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Accurate day-ahead electric load forecasting is essential for reliable power-
system operation, yet high-resolution demand exhibits nonlinear short-term
variations alongside strong daily and weekly recurrence. This study addresses
the difficulty of representing these complementary temporal patterns within
a single forecasting model. The research contribution is a validation-driven
Dynamic Multi-Scale Ensemble iTransformer framework that integrates a
tuned iTransformer with explicit daily, weekly, multi-week, and load-profile
references, removes highly redundant candidates, and adaptively combines
the retained forecasts across load states and forecast-horizon blocks. The
framework uses only historical load observations and follows a
chronological, leakage-free protocol for model tuning, candidate selection,
weight optimization, strategy selection, and final testing. It was evaluated on
New South Wales electricity demand data sampled at 5-minute intervals,
using the previous 288 observations to forecast the next 288 observations.
The proposed model achieved the best overall performance among the six
evaluated methods. It yielded an MAE 0f 478.485 MW, an RMSE of 690.116
MW, a MAPE of 7.031%, an SMAPE of 6.718%, and an R? of 0.8484. Its
MAPE was lower than those of Seasonal Naive (7.979%) and the standalone
iTransformer (8.691%), corresponding to relative reductions of 11.88% and
19.10%, respectively. CNN, Persistence Naive, and LSTM achieved MAPEs
of 12.419%, 17.596%, and 19.830%, respectively. These results show that
explicit multi-scale temporal references and validation-optimized adaptive
fusion complement the learned iTransformer representation, thereby
improving deterministic day-ahead load forecasting accuracy.
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1. INTRODUCTION

Accurate short-term electric load forecasting (STLF) is essential for the secure, economical, and efficient
operation of modern power systems. Reliable load forecasts support generation scheduling, reserve allocation,
electricity market operations, demand-side management, and other time-sensitive operational decisions.
Forecasting errors can directly affect power-system performance. Underestimation may result in insufficient
reserve preparation and increased operational risk, whereas overestimation can lead to unnecessary generation
commitment and higher operating costs. These requirements are particularly important for day-ahead
forecasting, in which system operators require a complete future demand trajectory rather than a single
predicted value. For the electricity demand recorded at 5-min intervals, this task requires predicting 288
consecutive observations over the following 24 h.

Despite its practical importance, day-ahead STLF remains challenging because electricity demand
exhibits nonlinear, non-stationary, and multi-scale temporal behavior. Short-term fluctuations, abrupt ramps,
intraday patterns, daily and weekly recurrence, and gradual changes in the overall demand level coexist within
the same time series. Furthermore, the relative importance of these patterns may vary across load conditions
and forecast lead times. A temporal pattern that is informative during a stable operating period may become
less useful during rapid demand changes or high-load conditions. Therefore, a single forecasting mechanism
may not consistently capture all relevant temporal structures over the entire day-ahead horizon.

Early STLF studies mainly relied on conventional statistical techniques, including linear regression [1]-
[3], exponential smoothing [4]-[6], autoregressive models [7]-[9], autoregressive integrated moving average
models [10]-[12], and their seasonal extensions [13]-[15]. These methods remain attractive because of their
simplicity, moderate computational requirements, and interpretability. They can provide reliable predictions
when electricity demand follows a relatively stable, approximately linear relationship. However, their
dependence on predefined assumptions may limit their ability to represent nonlinear demand behavior,
interacting seasonal patterns, and rapidly changing operating conditions.

Machine-learning methods, such as support vector regression [16]-[20], decision trees [21]-[25], random
forests [26]-[28], gradient boosting [29]-[34], XGBoost [35]-[38], and LightGBM [39]-[42], have been widely
applied to improve nonlinear forecasting capability. These methods can capture complex relationships among
historical load observations, lagged values, rolling statistics, calendar variables, and other engineered features.
Nevertheless, their performance remains strongly dependent on feature design and predictor selection. For
high-resolution multi-step forecasting, numerous lagged and seasonal predictors may be required, while
horizon-specific prediction mechanisms can further increase model complexity.

Deep-learning methods provide an alternative by automatically learning nonlinear representations from
sequential data. Recurrent neural networks [43]-[47], long short-term memory networks [48]-[52], gated
recurrent units [53]-[56], convolutional neural networks [57]-[58], and hybrid architectures have all been
applied to STLF. LSTM models can retain temporal information over extended sequences but are constrained
by sequential computation and may struggle with long-horizon forecasting. CNNs efficiently extract local
temporal patterns, although their ability to represent distant dependencies depends strongly on network depth,
kernel size, and receptive-field design. More generally, an individual neural model must simultaneously learn
recent fluctuations, recurring daily and weekly patterns, and changes in the overall demand level within a single
representation.

