechanisms, 
which enable completely parallel modeling of long-range dependencies22–24. However, when extended to deeper 
configurations, these models may show unstable training behavior and are frequently linked to high computing 
costs.

In an attempt to increase forecasting accuracy and generalization capability, hybrid architectures that integrate 
convolutional, recurrent, and attention-based techniques have been studied more and more. Transformer–
LSTM25 and CNN-LSTM with multi-modal attention (CNN–LSTM–MMA)26 are two notable examples that 
seek to take use of the complementing advantages of many modeling paradigms. These hybrid approaches 
have greatly increased predicted accuracy, but they often have problems with training stability and processing 
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efficiency. These shortcomings highlight the necessity of developing more dependable, efficient, and scalable DL 
frameworks for STLF.

In order to solve the vanishing gradient problem and enhance training stability in DNNs, residual learning—
which is backed by identity shortcut connections—was initially implemented in the Residual Network (ResNet) 
architecture27. By introducing the Deep Residual Network (DRN), Chen et al.28 expanded this idea to the 
field of STLF and showed that a well-balanced design in terms of network depth, optimization stability, and 
representational capability can achieve dependable and high-accuracy forecasting performance. Following this 
ground-breaking work, other DRN-based enhancements have been developed to further increase forecasting 
accuracy and model durability. These include data-driven DRN models using specific residual architectures 
designed for STLF tasks29, ensemble-enhanced DRN frameworks using snapshot learning or residual ensemble 
algorithms30,31, and adaptive feature selection approaches32. Furthermore, structural improvements have 
been introduced to refine residual representations, including the redesign of convolutional residual blocks 
for enhanced local feature extraction, as well as the incorporation of inception-inspired modules and CNN-
based feature extraction mechanisms33–35, while hybrid DRN architectures incorporating recurrent networks 
or attention mechanisms have been investigated to better capture temporal dependencies36–38. Additionally, 
by using dimensionality reduction approaches, the Principal Component Analysis–Deep Residual Network 
(PCA–DRN) has been suggested to efficiently include various meteorological variables and enhance feature 
representation efficiency39.

Building upon these advancements, it can be observed that most existing studies primarily focus on improving 
model architectures, feature representations, or ensemble strategies to enhance forecasting performance. 
However, comparatively less attention has been paid to the role of the loss function, which serves as a fundamental 
component guiding the optimization process in DL models. In addition, real-world load data are inherently non-
stationary and often subject to regime changes, seasonal transitions, and distribution shifts caused by evolving 
consumption patterns and weather variability. Under such conditions, the effectiveness of a forecasting model is 
not only determined by its architecture but also by how the loss function shapes optimization under changing 
data distributions. Despite this close connection, the systematic investigation of loss function design in DRN-
based STLF, particularly in relation to non-stationary and distributional variations, remains limited.

In particular, different categories of loss functions exhibit distinct optimization characteristics. Traditional 
error-driven formulations focus on minimizing prediction discrepancies, while robust loss functions are 
designed to enhance stability under noisy and nonlinear conditions. Furthermore, task-specific loss formulations, 
such as the Penalized loss proposed in DRN-based STLF, introduce additional structural constraints to better 
capture global load characteristics. However, the relative effectiveness of these loss functions under different 
data conditions, as well as their interaction with feature representation strategies such as PCA, has not been 
comprehensively explored.

To address this gap, this study conducts a systematic and controlled evaluation of various loss functions 
within DRN and PCA-DRN frameworks for STLF. By maintaining consistent model architectures and training 
settings, the impact of different loss formulations on forecasting performance is isolated and rigorously analyzed. 
Experiments are conducted on two real-world datasets from distinct regions with different climatic conditions 
to examine the generalizability of the findings across diverse load patterns. Furthermore, a bootstrap-based 
statistical analysis is employed to assess the significance of the observed performance differences.

The following is a summary of this study’s primary contributions. First, a comprehensive comparison of 
traditional, robust, and Penalized loss functions is conducted within a unified DRN-based STLF framework. 
Second, the interaction between loss functions and PCA-based feature representation is systematically analyzed 
to reveal their complementary effects. Third, the reliability of the results is validated through bootstrap-based 
statistical testing, providing strong evidence for the observed performance differences. Finally, this study offers 
practical insights into the selection of loss functions for DRN-based forecasting models under diverse real-world 
conditions.

The remainder of this paper is organized as follows. Section  “Literature review” introduces the related work 
on DRN-based STLF and loss function design. Section   “Methodology of research” describes the proposed 
methodology, including the DRN and PCA-DRN frameworks as well as the considered loss functions. Section  
“Experimental results and analysis” presents the experimental results and analysis. Finally, Section “Conclusion” 
concludes the paper and outlines directions for future research.

Literature review
The increasing complexity, variability, and uncertainty of electricity consumption patterns have made STLF 
a more challenging task. Recent advances in deep learning-based STLF have also been summarized in 
comprehensive surveys, highlighting emerging learning paradigms and the growing role of advanced data-
driven models in energy forecasting tasks40. Traditional statistical and shallow learning methods often struggle to 
effectively capture nonlinear relationships and intricate temporal dependencies in load data. In this context, DL 
approaches, particularly DNNs, have gained widespread attention due to their superior capability in modeling 
complex nonlinear dynamics and temporal correlations. Modern DL-based forecasting methods are generally 
categorized into convolution-based, recurrent-based, attention-driven, and hybrid modeling frameworks, each 
emphasizing different characteristics of load time-series data. Despite these advancements, existing DL-based 
STLF models still face challenges in maintaining stable optimization and robust performance under highly 
nonlinear and noisy conditions.

Because CNNs are so good at explaining short-term correlations and extracting localized temporal patterns, 
they have been thoroughly researched in STLF. For instance, Li et al.16 enhanced forecasting performance 
over a range of prediction horizons by transforming load sequences into image-like representations, which 
enabled convolutional kernels to use spatial correlations. However, the dual-branch design and necessary data 
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transformation processes added more structural complexity, which could make real-time implementation more 
difficult. To improve prediction accuracy and quantify uncertainty, Jurado et al.17 created an encoder-decoder 
CNN system with Monte Carlo Dropout and probabilistic density estimation. This method performed better 
than traditional recurrent models, but it was less resilient to sudden changes in demand due to its decreased 
accuracy at high load times.

In order to better capture long-range temporal correlations, TCNs are an extension of traditional 
convolutional models that include dilated and causal convolutions. In order to account for cumulative weather 
impacts and changing feature relevance, Tang et al.18 integrated both channel-wise and temporal attention 
processes into a TCN framework, improving predicting accuracy. However, adding attention modules made 
the model much more complicated. Liu et al.19 suggested a temporal depthwise convolutional network based 
on TCN to address computational efficiency. This network uses depthwise separable convolutions to minimize 
parameter redundancy while preserving temporal modeling capabilities. The model is still mostly convolution-
driven despite these advancements, which might restrict its flexibility when handling extremely complicated 
temporal dynamics.

Sequence modeling remains a significant challenge in STLF, particularly when handling complex seasonal 
dynamics. Models based on recurrent architectures, such LSTM variants, have demonstrated strong prediction 
power when sufficient historical data is provided20. However, prediction accuracy may actually decline if 
significant external variables—such as weather-related factors—are not expressly considered. Bento et al.21 
attempted to get around this constraint by employing metaheuristic-driven hyperparameter tuning, but the 
resulting increase in computational demand presents scalability challenges.

Transformer-based models and attention mechanisms, in contrast to recurrent architectures, have garnered a 
lot of interest lately due to their capacity to capture long-range temporal correlations through global self-attention. 
For example, Ran et al.22 used Transformer networks with empirical mode decomposition to enhance temporal 
feature extraction. Nevertheless, the model’s high training time and reliance on preset breakdown parameters 
restrict its ability to adjust to new datasets. By expanding the attention receptive area, Jiang et al.23 enhanced 
prediction accuracy, albeit at the expense of much higher memory usage. TS2ARCformer, which combines 
contextual encoding, cross-dimensional attention, and autoregressive components into a single framework, was 
developed by Li et al.24 to further this area of research. The inclusion of autoregressive processes and hierarchical 
attention structures significantly increased architectural complexity, making practical deployment in STLF 
applications challenging, even if this model scored better on test datasets.

In an effort to mitigate the inherent limitations of single-paradigm systems, recent research has focused more 
and more on hybrid DL frameworks that employ complimentary modeling techniques. Chen et al.25 introduced 
a Transformer–LSTM hybrid architecture for industrial STLF that employed self-attention to capture global 
temporal interactions and LSTM layers to mimic sequential dependencies. Despite continuous performance 
gains, the cascaded structure necessitated careful hyperparameter adjustment and increased processing costs. 
Similar to this, Guo et al.26 developed an enhanced CNN–LSTM framework with multi-modal attention to 
adaptively fuse a variety of inputs, including load demand and meteorological data. While increasing prediction 
accuracy, the attention-based fusion approach increased computational complexity and imposed more 
restrictions on data quality and availability.

In addition to improving model architectures and loss formulations, another important direction for 
enhancing forecasting performance lies in ensemble and aggregation-based approaches. These methods 
combine predictions from multiple models or experts to improve robustness and generalization under complex 
and uncertain conditions. For example, Incremona et al.41 proposed an aggregation framework of nonlinearly 
enhanced experts, demonstrating that combining multiple predictors can effectively improve forecasting 
accuracy and stability in electricity load forecasting tasks. Such approaches highlight that performance gains can 
also be achieved through model combination strategies, rather than solely modifying the training objective or 
network architecture.

Deeper and more complex network designs may exacerbate training instability, gradient degradation, 
and performance saturation even when convolution-based, recurrent-based, attention-based, and hybrid DL 
models yield notable performance gains. These challenges highlight the need for learning paradigms that can 
maintain deep structures while maintaining consistent optimization behavior. DRNs have emerged as a feasible 
solution in this scenario by incorporating residual connections that enable scalable depth extension and gradient 
propagation.

In STLF applications, DRN-based models have demonstrated notable advantages in modeling intricate 
and highly nonlinear load patterns. Early research focused mostly on feasibility evaluation and comparative 
analysis with conventional DL techniques. Chen et al.28 coupled residual learning with ensemble methods to 
increase robustness and generalization, although at a larger computational cost. Kondaiah et al.29 proposed a 
task-oriented DRN architecture and showed that customized residual designs effectively predict nonlinear load 
patterns across many datasets. However, these studies mainly concentrated on aggregate forecasting accuracy 
and paid little attention to highly variable or high-frequency load dynamics.

