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Accurate day-ahead load forecasting is essential for generation scheduling, reserve
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allocation, electricity-market operation, and reliable power-system management.
However, half-hourly electricity demand is nonlinear and non-stationary, with short-
term fluctuations, daily and weekly periodicity, and slowly varying trends occurring
simultaneously. This study proposes a unified hybrid framework that combines
ensemble empirical mode decomposition, a temporal convolutional network, and
validation-calibrated LightGBM residual correction for direct day-ahead forecasting.
The main contribution is the coordinated use of multi-scale signal representation, direct
multi-output temporal learning, and controlled residual correction within a single
forecasting pipeline. Ensemble empirical mode decomposition separates the original
load series into nine intrinsic mode functions and one residue, which are organized as
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a synchronized ten-channel input. The temporal convolutional network then maps a
seven-day historical window of 336 half-hourly observations directly to the subsequent
48 load values, avoiding recursive error propagation. LightGBM is subsequently
trained to estimate structured residuals using the base forecast, forecast horizon,
calendar variables, historical lags, rolling statistics, and decomposition-derived
features. To limit overcorrection, the residual model is trained on an earlier validation
subset, while a separate chronological calibration subset selects the correction
coefficient, which was 0.30 in the reported experiment. Experiments using Queensland
electricity-demand data from 2015 to 2019 yielded an RMSE of 156.92 MW, an MAE
of 116.48 MW, a MAPE of 1.8825%, a WAPE of 1.8746%, and an R? of 0.9692 for
the proposed framework. Under the stored offline evaluation setting, these error values
were lower than those reported for the standalone LightGBM and raw-series temporal
convolutional network baselines. Because the baseline pipelines contain closely
matched but not completely identical test-origin sets, the comparisons are interpreted
descriptively rather than as fully paired statistical evidence. In addition, EEMD is
applied offline to the complete series; therefore, the reported results represent a
decomposition-assisted benchmark rather than a strictly causal real-time forecasting
implementation. The findings suggest that multi-scale representation, temporal
convolution, and calibrated residual learning can provide complementary benefits
under the considered experimental setting.
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1. INTRODUCTION

Accurate short-term load forecasting (STLF) is essential for the secure, reliable, and economical operation
of modern power systems. In particular, day-ahead load forecasts support unit commitment, generation
scheduling, reserve allocation, electricity-market bidding, maintenance planning, and demand-side
management [1][2]. Forecasting errors can directly affect operational decisions. Underestimation may result in
insufficient reserve capacity and increased system risk, whereas overestimation may lead to unnecessary
generation commitment and higher operating costs. The importance of forecasting accuracy is especially
evident at the day-ahead horizon, where system operators require the complete future load trajectory rather
than a single predicted value. For half-hourly electricity-demand data, this task involves predicting 48
consecutive load values representing the subsequent 24-hour period.

Despite its operational importance, day-ahead load forecasting remains challenging because electricity
demand is nonlinear, non-stationary, and governed by multiple interacting temporal mechanisms. At short time
scales, the load series contains abrupt ramps, local fluctuations, and transient variations. At intermediate time
scales, intraday and weekly patterns arise from working schedules, consumer behavior, and recurring human
activities. At longer time scales, seasonal effects and gradual structural changes influence the underlying
demand level. These temporal components are superimposed in the observed load series, making it difficult
for a single forecasting model to represent all relevant behaviors simultaneously. Forecasting difficulty may
also vary according to the prediction horizon, load level, weekday or weekend status, peak and non-peak
periods, and the occurrence of rapid load changes.

Early STLF studies were primarily based on traditional statistical techniques, including linear regression
[3]-[7], exponential smoothing [8]-[11], autoregressive models [12][13], autoregressive integrated moving
average (ARIMA) models [14]-[18], seasonal ARIMA models [19], and related time-series approaches. These
methods remain attractive because of their relatively simple structures, low computational requirements, and
ease of interpretation. They can perform effectively when the underlying electricity-demand process is
approximately linear, stationary, and stable. However, their performance may deteriorate when the load series
contains strong nonlinearities, complex temporal interactions, abrupt changes, or evolving operating
conditions. Their reliance on predefined statistical assumptions may also restrict their ability to represent
heterogeneous temporal patterns.

To overcome these limitations, machine-learning methods have been widely introduced into STLF.
Representative approaches include support vector regression [20]-[24], decision trees [25]-[27], random forests
[28]-[31], gradient boosting [32]-[36], XGBoost [37]-[42], and LightGBM [43]-[47]. These models can capture
nonlinear relationships among historical demand, calendar variables, rolling statistics, and other engineered
predictors without requiring restrictive assumptions regarding the underlying data distribution. Tree-based
ensemble methods are particularly effective for heterogeneous tabular features and can efficiently represent
complex nonlinear interactions.

Among these methods, LightGBM is attractive because of its strong nonlinear approximation capability
and computationally efficient tree-building mechanism. It can effectively exploit recent demand values, daily
and weekly lags, rolling statistics, and calendar-related information. However, the performance of feature-
based machine-learning approaches remains highly dependent on the quality and relevance of the engineered
predictors. In multi-step day-ahead forecasting, separate models are also frequently trained for individual
forecast horizons. Such a strategy increases model proliferation and prevents the learner from developing a
shared representation of the complete future load trajectory.

Deep-learning methods provide an alternative approach by learning temporal representations directly
from sequential data. Recurrent neural networks [48]-[50], long short-term memory networks [51]-[55], gated
recurrent units [56]-[59], convolutional neural networks [60]-[64], and temporal convolutional networks [65]-
[69] have all been applied to electricity-load forecasting. Recurrent models such as LSTM and GRU can retain
information over extended temporal intervals, but their sequential computation may increase training time and
limit parallelization. CNN-based models provide efficient local pattern extraction; however, conventional
convolutional architectures may require careful structural design to capture long-range temporal dependencies.

Temporal convolutional networks provide a particularly suitable architecture for long-window sequence
modeling. Through temporal convolution, dilation, and residual connections, a TCN can enlarge its receptive
field and capture short- and long-range dependencies while maintaining efficient parallel computation [70]-
[73]. For day-ahead forecasting, the TCN can be connected to a multi-output prediction layer so that all future
horizons are generated simultaneously. This direct forecasting strategy avoids the accumulation of errors
associated with recursively feeding previous predictions into subsequent forecasting steps. Nevertheless, when
a TCN is trained directly on the original load series, the same network must simultaneously model rapid
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fluctuations, intraday periodicity, weekly recurrence, and slower demand variations within a single latent
representation.

Signal decomposition provides a complementary mechanism for addressing this challenge. Empirical
mode decomposition adaptively separates a nonlinear and non-stationary signal into intrinsic mode functions
and a residual component, whereas ensemble empirical mode decomposition improves decomposition stability
through noise-assisted repeated decomposition and ensemble averaging. By separating the original demand
series into components corresponding to different temporal scales, EEMD can provide a more explicit
representation of high-frequency fluctuations, intermediate oscillations, and low-frequency variations [74]-
[77].

Many decomposition-based forecasting methods train an independent predictive model for each
decomposed component and subsequently reconstruct the final forecast by summing the component-level
predictions. Although straightforward, this strategy may require a large number of separate submodels and may
not explicitly capture interactions among different temporal scales. An alternative multi-channel strategy is to
supply all decomposed components simultaneously to a single forecasting model. This design reduces model
proliferation and allows the downstream learner to capture cross-scale relationships within a unified temporal
representation.

The present study adopts this multi-channel strategy. The original Queensland electricity-demand series
is decomposed into nine intrinsic mode functions and one residual component, resulting in ten synchronized
input channels. These components are jointly processed by a TCN using a seven-day historical window
containing 336 half-hourly observations. The network directly predicts all 48 load values of the following day
in a single forward pass. In this framework, EEMD is responsible for constructing an explicit multi-scale
representation of the historical signal, while the TCN learns the direct mapping from the decomposed seven-
day history to the complete next-day load trajectory.

However, decomposition and deep temporal modeling may not eliminate all systematic forecasting errors.
The remaining residuals may still depend on the forecast horizon, time of day, recent load level, daily and
weekly lags, rolling statistical behavior, or the current state of the decomposed components. Treating these
residuals as purely random noise may therefore discard useful predictive information. A secondary learner can
instead be trained to identify predictable error patterns and refine the base forecast.