Transformer-based models [59]-[64] have attracted increasing attention because attention mechanisms
provide an effective alternative for long-sequence forecasting. Several Transformer variants have been
developed to improve computational efficiency, long-range dependency learning, periodic representation, and
multivariate forecasting. Among them, iTransformer is particularly relevant because it applies attention across
inverted variate tokens and has demonstrated strong potential for time-series forecasting. However, a
standalone iTransformer [65]-[68] remains dependent on its input representation and selected model
configuration. Although it can learn complex nonlinear relationships, it does not naturally preserve
deterministic temporal references embedded in electricity demand, such as the time of the previous day, the
previous week, or recurring historical load profiles.

These information sources are complementary. Recent observations describe the current demand level;
one-day lags represent immediate daily recurrence; longer lags capture weekly and multi-week periodicity; and
historical profiles provide stable representations of recurring load behavior. The usefulness of these sources
may change according to operating conditions. A one-day lag may be highly informative during a stable
weekday, whereas weekly patterns may become more useful when the most recent day differs from the
expected condition. Similarly, iTransformer can capture nonlinear demand dynamics that simple seasonal
references cannot represent, whereas historical profiles may provide useful structural information when neural
predictions deviate from a recurring demand trajectory.
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Multi-scale and ensemble forecasting provide a natural mechanism for integrating these complementary
information sources. Existing methods commonly combine forecasting branches through averaging, fixed
weighting, concatenation, stacking, or learned fusion. However, equal or globally optimized weights assume
that the importance of each source remains constant across time. Such strategies may therefore ignore
differences among low-, normal-, and high-load conditions or among different positions within a day-ahead
forecasting horizon. In addition, retaining many highly correlated candidates may unnecessarily increase
ensemble complexity and encourage overfitting. Effective integration of iTransformer forecasts and explicit
multi-scale temporal references, therefore, requires both careful candidate screening and adaptive fusion.

Fair comparison is another important methodological consideration. Forecasting performance is
influenced by input length, forecasting horizon, rolling interval, evaluation period, target series, and the
information supplied to each model. Changing these settings only for the proposed method would make it
difficult to determine whether an improvement results from the forecasting framework or from unequal
experimental conditions. Therefore, this study maintains the same principal forecasting configuration across
all comparative models. Each model uses 288 historical observations to predict the following 288 observations,
with a rolling step of 288 for a single regional load series. Both the input and output, therefore, correspond to
complete 24-h periods.

The present study focuses exclusively on deterministic, load-only forecasting. No weather variables,
electricity prices, holiday indicators, renewable-generation measurements, or other external variables are
included in the model inputs. Temporal attributes such as month, day of week, hour, and minute are used only
to organize historical observations and construct recurring load profiles. Therefore, this study does not claim
probabilistic forecasting capability or performance improvements obtained from exogenous information.
Instead, it examines the forecasting value of historical load dynamics, explicit temporal recurrence, and
validation-optimized ensemble fusion.

Motivated by these considerations, this study proposes a Dynamic Multi-Scale Ensemble iTransformer
(DME-iTransformer) framework for high-resolution day-ahead STLF. The framework combines learned
iTransformer predictions with deterministic temporal candidates derived exclusively from historical electricity
demand. These candidates represent recent daily behavior, weekly and multi-week recurrence, static and
dynamically adjusted load profiles, and complementary lag—profile combinations. Rather than treating neural
and seasonal forecasting methods as competing alternatives, the proposed framework integrates them into a
unified forecasting system.

The proposed framework consists of four main modules. First, complementary lag- and profile-based
candidates are constructed from historical observations at different temporal offsets. Static profiles describe
recurring demand patterns, whereas dynamically adjusted profiles reflect recent changes in the overall load
level. Additional blended candidates combine short- and long-range temporal information, thereby explicitly
representing multiple recurring structures rather than requiring a single neural model to implicitly recover all
periodic relationships.

Second, iTransformer is employed as the learned nonlinear forecasting component. To ensure a fair
comparison with the standalone iTransformer, the principal forecasting configuration remains fixed at a 288 -
step input, a 288-step forecast horizon, a 288-step rolling interval, and a single-series setting. Model selection
is restricted to internal hyperparameters. The selected iTransformer prediction is then combined with lag- and
profile-based references to form hybrid candidates that incorporate both learned nonlinear dynamics and
explicit temporal recurrence.

Third, candidate ranking and screening are performed using an independent validation period. Candidate
forecasts are initially ranked according to validation MAPE. Correlation-based pruning is then applied to
remove forecasts that provide highly redundant information. This procedure aims to retain a compact candidate
set containing both individually accurate and mutually complementary predictions. The tuned iTransformer is
explicitly retained to ensure that the learned forecasting component remains represented in the final ensemble.