To improve stability and generalization even further, ensemble-enhanced DRN frameworks were studied. Xu 
et al.30 presented an Ensemble Residual Network (ERN) that leverages snapshot ensemble learning to increase 
robustness without training several distinct models. Chen et al.31 developed this concept further by including 
multi-scale feature extraction and snapshot ensembles into a ResNet-based system. Although ensemble-based 
DRN approaches are more effective at generalization, their real-time application may be limited due to the fact 
that they often demand greater processing power, lengthier training schedules, and accurate snapshot interval 
design.

In the meantime, learning stability in DRN-based models has been enhanced by data-driven augmentation 
techniques. A Deep-ResNet architecture that emphasizes adaptive feature selection was developed by Kondaiah 
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et al.32 to capture important load characteristics under various operating situations. Transferability across various 
power systems is hampered by susceptibility to shifts in data distribution, even with improvements in predicting 
consistency. Additionally, structural changes have been implemented to improve feature representation. While 
Sheng et al.33 proposed a convolutional residual network (CRN) by redesigning convolutional ResBlocks to 
enhance local pattern extraction for high-resolution load data, Ding et al.34 integrated inception-inspired modules 
into the feature extraction stage to enable multi-scale learning, and Liu et al.35 introduced CNN modules into the 
feature extraction stage to improve feature representation capability. These improvements increase architectural 
complexity and complicate hyperparameter tuning, even though they enhance representational capacity.

To enhance temporal dependency modeling, several studies have integrated DRNs with attention-based and 
recurrent processes. While Li et al.36 employed attention techniques to highlight significant time steps, Tian et 
al.37 combined sequential modeling and deep residual feature extraction in a ResNetPlus–LSTM framework. 
Sheng et al.38 has introduced a Residual LSTM Plus architecture that tightly connects ResBlocks with recurrent 
layers. The simultaneous stacking of residual, recurrent, and attention components significantly increases model 
depth and computational cost, limiting scalability in large-scale or real-time STLF systems, even if these hybrid 
frameworks usually enhance forecasting reliability.

In addition to architectural and ensemble-based enhancements, prior DRN-based studies have explored 
input-level expansions to provide improved meteorological data. Liu et al.39 developed the PCA-DRN 
framework, which integrates several meteorological variables using PCA, to extend temperature-based DRN 
models. Although PCA-DRN effectively reduces input dimensionality and feature redundancy while preserving 
the residual learning structure, its dependence on linear dimensionality reduction inevitably weakens the 
physical interpretability of meteorological data. However, most existing DRN-based studies primarily focus on 
architectural design and feature engineering, while the role of loss functions in shaping optimization behavior 
and training stability remains largely underexplored. In recent years, increasing attention has been paid to 
forecasting models that explicitly address non-stationarity, regime shifts, and distributional changes in time-
series data42,43. These approaches often incorporate adaptive learning strategies, robust optimization objectives, 
or distribution-aware mechanisms to improve generalization under evolving conditions. Since loss functions 
directly shape the optimization landscape and error sensitivity, they play a critical role in determining how 
models respond to such variations. However, the interaction between loss function design and non-stationary 
load characteristics remains insufficiently investigated, particularly within DRN-based STLF frameworks.

In DL models, the loss function plays a fundamental role in guiding the optimization process by quantifying 
the discrepancy between predicted and actual values44. Recent studies have also explored task-specific and 
geometry-aware loss formulations to improve model robustness and predictive performance under complex 
conditions, further highlighting the importance of loss function design in load forecasting models45. It directly 
determines the gradient signals used for parameter updates and therefore significantly influences model 
convergence behavior, training stability, and final predictive performance46. Moreover, the smoothness of the 
loss function and the resulting optimization landscape play a critical role in ensuring stable training dynamics 
and reliable convergence in DNNs. More importantly, the choice of loss function shapes the optimization 
landscape, affecting gradient smoothness, sensitivity to large errors, and the balance between bias and variance 
during training47. As a result, an appropriately designed loss function is particularly critical when dealing with 
complex, nonlinear, and noisy data distributions48. This is especially important for STLF tasks, where load data 
often exhibit non-Gaussian noise and extreme variations, making the selection of an appropriate loss function 
more critical for achieving stable and reliable model performance49.

In the context of STLF, load data often exhibit high variability, nonlinear patterns, and strong dependence 
on external factors such as weather conditions50. These characteristics introduce significant noise and irregular 
fluctuations, which can distort gradient updates and lead to unstable training or suboptimal convergence51. 
In particular, the presence of outliers or extreme load variations may disproportionately influence the 
optimization process, depending on the loss formulation used52. Therefore, beyond architectural design and 
feature representation, the selection of an appropriate loss function becomes an essential factor in ensuring 
robust learning and reliable forecasting performance53. While substantial progress has been achieved through 
advanced network architectures and feature engineering, most existing studies primarily focus on structural 
design and input representation. In contrast, the role of loss functions in shaping optimization behavior remains 
comparatively underexplored, particularly within DRN-based STLF frameworks.

In recent studies, a diverse range of loss formulations has been explored in DL-based STLF, which can be 
broadly categorized into three groups: traditional error-based loss functions, robust loss functions, and Penalized 
loss function specifically designed for DRN-based STLF frameworks.

The first category includes widely used traditional loss functions such as Mean Absolute Percentage Error 
(MAPE)54, Mean Absolute Error (MAE)55, and Mean Squared Error (MSE)56. These loss functions are commonly 
adopted due to their simplicity and clear interpretability. MAPE directly measures relative forecasting error and 
is frequently used as a loss function in forecasting and time-series prediction tasks. MAE applies a linear penalty 
on absolute deviations and is widely used as an L1 loss in DNN regression problems, whereas MSE, also known 
as L2 loss, imposes a quadratic penalty and is one of the most commonly used loss functions for regression in 
DL models. However, these loss functions may exhibit sensitivity to outliers or unstable gradient behavior under 
highly nonlinear and noisy conditions.

To enhance robustness under noisy and nonlinear data conditions, recent studies in DL have increasingly 
adopted several advanced loss functions, including Huber loss57, Logarithm of the hyperbolic cosine (Log-
Cosh) loss58, Pseudo-Huber loss59, Smooth L1 loss60, and Charbonnier loss61. These formulations are designed 
to balance sensitivity to small errors with robustness against outliers. For instance, Huber loss combines the 
advantages of MAE and MSE by using a quadratic penalty for small errors and a linear penalty for large errors. 
Log-Cosh loss provides a smooth and differentiable approximation to MAE, while Pseudo-Huber and Smooth 
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L1 losses further enhance numerical stability. Among these, Charbonnier loss, as a differentiable variant of the 
L1-norm, offers stable gradients and strong robustness, making it particularly suitable for DL optimization 
under complex, nonlinear, and noisy data distributions commonly encountered in STLF tasks.

In addition to these general-purpose loss functions, a Penalized loss function28 originally introduced in the 
DRN framework is also considered as a key baseline. This loss is constructed based on MAPE by incorporating 
additional penalty terms to emphasize large forecasting errors. Such a design is particularly relevant for STLF 
applications, where large prediction deviations may lead to significant operational and economic consequences. 
By assigning higher weights to critical errors, the Penalized loss enhances the model’s sensitivity to extreme load 
variations and improves forecasting reliability.

Based on the above analysis, this study systematically investigates the impact of the aforementioned 
categories of loss functions on the training stability and forecasting performance of DRN-based models, with 
a particular focus on traditional error-based, robust, and Penalized loss functions, aiming to provide more 
effective optimization strategies for STLF under complex and challenging data conditions.

Methodology of research
Research data
In real-world power system applications, issues such as incomplete records, missing observations, noise 
contamination, and heterogeneous data formats are common, and they can significantly degrade forecasting 
performance if not properly addressed62. Therefore, careful data preprocessing is essential to improve the 
robustness and reliability of STLF models63. This work uses two real-world datasets, the the New England 
Independent System Operator (ISO-NE) dataset and the Malaysia Petaling Jaya (MyPJ) dataset, to assess model 
performance under various operational situations and climatic regions.

The ISO-NE dataset represents a temperate climate and covers six states in the New England region of the 
United States, including Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, and Vermont. It 
contains hourly electricity demand and temperature data from March 2003 to December 2006. The dataset 
exhibits significant seasonal and interannual variability, reflecting the influence of heating demand in winter 
and cooling demand in summer. The load data correspond to system-level electricity consumption, while 
the temperature data represent observed hourly regional measurements rather than forecasted values. Due 
to its consistency, completeness, and standardized format, the ISO-NE dataset has been widely adopted as a 
benchmark in STLF research. Since it has already undergone data quality control by the provider, no additional 
data cleaning procedures were required in this study.

In contrast, the MyPJ dataset represents a tropical climate and provides a valuable case for analyzing electricity 
consumption patterns in such regions. It includes hourly load data obtained from Tenaga Nasional Berhad’s 
Malaysian Grid System Operator, along with daily meteorological observations collected in Petaling Jaya by the 
Malaysian Meteorological Department from January 2020 to December 2022. The weather variables include 
rainfall, mean temperature, minimum temperature, maximum temperature, mean wind speed, wind direction, 
and maximum wind speed. Compared to temperate regions, tropical load patterns exhibit less pronounced 
seasonal variation, with short-term weather conditions playing a more dominant role in influencing electricity 
demand. While the load data are complete, the meteorological variables contain a small proportion of missing 
values (approximately 0.59%). To address this issue, linear interpolation is applied to impute missing values, as it 
preserves temporal continuity and minimizes distortion to the underlying data patterns, with negligible impact 
on forecasting performance.

As illustrated in Fig. 1, the two datasets exhibit distinct load characteristics under different climatic 
conditions. The ISO-NE dataset shows substantial variability, with load values typically ranging from 10,000 
to 27,500 megawatts (MW), reflecting strong seasonal fluctuations. In contrast, the MyPJ dataset demonstrates 
relatively stable load patterns, with values generally ranging from 10,000 to 18,000 MW and limited seasonal 
variation. This difference highlights the contrasting influence of climate on electricity demand, where temperate 
regions are dominated by seasonal effects, whereas tropical regions are more influenced by short-term weather 
variations.

To prevent information leakage during model training and evaluation, data normalization is performed using 
statistical parameters derived exclusively from the training set, and the same scaling factors are subsequently 
applied to the test set. This preprocessing strategy ensures a fair and realistic assessment of model performance 
under practical operational conditions.