For this purpose, the proposed framework employs LightGBM as a residual-correction model. Unlike the
standalone LightGBM baseline, which directly predicts future load values, the correction model estimates only
the residual remaining after the EEMD-TCN base forecast. Its inputs include the base prediction, forecast-
horizon variables, recent and lagged load values, rolling statistics, calendar information, and decomposition-
derived features available at the forecast origin. This separation of responsibilities allows the TCN to focus on
the primary temporal forecasting task, while LightGBM learns structured deviations that remain after the first
forecasting stage.

A further methodological challenge is that unrestricted residual correction may overadjust an already
reasonable base forecast. The proposed framework therefore separates residual-model training from correction-
strength calibration. LightGBM is trained using the earlier portion of the validation period, while a separate
chronological calibration subset is used to select the correction coefficient. The final prediction is obtained by
adding a calibrated fraction of the predicted residual to the EEMD-TCN base forecast. This procedure reduces
the risk of excessive correction and ensures that test labels are not used to train the residual model or determine
the correction magnitude.

Motivated by these considerations, this study develops a three-stage day-ahead forecasting framework
integrating EEMD-based multi-scale representation, direct TCN forecasting, and validation-calibrated
LightGBM residual correction. The framework is evaluated using half-hourly Queensland electricity-demand
data collected from 2015 to 2019. A seven-day input window is used to predict the complete 48-step load
profile of the following day. The proposed framework is compared with a standalone LightGBM model and a
raw-series TCN baseline. The principal contributions of this study are summarized as follows.

First, a multi-channel EEMD-TCN architecture is developed in which nine intrinsic mode functions and
one residual component are jointly supplied to a single TCN. Unlike conventional component-wise forecasting
approaches, the proposed architecture does not require an independent forecasting model for each decomposed
component and allows interactions among different temporal scales to be learned directly.

Second, the TCN performs direct multi-output day-ahead forecasting by mapping a seven-day historical
window of 336 half-hourly observations to the complete 48-step next-day load trajectory. This strategy avoids
recursive error propagation and enables the model to learn a shared representation of the entire forecasting
horizon.
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Third, a LightGBM residual-correction stage is introduced to model structured errors remaining after the
EEMD-TCN base forecast. Rather than independently reconstructing the future load trajectory, the correction
model uses the base prediction, forecast horizon, temporal information, historical lags, rolling statistics, and
decomposition-derived features to estimate the remaining residual.

Fourth, residual-model training and correction-strength calibration are separated chronologically. The
residual model is trained on one portion of the validation period, while a separate calibration subset is used to
select the correction coefficient. This design prevents test-label information from influencing the residual-
learning and calibration stages.

Fifth, the proposed framework is examined against feature-based machine-learning and deep temporal-
learning baselines using overall forecasting accuracy, horizon-wise behavior, error distributions, condition-
based performance, and model-specific diagnostic analyses. These evaluations provide a descriptive
assessment of the model behavior under the stored offline experimental setting. Because the evaluated pipelines
contain slightly different valid test-origin sets, the reported comparisons are not interpreted as a fully paired
statistical evaluation.

Finally, the study explicitly distinguishes between offline decomposition-assisted benchmarking and
strictly causal operational forecasting. It also reports that the standalone LightGBM and TCN-based pipelines
contain slightly different valid test-origin sets. These limitations are considered when interpreting the
numerical comparisons, which are treated as descriptive evidence within the reported experimental
configuration rather than as fully paired operational validation.

The remainder of this paper is organized as follows. Section II reviews statistical, machine-learning, deep-
learning, decomposition-based, and residual-correction methods for short-term load forecasting. Section III
presents the proposed EEMD-TCN-LightGBM methodology. Section IV describes the dataset, experimental
settings, forecasting configuration, and evaluation methods. Section V presents and discusses the experimental
results. Finally, Section VI concludes the study and outlines directions for future research.

2. RELATED WORK

Short-term load forecasting has been extensively investigated using statistical, machine-learning, deep-
learning, decomposition-based, and hybrid modeling approaches. Traditional forecasting methods include
regression, autoregressive models, exponential smoothing, and autoregressive integrated moving average
techniques. These approaches remain attractive because of their relatively simple structures, low computational
requirements, and interpretability [78][79]. They can provide satisfactory performance when electricity-
demand patterns are approximately linear and stable. However, their reliance on predefined statistical
assumptions may limit their ability to represent nonlinear, non-stationary, and rapidly changing load behavior.

Machine-learning methods provide greater modeling flexibility by formulating load forecasting as a
supervised learning problem. Support vector regression, random forests, gradient boosting, XGBoost, and
LightGBM have been applied using historical demand, lagged variables, rolling statistics, calendar
information, and other exogenous predictors [80]-[81]. These methods can efficiently model nonlinear
relationships, particularly when temporal information is represented through carefully engineered tabular
features. LightGBM is especially suitable for this setting because of its computationally efficient tree-
construction mechanism and its ability to process heterogeneous predictors. Nevertheless, the accuracy of
feature-based models remains strongly dependent on feature selection and engineering. Moreover, multi-
horizon day-ahead forecasting may require an independent estimator for each future step, increasing the
number of models and limiting the ability to learn a shared representation of the complete future trajectory.

Deep-learning approaches reduce dependence on manually engineered predictors by learning temporal
representations directly from sequential inputs. Recurrent neural networks, long short-term memory networks,
gated recurrent units, convolutional neural networks, and related hybrid architectures have therefore been
widely investigated for load forecasting. Recurrent models can capture long-term temporal dependencies, but
their sequential computation may increase training cost and restrict parallel processing. Convolutional
approaches provide efficient local feature extraction; however, conventional architectures may require careful
structural design to represent dependencies spanning long historical windows [82][83].

Temporal convolutional networks provide an alternative architecture for long-window sequence
modeling. Through temporal convolution, dilation, and residual connections, TCNs can expand their receptive
fields and capture both short- and long-range dependencies while retaining efficient parallel computation. They
are also well suited to direct multi-output forecasting, in which the complete future trajectory is generated in a
single forward pass. This strategy avoids recursive error propagation and enables the model to learn
relationships among multiple forecast horizons. However, when a TCN is applied directly to a raw load
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sequence, the network must simultaneously represent short-term fluctuations, intraday periodicity, weekly
recurrence, and slowly varying demand patterns within a single input channel.

Signal-decomposition techniques have consequently been combined with forecasting models to provide
more explicit representations of nonlinear and non-stationary time series. Empirical mode decomposition
adaptively separates a signal into intrinsic mode functions and a residual component, whereas ensemble
empirical mode decomposition improves decomposition stability through noise-assisted repeated
decomposition and ensemble averaging. Related approaches, including complete ensemble empirical mode
decomposition with adaptive noise and variational mode decomposition, have also been applied to energy
forecasting. These techniques aim to separate complex load behavior into components associated with different
temporal scales before prediction [84]-[86].

Decomposition-based forecasting methods generally adopt either a component-wise or a multi-channel
modeling strategy. In component-wise approaches, each decomposed component is predicted using an
independent model, and the resulting forecasts are subsequently summed to reconstruct the final load
prediction. Although this design simplifies the forecasting task assigned to each learner, it may require
numerous component-specific models, increase computational and maintenance requirements, and overlook
interactions among temporal scales.

In a multi-channel strategy, all decomposed components are instead supplied simultaneously to a single
forecasting model. This approach reduces model proliferation and enables the downstream learner to capture
interactions among high-frequency fluctuations, intermediate oscillations, and low-frequency trends. However,
decomposition and multi-channel temporal modeling alone may still leave structured errors associated with the
forecast horizon, time of day, recent demand level, temporal variability, or the current decomposition state.

Residual learning provides a complementary mechanism for exploiting such remaining error structure.
After a primary model produces a base forecast, a secondary learner can be trained to estimate the difference
between the observed and predicted values. The predicted residual is then used to refine the original forecast.
Residual-correction models may employ autoregressive, neural-network, or ensemble-learning techniques.
Nevertheless, an unrestricted correction model may overadjust already accurate predictions, particularly when
the secondary learner is highly flexible or when the correction magnitude is selected using the same data
employed for residual-model training.

The existing literature therefore demonstrates the individual value of signal decomposition, deep temporal
forecasting, and residual learning. However, these mechanisms are frequently implemented as separate
modeling strategies. Decomposition-based methods often employ multiple component-specific predictors,
deep sequence models commonly process the original load signal directly, and residual-learning methods do
not necessarily exploit an explicit multi-scale representation of the demand series. In addition, residual-model
training and correction-strength selection are not always separated chronologically, which may increase the
risk of overly optimistic evaluation.