Fourth, the retained candidates are combined through validation-optimized ensemble learning. Three
weighting levels are considered: global weighting, load-state-dependent weighting, and state—horizon-
dependent weighting. This hierarchical structure allows the contributions of iTransformer forecasts, recent lags,
weekly patterns, and historical profiles to vary with both the predicted demand regime and the position within
the 24-h forecasting horizon. Hierarchical fallback rules are used when a local group contains insufficient
validation observations.

A separate validation-based strategy-selection procedure, referred to as SAFE-SELECT, is used to avoid
unnecessary ensemble complexity. Rather than automatically adopting the most complex dynamic weighting
strategy, the framework compares individual and ensemble forecasting alternatives on an independent
validation period. The strategy with the lowest validation MAPE is then applied to the untouched test period.
Test labels are not used for iTransformer tuning, candidate evaluation, ensemble-weight estimation, strategy
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selection, or residual-bias calibration. This chronological separation ensures that the reported results reflect

out-of-sample forecasting performance.

The research contribution is a validation-driven Dynamic Multi-Scale Ensemble iTransformer framework
that integrates learned nonlinear forecasting with explicit daily, weekly, multi-week, and load-profile
references, removes highly redundant candidates, and adaptively combines the retained predictions across load
states and forecast-horizon segments.

The principal contributions of this study are summarized as follows:

e A multi-scale candidate-generation mechanism is developed to represent recent daily behavior, weekly
and multi-week recurrence, static historical profiles, dynamically adjusted profiles, and complementary
lag—profile combinations.

e A tuned iTransformer is incorporated under a fixed 288-step input, 288-step forecast horizon, 288-step
rolling interval, and single-series configuration, ensuring that performance improvements are not caused
by unequal forecasting settings.

e A diverse hybrid candidate set is constructed from iTransformer, lag-based, profile-based, and combined
forecasts. Validation-based ranking and correlation pruning are then employed to reduce unnecessary
redundancy while preserving complementary forecasting information.

e A hierarchical dynamic fusion mechanism is introduced to compare global, load-state-dependent, and
state—horizon-dependent weighting, allowing candidate contributions to adapt to operating conditions and
forecast lead times.

Hyperparameter tuning, candidate evaluation, ensemble-weight optimization, strategy selection, residual-
bias calibration, and final testing are chronologically separated to prevent test-label leakage.

The proposed framework is evaluated against naive, deep-learning, and Transformer-based baseline
models under an identical high-resolution day-ahead forecasting protocol.

The proposed framework is evaluated using New South Wales electricity-demand data recorded at 5S-min
intervals. The previous 288 observations are used to predict the subsequent 288 observations, corresponding
to one complete day of historical information and one complete day of future demand. DME-iTransformer is
compared with five representative baselines: Persistence Naive, Seasonal Naive, CNN, LSTM, and standalone
iTransformer.

The experimental results show that DME-iTransformer achieves the best overall forecasting accuracy
among the six evaluated methods. It obtains a MAPE of 7.031%, compared with 7.979% for Seasonal Naive
and 8.691% for standalone iTransformer. CNN obtains a MAPE of 12.419%, whereas Persistence Naive and
LSTM produce MAPEs of 17.596% and 19.830%, respectively. Relative to Seasonal Naive and standalone
iTransformer, the proposed method reduces MAPE by 11.88% and 19.10%, respectively. These results indicate
that explicit multi-scale temporal references complement the nonlinear representation learned by iTransformer
and that validation-optimized adaptive fusion improves deterministic day-ahead load forecasting accuracy.

The remainder of this paper is organized as follows. Section 2 reviews statistical, machine-learning, deep-
learning, Transformer-based, multi-scale, and ensemble forecasting approaches. Section 3 presents the
proposed DME-iTransformer framework. Section 4 describes the dataset, experimental configuration,
comparative models, implementation settings, and evaluation criteria. Section 5 presents and discusses the
forecasting results, performance across forecast horizons and load regimes, internal component-wise behavior,
adaptive fusion characteristics, and the limitations of the present experimental evaluation. Section 6
summarizes the principal findings, contributions, limitations, and future research directions.

2. RELATED WORK

Short-term load forecasting has been investigated using statistical, machine-learning, deep-learning,
Transformer-based, multi-scale, and hybrid forecasting approaches. These method families differ in their
assumptions, representation capabilities, computational requirements, and dependence on manually designed
features.

Traditional methods, including regression, exponential smoothing, autoregressive models, and ARIMA -
based techniques, remain attractive because of their simplicity, relatively low computational requirements, and
interpretability. However, their reliance on predefined statistical assumptions may limit their ability to
represent nonlinear and non-stationary electricity-demand behavior [69][70].