Research framework
This study employs two representative residual-based forecasting models, namely the original DRN28 and PCA-
DRN39, to enable a systematic evaluation of their training behavior and forecasting performance. Rather than 
introducing additional architectural modifications, a consistent network topology is maintained throughout 
the experiments, allowing differences in performance to be examined under a unified structural framework. 
Although a fixed architecture is adopted to enable a controlled comparison, the selected datasets inherently 
exhibit different degrees of variability and temporal dynamics. This allows the analysis to indirectly reflect 
how different loss functions behave under varying levels of non-stationarity and distributional complexity. 
Such a design facilitates a controlled and objective comparison while ensuring that variations in results are not 
attributed to structural discrepancies. The architecture of the original DRN model applied to the ISO-NE dataset 
is shown in Fig. 2, while Figs. 3 and 4 depict the DRN and PCA-DRN architectures used for the MyPJ dataset, 
respectively. The PCA-DRN model is applied only to the MyPJ dataset, as it contains multiple meteorological 
variables that may introduce redundancy in the input representation, whereas the ISO-NE dataset includes only 
a single meteorological variable (temperature), making dimensionality reduction unnecessary. Therefore, the 
original DRN architecture is used without PCA-based feature processing for the ISO-NE dataset. Despite these 
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differences in input representation, both frameworks share the same overall model architecture, ensuring a fair 
comparison across different feature configurations.

The DRN and PCA-DRN architectures are composed of two principal components, namely a basic structure 
and a ResNetPlus module. Input features consist of historical load, time-related variables, and meteorological 
data, which are first processed by the basic structure to extract preliminary representations of electricity 
demand. These representations are subsequently refined through the ResNetPlus module—an enhanced residual 
learning framework derived from the conventional ResNet—thereby improving forecasting accuracy over the 
24-hour horizon. While the original DRN demonstrates strong predictive performance using a limited set of 
meteorological inputs, real-world STLF scenarios are often influenced by multiple weather-related factors that 
may exhibit high correlation and redundancy. To address this limitation, PCA-DRN extends the baseline DRN 
by incorporating additional meteorological variables and applying PCA during data preprocessing and feature 
construction, effectively reducing dimensionality and eliminating redundant information while preserving the 
dual-component residual learning structure. For day-ahead forecasting, both models adopt a multi-submodel 
strategy, in which each sub-model is responsible for predicting the load of a specific future hour. To capture 
short-term inter-hour dependencies, outputs from preceding sub-models are recursively fed as inputs to 
subsequent ones. The resulting 24-hour predictions are then jointly optimized through the ResNetPlus module 
to produce the final load profile. In both architectures, the Scaled Exponential Linear Unit (SELU) activation 
function is employed across all hidden layers, whereas a linear activation is used in the output layer to generate 
continuous-valued predictions.

The basic structure is built utilizing a series of fully connected (FC) layers to produce initial 24-hour-ahead 
load projections. This is the first component of both the original DRN and PCA-DRN frameworks. In order to 
represent multi-scale temporal interactions, this component integrates historical load data from several time 
periods.

For the ISO-NE dataset, the basic structure of the DRN is designed such that each FC layer contains ten hidden 
units and processes multiple groups of input features, including [Lday

h , Tday
h ], [Lweek

h , Tweek
h ], [Lmonth

h , Tmonth
h

], as well as Lhour
h . Meanwhile, the FC layers associated with categorical temporal features-namely weekday 

and seasonal indicators encoded through one-hot representations (W and S)-are configured with five hidden 
neurons each. Additionally, the FC1 layer, FC2 layer, and the layer immediately preceding the aggregated output 
are all assigned ten hidden units. Except for the output layer, activation functions are applied throughout the 
network. Historical load information is organized at different temporal scales: Lmonth

h  captures the load at 

Fig. 1.  Across the two datasets: load patterns observed in (a) ISO-NE; (b) MyPJ.

 



Scientific Reports |        (2026) 16:20913 8| https://doi.org/10.1038/s41598-026-52040-6

the same hour from one, two, and three months prior; Lweek
h  represents the load at the same hour over the 

previous one to eight weeks; Lhour
h  records the load values from the preceding 24  h at the same hour; and 

Lday
h  denotes the load at the same hour for each day within the previous week. Correspondingly, temperature 

variables Tmonth
h , Tweek

h  and Tday
h  are aligned with their respective load components Lmonth

h , Lweek
h  and Lday

h
, where Th refers to the observed temperature on the target day. In addition, categorical variables S, W and 
H are incorporated via one-hot encoding to represent seasonal patterns, weekdays, and holiday conditions. 
Specifically, S encodes the four seasons (spring, summer, autumn, and winter), while H includes major public 

Fig. 2.  Architecture of the original DRN for the ISO-NE dataset.
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holidays such as Christmas and Independence Day. The output generated from this basic structure is denoted 
as Lh, which is subsequently forwarded to the ResNetPlus module for further feature refinement, ultimately 
enhancing forecasting performance.

Applied to the MyPJ dataset, the DRN framework is adapted by defining meteorological and categorical 
variables in accordance with region-specific climatic characteristics. The load recorded at the same hour 
within the most recent 24-hour window is denoted as Lhour

h , while weekly periodic behavior is described 
by Lday

h , which consists of hourly load values for each day over the previous week. To capture longer-term 
temporal dependencies, Lweek

h  aggregates load observations at the same hour across the preceding one to 
eight weeks, whereas Lmonth

h  represents load patterns from one, two, and three months earlier. Each historical 
load component is independently processed through a dedicated FC layer comprising ten hidden neurons. 
Meteorological information is incorporated using daily temperature statistics, including mean, maximum, and 
minimum values (Tmean , Tmax, Tmin), which are first concatenated and then transformed via an additional 
FC layer with ten hidden units. Temporal categorical variables, including season, weekday, and holiday indicators, 
are encoded using one-hot representations ( S, W and H ) and subsequently mapped through corresponding 
FC layers with five hidden neurons. In this context, H includes major public holidays such as Eid al-Fitr and 
Malaysia Independence Day, while S reflects local climatic conditions characterized by rainy and dry seasons. To 
strengthen feature representation, the intermediate FC layers (FC1 and FC2), along with the layer immediately 
preceding the aggregated output, are uniformly configured with ten hidden neurons. The final output generated 
by this component is denoted as Lh, which is then forwarded to the ResNetPlus module for further refinement, 
thereby enhancing overall forecasting accuracy.

To overcome the limitations arising from the use of limited meteorological inputs, the PCA-DRN framework 
enhances the original DRN by introducing a PCA-based feature preprocessing mechanism prior to model 
training. Within this framework, the first component-corresponding to the basic structure-retains the same 
architectural configuration as the original DRN, while the representation of weather-related information is 

Fig. 3.  Architecture of the original DRN for the MyPJ dataset.
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reformulated. Instead of directly employing raw meteorological variables, PCA is utilized to transform multiple 
weather features into a reduced-dimensional feature space. This transformation effectively mitigates redundancy 
while preserving the principal components that together explain approximately 90% of the cumulative variance. 
The extracted principal components are subsequently used as weatherrelated inputs to the basic structure. All 
other elements of this component remain consistent with the original DRN design. This includes the FC layers 
associated with Lday

h , Lweek
h , Lmonth

h  and Lhour
h , as well as the one-hot encoded categorical variables S, W and 

H. The aggregated output generated from this component is denoted as Lh, which is then forwarded to the 
ResNetPlus module for further refinement and improved forecasting performance.

ResNetPlus, the second component shared by the DRN and PCA-DRN frameworks, is an improved residual 
learning module that incorporates task-oriented structural modifications while adhering to the fundamental 
ideas of traditional ResNet designs. Each of the module’s many stacked building units has a linear projection 
layer that guarantees dimensional compatibility for residual aggregation after a nonlinear hidden layer with 20 
neurons controlled by SELU. ResNetPlus creates a deep hierarchical structure that can gradually improve feature 
representations by stacking these units repeatedly. In the chosen design, a ResBlock is created by successively 
grouping four of these units, and 10 hierarchical levels repeat this grouping pattern. In deep designs, shortcut 

Fig. 4.  Architecture of the PCA-DRN for the MyPJ dataset.
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links are included across the network to support stable optimization and effective gradient propagation. 
ResNetPlus allows for more efficient use of residual learning inside the DRN-based forecasting framework by 
rearranging the internal block composition without changing the initial hyperparameter values, in contrast to 
the normal ResNet architecture. This design enables progressive feature refinement while maintaining stable 
gradient propagation, thereby improving training stability in deep residual learning for STLF.

To ensure a systematic and comprehensive evaluation, a diverse set of loss functions is considered in this 
study, including traditional error-based losses, robust loss functions, and the Penalized loss originally proposed 
within the DRN framework. Specifically, traditional loss functions comprise MAPE, MAE, and MSE, whereas 
the robust category includes Huber loss, Log-Cosh loss, Pseudo-Huber loss, Smooth L1 loss, and Charbonnier 
loss. These loss functions exhibit fundamentally different optimization characteristics that directly influence 
model behavior. In particular, the MSE loss imposes a quadratic penalty, making it highly sensitive to large 
errors and potentially leading to unstable gradient updates under high-variance conditions. In contrast, the 
MAE loss provides robustness to outliers through linear penalization but suffers from non-smooth gradients 
around zero, which may hinder convergence. The Charbonnier loss, as a smooth approximation of the L1 
norm, offers continuous and bounded gradients, thereby improving optimization stability while maintaining 
robustness to extreme deviations. Furthermore, the Penalized loss introduces additional structural constraints 
by incorporating range-aware terms, enabling the model to better capture global load patterns. By capturing 
these distinct properties—such as gradient smoothness, sensitivity to outliers, and structural constraints—these 
loss formulations enable a comprehensive investigation of their influence on convergence stability and predictive 
performance under different data conditions. Figure 5 presents the overall experimental framework adopted 
in this study, illustrating the complete pipeline from data preprocessing and feature construction to model 
development using DRN and PCA-DRN, followed by loss function selection for performance evaluation.

To enable a controlled and fair comparison, only the loss function is varied across all experiments, while 
the network architecture, hyperparameter configurations, and training procedures are kept identical for both 
DRN and PCA-DRN models. This design ensures that any observed differences in forecasting performance 
can be attributed exclusively to the choice of loss function rather than structural or training-related variations. 
Furthermore, experiments are conducted on two real-world datasets, ISO-NE and MyPJ, which represent distinct 
climatic conditions (temperate and tropical), thereby enabling a comprehensive assessment of the robustness 
and generalizability of different loss functions in STLF.