The present study integrates these three research directions within a unified forecasting pipeline.
Ensemble empirical mode decomposition is first used to construct a synchronized multi-scale representation
of the original load series. Nine intrinsic mode functions and one residual component are then supplied jointly
to a single temporal convolutional network, which directly predicts the complete 48-step day-ahead load
trajectory. LightGBM is subsequently employed only as a residual-correction model rather than as a second
independent load forecaster. Its role is to estimate structured deviations remaining after the EEMD-TCN base
prediction.

A separate chronological calibration subset is further used to determine the correction magnitude. This
design distinguishes residual-model learning from correction-strength selection and prevents test observations
from influencing either stage. Accordingly, the research gap addressed in this study is not the absence of
EEMD, TCN, or residual learning individually, but the lack of their coordinated use in a direct multi-output
framework with controlled residual correction.

Based on this gap, the study addresses three principal questions within an offline benchmark setting. First,
it examines the forecasting behavior obtained when synchronized multi-channel EEMD inputs are combined
with a TCN, relative to a raw-series TCN baseline. Second, it investigates whether the residuals of the EEMD—
TCN base forecast retain patterns that can be modeled using the available historical, temporal, and
decomposition-derived features. Third, it evaluates the effect of validation-calibrated LightGBM residual
correction on the stored forecast outputs. These questions motivate the methodology presented in the following
section, while the operational implications remain subject to causal decomposition and fully aligned evaluation
in future work.
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3. PROPOSED METHOD

This section presents the proposed hybrid framework for direct day-ahead short-term load forecasting.
The methodology integrates three complementary stages: EEMD-based multi-scale decomposition, TCN-
based temporal forecasting, and LightGBM-based residual correction. Rather than assigning the entire
forecasting task to a single model, the framework separates signal representation, primary sequence prediction,
and forecast-error correction. EEMD first transforms the original load series into multiple synchronized
components associated with different temporal scales. These components are then jointly processed by a TCN
to generate the complete next-day load trajectory. Finally, LightGBM models the predictable residual
remaining in the TCN forecast, while a validation-based calibration mechanism controls the magnitude of the
final correction.

Let y,denote the observed electrical load at half-hourly time index t. Because the data are sampled every
30 min, each complete day contains 48 observations. The forecasting task uses the most recent seven days of
historical information to predict all 48 half-hourly load values of the following day. Accordingly, the historical
input length is L = 336, while the forecasting horizon is H = 48.

For a forecast origin t, the historical input sequence is defined as

Xt = [YVe—r+1 Ye-142s ---th]T:L =336 (D

where X; contains only load observations available up to and including the forecast origin t. The corresponding
day-ahead target vector is:

Y. = [YVer1, Vesor ---th+H]T:H =48 2

where Y, contains the complete load trajectory of the following 24 h.

The forecasting task is formulated as direct multi-output prediction. Therefore, all 48 future load values
are generated simultaneously rather than recursively predicting one step at a time. This formulation avoids
repeatedly feeding earlier predictions back into the model and therefore eliminates the mechanism through
which recursive forecast errors can accumulate across the prediction horizon.

In the proposed framework, however, the raw historical sequence X; is not directly supplied to the final
forecasting model. The complete process consists of three successive stages. First, EEMD decomposes the
original load signal into multiple intrinsic mode functions and a residual component. Second, these components
are aligned as synchronized channels and supplied jointly to a TCN, which produces the complete 48-step base
forecast. Third, LightGBM estimates the structured residual remaining in the base prediction, and a validation-
selected coefficient controls the magnitude of the final correction.

The overall forecasting process can therefore be summarized as follows: Historical load — EEMD multi-
scale decomposition — Multi-channel TCN forecasting — LightGBM residual correction — Final day-ahead
forecast.

The following subsections describe the individual modeling stages and their integration into the complete
proposed framework.

3.1. EEMD-Based Multi-Scale Decomposition

The first stage of the proposed framework uses ensemble empirical mode decomposition to reveal the
multi-scale temporal structure contained in the original electricity-demand series. Electrical load is nonlinear
and non-stationary and may simultaneously exhibit short-term fluctuations, repeated daily and weekly patterns,
and slower variations in the overall demand level. When these behaviors are mixed within a single raw
sequence, the forecasting model must learn several temporal dynamics from the same representation. EEMD
is therefore introduced as a preprocessing and representation stage before temporal forecasting.

EEMD extends empirical mode decomposition by repeatedly adding independent white-noise realizations
to the original signal and applying EMD to each perturbed sequence. Let y(t)denote the original load signal.
For the m-th ensemble trial, the perturbed sequence is defined as

V() =y(@) + ew,(H),m=1,...M 3)

where w,, (t) is an independent white-noise realization, M denotes the number of ensemble trials, and econtrols
the noise amplitude.

EMD is then applied independently to each perturbed signal. The corresponding intrinsic mode functions
obtained from all ensemble trials are averaged to form the final EEMD components. The original load signal
can be represented as
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where ¢ (t) denotes the k-th intrinsic mode function and r(t) represents the residual component.

The extracted components describe load behavior at different characteristic scales. Earlier IMFs generally
capture faster oscillations and short-term fluctuations, whereas later IMFs represent progressively slower
variations. The residual component describes the remaining low-frequency structure. EEMD therefore
transforms the original one-dimensional signal into a set of synchronized components that provide different
temporal views of the same underlying load process.

In the present study, the EEMD procedure uses 30 ensemble trials and a noise width of 0.05. The resulting
decomposition contains nine intrinsic mode functions and one residual component. Thus, the load state at time
tis represented by the ten-dimensional vector

ze = [c1(t), C3 (D), ..., o (8), 7(D)]T € R ©)

For each forecast origin, the component vectors from the previous 336 half-hourly observations are
aligned chronologically to form the historical multi-channel input

Zt € ]R336X10 (6)

where the first dimension corresponds to the seven-day historical window and the second dimension
corresponds to the nine IMFs and the residual component.

The proposed framework uses this multi-channel representation rather than forecasting the decomposition
components independently. In conventional component-wise approaches, a separate predictive model is often
trained for each IMF and the resulting component forecasts are then summed. Although such a strategy is
straightforward, it increases the number of models and may not explicitly capture interactions among different
temporal scales.

In contrast, all EEMD components in the proposed method are supplied jointly to a single TCN. This
design allows the network to learn both the temporal evolution of individual components and the relationships
among components associated with different scales. For example, a short-term fluctuation represented by a
high-frequency IMF may have different forecasting implications depending on the slower operating state
reflected by later IMFs or the residual component.

The EEMD stage is therefore used only to construct a structured multi-scale representation of the
historical load series. It does not independently generate the future load forecast. The actual mapping from the
decomposed seven-day history to the complete next-day load trajectory is learned by the multi-channel TCN
described in the following subsection.

In the present implementation, EEMD is applied once to the complete load series before the forecasting
windows are constructed. Consequently, the decomposed representation is generated under an offline setting
and is not strictly causal, because the decomposition of an earlier observation may be influenced by later
observations in the complete series. The reported results should therefore be interpreted as an offline
decomposition-assisted benchmark designed to examine the behavior of the integrated modeling architecture.

Accordingly, the numerical results are not presented as evidence of real-time operational performance. A
deployment-oriented implementation would require EEMD to be recalculated using only information available
up to each forecast origin, for example through rolling-window or expanding-window decomposition. Such
causal decomposition may produce different components and forecasting performance from those reported in
the present study. This distinction is retained throughout the interpretation of the experimental results.

The output of this stage is therefore a 336 X 10multi-channel historical representation, which is
subsequently processed by the TCN to generate the direct 48-step day-ahead base forecast.

3.2. Multi-Channel TCN Forecasting Model

After the original load series has been transformed into ten synchronized EEMD components, the next
stage learns the relationship between the multi-scale historical representation and the complete next-day load
trajectory. A temporal convolutional network is used as the primary forecasting model because it can capture
temporal dependencies over long historical windows through convolutional operations and an expanded
receptive field.

For each forecast origin t, the TCN receives the multi-channel input
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Zt € R336X10 (7)

where the temporal dimension contains the previous 336 half-hourly observations and the feature dimension
contains the nine IMFs and the residual component.
Before model training, each decomposition channel is standardized independently. Let z.; denote the
value of the k-th component at time t. The standardized value is calculated as
5 Zek — Hi
2y = ®)
where y;, and oy, are the mean and standard deviation of component k, respectively. For the reported offline
benchmark, these parameters are estimated from the combined model-development period, comprising the
training and validation observations, and are subsequently applied unchanged to the test period. No test
observation is used to estimate the scaling parameters. This procedure is therefore described as development-
set normalization rather than strictly training-only normalization. The target load is standardized using the same
principle and transformed back to the original MW scale after prediction.
The TCN extracts temporal features from the standardized multi-channel sequence using dilated temporal
convolutions. A generic dilated convolution can be expressed as

q-1

h(t) = Z W, x(t — di) ©)

i=0

where q is the kernel size, ddenotes the dilation factor, and W; represents the learnable convolutional weights.