Machine-learning methods, such as support vector regression, random forests, gradient boosting,
XGBoost, and LightGBM, provide greater flexibility by learning nonlinear relationships from lagged demand,
rolling statistics, calendar information, and other engineered temporal features. Although these methods can
provide accurate forecasts, their performance remains dependent on feature selection and feature engineering.
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High-resolution multi-step forecasting may require a large number of lagged and horizon-dependent predictors,
which can increase model complexity and introduce redundant information [71]-[73].

Deep-learning models reduce part of this dependence by learning temporal representations directly from
sequential observations. LSTM, GRU, CNN, and related hybrid architectures have therefore been widely
applied to load forecasting. Recurrent models can represent long-term temporal dependencies but rely on
sequential computation, whereas CNN-based approaches provide efficient local feature extraction but require
appropriately designed receptive fields to capture long-range relationships [74]-[76]. In addition, a single deep-
learning model must recover short-term variations, daily recurrence, weekly periodicity, and changing load
levels from one learned representation.

Transformer-based forecasting models have attracted considerable attention because of their ability to
represent long-range dependencies and support parallel computation. Recent studies have explored different
Transformer-based architectures for electric-load and general time-series forecasting [77]-[79]. Among these
approaches, iTransformer is particularly relevant to the present study because it provides the learned
forecasting backbone used in the proposed framework. However, a standalone iTransformer does not explicitly
expose previous-day, previous-week, multi-week, and historical-profile forecasts as separate information
sources. These temporal references must instead be inferred implicitly from the available input sequence.

Multi-scale forecasting provides a complementary approach by exploiting historical information at
different temporal offsets. Daily lags can describe immediate recurrence, weekly lags can represent repeated
weekday and weekend behavior, and multi-week lags can provide more stable seasonal references. Historical
load profiles conditioned on temporal positions can additionally represent typical intraday demand patterns.
However, no single historical reference is consistently optimal under all operating conditions. Recent lags may
be more informative during short-term changes, whereas weekly patterns or historical profiles may become
more useful during periods with stable recurring behavior.

Ensemble learning can combine these complementary forecasting sources through averaging, weighted
fusion, stacking, or other combination strategies. However, many existing ensemble methods use equal weights
or one globally optimized weight vector. These approaches assume that the importance of each candidate
remains constant across load conditions and forecast lead times. Such an assumption may be restrictive for
day-ahead forecasting because candidate performance can differ between low-load valleys, normal operating
periods, high-load peaks, and different sections of the 288-step horizon.

Adaptive ensemble methods address this limitation by allowing candidate weights to depend on recent
performance, demand conditions, temporal context, or forecast lead time. Nevertheless, greater adaptation
introduces additional parameters and may result in unstable weight estimates when local validation samples
are insufficient. Moreover, combining many similar forecasts does not necessarily improve accuracy because
strongly correlated candidates may contain largely redundant information. Therefore, an effective adaptive
ensemble should include candidate screening, local-sample safeguards, and validation-based control of
ensemble complexity.

Existing studies have demonstrated the individual value of Transformer forecasting, multi-scale temporal
representation, and ensemble learning. However, these components are often examined separately.
Transformer-based methods commonly rely on a single learned representation, whereas multi-scale ensemble
approaches may not fully exploit a strong Transformer forecasting component. Furthermore, fixed-weight
ensembles do not adapt candidate contributions to changes in demand regime or forecast position, while highly
adaptive methods may be vulnerable to overfitting when their complexity is not independently validated.

The present study addresses this gap by proposing a Dynamic Multi-Scale Ensemble iTransformer
framework. A tuned iTransformer is combined with multi-scale lag and load-profile candidates representing
recent daily behavior, weekly and multi-week recurrence, and recurring historical demand structures. Hybrid
candidates are generated by combining the iTransformer prediction with selected temporal references.
Validation-based ranking and correlation pruning are subsequently used to reduce redundancy before ensemble
optimization.

The retained forecasts are combined using global, load-state-dependent, and state—horizon-dependent
weighting. Hierarchical fallback rules are applied when insufficient validation observations are available for
local weight estimation. In addition, SAFE-SELECT compares alternative individual and ensemble strategies
on an independent validation period instead of automatically adopting the most complex forecasting
configuration.

The proposed framework is also distinguished by its chronological experimental design. Model training,
iTransformer configuration selection, candidate evaluation, ensemble-weight estimation, strategy selection,
residual-bias calibration, and final testing are assigned to separate time periods. Consequently, test labels are
not used for any model-development decision.
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Accordingly, the research gap addressed in this study is the absence of a unified load-only forecasting
framework that simultaneously integrates: an iTransformer prediction; explicit daily, weekly, multi-week, and
historical-profile references; validation-based candidate ranking; correlation-based redundancy removal; load-
state- and horizon-dependent fusion; and independent validation-based selection of ensemble complexity.