Among the considered loss functions, particular emphasis is placed on the Penalized loss, which was 
originally introduced in the DRN framework for STLF and is therefore adopted as a baseline in this study. This 
loss function is specifically designed for STLF tasks by incorporating additional penalty terms to emphasize 
large forecasting errors. By jointly constraining point-wise prediction accuracy and deviations from realistic 
load ranges, the Penalized loss enhances training stability and improves forecasting reliability. As expressed in 

Fig. 5.  Overall experimental framework.
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Eq. (1), the total loss is composed of an accuracy-oriented term (LossE) together with a range-aware penalty 
term (LossR).

	 Loss = LossE + LossR� (1)

In Eq.  (2), the error component LossE is formulated based on the MAPE, by which forecasting accuracy is 
quantified through the relative deviation between the actual normalized load yj,h and the predicted normalized 
load ŷj,h at the h-th hour of the j-th day. Here, Num represents the total number of samples, while H is fixed 
at 24 to correspond to the number of hourly load observations within a day. Defined in Eq.  (3), the range-
aware component LossR introduces penalties on unrealistic daily extrema by evaluating discrepancies between 
predicted and observed maximum and minimum load values, thereby discouraging overestimation of peak 
loads as well as underestimation of trough values. By simultaneously enforcing predictive accuracy and range 
consistency, improved robustness and training stability are achieved, enabling the Penalized loss to effectively 
guide the learning process within both DRN and PCA-DRN frameworks.

	
LossE = 1

NumH

N∑
j=1

H∑
h=1

∣∣ŷ(j,h) − y(j,h)

∣∣
y(j,h)

� (2)

	

LossR =
1

2Num

Num∑
j=1

max
(
0, maxhŷ(j,h) − maxhy(j,h)

)

+max
(
0, minhy(j,h) − minhŷ(j,h)

)
� (3)

Design of experiments
This study utilizes real-world power load datasets obtained from ISO-NE and MyPJ. Table 1 summarizes the 
data partitioning strategy for both datasets. These datasets capture diverse load variations influenced by weather-
related factors and provide a reliable basis for evaluating forecasting performance across both temperate and 
tropical environments.

To establish a meaningful performance reference, several widely adopted DL models in STLF are included as 
benchmark methods. These comprise convolution-based architectures, such as CNN and TCN, recurrent models 
such as LSTM, attention-based models such as Transformer, and representative hybrid frameworks including 
Transformer–LSTM25 and CNN–LSTM–MMA26, which reflect commonly adopted modeling paradigms in the 
literature. It should be noted that this benchmark comparison is conducted under the original experimental 
setting based on the Penalized loss adopted in the DRN framework. The primary objective of incorporating 
these baseline models is to highlight the relative advantages of the DRN and PCA-DRN frameworks in capturing 
nonlinear dependencies, modeling complex load patterns, and achieving superior forecasting performance under 
a consistent and commonly used training setting. Rather than evaluating the effect of different loss functions 
across heterogeneous architectures, this comparison is intended to demonstrate the effectiveness of the proposed 
residual-based frameworks in relation to mainstream DL approaches reported in the STLF literature.

To maintain consistency across different approaches, the CNN baseline uses a one-dimensional convolution 
(Conv1D) architecture with 32 filters, a kernel size of 3, Rectified Linear Unit (ReLU) activation, and He normal 
initialization. For every other variable, the default setup is used. The TCN model is built using stacked Conv1D 
layers with dilated causal convolutions, where the dilation rates are set to {1, 2, 4, 8}, to represent temporal 
relationships across different time scales. The TCN’s Conv1D layers employ the same activation function, kernel 
size, and number of filters as the CNN baseline; all other parameters are kept constant. All other architectural 
and training parameters are left as default, and the LSTM baseline contains 64 hidden units. The Transformer 
baseline employs a normal encoder-only architecture with the embedding dimension set to 64 in order to give 
sufficient modeling capacity for self-attention methods without restricting it to convolutional filter sizes. The 
model consists of a single encoder layer with eight attention heads and a feedforward network of size 2048; all 
other elements, including dropout (set to 0.1) and positional encoding, are specified by default. The Transformer–
LSTM and CNN–LSTM–MMA hybrid baselines are thoroughly executed in accordance with the designs and 
parameter values specified in their initial study.

To systematically investigate the influence of loss function selection, the DRN and PCA-DRN frameworks 
are implemented according to their original architectural configurations, without introducing any additional 
structural modifications. In addition to the Penalized loss originally adopted in the DRN framework, a set of 
representative loss functions is considered, including conventional error-based losses such as MAPE, MAE, and 
MSE, together with robust alternatives including Huber loss, Log-Cosh loss, Pseudo-Huber loss, Smooth L1 loss, 
and Charbonnier loss. This inclusion allows the Penalized loss to serve as a reference baseline for evaluating the 
relative effectiveness of alternative loss formulations. To ensure a controlled and fair comparison, all experiments 

Dataset Training period Testing period Training samples Testing samples

ISO-NE 2003.03–2005.12 2006.01–2006.12 24,888 8760

MyPJ 2020.01–2021.12 2022.01–2022.12 17,544 8760

Table 1.  Data partition of ISO-NE and MyPJ.
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are conducted under identical settings, including input features, network architecture, optimizer, learning 
rate, batch size, and training epochs. For loss functions involving additional parameters, commonly adopted 
parameter settings are used without additional tuning to ensure a fair and consistent comparison across different 
loss formulations. Specifically, the transition parameter for Huber-type losses (including Huber, Pseudo-Huber, 
and Smooth L1 losses) is set to 1.0, while the smoothing parameter of the Charbonnier loss is set to ε = 0.001. 
The Log-Cosh loss is implemented in its standard form without additional parameters. Under this unified 
experimental protocol, any observed differences in forecasting performance can be primarily attributed to the 
characteristics of the employed loss functions.

After an initial training phase of 600 epochs, the model is trained using a mini-batch size of 32 for a total of 700 
epochs, consisting of two additional training periods of 50 epochs each28. A snapshot ensemble learning approach 
is adopted to improve model robustness and mitigate overfitting. Specifically, model weights are saved at the end 
of each 50-epoch phase, and the final prediction is obtained by averaging the outputs of these snapshots64. This 
method enhances prediction stability and generalization performance while offering a computationally efficient 
alternative to training multiple independent models65. The Adaptive Moment Estimation (Adam) optimizer66 is 
used with its default learning rate.

To ensure reproducibility, the experimental protocol described above is further clarified as follows. The 
datasets are partitioned using a chronological split, where earlier data are used for training and later data are 
reserved for testing, without random shuffling. No separate validation set is introduced, following the commonly 
adopted DRN-based STLF setting. The snapshot ensemble strategy is implemented by saving model weights 
at predefined intervals (every 50 epochs after the initial 600 epochs), resulting in two snapshot models whose 
outputs are averaged for final prediction. The training process is conducted under fixed initialization settings 
to ensure consistency across runs. Identical training configurations are applied across all models to ensure fair 
comparison.

The observed performance differences are carefully evaluated for statistical significance using a nonparametric 
bootstrap resampling method with 10,000 iterations. Compared to the paired Student’s t-test, which assumes 
normally distributed paired differences, the bootstrap technique provides a more dependable foundation for 
model comparison since it is distribution-free67. Statistical significance is determined by two complementary 
criteria. First, if the 95% confidence interval (CI) for the mean performance difference is entirely above zero, 
the improvement is considered statistically significant; if the interval contains zero, the difference is considered 
irrelevant. Second, statistical significance at the 95% confidence level is shown by a bootstrap-derived p-value of 
less than 0.05. Remember that a stated value of p ≈ 0 does not indicate a perfect zero, but rather an exceedingly 
minimal possibility (often < 0.0001).

Every test was conducted in a Python 3.8 environment using TensorFlow 2.10.0 and Keras 2.10.0 as the DL 
backends. A Lenovo laptop with an AMD Ryzen 7 6800 H CPU, 16 GB DDR5 4800 MHz RAM, and an NVIDIA 
GeForce RTX 3050 Ti Laptop GPU (4 GB) was used for the computations.

Metrics for assessment
Consistent with previous DRN-based STLF research, this study assesses predicting performance using a set of 
complementing indicators. Because MAPE is widely used in STLF investigations and is easy to comprehend, it 
is chosen as the main assessment criterion. Additionally, it provides the foundation for model comparison and 
further statistical research.

The evaluation measures are divided into three sections in order to offer a thorough review. Point-forecast 
error metrics, such as MAPE and MAE, which assess average relative and absolute deviations, respectively, make 
up the first group. The second category consists of squared-error-based metrics that emphasize error dispersion 
and penalize significant deviations more severely. These metrics include MSE, Root Mean Squared Error 
(RMSE), and Normalized Mean Squared Error (NMSE). The Correlation Coefficient (R) and the Coefficient 
of Determination (R2), two correlation-based metrics that evaluate the overall agreement and goodness-of-fit 
between predicted and observed load levels, make up the third category.

The evaluation metrics employed in this study can be organized into three categories in accordance with 
the previously described framework. The first category comprises point-forecast error metrics, namely MAPE 
and MAE, as given in Eqs.  (4) and (5), where yi and ŷi denote the actual and predicted values of the -th 
sample, respectively, and N represents the total number of samples; these metrics capture the average relative and 
absolute discrepancies between predictions and observations.

	
MAPE = 1

N

N∑
i=1

∣∣∣ yi−ŷi
yi

∣∣∣ ×100 � (4)

	
MAE = 1

N

N∑
i−1

|yi − ŷi| � (5)

The second category includes squared-error-based measures, specifically MSE, RMSE, and NMSE, as defined 
in Eqs. (6)–(8), which highlight the dispersion of prediction errors by imposing larger penalties on significant 
deviations and thus provide additional insight into error variability; in Eq. (8), σ2

y denotes the variance of the 
observed values.

	
MSE = 1

N

N∑
i−1

(yi − ŷi)
2 � (6)
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The third category consists of correlation-oriented metrics, including the R and R2, as expressed in Eqs. (9) and 
(10), where ȳ and ¯̂y represent the mean values of the actual and predicted series, respectively; these metrics 
evaluate the overall consistency and goodness-of-fit between predicted and actual load profiles.
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In general, smaller values of MAPE, MAE, MSE, RMSE, and NMSE indicate higher predictive accuracy, whereas 
larger values of R and R2 imply stronger correlation and improved model fitting capability.

Experimental results and analysis
Comparison with benchmark methods under penalized loss
Comparison with benchmark methods (ISO-NE dataset)
Table 2 presents the forecasting performance of the considered models on the ISO-NE dataset under a unified 
training setting. As observed, all models achieve strong predictive performance, with MAPE values concentrated 
within a relatively narrow range, indicating stable learning behavior across different DL architectures.