Increasing the dilation factor allows the receptive field to expand without requiring a proportional increase
in network depth. This property is particularly suitable for the present forecasting task because the seven-day
historical window contains short-term persistence, repeated daily behavior, and weekly recurrence.

The implementation uses the default TCN() layer provided by the keras-tcn library. The study does not
introduce a separate hyperparameter-optimization procedure for the TCN architecture. The purpose is to
examine the contribution of EEMD-based multi-scale representation and residual correction around a standard
temporal-convolutional forecasting model.

The output of the TCN is connected to a fully connected layer containing 48 units. The resulting base
forecast is represented as

oo = [phae, pbise, . 92 € R*® (10)

All 48 future load values are therefore generated in a single forward pass. This direct multi-output strategy
allows the TCN to learn a shared representation of the complete next-day load profile and avoids recursive
error propagation.

The model is trained using mean squared error and the Adam optimizer. The batch size is set to 32 and
the maximum number of training epochs is 50. Early stopping monitors validation loss with a patience of eight
epochs and restores the best-performing model weights. In addition, the learning rate is reduced by a factor of
0.5 after four consecutive validation epochs without improvement.

The resulting EEMD-TCN prediction serves as the base forecast of the proposed framework. Although
the multi-channel representation allows the TCN to exploit information across different temporal scales,
systematic errors may still remain. The next stage therefore models the predictable structure contained in these
residuals.

3.3. LightGBM Residual Correction

The EEMD-TCN model is responsible for producing the main day-ahead forecast. However, its prediction
errors may still exhibit systematic patterns associated with the forecast horizon, recent load behavior, time of
day, load level, or the current state of the decomposed signal. The proposed framework therefore introduces
LightGBM as a secondary learner to model the remaining residual.

For forecast origin tand horizon h, the residual of the EEMD-TCN base forecast is defined as

€th = Ve+h _5\’P-f}sle’h = 1!'48 (11)

A positive residual indicates underestimation by the base model, whereas a negative residual indicates
overestimation. If the residual were purely random, a secondary correction model would not be expected to
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provide a systematic improvement. Residual learning therefore examines whether the EEMD-TCN has left
predictable error structure unmodeled.

For each forecast point, a structured correction feature vector is constructed using only information
available at the forecast origin or known deterministically for the target timestamp. No future observed load
value is included.

The correction features contain several complementary types of information. The base forecast and its
squared value describe the predicted load magnitude and allow the correction model to identify load-dependent
bias. Forecast-horizon variables describe the lead time and enable the model to learn horizon-specific error
behavior.

Historical load information includes the load at the forecast origin and lags at 1, 2, 48, 96, and 336 half-
hourly steps. These predictors represent immediate persistence, one- and two-day recurrence, and weekly
recurrence. One-day and one-week rolling means and standard deviations are also included to describe the
recent load level and variability.

Calendar features characterize both the forecast origin and the target timestamp and include hour, minute,
day of week, month, weekend status, and cyclical temporal encodings. Target-time calendar variables are
permitted because they are known in advance and do not contain future load information.

The current EEMD state is also included through the values of the nine IMFs and the residual component
at the forecast origin. These predictors allow the correction model to determine whether forecast errors are
associated with a particular multi-scale condition of the load signal.

LightGBM then learns the mapping from the correction features to the EEMD-TCN residual:

éen = gy(Pen) (12)

where ¢, ,denotes the correction feature vector and gyrepresents the LightGBM model.

The implementation uses the default LGBMRegressor() configuration. This choice keeps the correction
stage simple and avoids introducing a separate hyperparameter-optimization problem. Importantly, LightGBM
is not used as a second independent load forecaster. Its role is restricted to predicting the residual left by the
EEMD-TCN base forecast.

Applying the entire predicted residual may lead to excessive correction. To control this effect, the
validation period is divided chronologically into two subsets. The first 70% of validation origins are used to
train the residual model, while the remaining 30% are reserved for correction calibration.

Candidate correction coefficients are evaluated over the set

A ={0,0.05,0.10, ..., 1.00} (13)
For a given coefficient a, the corrected prediction is calculated as
VIR = IS+ aée (14)

The coefficient that produces the lowest MAPE on the calibration subset is retained and subsequently
applied unchanged to the test period. In the stored experiment, the selected value was a* = 0.30.

This calibration mechanism prevents the predicted residual from being applied automatically at full
strength. It also ensures that the correction magnitude is selected without using test labels. The resulting
corrected predictions form the final output of the complete proposed framework.

3.4. Proposed EEMD-TCN-LightGBM Framework

The proposed framework integrates EEMD, TCN, and LightGBM into a sequential day-ahead forecasting
architecture. Each stage performs a distinct but complementary function. EEMD provides multi-scale signal
representation, the TCN performs the primary temporal forecasting task, and LightGBM corrects predictable
residual errors that remain after the base prediction has been generated.

The first stage transforms the original seven-day historical load sequence into a ten-channel representation
containing nine IMFs and one residual component. Instead of forecasting these components independently, the
proposed model aligns them as synchronized channels and supplies them jointly to the TCN.

The second stage maps the resulting 336 X 10input matrix directly to the complete 48-step next-day load
trajectory. The EEMD-TCN base prediction can be represented as

Y0¥ = fo(Z,) (15)
where fpdenotes the TCN forecasting model and Z,is the multi-channel EEMD input.
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The third stage estimates the remaining residual using LightGBM. The predicted residual is then scaled
by the validation-selected coefficient before being added to the base forecast. The complete final output is
therefore expressed as

?tfinal — ?Lpase + a*ﬁt (16)

where E, contains the 48 predicted residuals and a*is the correction coefficient selected on the calibration
subset.

The complete forecasting process can therefore be summarized as follows:

Historical load — EEMD decomposition — Multi-channel representation — TCN base forecast —
LightGBM residual prediction — Calibrated correction — Final day-ahead forecast.

The proposed architecture differs from conventional component-wise decomposition methods because
the IMFs are not assigned independent forecasting models. Instead, all components are processed jointly by a
single TCN. This allows the model to learn cross-scale relationships while avoiding the need to train and
maintain multiple component-specific neural networks.

The framework also differs from conventional forecast ensembles. LightGBM does not produce an
independent load forecast that is averaged with the TCN output. Instead, it explicitly estimates the residual of
the base forecast. Its role is therefore corrective rather than generative.

A further characteristic of the proposed framework is the separation between primary forecasting, residual
learning, and correction calibration. The TCN is trained using the training period. Its validation predictions are
then used to construct residual targets. The earlier part of the validation period is used to train LightGBM,
while the later part is used only to select the correction coefficient. The test period is evaluated only after all
model parameters and the correction coefficient have been fixed.

The three modeling stages therefore address different aspects of the forecasting problem. EEMD
addresses the difficulty of representing a non-stationary signal containing multiple temporal scales. The TCN
addresses the direct prediction of the complete next-day trajectory from a long historical sequence. Light GBM
addresses the structured forecast error that remains after the primary temporal model has been applied.

By assigning these functions to separate but connected stages, the proposed framework avoids requiring
a single model to simultaneously perform signal decomposition, long-range temporal learning, and residual
correction. The complete method is therefore based on complementary task specialization rather than simply
increasing the complexity of one forecasting model.

The resulting architecture produces one final point forecast for each of the 48 half-hourly horizons. The
next subsection describes the complete training, calibration, and forecasting procedure used to implement the
proposed framework.

3.5. Overall Algorithm and Flowchart

Figure 1 presents the complete workflow of the proposed EEMD-TCN-LightGBM framework for direct
48-step day-ahead load forecasting. The proposed method follows a sequential hybrid architecture consisting
of three complementary modeling stages. First, ensemble empirical mode decomposition is used to transform
the original electricity-demand series into multiple temporal components. Second, a temporal convolutional
network generates the primary day-ahead forecast from the resulting multi-channel representation. Third,
LightGBM estimates the structured residual errors remaining in the EEMD-TCN forecast. A validation-
selected calibration coefficient is then applied to control the contribution of the predicted residual and reduce
the risk of excessive correction. The complete procedure includes data preparation, chronological data
partitioning, EEMD decomposition, multi-channel sample construction, TCN training, residual-model training,
correction-strength calibration, test-set forecasting, final residual correction, and performance evaluation.