The main research question is whether explicit multi-scale temporal references can complement a
standalone iTransformer and whether validation-optimized adaptive fusion can improve forecasting accuracy
beyond individual deep-learning, Transformer-based, and seasonal forecasting methods under an identical
high-resolution day-ahead forecasting protocol. These considerations motivate the DME-iTransformer
methodology presented in the following section.

3. PROPOSED METHOD

The proposed DME-iTransformer framework integrates explicit multi-scale temporal information with a
tuned iTransformer and validation-optimized dynamic ensemble learning. The overall methodology consists
of four main stages: multi-scale lag and load-profile construction, iTransformer forecasting, hybrid candidate
generation and selection, and adaptive ensemble optimization. Historical demand patterns are first extracted
from daily, weekly, and multi-week lags together with static and dynamic load profiles. These temporal
candidates are then combined with the tuned iTransformer forecast to form a diverse forecasting pool. Finally,
validation-based candidate screening and dynamic weighting are applied to determine the most suitable
forecasting strategy without using test information during model development. The following subsections
describe each component of the proposed framework in detail.

3.1. Multi-Scale Lag and Profile Construction

Electricity demand contains recurring patterns at multiple temporal scales. A single historical window
may not explicitly preserve daily, weekly, and longer-term seasonal relationships. Therefore, the first stage of
the proposed framework constructs a diverse set of deterministic forecasting candidates from historical lags
and load profiles.

For a forecast time t, the d-day lag candidate is defined as

Ly(t) = yi_ap,d € {1,2,3,7,14,21,28} 1)

where D = 288 is the number of 5-min observations per day. These lags represent recent daily behavior,
weekly recurrence, and multi-week periodicity.

In addition to direct lags, three historical load profiles are constructed using the median demand at
comparable temporal positions:

Pypm () = Med{y,: m(7) = m(t), h(7) = h(t), u(r) = u(®)},
Poum (t) = Med{y;: d,,(7) = d,,(t), h(z) = h(t),u(z) = u(t)}, @
Pum(t) = Med {y;: h(7) = h(t), u(r) = u(t)}

where m(t), d,,(t), h(t), and u(t) denote the month, day of week, hour, and minute associated with time ¢,
respectively. Medians are used instead of means to reduce sensitivity to unusually high or low demand
observations.

The three profiles are combined into a static temporal reference:

Pstatic(t) = 0.25Pypum (t) + 0.50Ppum (t) + 0.25Pym (1) 3

The larger weight assigned to the day-of-week profile reflects the strong weekly recurrence commonly
observed in regional electricity demand.

Because historical profiles may not immediately reflect recent changes in the overall demand level, a
normalized load ratio is computed as

Ve
=—-— 4
1 Pstatic(T) “)

For each forecast day, recent level information is summarized over three retrospective periods. The
resulting adjustment factor is

1, = 0.60 Mean (q;; T € H;) + 0.30 Mean (q,; T € H,) + 0.10 Med (q.; T € Hyg) 5)

where H,, H,, and H,g denote the most recent 1-, 7-, and 28-day historical intervals available before the
forecast origin.
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The dynamic profile is then obtained by adjusting the static profile according to the recent demand level:

denamic(t) = Pstaric(O) 1 (6)
For ratio-adjusted lag candidates, the correction factor is conservatively bounded as
7, = min [1.10, max (0.90, ;)] (7

which prevents short-term level changes from excessively amplifying or suppressing historical lag forecasts.
Additional multi-scale candidates are constructed from these basic temporal sources. A representative
four-week forecast is defined as

W,(t) = 0.50L,(t) + 0.25L14(t) + 0.15L,; (£) + 0.10L,g(t) (8)

The complete candidate pool additionally contains daily—weekly blends, recent same-time combinations,
ratio-adjusted lags, a robust median of L,(t), L;(t), and Pyynamic(t), and a recent-weekly—dynamic
combination. These candidates expose complementary temporal structures before the neural forecast is
introduced.

3.2. iTransformer Forecasting Model

The second component of the proposed framework is an iTransformer forecasting model. To ensure a fair
comparison with the standalone iTransformer baseline, the principal forecasting configuration is fixed for all
candidate configurations. Specifically,

L =288 H = 288,S = 288,N, = 1 )

where L is the input length, His the forecasting horizon, Sis the rolling step size, and N, is the number of
target series. Thus, each model uses the previous 24 h of 5-min demand observations to forecast the complete
following 24-h trajectory.