Among all models, the proposed DRN achieves the best performance among the considered models, attaining 
the lowest MAPE value of 0.017182, marginally outperforming the Transformer–LSTM hybrid (0.017280). This 
result demonstrates that the DRN framework is capable of achieving superior accuracy while maintaining a 
more structured and efficient residual learning mechanism compared with more complex hybrid architectures.

Compared with conventional models such as CNN, TCN, and LSTM, the DRN consistently achieves lower 
error values across all evaluation metrics, including MAE, MSE, RMSE, NMSE, R and R2. The performance 
improvement over standalone CNN and LSTM models indicates that residual learning enhances feature 
representation and facilitates stable gradient propagation in deep networks. Although TCN demonstrates 
competitive performance due to its ability to model temporal dependencies, it is still slightly outperformed by 
DRN, suggesting that residual connections provide additional benefits in capturing nonlinear load dynamics.

From the perspective of correlation-based metrics, DRN achieves the highest values of R (0.989767) and R2 
(0.979568), reflecting a strong agreement between predicted and actual load values. This confirms that the DRN 
framework is capable of accurately capturing both the magnitude and variation patterns of electricity demand 
in a temperate climate.

Taken together, the results demonstrate that the DRN model achieves the best overall performance on the 
ISO-NE dataset, highlighting the effectiveness of residual learning in capturing complex and highly variable 
load patterns. The consistently strong performance across all evaluation metrics further indicates that the DRN 
framework provides a robust and efficient modeling strategy for STLF under temperate climatic conditions.

Comparison with benchmark methods (MyPJ dataset)
The forecasting results for the MyPJ dataset are summarized in Table 3. Compared with the ISO-NE dataset, 
larger variations in model performance can be observed, reflecting the increased difficulty of forecasting under 
tropical climate conditions, where load patterns are more strongly influenced by short-term weather variations 
rather than pronounced seasonal trends.

Among all models, the PCA-DRN achieves the best overall performance among the evaluated models, 
with the lowest MAPE value of 0.049994, followed by the original DRN model with a MAPE of 0.052514. This 

Method MAPE MAE MSE RMSE NMSE R R2

CNN 0.020587 0.013364 0.000435 0.020862 0.028878 0.986425 0.971122

TCN 0.018899 0.012143 0.000332 0.018216 0.022018 0.989094 0.977982

LSTM 0.020754 0.013331 0.000416 0.020397 0.027605 0.986165 0.972395

Transformer 0.021925 0.014352 0.000517 0.022749 0.034337 0.982763 0.965663

Transformer-LSTM 0.017280 0.011185 0.000311 0.017624 0.020609 0.989707 0.979391

CNN-LSTM-MMA 0.019086 0.012157 0.000348 0.018645 0.023067 0.988523 0.976933

DRN 0.017182 0.011138 0.000308 0.017548 0.020432 0.989767 0.979568

Table 2.  Performance comparison of benchmark models on the ISO-NE dataset under the penalized loss 
setting.
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indicates that incorporating additional meteorological variables through PCA-based feature extraction can 
significantly enhance forecasting accuracy in environments where weather-related factors play a dominant role.

Compared with traditional and hybrid benchmark models, both DRN and PCA-DRN consistently outperform 
CNN, TCN, LSTM, Transformer, and CNN–LSTM–MMA across all evaluation metrics. In particular, the 
performance gap between residual-based models and conventional architectures is more pronounced than that 
observed in the ISO-NE dataset, suggesting that the advantages of residual learning become more evident when 
modeling more complex and less regular load patterns.

The Transformer–LSTM model achieves the best performance among the benchmark models, with a 
MAPE of 0.051774, but still falls short of the DRN and PCA-DRN frameworks. This suggests that while hybrid 
architectures can effectively capture temporal dependencies, they may not fully exploit complex interactions 
among multiple meteorological variables as efficiently as residual-based frameworks, especially when combined 
with dimensionality reduction techniques.

In terms of correlation metrics, PCA-DRN achieves the highest values of R (0.967339) and R2 (0.934473), 
indicating superior consistency between predicted and actual load values. The improvement in NMSE further 
confirms that PCA-DRN effectively reduces error dispersion, leading to more stable forecasting performance.

Taken together, the results on the MyPJ dataset highlight the importance of both model architecture and input 
representation in STLF tasks under tropical conditions. The superior performance of PCA-DRN demonstrates 
that combining residual learning with dimensionality reduction is an effective strategy for handling complex 
meteorological influences and improving forecasting reliability.

When compared with the ISO-NE results, a clearer performance gap among models can be observed in 
the MyPJ dataset, indicating that forecasting under tropical conditions poses greater challenges due to higher 
variability and stronger dependence on short-term weather factors. In this context, while the DRN framework 
maintains strong performance across both datasets, the PCA-DRN further enhances prediction accuracy by 
effectively exploiting additional meteorological information, making it particularly suitable for more complex 
and data-rich environments.

Comparison under different loss functions
DRN performance On the ISO-NE dataset
Figure 6 illustrates the comparison of MAPE across different loss functions for the DRN model on the ISO-NE 
dataset, providing an intuitive overview of the relative performance trends. It can be observed that loss functions 
with smoother gradient properties, particularly the Charbonnier loss and Log-Cosh loss, consistently achieve 
lower MAPE values, indicating more stable and effective optimization behavior.

To further examine the distributional characteristics of forecasting errors, the boxplot visualization is 
presented in Fig.  7. The Charbonnier loss exhibits a more concentrated interquartile range and a lower 
median MAPE compared with other loss functions, indicating reduced variability and more stable prediction 
performance. In contrast, loss functions such as MSE and Pseudo-Huber display wider interquartile ranges and 
longer whiskers, suggesting higher sensitivity to large deviations and less consistent optimization behavior. From 
an optimization perspective, this difference can be attributed to the smooth and bounded gradient properties 
of the Charbonnier loss, which enable stable parameter updates across different error magnitudes. In contrast, 
the quadratic nature of the MSE loss amplifies large errors, leading to unstable gradients, while the piecewise 
structure of Pseudo-Huber may introduce suboptimal transitions between linear and quadratic regions. These 
observations further confirm that loss functions with smoother gradient behavior contribute to more reliable 
convergence and improved robustness.

Table 4 presents the detailed quantitative results corresponding to these observations. Overall, the results 
demonstrate that the choice of loss function has a noticeable impact on both optimization behavior and final 
forecasting accuracy, even under a fixed network architecture.

Among all considered loss functions, the Charbonnier loss achieves the best performance among the 
evaluated loss functions, yielding the lowest MAPE value of 0.016707. It consistently outperforms other loss 
functions across point-forecast error metrics (MAPE, MAE), squared-error-based measures (MSE, RMSE, 
NMSE), and correlation-oriented metrics (R, R2), indicating a well-balanced performance in terms of prediction 
accuracy, error distribution, and goodness of fit. This superior performance can be attributed to its formulation as 
a smooth and differentiable approximation of the L1 norm, which leads to more stable gradient behavior during 
optimization. Unlike MAE, which suffers from non-differentiability at zero and may cause abrupt gradient 

Method MAPE MAE MSE RMSE NMSE R R2

CNN 0.054093 0.028479 0.002152 0.046394 0.075599 0.963564 0.924401

TCN 0.057486 0.030419 0.002431 0.049303 0.085378 0.957301 0.914622

LSTM 0.056978 0.029211 0.002547 0.050470 0.089469 0.954934 0.910531

Transformer 0.054016 0.026741 0.002139 0.046247 0.075124 0.961710 0.924876

Transformer-LSTM 0.051774 0.026462 0.002056 0.045343 0.072215 0.963724 0.927785

CNN-LSTM-MMA 0.056267 0.028622 0.002458 0.049577 0.086330 0.956972 0.913670

DRN 0.052514 0.026467 0.002050 0.045278 0.072007 0.964032 0.927993

PCA-DRN 0.049994 0.026254 0.001866 0.043193 0.065527 0.967339 0.934473

Table 3.  Performance comparison of benchmark models on the MyPJ dataset under the penalized loss setting.
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changes, and MSE, which amplifies large errors due to its quadratic form and may result in unstable updates, 
the Charbonnier loss provides continuous and bounded gradients across the entire error range. This property 
facilitates stable backpropagation and prevents excessive parameter updates caused by extreme deviations, 
thereby enhancing robustness to outliers. In addition, the smoothness of the Charbonnier loss contributes to 
a more well-behaved optimization landscape, enabling more reliable convergence and improved generalization 
performance. This balance is particularly effective for the ISO-NE dataset, where load patterns exhibit strong 
seasonal variability but relatively structured temporal dynamics. Furthermore, from a convergence perspective, 
the smooth gradient profile of the Charbonnier loss helps reduce oscillations during training and enables 

Fig. 7.  Distribution of MAPE for DRN under different loss functions on the ISO-NE dataset.

 

Fig. 6.  Comparison of MAPE across different loss functions in DRN (ISO-NE).
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more stable parameter updates. This leads to a more well-behaved optimization process, facilitating reliable 
convergence and improving overall training stability.

The Log-Cosh loss also demonstrates competitive performance, achieving the second-best MAPE and the 
lowest MSE among all loss functions. Its smooth approximation to the absolute error enables continuous gradient 
updates, which helps avoid abrupt changes during optimization. As a result, Log-Cosh provides a favorable 
compromise between sensitivity to small errors and robustness to moderate deviations.

Among traditional loss functions, the MAPE-based loss performs relatively well due to its alignment with the 
evaluation metric. However, its formulation introduces instability when actual values approach small magnitudes, 
leading to potentially large gradient fluctuations. The MAE loss achieves moderate performance, reflecting its 
robustness to outliers but limited ability to emphasize larger deviations. In contrast, the MSE loss yields inferior 
MAPE performance, as its quadratic penalty overemphasizes large errors, causing the optimization process to be 
dominated by extreme deviations.

For other robust loss functions, the Huber loss provides stable but not optimal performance, suggesting that 
its piecewise formulation may not fully capture the characteristics of the dataset. The Pseudo-Huber loss, despite 
being a smooth approximation, exhibits degraded performance, indicating that excessive smoothing may reduce 
sensitivity to meaningful error variations. Similarly, the Smooth L1 loss does not offer additional benefits, likely 
due to suboptimal balancing between linear and quadratic regions.

The Penalized loss, originally proposed in the DRN framework and extending the MAPE formulation by 
incorporating a range-aware penalty term, achieves strong performance with a MAPE of 0.017182, closely 
approaching that of the Charbonnier loss. Its effectiveness lies in the incorporation of a range-aware penalty 
term, which constrains unrealistic daily extrema by penalizing deviations in peak and trough values. By jointly 
optimizing point-wise accuracy and global load consistency, the Penalized loss enhances robustness to extreme 
prediction errors. However, its performance remains slightly inferior to the Charbonnier loss, suggesting that, 
for the ISO-NE dataset, smooth gradient behavior and balanced error handling are more critical than explicit 
range constraints.