As shown in Figure 1, the forecasting procedure begins with the collection and preparation of QLDI1
electricity-demand data recorded at 30-minute intervals from 2015 to 2019. The observations are arranged
chronologically and examined for invalid timestamps, missing target values, and duplicated records. After data
cleaning, the complete series is divided chronologically into training, validation, and test periods without
random shuffling. This chronological organization prevents the direct use of test targets during TCN training,
residual-model fitting, and correction-coefficient calibration. However, because EEMD is applied offline to
the complete load series, the resulting decomposition is not strictly causal, as discussed in Section 3.1.

The cleaned load series is subsequently decomposed using ensemble empirical mode decomposition. This
stage separates the original nonlinear and non-stationary signal into nine intrinsic mode functions and one
residual component. The resulting components represent load variations occurring at different temporal scales,
ranging from short-term fluctuations to slower changes in the underlying demand level. Rather than predicting
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each component independently, the decomposed signals are aligned chronologically and combined to form a
synchronized ten-channel representation. This design allows the forecasting model to process the different
temporal components jointly and learn interactions among multiple time scales.

DATA INPUT
2015-2019, 30-minute intervals
TOTALDEMAND (QLD1)
v
DATA PREPROCESSING
Chronological sorting
and data cleaning

CHRONOLOGICAL ]}ATA PARTITIONING
Model-development region: 80%
Independent test region: 20%

No r:lndoT shuffling

EEMD DECOMPOSITION
(Offline over the entire time series)
IMF_1, IMF_2, ..., IMF_k, RESIDUE

v
SUPERVISED SAMPLE GENERATION
Input window: 7 days (336 steps)
Qutput: Next 48 steps (day-ahead)
Multichannel input: [IMF _1, ..., IMF_k, RESIDUE]
v

TCN MODEL TRAINING
Direct 48-step forecasting
EarlyStopping & ReduceLROnPlateau
— Best TCN model
v

VALIDATION SET FORECASTING
Use the best TCN model
— §_base_val (48 steps)

v

RESIDUAL CALCULATION
e_val =y true val —¥ base val

v v
LIGHTGBM CORRECTION TRAINING
ON THE TRAINING PORTION OF THE
CALIBRATION

VALIDATION SET
Correction Train (70%) Search o within [0, 1]
Calibration (30%) —_— Compute:
Input features for LightGBM: §_final = § base val +o x ¢_pred_val
Time features, original IMFs, statistical features, ... Select a* with the lowest MAPE
Target: e_val (residual)
—+ LightGBM correction model (corr_model)

|

TEST SAMPLE GENERATION
Same procedure as in the training phase
7-day input window, horizon = 48, step = 48
¥
TCN FORECASTING ON THE TEST SET

Use the best TCN model
—s §_base_test (48 steps)

}
RESIDUAL PREDICTION USING LIGHTGBM
Use the trained corr_model
— ¢ pred_test
4

Figure 1. Overall workflow of the proposed EEMD-TCN-LightGBM framework for direct 48-step day-ahead electric
load forecasting
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4. EXPERIMENTAL SETUP

This section describes the experimental design used to evaluate the proposed EEMD-TCN-LightGBM
framework. The forecasting task is formulated as direct day-ahead prediction using half-hourly electricity-
demand data from Queensland, Australia. Each forecasting sample uses a fixed seven-day historical window
to predict the complete 48-step load profile of the following day. To preserve temporal ordering, all data
partitions are constructed chronologically without random shuffling. This partitioning prevents test targets from
being used directly in model fitting or calibration. Nevertheless, because EEMD is applied offline to the
complete series, the proposed experiment is interpreted as a decomposition-assisted benchmark rather than a
strictly causal forecasting pipeline. The test forecasts are generated using non-overlapping daily windows. The
following subsections describe the dataset and preprocessing procedure, forecasting configuration,
computational environment and reproducibility settings, and performance-evaluation methods.

4.1. Dataset and Data Preparation

The experiments use electricity-demand data from Queensland, Australia. Five annual data files covering
the period from 2015 to 2019 are combined to construct the complete study series. The forecasting target is the
TOTALDEMAND variable for the QLD1 region, while the corresponding observation time is provided by the
SETTLEMENTDATE field.

The original data are recorded at 30-minute intervals, resulting in 48 scheduled observations per day. The
complete study period contains 1,826 calendar days and 87,648 scheduled half-hourly intervals before data
cleaning. The original temporal resolution is retained throughout the study because the forecasting objective is
to predict the complete intraday demand profile at its native half-hourly resolution.

The five annual data files are first concatenated and arranged in chronological order. The
SETTLEMENTDATE field is converted to a datetime format, and TOTALDEMAND is converted to a
numeric variable. Only observations associated with the

QLDI1 region are retained. Records containing invalid timestamps or invalid target values are removed.
When duplicate timestamps are identified, the last available record is retained to ensure that each timestamp is
represented by a single demand value.

The preprocessing procedure is intentionally conservative. No temporal aggregation, resampling,
smoothing, outlier clipping, or interpolation is applied to the target series. Consequently, the observed demand
variability, including rapid changes and extreme values present in the original records, is preserved. This design
reduces the possibility that the reported forecasting improvements are caused by additional smoothing or
outlier-removal procedures rather than by the evaluated forecasting models.

All preprocessing operations are completed before the supervised forecasting samples are generated. The
cleaned observations remain chronologically ordered, and no random reordering is applied at any stage. Model
inputs and targets are subsequently constructed using historical and future observations according to their
temporal positions. Statistics required for model normalization are estimated from the model-development
period and then applied unchanged to the independent test period. The principal dataset and preprocessing
settings are summarized in Table 1. After preprocessing, the cleaned chronological series is used to construct
the historical input windows and corresponding day-ahead targets according to the forecasting configuration
described in the following subsection.

Table 1. Dataset and data preparation settings

Item Setting
Region Queensland (QLD1)
Study period 2015-2019
Target variable TOTALDEMAND
Timestamp field SETTLEMENTDATE
Sampling interval 30 min
Scheduled observations per day 48
Calendar days 1,826
Scheduled observations before cleaning 87,648
Temporal aggregation None
Resampling None
Smoothing None
Outlier clipping None
Interpolation None
Data ordering Chronological
Random shuffling None
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4.2. Forecasting Configuration

The experiments are formulated as a direct day-ahead load-forecasting task. At each forecast origin, the
models use the electricity-demand observations from the preceding seven days to predict the complete load
profile of the subsequent 24 h. Because the data are recorded at 30-minute intervals, the historical input length
is fixed at (L=336), corresponding to seven days of observations, while the forecasting horizon is fixed at
(H=48), corresponding to the 48 half-hourly load values of the following day.

The TCN-based models employ a direct multi-output forecasting strategy. Accordingly, all 48 future load
values are generated simultaneously in a single forward pass rather than recursively. This strategy avoids
repeatedly feeding earlier predictions into subsequent forecasting steps and therefore prevents the accumulation
of recursive forecasting errors across the day-ahead horizon.

During test evaluation, the interval between two consecutive forecast origins is set to (S=48). Because
one complete day contains 48 half-hourly observations, consecutive test origins are separated by 24 h.
Consequently, the resulting 48-step day-ahead forecasting windows do not overlap.

The dataset is divided chronologically, and random train—test shuffling is not applied. For the TCN-based
pipelines, the earliest 80% of valid forecast origins constitute the model-development region, whereas the latest
20% constitute the independent test region. Within the model-development region, the final 10% of forecast
origins are reserved for validation, while the remaining earlier origins are used for TCN training. This
chronological partitioning preserves the temporal order of the demand series and ensures that observations
from the test period are not used during model development.

Under the implemented TCN-based sampling procedure, the dataset contains 62,831 training origins,
6,981 validation origins, and 364 non-overlapping test origins. Because each test origin generates 48 forecasts,
the TCN-based evaluation contains a total of 17,472 predicted test points.

For the proposed framework, the validation period is further divided chronologically into two non-
overlapping subsets. The earlier 70% of the validation origins are used to train the LightGBM residual-
correction model, whereas the later 30% are reserved exclusively for correction-coefficient calibration. This
division produces 4,886 residual-training origins and 2,095 calibration origins. Separating these subsets
prevents the same validation observations from being used both to train the residual model and to determine
the correction magnitude.