At each forecast origin t, the historical input and future target are defined as

Xe = Ve-r+1 0 Vel Yo = Vewrs oo Vewn] (10)
The iTransformer generates the multi-step forecast
YR = fo(X0) (1D

where fp(+) denotes the iTransformer model parameterized by .
Within the attention mechanism, query, key, and value representations are combined through scaled dot-
product attention:

. QKT
Attention (Q, K, V) = Softmax \/d_ \' (12)
k

where d;, denotes the key dimension.
The code evaluates configurations trained using either MAPE or MAE. The two candidate training
objectives are

N
MAPE = % | % I (13)
i=1
and
1% X
LMAE=N; 1%~ (14)

Although both losses are considered during training, model selection is performed exclusively according
to validation MAPE. Let

0=1{0,0,..,0.} (15)

denote the predefined hyperparameter configurations. The selected iTransformer is
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0 = arg lglcle% MAPE val(ec) (16)

The search varies hidden size, attention heads, encoder depth, feed-forward dimension, dropout, learning
rate, maximum training steps, batch size, scaler type, and training loss, while the input size and forecasting
configuration remain unchanged. The final tuned iTransformer forecast is denoted by

I(t) = 3™ (6" (17)
The rolling forecast origins are separated by one complete day,
ti=1t,+jS,5 =288 (18)

and the trained model is periodically refitted during the test stage to reduce deterioration caused by
temporal distribution changes.

3.3. Hybrid Candidate Generation and Selection
The proposed framework does not treat iTransformer and seasonal forecasting as competing alternatives.
Instead, the neural forecast is combined with multi-scale temporal candidates to construct hybrid forecasts.
The first hybrid candidate combines the tuned iTransformer forecast with the dynamic historical profile:

Cip(t) = 0.801(t) + 0.20Pgynamic(t) (19)
A recent-day hybrid candidate is defined as
Ci;(t) = 0.80I(t) + 0.20L, (1) (20)
To incorporate longer recurring behavior, the weekly hybrid forecast is
Crw(t) = 0.801(¢t) + 0.20W,(t) (21)
The recent same-time hybrid candidate is
Cir(t) = 0.80I(t) + 0.20Rgame (1) (23)
where
Rgsame(t) = 0.45L;(t) + 0.20L,(t) + 0.15L3(t) + 0.20L,(t) (24)

The complete candidate set therefore contains the original multi-scale temporal candidates, the tuned
iTransformer forecast, and the four hybrid predictions. Because including all forecasts may introduce
unnecessary redundancy, candidates are first ranked according to their validation MAPE:

Ny

NG
100 ;=Y.
E = pamtiny (25)
Nv Vi

i=1
where E; denotes the validation MAPE of candidate j.
To reduce redundancy, the linear correlation between two candidate predictions is calculated as

No o () o(Drn(k) -
T3P =3 ME" - y®)
Pjr = ~ n ~
v 50 _ 5002 v (k) _ (k)2
\/Zizl(yi y0) \/Zizl(yi 7))
A candidate is removed when its absolute correlation with an already selected forecast satisfies

| Pjk |Z Pmaxs Pmax = 0.999 (27)

The correlation threshold was fixed at 0.999 as a conservative redundancy criterion. This high value
removes only candidates whose validation predictions are nearly identical while retaining forecasts that may
exhibit moderately different residual patterns. The threshold was specified before final test evaluation and was
not optimized using test observations. Its sensitivity is not examined in the present study and remains a subject
for future investigation.

The final selected set is therefore

(26)
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C* = TopK {C;: E; is small, | pj, 1< 0.999} (28)

where at most K = 10 candidates are retained, with at least five candidates whenever sufficient valid
forecasts are available. The tuned iTransformer forecast is explicitly preserved to ensure that the learned neural
component remains represented in the final ensemble.

This two-stage procedure aims to preserve both accuracy and diversity. Candidate ranking eliminates
weak forecasts, whereas correlation pruning reduces the influence of strongly overlapping predictions before
weight optimization.

3.4. Validation-Optimized Dynamic Ensemble

After candidate selection, the remaining forecasts are combined through a hierarchical validation-
optimized ensemble. The method considers global, load-state-dependent, and state—horizon-dependent
weighting rather than assuming that one weight vector is optimal under all forecasting conditions.

For each selected candidate j, an inverse-MAPE prior weight is first calculated as

-1
S .0 29)
2 (B )7t

where Ej is the validation MAPE and ¢ s a small numerical constant.
Given the candidate matrix X and weight vector w, ensemble weights are estimated by solving

w’ =arg min| MAPE (yXw) + 2 || w — 7 [}
w
X (30)
subject to w; = O,z w; = 1.
Jj=1

The first term minimizes forecasting error, while the second term discourages extreme deviations from
the inverse-MAPE prior. The regularization coefficients are set to 0.005, 0.02, and 0.05 for global, state-
specific, and state—horizon-specific optimization, respectively. The constrained problem is solved using
SLSQP, with random Dirichlet search used as an additional fallback mechanism. These coefficients were fixed
before final test evaluation and were progressively increased from global to state—horizon optimization to
impose stronger shrinkage as the number of observations available for local weight estimation decreased. They
should therefore be interpreted as design parameters rather than values established through an exhaustive
sensitivity analysis. A systematic evaluation of their influence is outside the scope of the present study and is
identified as future work.