Taken together, the results indicate that loss functions characterized by smooth gradients and robust error 
handling, such as Charbonnier and Log-Cosh, are particularly well-suited for temperate-climate datasets with 
structured variability. These findings highlight the importance of selecting loss functions that ensure stable 
optimization while maintaining sensitivity to meaningful prediction errors.

DRN performance on the MyPJ dataset
Figure 8 presents the comparison of MAPE across different loss functions for the DRN model on the MyPJ 
dataset, highlighting more pronounced performance variations compared with the ISO-NE dataset. It is evident 
that loss functions designed to handle noisy and irregular data distributions, particularly the Charbonnier 
loss, achieve superior performance, reflecting the increased importance of robust optimization under tropical 
conditions.

To further examine the distributional characteristics of forecasting errors, the boxplot visualization is 
presented in Fig. 9, where more pronounced variability can be observed compared with the ISO-NE dataset. 
The Charbonnier loss maintains a relatively concentrated interquartile range and a lower median MAPE, 
indicating strong robustness and stable prediction performance under highly variable conditions. In contrast, 
loss functions such as MSE and Smooth L1 exhibit wider interquartile ranges and longer whiskers, reflecting 
increased sensitivity to extreme deviations and less consistent optimization behavior. This difference becomes 
more evident in the MyPJ dataset, where load patterns are influenced by irregular and short-term fluctuations. 
From an optimization perspective, the smooth and bounded gradient properties of the Charbonnier loss help 
mitigate the impact of noise and outliers, whereas the quadratic penalty of MSE amplifies large errors, and 
the piecewise structure of Smooth L1 may introduce instability under rapidly changing conditions. These 
observations further indicate that robust loss functions with smooth gradient behavior are more suitable for 
datasets characterized by higher variability and non-stationary patterns.

The corresponding quantitative results are summarized in Table 5. Compared with the ISO-NE dataset, a 
more significant divergence in performance across loss functions can be observed, indicating that loss function 
selection plays a more critical role in datasets characterized by higher variability and stronger short-term 
fluctuations.

Loss function MAPE MAE MSE RMSE NMSE R R2

MAPE 0.017467 0.011252 0.000313 0.017698 0.020782 0.989672 0.979218

MAE 0.018225 0.011583 0.000312 0.017661 0.020695 0.990025 0.979305

MSE 0.019392 0.012427 0.000326 0.018047 0.021610 0.989612 0.978390

Huber loss 0.019168 0.012160 0.000332 0.018233 0.022057 0.989345 0.977943

Log-Cosh loss 0.018527 0.011847 0.000300 0.017333 0.019935 0.990011 0.980065

Pseudo-Huber loss 0.021097 0.013439 0.000386 0.019650 0.025620 0.987907 0.974380

Smooth L1 loss 0.019481 0.012575 0.000358 0.018934 0.023787 0.989227 0.976213

Charbonnier loss 0.016707 0.010716 0.000291 0.017055 0.019299 0.990346 0.980701

Penalized loss 0.017182 0.011138 0.000308 0.017548 0.020432 0.989767 0.979568

Table 4.  Performance comparison of DRN under different loss functions on the ISO-NE dataset.
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Among all evaluated loss functions, the Charbonnier loss again achieves the best overall performance, with 
the lowest MAPE value of 0.050913 and consistent improvements across all evaluation metrics. This confirms 
its strong capability in handling complex and noisy load data. In the MyPJ dataset, where load patterns are less 
regular and more influenced by short-term weather variations, the smooth formulation of the Charbonnier 
loss enables stable gradient updates while suppressing the impact of extreme deviations. From an optimization 
perspective, this behavior can be further understood by comparing it with conventional loss functions. The 
MSE loss imposes a quadratic penalty on large errors, which can lead to disproportionately large gradients and 
unstable updates under highly variable conditions. In contrast, the MAE loss applies a constant gradient but 
suffers from non-smoothness around zero, which may hinder convergence. The Charbonnier loss effectively 
balances these two extremes by maintaining smooth and continuous gradients while limiting the influence of 
outliers, making it particularly suitable for datasets characterized by irregular fluctuations and non-Gaussian 
noise, as observed in the MyPJ dataset. This property is particularly beneficial under non-Gaussian noise 

Fig. 9.  Distribution of MAPE for DRN under different loss functions on the MyPJ dataset.

 

Fig. 8.  Comparison of MAPE across different loss functions in DRN (MyPJ).
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conditions and irregular load fluctuations. This observation highlights that the effectiveness of a loss function is 
closely related to data characteristics, where datasets with higher variability and noise levels tend to benefit more 
from loss formulations that balance robustness and gradient smoothness.

The Penalized loss ranks as the second-best performer, achieving a MAPE of 0.052514. Compared with its 
performance on the ISO-NE dataset, the relative advantage of the Penalized loss becomes less pronounced. This 
can be explained by the nature of tropical load patterns, where short-term variability dominates over strict daily 
extrema constraints. Although the range-aware penalty component effectively limits unrealistic peak and trough 
predictions, it may introduce additional optimization constraints that reduce flexibility in capturing rapid local 
variations.

Among traditional loss functions, the MAPE-based loss performs better than MAE and MSE, reflecting 
its focus on relative error minimization. However, its sensitivity to small denominator values still introduces 
instability under irregular load conditions. The MAE loss provides moderate performance due to its robustness 
to outliers, while the MSE loss again underperforms, as its quadratic penalty amplifies extreme errors and leads 
to less balanced optimization.

For other robust loss functions, the Pseudo-Huber loss shows relatively competitive performance, particularly 
in RMSE and NMSE, suggesting that its smooth transition between L1 and L2 behaviors can effectively handle 
moderate noise levels. However, its MAPE remains higher than that of the Charbonnier loss, indicating 
limited effectiveness in minimizing relative forecasting errors. The Huber loss provides stable but suboptimal 
performance, while the Log-Cosh loss, despite its smoothness, does not achieve significant improvements, 
possibly due to insufficient sensitivity to larger deviations.

A notable observation is the inferior performance of the Smooth L1 loss, which records the highest MAPE 
among all evaluated loss functions. This suggests that its piecewise linear–quadratic structure may not be well-
suited for datasets with highly irregular fluctuations, where abrupt transitions in gradient behavior can hinder 
effective optimization.

A cross-dataset comparison between the ISO-NE and MyPJ results reveals several important insights 
regarding the behavior of different loss functions under varying data characteristics. For the ISO-NE dataset, 
which exhibits relatively structured seasonal patterns and smoother temporal variations, loss functions with 
stable gradient properties, such as Charbonnier and Log-Cosh, demonstrate clear advantages by enabling 
consistent optimization and balanced error minimization. In contrast, the MyPJ dataset is characterized by 
higher variability, irregular fluctuations, and stronger short-term weather influences. Under such conditions, the 
robustness of the loss function becomes more critical than strict adherence to structured error patterns, leading 
to more pronounced performance differences across loss functions.

Another notable observation is that the effectiveness of the Penalized loss varies across datasets. While 
it performs competitively on the ISO-NE dataset by enforcing global load consistency through range-aware 
constraints, its relative advantage diminishes in the MyPJ dataset, where short-term local variations dominate 
over daily extrema patterns. This indicates that task-specific loss formulations may not generalize equally well 
across datasets with fundamentally different statistical properties.

Taken together, these findings highlight that the selection of loss functions in DRN-based STLF models is 
inherently dataset-dependent. Loss functions that provide a balanced trade-off between gradient smoothness 
and robustness to outliers, particularly the Charbonnier loss, demonstrate strong generalization capability across 
both temperate and tropical environments, making them more suitable for practical applications involving 
diverse load patterns.

PCA results for PCA-DRN on the MyPJ dataset
To mitigate redundancy among meteorological variables and uncover their underlying variance structure in 
the MyPJ dataset, PCA was performed prior to model training. A cumulative explained variance threshold of 
90% was adopted as the selection criterion, leading to the retention of five principal components. Together, 
these components account for 94.12% of the total variance, indicating that most of the original information is 
preserved despite substantial dimensionality reduction. Among them, the first component captures 37.88% of 
the variance, followed by the second (19.62%), third (14.23%), fourth (12.08%), and fifth (8.54%) components. 
This distribution suggests that the major variability of the meteorological data can be effectively represented 
within a compact and low-redundancy feature space.

Loss function MAPE MAE MSE RMSE NMSE R R2

MAPE 0.055301 0.029915 0.002433 0.049327 0.085461 0.958622 0.914539

MAE 0.058183 0.032292 0.002434 0.049335 0.085491 0.961745 0.914509

MSE 0.059800 0.031858 0.002669 0.051661 0.093739 0.953545 0.906261

Huber loss 0.058379 0.032204 0.002603 0.051022 0.091438 0.956596 0.908562

Log-Cosh loss 0.057502 0.028416 0.002652 0.051500 0.093159 0.952426 0.906841

Pseudo-Huber loss 0.057905 0.031166 0.002280 0.047744 0.080066 0.961509 0.919934

Smooth L1 loss 0.065989 0.036059 0.003260 0.057095 0.114499 0.946844 0.885501

Charbonnier loss 0.050913 0.026212 0.002031 0.045070 0.071347 0.964356 0.928653

Penalized loss 0.052514 0.026467 0.002050 0.045278 0.072007 0.964032 0.927993

Table 5.  Performance comparison of DRN under different loss functions on the MyPJ dataset.
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To further interpret the retained components, the contribution of each meteorological variable is examined 
through their corresponding loading values. For the first principal component, loadings of rainfall, mean 
temperature, minimum temperature, maximum temperature, mean wind speed, maximum wind speed, and wind 
direction are 0.326146, − 0.579888, − 0.503639, − 0.442409, − 0.293040, 0.105115, and 0.105159, respectively, 
indicating that this component is primarily dominated by temperature-related variability. In contrast, the second 
component is characterized by stronger contributions from wind intensity and precipitation, with loadings of 
0.442154, 0.082323, − 0.203754, 0.365551, 0.318846, 0.701837, and − 0.168348.

The third component is largely governed by wind direction, as evidenced by its dominant loading of − 
0.946270, while other variables exhibit relatively minor contributions. The fourth component reflects a mixed 
influence of wind speed, temperature, and precipitation, with loadings of 0.381735, 0.141974, 0.147226, 0.413782, 
− 0.792360, − 0.087986, and − 0.075194. Meanwhile, the fifth component highlights a coupled relationship 
between rainfall and wind-related factors under varying wind strength conditions, as indicated by loadings of 
0.709699, 0.086094, 0.123478, − 0.051551, 0.387480, − 0.512842, and 0.240546.