Three forecasting systems are evaluated. The first is a standalone LightGBM baseline that uses engineered
historical-demand, lagged, rolling-statistical, and calendar features. A separate default LGBMRegressor model
is trained for each of the 48 forecasting horizons.

The second system is a raw-series TCN baseline that receives a (336x1) historical input sequence and
directly predicts the subsequent 48 load values. The single input channel contains the original electricity-
demand series.

The third system is the proposed EEMD-TCN-LightGBM framework. Its TCN receives a (336x10)
multi-channel input consisting of nine intrinsic mode functions and one residual component obtained through
EEMD. The TCN first generates the complete 48-step base forecast. LightGBM subsequently estimates the
structured residual remaining in this prediction, and the validation-selected correction coefficient controls the
contribution of the estimated residual to the final forecast. The principal configurations of the evaluated
forecasting systems are summarized in Table 2.

Table 2. Forecasting configurations of the evaluated models

Setting LightGBM baseline TCN baseline Proposed model
Input representation Engineered historical and calendar features  Raw load sequence =~ EEMD components
Input dimension Horizon-specific tabular input (336x1) (336x10)
Historical information Lagged and rolling features Seven days Seven days
Forecast horizon 48 steps 48 steps 48 steps
Forecast period 24 h 24 h 24 h
Forecasting strategy 48 horizon-specific models Direct multi-output  Direct multi-output
Main learner LGBMRegressor TCN + Dense (48) ~ TCN + Dense (48)
Residual correction None None LightGBM
Test-origin step size 48 48 48

Test windows

Non-overlapping

Non-overlapping

Non-overlapping

Because the standalone LightGBM pipeline constructs lagged and rolling predictors before removing

incomplete feature rows, its stored evaluation contains 360 non-overlapping test origins. In contrast, the TCN-
based pipelines contain 364 non-overlapping test origins. Metrics are calculated using the valid forecasts
available within each pipeline, and no missing prediction is imputed. The resulting test periods are closely
matched but not completely identical. Therefore, the percentage differences reported between the models are
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interpreted as descriptive comparisons of the stored experiments rather than as results from a fully paired test
design. No formal claim of statistical superiority is made on the basis of these model-specific test sets.

4.3. Computational Environment and Reproducibility

All experiments are implemented in Python. TensorFlow and Keras are used to construct and train the
TCN-based forecasting models, while the temporal convolutional layers are implemented using the keras-tcn
package. The EEMD procedure is performed using PyEMD, and LightGBM is employed for both the
standalone machine-learning baseline and the residual-correction stage of the proposed framework.

To improve experimental reproducibility, a fixed random seed of 42 is applied to Python, NumPy,
TensorFlow, and the EEMD procedure wherever supported. The same seed is retained across the evaluated
models to reduce variability caused by random initialization and stochastic training operations.

The TCN-based models are optimized using the Adam optimizer with mean squared error as the training
loss. The batch size is set to 32, and the maximum number of training epochs is limited to 50. Validation loss
is monitored throughout model training. Early stopping is applied with a patience of eight epochs, and the
model weights corresponding to the lowest validation loss are restored. In addition, the learning rate is reduced
by a factor of 0.5 when the validation loss does not improve for four consecutive epochs.

For the proposed framework, EEMD is implemented using 30 ensemble trials and a noise width of 0.05.
The decomposition produces nine intrinsic mode functions and one residual component, resulting in ten
synchronized input channels. Each decomposition channel is standardized independently. The forecasting
target is also standardized before TCN training. All scaling parameters are estimated from the model-
development data and then applied unchanged during test evaluation.

The LightGBM residual-correction model uses the default LGBMRegressor configuration. Candidate
correction coefficients are evaluated from 0 to 1 with an interval of 0.05 using the dedicated calibration subset.
Under the reported experimental setting, the selected correction coefficient is 0.30. This value is fixed before
test evaluation and is not adjusted using test observations.

To reduce the effect of implausible residual adjustments, the final corrected forecasts are clipped to the
minimum and maximum load values observed in the model-development period. These limits are determined
exclusively from the training and validation observations and are subsequently applied unchanged to the test
forecasts. No test target is used to determine the clipping limits, train the residual model, or select the correction
coefficient. The principal computational and implementation settings are summarized in Table 3.

To support subsequent analysis and verification, the model predictions, actual target values, residuals,
training histories, horizon-wise errors, daily errors, condition-based metrics, feature-importance values, and
statistical-test inputs are retained. The present study focuses on forecasting accuracy and model behavior under
a fixed software workflow. Hardware-dependent execution-time comparisons are not included because a
standardized cross-model timing protocol was not retained for all experiments. The reported reproducibility
information therefore concentrates on the algorithmic settings, random seed, training controls, decomposition
configuration, and residual-calibration procedure.

Table 3. Computational and implementation settings

Item Setting
Programming language Python
Deep-learning framework TensorFlow/Keras
TCN package keras-tcn
Decomposition package PyEMD
Tree-based learner LightGBM
Random seed 42
Optimizer Adam
Training loss Mean squared error
Batch size 32
Maximum training epochs 50
Early-stopping patience 8 epochs
Learning-rate reduction patience 4 epochs
Learning-rate reduction factor 0.5
EEMD ensemble trials 30
EEMD noise width 0.05
EEMD output 9 IMFs and 1 residual component
Residual learner Default LGBMRegressor
Correction-coefficient range 0-1
Correction-coefficient interval 0.05
Selected correction coefficient 0.30
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4.4. Evaluation Methods

Forecasting performance is evaluated using complementary absolute, percentage-based, and goodness-
of-fit measures. The principal metrics are root mean squared error, mean absolute error, mean absolute
percentage error, weighted absolute percentage error, and the coefficient of determination.

Let y; and ¥; denote the actual and predicted load values for Ntest observations. RMSE is defined as

(17)
MAE is calculated as
N
1 -
MAE=NZIyi—in (18)
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where ydenotes the mean observed test load.
RMSE gives greater weight to large forecast deviations, MAE measures the average error directly in MW,
MAPE and WAPE describe relative forecasting accuracy, and R? measures agreement between the predicted

and observed load variation. MSE and sMAPE are also calculated and retained in the saved outputs for
supplementary comparison (Table 4).

Table 4. Diagnostic evaluation conditions

Condition Definition
Peak load Actual load > 90th percentile
Weekday Monday—Friday
Weekend Saturday—Sunday
Peak hours 17:00-21:00
Non-peak hours Outside 17:00-21:00
Rapid change  Absolute load change > 90th percentile
Rapid increase Large positive load change
Rapid decrease Large negative load change
Low load Below 25th percentile
Normal load 25th—75th percentile
High load Above 75th percentile

In addition to overall test accuracy, the forecasting results are examined across the 48 forecast horizons
and across complete daily trajectories. Because the test windows are non-overlapping, each test origin
corresponds directly to one full day-ahead prediction.

Additional evaluations are conducted under several operating conditions. Peak-load observations are
defined using the 90th percentile of actual test demand. Weekdays and weekends are evaluated separately, and
peak hours are defined as the period from 17:00 to 21:00.

Rapid load changes are identified using the 90th percentile of the absolute point-to-point load variation.
Rapid increases and rapid decreases are then examined separately. Load-level conditions are defined using the
25th and 75th percentiles of actual test demand.
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These evaluations are used to describe the forecasting-error patterns observed across different horizons
and operating conditions, rather than relying only on aggregate test metrics. Because the evaluated pipelines
do not contain exactly identical target timestamps, no formal paired significance test is reported. The overall,
horizon-wise, and condition-based results are therefore interpreted descriptively within their respective stored
evaluation sets.

5. RESULTS AND DISCUSSION
5.1. Overall Forecasting Performance

Table 5 summarizes the stored day-ahead forecasting results of the standalone LightGBM baseline, the
raw-series TCN baseline, and the proposed EEMD-TCN-LightGBM framework. The reported metrics include
MSE, RMSE, MAE, MAPE, sMAPE, WAPE, and R2 Lower values of the error metrics indicate smaller
forecasting deviations, whereas a higher R? indicates stronger agreement between the observed and predicted
load variations.