The predicted load state is determined from the dynamic profile using historical 15th and 85th percentiles:

Low, denamic(t) < QO.lS:
s =4 High, denamic(t) 2 Qogs, (31
Normal, otherwise.
The 288-step prediction horizon is divided into four 6-h blocks:
Bi, 1<h<72
B,, 73 < h <144,

B;, 145 < h <216,
B,, 217 <h < 288.

b(h) = (32)

The resulting dynamic ensemble forecast is
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(se:b(h) ()
WjSt ™ yt,]h’ Nst,b(h) = Nmin:

=

=1
K
s (s) 5U
POME =3 S wEOR Ny = N, (33)
=1
K
Z W].(G) yt(,;f, otherwise,

-
1}
-

where Ny;, = 250. Thus, the framework follows the fallback hierarchy
State—Horizon — State — Global.

Rather than automatically adopting the most complex ensemble, six forecasting strategies are evaluated
on a separate validation period. The final strategy is selected as

m’ = arg min MAPE select (Y™) (34)

Where M = {Best Single,Equal, Inverse-MAPE,Global,State,State—Horizon}.

This SAFE-SELECT mechanism allows the framework to revert to a simpler strategy when a more
complex dynamic ensemble does not generalize better.

Finally, a shrunk residual bias is estimated for each state—horizon group:

bsp = ésp + e
s,b N + K s,b N + K G (35)

- Ngp K

where €; 5, is the local mean residual, é;is the global mean residual, and k = 30 controls shrinkage toward
the global bias. The final forecast is

90l = Clip 95 +a By (36)

Where a* € {0,0.15,0.30,0.50}

is selected using a separate validation subset. If bias correction does not reduce validation MAPE, the
procedure selects a* = 0.

From a computational perspective, let Ndenote the number of aligned validation observations and K the
number of retained candidates. Candidate stacking and weighted prediction scale linearly with NK, whereas
pairwise correlation screening requires O (N K ?)operations. Because the candidate set is restricted to K < 10,
the candidate-dimension cost remains bounded. The actual computational demand of the optimization stage
additionally depends on the number of SLSQP iterations, local state—horizon groups, and fallback searches.
Standardized wall-clock time and inference latency were not recorded and are therefore not reported as
performance outcomes in this study.

The complete methodology follows a chronological validation protocol. Data from 2022-2024 are used
for model training; January—April 2025 are used for iTransformer configuration selection; May 2025 is used
for candidate evaluation and ensemble-weight estimation; June 2025 is used for SAFE-SELECT and bias-
strength calibration; and observations from July 2025 onward form the final test period. Consequently, test
labels are not used for hyperparameter tuning, candidate selection, weight estimation, or final strategy
determination.

3.5. Overall Algorithm and Flowchart

The overall procedure of the proposed DME-iTransformer framework is illustrated in Figure 1. The
framework follows a sequential and validation-driven forecasting process that integrates data preprocessing,
chronological data partitioning, multi-scale temporal candidate construction, iTransformer configuration
selection, hybrid candidate generation, candidate screening, dynamic ensemble optimization, strategy
selection, and optional residual-bias correction. The principal characteristic of the framework is the strict
chronological separation of model-development stages. Consequently, iTransformer tuning, candidate
evaluation, ensemble-weight estimation, strategy selection, and bias calibration are completed without using
observations from the final test period.
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Figure 1. Overall workflow of the proposed Dynamic Multi-Scale Ensemble iTransformer framework for day-ahead
electric load forecasting

The complete forecasting procedure consists of four main modules: multi-scale candidate construction,
iTransformer forecasting, hybrid candidate generation and selection, and validation-optimized dynamic fusion.
After all model configurations and fusion parameters have been determined from the designated training and
validation periods, the final forecasting strategy is evaluated once on the untouched test set.

As shown in Figure 1, the procedure begins with New South Wales electricity-demand data recorded at a
5-min resolution. The raw observations undergo datetime conversion, regional filtering, resampling to a regular
5-min time grid, and missing-value interpolation. These preprocessing operations produce a chronologically
ordered and temporally consistent load series suitable for high-resolution day-ahead forecasting.
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The processed dataset is then divided into five non-overlapping chronological periods. Observations from
2022 to 2024 are used for model training. Data from January to April 2025 are used to evaluate the predefined
iTransformer configurations and select the configuration with the lowest validation MAPE. May 2025 is used
for forecasting-candidate evaluation, redundancy screening, and ensemble-weight optimization. June 2025 is
reserved for final forecasting-strategy selection and residual-bias-strength calibration. Observations from July
2025 onward form the final test set. This organization ensures that every model-development decision is based
exclusively on information available before the test period.