Taken together, the retained principal components not only preserve the dominant physical characteristics 
of the original meteorological variables but also transform them into an orthogonal and low-dimensional 
representation. Such a transformation effectively reduces redundancy while maintaining interpretability, thereby 
providing a compact and stable input representation for subsequent analyses of training behavior and forecasting 
performance in the PCA-DRN framework.

From a data representation perspective, PCA transforms the original correlated meteorological variables into 
an orthogonal feature space, thereby reducing redundancy and suppressing noise in the input distribution. This 
transformation leads to a more compact and structured feature representation, where dominant patterns are 
preserved while minor fluctuations and irrelevant variations are mitigated. As a result, the statistical properties 
of the input data become more stable, which can significantly influence the optimization behavior of different 
loss functions.

PCA-DRN performance on the MyPJ dataset
Figure 10 presents the comparison of MAPE across different loss functions for the PCA-DRN model on the 
MyPJ dataset. Compared with the DRN results discussed earlier, an overall improvement in forecasting accuracy 
can be clearly observed, indicating that the incorporation of PCA-based feature representation enhances the 
model’s ability to extract informative patterns from multi-dimensional meteorological variables.

To further examine the distributional characteristics of forecasting errors, the boxplot visualization is 
presented in Fig.  11, where a noticeable reduction in variability can be observed across most loss functions 
compared with the DRN results. The interquartile ranges are generally more compact, and the whiskers are 
shorter, indicating improved stability and reduced dispersion of prediction errors under the PCA-DRN 
framework. This suggests that PCA-based feature transformation produces a more structured and less noisy 
input space, leading to more consistent optimization behavior.

Among the evaluated loss functions, the Charbonnier loss continues to exhibit a concentrated distribution 
with a lower median MAPE, reflecting its strong capability in minimizing point-wise prediction errors. 
Meanwhile, the Penalized loss demonstrates enhanced consistency compared with its performance in the 
DRN setting, with reduced dispersion and more stable error distribution. This indicates that the range-aware 
constraints of the Penalized loss become more effective when the input feature space is regularized through PCA.

From an optimization perspective, the improved performance of the Penalized loss can be attributed to 
the alignment between its structural constraints and the transformed feature space. By reducing redundancy 
and suppressing noise, PCA enables the model to better capture global load patterns, thereby enhancing the 

Fig. 10.  Comparison of MAPE across different loss functions in PCA-DRN (MyPJ).
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effectiveness of range-based penalties. In contrast, loss functions such as MSE and Smooth L1 still exhibit 
relatively larger variability, suggesting that their sensitivity to large deviations or piecewise gradient behavior 
remains less suitable even under a more structured input space. These observations highlight that feature 
representation and loss function design jointly influence optimization stability and forecasting performance, 
rather than acting as independent components.

Table 6 summarizes the corresponding quantitative results. Similar to the DRN case, the selection of loss 
function continues to have a significant impact on forecasting performance. However, a notable difference 
emerges in the relative behavior of different loss functions after applying PCA.

Furthermore, a consistent and systematic improvement is observed when comparing PCA-DRN with 
DRN across all loss functions. For every evaluated loss formulation, the PCA-DRN framework achieves lower 
MAPE values than its DRN counterpart, demonstrating that PCA-based feature transformation enhances 
both representation efficiency and optimization effectiveness. This result highlights that reducing redundancy 
in meteorological variables enables the model to learn more informative patterns, thereby improving overall 
forecasting accuracy.

Among all evaluated loss functions, the Charbonnier loss achieves the best performance in terms of point-
forecast error metrics, yielding the lowest MAPE (0.048393) and MAE (0.024879). This indicates that the smooth 
and robust formulation of the Charbonnier loss remains highly effective in minimizing point-wise prediction 
errors under the PCA-DRN framework.

In contrast, the Penalized loss demonstrates superior performance in squared-error-based measures (MSE, 
RMSE, NMSE) and correlation-oriented metrics (R, R2). In particular, it achieves the lowest NMSE (0.065527) 

Loss function MAPE MAE MSE RMSE NMSE R R2

MAPE 0.050412 0.026604 0.002015 0.044886 0.070767 0.964799 0.929233

MAE 0.054365 0.027332 0.002152 0.046394 0.075601 0.961848 0.924399

MSE 0.056298 0.029551 0.002431 0.049301 0.085373 0.957148 0.914627

Huber loss 0.057876 0.030607 0.002537 0.050367 0.089103 0.956180 0.910897

Log-Cosh loss 0.057446 0.028477 0.002421 0.049203 0.085033 0.957144 0.914967

Pseudo-Huber loss 0.054641 0.027600 0.002224 0.047159 0.078116 0.960673 0.921884

Smooth L1 loss 0.056497 0.030254 0.002378 0.048767 0.083533 0.958668 0.916467

Charbonnier loss 0.048393 0.024879 0.001942 0.044071 0.068218 0.965513 0.931782

Penalized loss 0.049994 0.026254 0.001866 0.043193 0.065527 0.967339 0.934473

Table 6.  Performance comparison of PCA-DRN under different loss functions on the MyPJ dataset.

 

Fig. 11.  Distribution of MAPE for DRN under different loss functions on the MyPJ dataset.
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and the highest correlation values (R = 0.967339, R2 = 0.934473), suggesting that it provides better global fitting 
consistency and more accurately captures the overall structure of load variations.

This divergence in performance between the Charbonnier and Penalized losses can be attributed to the 
impact of PCA on the input feature space. More specifically, by reducing noise and inter-feature correlations, 
PCA produces a more regularized input distribution with clearer global structure. Under such conditions, 
loss functions that incorporate structural constraints, such as the Penalized loss, can more effectively enforce 
consistency between predicted and actual load ranges. In contrast, when the input space contains redundant 
or noisy features, such constraints may be less effective due to increased variability in the optimization process. 
Therefore, the improvement of the Penalized loss under the PCA-DRN framework can be attributed to the 
enhanced alignment between its formulation and the structured feature space produced by PCA. From an 
optimization standpoint, PCA reduces noise and redundancy in the input space, leading to a smoother and 
more structured loss landscape. Under such conditions, the range-aware constraints of the Penalized loss 
can be more effectively enforced, allowing it to better capture global load patterns and improve overall fitting 
consistency. By transforming the original meteorological variables into orthogonal principal components, PCA 
reduces redundancy and suppresses noise, resulting in a more compact and structured representation. Under 
such conditions, the advantage of the Penalized loss in enforcing global consistency through its range-aware 
constraint becomes more pronounced, as the underlying signal is less affected by redundant or noisy features.

On the other hand, although the Charbonnier loss excels in minimizing local prediction errors due to 
its smooth gradient properties, it does not explicitly impose constraints on global extrema or distributional 
consistency. As a result, its advantage becomes concentrated on point-wise error minimization (MAPE and 
MAE), rather than overall fitting performance.

Compared with earlier DRN results, where the Charbonnier loss dominates across most evaluation metrics, 
the PCA-DRN results reveal a clearer functional differentiation among loss functions. This indicates that feature 
transformation plays a critical role in shaping the effectiveness of loss formulations. In particular, PCA enhances 
the compatibility of structure-aware loss functions, such as the Penalized loss, by providing a cleaner and more 
interpretable feature space.

Among the remaining loss functions, the MAPE-based loss continues to show relatively competitive 
performance in point-wise error minimization but remains sensitive to small denominator values. The MSE loss 
again underperforms due to its excessive emphasis on large errors, while Huber, Log-Cosh, and Pseudo-Huber 
losses provide moderate performance without achieving clear advantages. The Smooth L1 loss exhibits limited 
effectiveness, consistent with the observations in the DRN setting.

Taken together, the results demonstrate that, under the PCA-DRN framework, different loss functions 
exhibit complementary strengths across different categories of evaluation metrics. While the Charbonnier loss 
is more suitable for minimizing point-wise prediction errors, the Penalized loss is more effective in capturing 
global load patterns and improving overall model consistency. These findings further suggest that the selection 
of loss functions should be jointly considered with feature representation strategies, rather than optimized 
independently, in STLF tasks.

Bootstrap-based significance analysis in statistics
To determine whether the observed differences in forecasting accuracy are statistically significant rather than 
arising from random fluctuations, a non-parametric bootstrap resampling approach is employed. Tables 7 and 
8 summarize the statistical comparison results for the ISO-NE and MyPJ datasets, respectively. For each pair of 
models, the mean and standard deviation (SD) of the MAPE distribution, the mean difference, the corresponding 
95% CI, and the p-value are reported.

1st model 2nd model MAPE ± SD (1st model) MAPE ± SD (2nd model) Mean difference CI (95%) p-value

DRN
(Penalized loss)

DRN
(Charbonnier loss) 0.052514 ± 0.106031 0.050913 ± 0.103926 0.001601 [0.000930, 0.002262] ≈ 0

PCA-DRN
(Penalized loss)

PCA-DRN
(Charbonnier loss) 0.049994 ± 0.088990 0.048393 ± 0.097656 0.001601 [0.000925, 0.002283] ≈ 0

DRN
(Penalized loss)

PCA-DRN
(Penalized loss) 0.052514 ± 0.106031 0.049994 ± 0.088990 0.002520 [0.001416, 0.003690] 0.000100

DRN
(Charbonnier loss)

PCA-DRN
(Charbonnier loss) 0.050913 ± 0.103926 0.048393 ± 0.097656 0.002520 [0.001599, 0.003469] ≈ 0

Table 8.  Bootstrap-based statistical comparison of DRN and PCA-DRN models under different loss functions 
on the MyPJ dataset.

 

1st model 2nd model MAPE ± SD (1st model) MAPE ± SD (2nd model) Mean difference CI (95%) p-value

DRN
(Penalized loss)

DRN
(Charbonnier loss) 0.017182 ± 0.019726 0.016707 ± 0.020032 0.000476 [0.000189, 0.000754] 0.000800

Table 7.  Bootstrap-based statistical comparison of DRN models under different loss functions on the ISO-NE 
dataset.
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In these comparisons, a positive mean difference indicates that the second model achieves lower prediction 
errors. The CI reflects the range within which the true performance difference is expected to lie with a given 
level of confidence, while the p-value quantifies the probability that the observed difference arises under the null 
hypothesis of no performance difference. A result is considered statistically significant when the CI does not 
include zero and the p-value is less than 0.05.