Table 5. Overall day-ahead forecasting performance under the stored evaluation setting

Model MSE __ RMSE (MW) MAE (MW) MAPE (%) sMAPE (%) WAPE (%) R?
LightGBM 57,473.76 239.74 168.87 27527 2.7334 27192 0.9283
TCN 63,051.46 251.10 177.82 2.8720 2.8421 28618 09212
Proposed EEMD-TCN-LightGBM  24,623.13 156.92 116.48 1.8825 1.8827 1.8746  0.9692

The standalone LightGBM baseline reports an RMSE of 239.74 MW, an MAE of 168.87 MW, and a
MAPE of 2.7527%. The raw-series TCN reports an RMSE of 251.10 MW, an MAE of 177.82 MW, and a
MAPE of 2.8720%. Under their respective stored test constructions, LightGBM therefore produces lower error
values than the raw-series TCN across the reported metrics. This observation suggests that the engineered
lagged, rolling-statistical, and calendar features provide an effective representation for the considered dataset.

The proposed EEMD-TCN-LightGBM framework reports an MSE of 24,623.13, an RMSE of 156.92
MW, an MAE of 116.48 MW, a MAPE of 1.8825%, an sMAPE of 1.8827%, a WAPE of 1.8746%, and an R?
0f 0.9692. These values are lower than the error values reported for the two baseline pipelines under the stored
experimental setting.

Relative to the standalone LightGBM results, the descriptive reductions in RMSE, MAE, and MAPE are
34.55%, 31.02%, and 31.61%, respectively. Relative to the raw-series TCN results, the corresponding
descriptive reductions are 37.51%, 34.50%, and 34.45%. Similar patterns are observed for the remaining error
metrics. These percentages quantify the differences between the stored model outputs but should not be
interpreted as results from an exactly paired test because the LightGBM and TCN-based pipelines contain
slightly different valid test-origin sets.

The lower reported errors of the proposed framework are consistent with the intended complementary
roles of its three stages. EEMD provides a multi-scale input representation, the TCN learns the direct 48-step
temporal mapping, and LightGBM estimates part of the remaining structured residual. However, the present
results do not isolate the individual contribution of each stage through a complete ablation experiment.
Therefore, the observed differences are attributed to the integrated pipeline as a whole rather than quantitatively
assigned to EEMD or residual correction separately.

A further limitation is that EEMD is performed offline on the complete load series. Consequently, Table
5 represents an offline decomposition-assisted benchmark and not a strictly causal real-time forecasting
evaluation. The reported numerical improvements should therefore be interpreted within this experimental
scope. They indicate promising behavior of the integrated framework but do not establish that the same
performance would be maintained under rolling causal decomposition or on an exactly paired operational test
set.

Overall, the stored results show that the proposed pipeline reports lower error values across all considered
metrics. The following subsections examine the corresponding forecast trajectories, error distributions,
horizon-wise behavior, operating-condition results, and model-specific diagnostic patterns. These analyses are
descriptive and are intended to characterize the behavior of the evaluated pipelines rather than provide formal
statistical proof of superiority.

5.2. Comparative Forecasting Behavior

Although Table 5 summarizes the aggregate error values reported by the three forecasting pipelines, these
metrics do not show how each model follows the temporal shape of an individual day-ahead load trajectory.
Figure 2 therefore presents representative 48-step forecasts produced by the LightGBM baseline, the raw-series
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TCN baseline, and the proposed framework. For the proposed model, both the EEMD-TCN base forecast and
the final corrected prediction are shown to illustrate the effect of LightGBM residual correction.
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Figure 2. Representative 48-step day-ahead forecasting results: (a) LightGBM baseline, (b) raw-series TCN baseline, and
(c) proposed EEMD-TCN-LightGBM framework before and after residual correction

As shown in Figure 2(a), LightGBM captures the overall daily demand pattern, including the high-load
period, the subsequent decline, the overnight low-load interval, and the following recovery. However, visible
deviations remain around the peak and during the descending part of the trajectory, where the model tends to
underestimate the observed load. This behavior indicates that the engineered features provide a strong
representation of recurring demand patterns but do not fully reproduce all rapid temporal variations.

The raw-series TCN in Figure 2(b) also reproduces the general shape of the next-day load profile. The
model follows the main rising and falling trends closely, particularly around the central portion of the
forecasting horizon. Nevertheless, it underestimates the daily peak and shows a larger deviation during the
final recovery period. These results are consistent with Table 5, where the raw TCN performs slightly worse
than LightGBM despite learning the complete 48-step trajectory through a shared temporal representation.

Figure 2(c) illustrates the behavior of the proposed framework before and after residual correction. The
EEMD-TCN base forecast already captures the principal shape of the actual load trajectory, while the corrected
prediction introduces relatively small adjustments rather than substantially changing the overall forecast. This
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confirms that LightGBM acts as a secondary error-correction model rather than as an independent forecaster.
The calibrated correction moves the base prediction closer to the observations in several parts of the trajectory,
particularly where systematic local deviations remain.

Overall, the representative trajectories illustrate that the proposed framework follows the selected
observed day-ahead profile more closely than the two baselines in the displayed example. The LightGBM
correction modifies the EEMD-TCN base output through relatively small adjustments rather than replacing
the underlying forecast trajectory. Because the figure presents representative windows rather than the complete
test distribution, it should be interpreted as a qualitative illustration of model behavior and not as independent
evidence of general superiority.

The representative trajectories in Figure 2 illustrate how the models behave over individual day-ahead
windows. However, a single forecast window cannot fully characterize performance over the complete test set.
To provide a broader view of point-wise forecasting accuracy, Figure 3 presents the distributions of absolute
percentage error (APE) for the two baseline models and the proposed framework before and after residual
correction.
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Figure 3. Absolute percentage error distributions of the evaluated forecasting approaches: (a) LightGBM baseline, (b)
raw-series TCN baseline, and (c) proposed EEMD-TCN framework before and after LightGBM residual correction
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As shown in Figure 3(a) and Figure 3(b), the APE distributions of both baseline models are strongly right-
skewed. Most predictions are concentrated in the low-error region, while a smaller number of observations
form a long upper tail. This pattern indicates that both LightGBM and the raw-series TCN provide relatively
accurate forecasts for a large proportion of the test samples but still produce occasional larger deviations under
more difficult operating conditions.

The longer error tails observed for the baseline models are consistent with their higher aggregate MAPE
values in Table 5. Although most forecast points remain within a relatively small percentage-error range, the
presence of higher-error observations increases the overall forecasting error and suggests that certain load
transitions or operating conditions remain difficult for the individual baseline models.

Figure 3(c) directly compares the EEMD-TCN base forecast before correction with the final output after
LightGBM residual correction. The two distributions largely overlap, indicating that the correction stage
preserves the general behavior of the base forecast rather than substantially altering all predictions. However,
the corrected distribution shows a modest shift toward lower APE values and a reduction in part of the higher-
error region. This confirms that the residual model acts mainly through targeted adjustments to systematic
errors.

The relatively small visual difference between the before- and after-correction distributions is also
consistent with the calibrated correction strategy. Because only a fraction of the predicted residual is added to
the base forecast, the final model is designed to improve systematic deviations without producing large changes
to already accurate predictions. The correction stage therefore refines the EEMD-TCN output rather than
replacing its underlying forecast structure.

Figure 3 provides a descriptive comparison of the APE distributions generated by the stored model
outputs. The proposed framework exhibits a more concentrated distribution and a smaller high-error region in
the displayed evaluation. However, because the baseline pipelines do not contain completely identical target
sets, the distributions should not be interpreted as a formally paired statistical comparison.

5.3. Horizon-Wise Performance and Effect of Residual Correction

The error distributions in Figure 3 describe overall point-wise accuracy but do not show whether
forecasting difficulty changes with lead time. Figure 4 therefore compares MAPE across the complete 48-step
day-ahead horizon. The first two panels show the horizon-wise behavior of the LightGBM and raw-series TCN
baselines, whereas the third panel compares the proposed EEMD-TCN forecast before and after LightGBM
residual correction.

As shown in Figure 4(a), the LightGBM baseline maintains relatively moderate errors over the early and
middle forecast horizons, but its MAPE increases substantially after approximately horizon 35. The largest
errors occur near the end of the forecasting window, where MAPE exceeds 5%. This pattern indicates that the
horizon-specific feature-based models become less accurate for the later part of the next-day trajectory.

A similar late-horizon deterioration is observed for the raw-series TCN in Figure 4(b). The TCN also
shows higher errors during several early-to-middle horizons and then experiences a sharp increase after
approximately horizon 39. The final horizons reach MAPE values of around 5%, confirming that longer lead
times remain the most difficult part of the direct day-ahead forecasting task.

Figure 4(c) shows a clearly lower error level for the EEMD-TCN base model. Over most of the first 40
horizons, MAPE remains approximately between 1.4% and 2.2%, before increasing during the final portion of
the forecast. Under the stored evaluation setting, the EEMD-TCN base output exhibits lower and more stable
horizon-wise errors than the raw-series TCN output over most of the forecasting horizon. Because the present
study does not include a complete component-level ablation on an identical paired test set, this pattern should
not be interpreted as an isolated quantitative effect of EEMD alone.