For the ISO-NE dataset, the comparison between DRN with Penalized loss and DRN with Charbonnier loss 
yields a mean difference of 0.000476, with a 95% CI of [0.000189, 0.000754] and a p-value of 0.000800. Since the 
CI excludes zero and the p-value is well below the significance threshold, the superiority of the Charbonnier loss 
is statistically significant. This result further confirms that the performance advantage observed under smooth 
and robust loss formulations is not due to random variation, but reflects a consistent improvement in model 
optimization and prediction accuracy.

For the MyPJ dataset, more pronounced differences are observed across both loss functions and model 
structures. When comparing DRN with Penalized loss and DRN with Charbonnier loss, the mean difference 
is 0.001601, with a 95% CI of [0.000930, 0.002262] and a p-value approximately equal to zero, indicating a 
statistically significant improvement achieved by the Charbonnier loss. A similar pattern is observed for 
the PCA-DRN model, where the comparison between Penalized loss and Charbonnier loss yields the same 
mean difference of 0.001601, with a 95% CI of [0.000925, 0.002283] and a p-value close to zero. These results 
demonstrate that the advantage of the Charbonnier loss in minimizing point-forecast error metrics remains 
statistically robust across different model configurations.

In addition, cross-model comparisons further highlight the effectiveness of the PCA-DRN framework. 
When comparing DRN (Penalized loss) with PCA-DRN (Penalized loss), a mean difference of 0.002520 is 
obtained, with a 95% CI of [0.001416, 0.003690] and a p-value of 0.000100. Similarly, for the Charbonnier loss, 
the comparison between DRN and PCA-DRN also produces a mean difference of 0.002520, with a 95% CI of 
[0.001599, 0.003469] and a p-value approximately equal to zero. In both cases, the CIs exclude zero and the 
p-values indicate strong statistical significance, confirming that the PCA-DRN model consistently outperforms 
the original DRN regardless of the loss function used.

Overall, the bootstrap-based statistical analysis provides strong evidence that the observed performance 
differences are not attributable to random variation but reflect genuine improvements in model capability. In 
particular, the superiority of the Charbonnier loss in point-wise prediction accuracy and the consistent advantage 
of PCA-based feature transformation are both statistically validated. These findings reinforce the conclusions 
drawn from the experimental results and highlight the importance of jointly considering loss function design 
and feature representation in enhancing the performance of DRN-based STLF models.

Key findings and analysis
Based on the comprehensive experimental results and statistical analysis, several key findings can be drawn 
regarding the role of loss functions and feature representation in DRN-based STLF.

First, the choice of loss function is shown to have a substantial impact on both optimization behavior and 
forecasting performance. Across both datasets, loss functions characterized by smooth gradient properties and 
robustness to outliers, particularly the Charbonnier loss, generally achieve better performance in point-forecast 
error metrics. This highlights the importance of stable gradient propagation and balanced error handling in deep 
residual learning, especially under nonlinear and noisy data conditions commonly encountered in STLF tasks. 
More importantly, these results demonstrate that the inherent properties of loss functions, including gradient 
smoothness and sensitivity to outliers, directly influence model behavior in terms of convergence stability and 
predictive accuracy. Loss functions with smooth gradients tend to facilitate more stable optimization by reducing 
oscillations during training, whereas robust formulations help mitigate the impact of extreme deviations. In 
addition, the effectiveness of different loss functions is closely related to data characteristics, where datasets with 
higher variability and irregular fluctuations tend to benefit more from loss formulations that balance robustness 
and gradient continuity.

Second, the effectiveness of different loss functions is found to be strongly dependent on dataset characteristics. 
For the ISO-NE dataset, which exhibits relatively structured seasonal patterns and smoother temporal variations, 
loss functions with stable and smooth optimization behavior, such as Charbonnier and Log-Cosh, demonstrate 
clear advantages across all evaluation metrics. In contrast, for the MyPJ dataset, where load patterns are more 
irregular and influenced by short-term weather fluctuations, the performance differences among loss functions 
become more pronounced. Under such conditions, robustness to noise and adaptability to local variations play 
a more critical role in determining forecasting accuracy.

Third, the introduction of PCA-based feature transformation significantly enhances model performance 
in data-rich environments. The PCA-DRN framework consistently outperforms the original DRN across 
all evaluated loss functions, demonstrating that reducing redundancy and extracting orthogonal feature 
representations can effectively improve both learning efficiency and generalization capability. This improvement 
is particularly evident in the MyPJ dataset, where multiple meteorological variables are involved and feature 
redundancy is more prominent. This further indicates that PCA not only improves feature representation but also 
reshapes the input data distribution by reducing noise and inter-feature correlations, thereby influencing how 
different loss functions interact with the data and contributing to the observed variation in their effectiveness.

Moreover, the interaction between loss functions and feature representation reveals a complementary 
relationship. While the Charbonnier loss excels in minimizing point-wise prediction errors, the Penalized loss 
demonstrates stronger performance in squared-error-based and correlation-oriented metrics under the PCA-
DRN framework. This suggests that, when the input feature space is refined through PCA, structure-aware loss 
formulations that incorporate global constraints can better exploit the underlying data distribution, leading to 
improved overall model consistency.
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In addition, the distributional analysis based on boxplot visualizations further supports this observation. 
Across the DRN and PCA-DRN frameworks, loss functions with smoother gradient properties, particularly 
the Charbonnier loss, consistently exhibit more concentrated error distributions with reduced variability. This 
indicates not only lower average prediction errors but also improved stability and robustness during optimization. 
Furthermore, under the PCA-DRN framework, a noticeable reduction in dispersion is observed across most loss 
functions, suggesting that PCA-based feature transformation contributes to a more structured input space and 
more consistent training behavior.

In addition, the bootstrap-based statistical analysis provides strong evidence supporting the reliability of 
the observed performance differences. The superiority of the Charbonnier loss over the Penalized loss, as well 
as the consistent advantage of PCA-DRN over DRN, are both confirmed to be statistically significant. This 
indicates that the improvements are not attributable to random variation but reflect genuine differences in model 
capability and optimization effectiveness.

Taken together, these findings highlight that the selection of loss functions in DRN-based STLF models 
should not be treated as an isolated design choice. Instead, it should be jointly considered with dataset 
characteristics and feature representation strategies. Loss functions with smooth gradients and robust error 
handling are generally more suitable for achieving stable and accurate predictions, while structure-aware 
formulations may provide additional benefits when combined with refined feature spaces. In addition, alternative 
strategies such as ensemble and aggregation-based approaches offer complementary pathways for improving 
forecasting performance by combining multiple predictors to enhance robustness and generalization. Therefore, 
a holistic approach that integrates loss function design, feature engineering, model architecture, and prediction 
combination strategies is essential for developing reliable and high-performance STLF models under diverse 
real-world conditions.

Conclusion
This study presents a systematic investigation into the role of loss functions in DRN-based STLF, with a particular 
focus on their impact on optimization behavior, forecasting accuracy, and model stability under diverse data 
conditions. These findings further suggest that loss functions implicitly influence how DRN-based models adapt 
to non-stationary patterns and distributional variations in load data. In this sense, the selection of an appropriate 
loss function can be viewed as a complementary strategy to enhance model robustness under dynamic real-
world conditions. By evaluating traditional error-based, robust, and Penalized loss functions within a unified 
experimental framework, this work provides a comprehensive analysis of how different loss formulations 
influence the performance of residual learning models.

The experimental results demonstrate that loss functions with smooth gradient properties and strong 
robustness to outliers, particularly the Charbonnier loss, generally achieve improved performance in point-
forecast error metrics across both temperate and tropical datasets. This highlights the importance of stable 
gradient propagation and balanced error handling in deep residual learning, especially when dealing with 
nonlinear and noisy load data. At the same time, the Penalized loss, originally developed for DRN-based STLF, 
exhibits competitive performance by incorporating range-aware constraints, showing advantages in capturing 
global load characteristics under certain conditions.

Furthermore, the integration of PCA into the DRN framework significantly enhances forecasting performance 
in data-rich environments. The PCA-DRN model consistently outperforms the original DRN across all evaluated 
loss functions, confirming that reducing feature redundancy and transforming meteorological variables into 
a compact and orthogonal representation can effectively improve both learning efficiency and generalization 
capability. In particular, the combination of PCA and structure-aware loss formulations reveals a complementary 
relationship, where refined feature representations enable more effective utilization of loss-driven optimization 
strategies.

The bootstrap-based statistical analysis further validates the reliability of these findings. The observed 
performance improvements, including the superiority of the Charbonnier loss and the consistent advantage of 
PCA-DRN over DRN, are confirmed to be statistically significant, indicating that these improvements are not 
due to random variation but reflect genuine differences in model capability.

Overall, this study highlights that the selection of loss functions in DRN-based STLF models is inherently 
dependent on both dataset characteristics and feature representation strategies. Rather than treating loss 
functions as independent design components, a more effective approach is to jointly consider loss formulation, 
feature engineering, and model architecture. Such an integrated design paradigm is essential for achieving 
robust and accurate forecasting performance in real-world power systems.

For future work, several directions can be explored. First, the development of adaptive or data-driven loss 
functions tailored to specific load characteristics may further enhance model performance. Second, nonlinear 
dimensionality reduction techniques could be investigated as alternatives to PCA to better preserve complex 
feature interactions. In addition, a more fine-grained diagnostic analysis of forecasting errors will be conducted, 
including stratified evaluation under specific operating conditions such as peak load periods, troughs, holidays, 
and extreme weather events. Such analysis is expected to provide deeper insights into when and where different 
loss functions perform better, thereby further improving the interpretability and practical applicability of DRN-
based STLF models. Finally, extending the proposed framework to probabilistic forecasting and uncertainty 
quantification would provide additional practical value for real-world power system operations.

Data availability
The datasets analyzed during this study are publicly available from official sources, subject to relevant access 
conditions or registration requirements. The ISO-NE dataset is accessible via the New England Independent 
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System Operator (https://www.​iso-ne.com/i​soexpress/we​b/reports/l​oad-and-demand). The MyPJ load data are 
available from the Grid System Operator (GSO), Malaysia ​(​​​h​​​​t​t​​p​​s​:​​/​​/​w​w​w​.​​g​s​o​.​o​r​​g​​.​m​y​/​S​y​s​t​e​m​D​a​t​a​/​S​y​s​t​e​m​D​e​m​a​
n​d​.​a​s​p​x​​​​​)​, and the corresponding meteorological data can be obtained from the Malaysian Meteorological De-
partment (https://www.met.gov.my/). Processed data supporting the findings of this study are available from the 
corresponding author upon reasonable request.
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