The LightGBM residual correction further reduces MAPE at many horizons, particularly during the later
forecast steps where the base-model error increases most strongly. The improvement is not completely uniform;
at several early and middle horizons, the corrected curve is slightly above the base forecast. However, the
correction produces more consistent reductions across the difficult final horizons, where larger errors have a
stronger effect on overall forecasting performance.

Overall, Figure 4 indicates that the reported forecasting errors tend to increase toward the later portion of the
48-step horizon. Within the proposed pipeline, residual correction reduces MAPE at many horizons,
particularly near the end of the forecasting window, although it is not beneficial at every step. These patterns
describe the stored horizon-wise outputs and support the use of a calibrated rather than unrestricted
correction. Because the evaluated pipelines are not based on exactly identical target sets, the cross-model
curves are interpreted descriptively.
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Figure 4. Horizon-wise MAPE comparison over the 48-step forecasting horizon: (a) LightGBM baseline, (b) raw-series
TCN baseline, and (c) proposed EEMD-TCN framework before and after LightGBM residual correction

5.4. Condition-Based Performance

The horizon-wise results in Figure 4 show that forecasting difficulty varies across lead times. However,
forecast accuracy may also depend on the operating condition of the power system. Figure 5 therefore compares
the MAPE of the three evaluated models under different load levels, calendar conditions, peak and non-peak
hours, and rapid load variations.

As shown in Figure 5(a), the LightGBM baseline exhibits its highest error under low-load conditions,
followed by weekends and non-peak hours. In contrast, the lowest MAPE is obtained during peak hours. This
result suggests that the engineered lag and calendar features represent regular high-demand patterns effectively,
while lower-load periods remain more difficult because percentage errors become more sensitive to absolute
deviations.
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Figure 5. Condition-based forecasting performance of the evaluated models: (a) LightGBM baseline, (b) raw-series TCN
baseline, and (c) proposed EEMD-TCN-LightGBM framework
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The TCN results in Figure 5(b) show a similar dependence on operating conditions. The largest errors
occur during weekends, low-load periods, and rapid increases, whereas peak-hour and normal-load conditions
are forecast more accurately. Compared with LightGBM, the raw-series TCN is particularly affected by rapid
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load changes, indicating that a single-channel temporal representation may have greater difficulty following
abrupt transitions.

Figure 5(c) shows that the proposed framework reports lower condition-specific MAPE values than the
two baseline pipelines across the displayed categories. Most of the reported values remain below 2%, while
relatively higher errors occur during rapid increases, weekends, and abrupt load changes. Lower values are
observed during peak-hour, weekday, and high-load conditions.

These results provide a descriptive characterization of model behavior under different operating
conditions. Because the baseline pipelines contain slightly different valid test-origin sets, the comparisons
should not be interpreted as fully paired evidence of robustness. Moreover, because a complete component-
level ablation is not available, the observed patterns are attributed to the integrated EEMD-TCN-LightGBM
framework rather than separately to EEMD or residual correction.

5.5. Model Interpretation and Computational Cost

The previous analyses focused on forecasting accuracy across overall, horizon-wise, and operating-
condition perspectives. Figure 6 examines the internal behavior of the evaluated models from a different
perspective, highlighting the information used by the LightGBM models and the TCN's training dynamics.

The feature-ranking results in Figure 6(a) show that the standalone LightGBM forecast is driven primarily
by a combination of target-time information and recent historical demand. The future hour is the most
influential predictor, followed by the 24-step load lag, the load observed at the forecast origin, and shorter
historical lags such as 12 and 8 steps. This ranking confirms the strong role of intraday position and recent load
persistence in day-ahead forecasting. Daily and weekly temporal encodings, together with rolling statistics,
also contribute to the prediction, although their importance is lower than that of the dominant load and time
variables.

The training behavior of the raw-series TCN is shown in Figure 6(b). Training loss decreases continuously
throughout the optimization process, indicating that the network progressively fits the historical sequence.
Validation loss also declines rapidly during the early epochs and reaches its lowest region around the middle
of training. After this point, further reductions in training loss are not accompanied by comparable validation
improvement, and the validation curve begins to fluctuate slightly. This pattern supports the use of early
stopping and best-weight restoration to limit overfitting and retain the model state with the strongest validation
performance.

A different importance structure appears in the residual-correction model in Figure 6(c). The dominant
predictors are target index, target hour, and the EEMD-TCN base prediction. Their importance indicates that
the remaining forecast error depends strongly on both the position within the 48-step horizon and the magnitude
of the original base forecast. Target-time cyclical variables and calendar features also contribute substantially,
suggesting that residual bias varies systematically across different parts of the daily load cycle.

The correction model also assigns meaningful importance to rolling weekly and daily statistics and to
decomposition-derived variables such as IMF 8 and IMF 9 at the forecast origin. This finding supports the
design of the residual-learning stage. The remaining forecast error is not explained solely by the base
prediction; it also contains information related to recent load variability, temporal position, and the current
multi-scale state of the demand signal.

The contrast between Figure 6(a) and Figure 6(c) illustrates the different roles assigned to the two
LightGBM models. The standalone LightGBM model relies mainly on historical demand and calendar
variables to generate the future load forecast, whereas the residual-correction model places greater emphasis
on the EEMD-TCN base prediction, forecast position, and temporal context. The first model predicts electricity
demand directly, while the second estimates structured deviations remaining after the base forecast.

These importance values describe how the fitted LightGBM models use the available predictors within
the reported dataset. They should not be interpreted as evidence of physical causality or as proof that the same
feature ranking would be obtained for another region or forecasting period.

Taken together, the diagnostic panels are consistent with the intended task separation of the proposed
architecture. However, because a complete component-level ablation is not available, the diagnostic results do
not independently quantify the contribution of each stage to the final forecasting performance.

The present analysis focuses on forecasting accuracy and model-specific diagnostic behavior. A direct
computational-cost comparison is not reported because a standardized timing protocol was not retained
consistently across the standalone LightGBM, TCN, EEMD, and residual-correction stages. Accordingly, no
claim is made that the proposed framework is computationally more efficient than the baseline models.
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Figure 6. Model-specific diagnostic results: (a) feature importance of the standalone LightGBM baseline,
(b) training and validation loss of the raw-series TCN, and (c) feature importance of the LightGBM residual-
correction model
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6. CONCLUSION

This study presented a hybrid EEMD-TCN framework with LightGBM residual correction for direct day-
ahead electric load forecasting. The framework separates the forecasting process into three stages. EEMD
transforms the original demand series into nine intrinsic mode functions and one residual component, a TCN
maps the resulting seven-day multi-channel history directly to the complete 48-step next-day profile, and
LightGBM estimates structured residual errors. A correction coefficient selected on a separate chronological
calibration subset controls the magnitude of the final adjustment.

Using half-hourly Queensland electricity-demand data from 2015 to 2019, the proposed framework
reported an RMSE of 156.92 MW, an MAE of 116.48 MW, a MAPE of 1.8825%, a WAPE of 1.8746%, and
an R? of 0.9692. Under the stored experimental setting, these values were lower than those reported for the
standalone LightGBM and raw-series TCN pipelines. The horizon-wise, error-distribution, and condition-
based analyses also showed favorable descriptive patterns for the proposed framework.

The results suggest that multi-scale input representation, direct temporal convolutional forecasting, and
calibrated residual learning can perform complementary roles within an integrated forecasting pipeline.
However, the present experiment does not provide a complete ablation analysis that isolates the individual
contribution of EEMD and residual correction. Therefore, the numerical differences are interpreted as the
performance of the complete framework rather than as separate quantitative gains attributable to each
component.

Two methodological limitations are central to the interpretation of the results. First, EEMD is applied
offline to the complete load series before forecasting windows are generated. The reported experiment is
therefore an offline decomposition-assisted benchmark and not a strictly causal real-time forecasting
implementation. Second, the standalone LightGBM pipeline contains 360 valid test origins, whereas the TCN-
based pipelines contain 364. Consequently, the reported cross-model percentage differences are descriptive
and do not constitute a fully paired statistical comparison.

Future work should evaluate the framework using rolling-window or expanding-window causal
decomposition, common forecast origins and target timestamps, and additional electricity markets. A complete
ablation study and repeated-run evaluation would also be useful for isolating the contribution and stability of
the individual modeling stages.
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