The first module constructs a diverse set of deterministic temporal candidates from the historical load
series. Daily lags of one, two, and three days represent recent short-term recurrence. Weekly and multi-week
lags of seven, fourteen, twenty-one, and twenty-eight days describe recurring temporal behavior over longer
periods. Historical load profiles are additionally calculated according to month—hour—minute, day-of-week—
hour—minute, and hour—minute groupings. These individual profiles are combined to form a static profile,
which is subsequently adjusted using recent load-level information to obtain a dynamic profile. Additional lag—
profile combinations are constructed to represent complementary short-term, weekly, multi-week, and profile-
based demand patterns.

The second module performs iTransformer forecasting. To maintain a fair experimental setting, the
principal forecasting dimensions remain unchanged across all evaluated iTransformer configurations. The
input size is fixed at 288 observations, the forecast horizon is 288 observations, the rolling step is 288
observations, and the number of target series is one. Therefore, every configuration uses the preceding 24 h of
load observations to forecast the complete load trajectory for the following 24 h.

Within this fixed forecasting setting, several internal iTransformer hyperparameters are evaluated,
including hidden size, number of attention heads, encoder depth, feed-forward dimension, dropout rate,
learning rate, training loss, and scaling method. This procedure is a predefined validation-based configuration
search rather than Bayesian optimization. Each configuration is trained and assessed using validation MAPE,
and the configuration producing the lowest validation error is selected. The resulting model is then used to
generate the tuned iTransformer forecast for the subsequent candidate-generation stage.

The third module combines the tuned iTransformer forecast with selected deterministic temporal
references. Hybrid candidates are generated by blending the iTransformer output with the dynamic profile,
one-day lag, weekly pattern, and recent same-time behavior. These hybrid forecasts are merged with the
original lag-based, profile-based, and blended temporal candidates to form a unified forecasting pool.

Because the complete candidate pool may contain several forecasts with nearly identical behavior, the
candidates are first ranked according to validation MAPE. A correlation-based redundancy analysis is then
applied. When the absolute correlation between a candidate and a previously retained forecast is equal to or
greater than 0.999, the less accurate candidate is treated as redundant and removed. Otherwise, it is retained.
The threshold of 0.999 is used as a conservative criterion that removes only almost-identical forecasts while
preserving candidates that may provide complementary error patterns. The screening procedure retains at most
ten candidates, while the tuned iTransformer forecast is explicitly preserved in the final candidate set.

The fourth module implements validation-optimized dynamic fusion. The process begins by calculating
inverse-MAPE prior weights, which assign greater initial importance to candidates with stronger validation
performance. These prior weights are subsequently refined through constrained global ensemble optimization.

Two additional levels of adaptation are then introduced. First, each predicted load condition is classified
as low, normal, or high according to thresholds estimated exclusively from historical data. Second, the 288-
step day-ahead forecast is divided into four 6-h blocks corresponding to 0—6 h, 612 h, 12—-18 h, and 18-24 h.
Based on these two contextual dimensions, the framework estimates three groups of ensemble weights: global
weights, load-state-specific weights, and state—horizon-specific weights.

A hierarchical fallback mechanism is used to reduce the risk of unstable local optimization. When a load-
state or state—horizon group contains a sufficient number of validation observations, its corresponding local
weight vector is applied. When the available local sample is insufficient, the procedure reverts to a broader
state-specific or global weight vector. This design enables context-dependent adaptation where sufficient
validation evidence is available while preventing unreliable weight estimation for sparsely represented
operating conditions.

After weight optimization, six candidate forecasting strategies are generated: the best individual
candidate, equal-weight ensemble, inverse-MAPE ensemble, globally optimized ensemble, load-state-
dependent ensemble, and state—horizon-dependent ensemble. These alternatives are evaluated on the
independent June 2025 validation period. The strategy with the lowest validation MAPE is selected through
the SAFE-SELECT mechanism.

SAFE-SELECT does not assume that the most complex ensemble structure must always provide the best
forecasting performance. A simpler individual or global strategy is retained whenever it produces a lower
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validation error than the more detailed state- or state—horizon-dependent alternatives. This mechanism limits
unnecessary ensemble complexity and reduces the risk that locally optimized weights overfit the weight-
estimation period.

The selected strategy is finally subjected to optional residual-bias correction. Candidate bias-strength
values, including zero, are evaluated on the strategy-selection validation period. When residual correction
decreases validation MAPE, the corresponding bias-strength factor is applied. When no improvement is
observed, zero is selected and the forecast remains uncorrected. Thus, bias correction is included only when it
provides independent validation evidence of improved forecasting accuracy.

The output of this process is the final DME-iTransformer forecast. Only after the iTransformer
configuration, candidate subset, ensemble weights, forecasting strategy, and bias-strength factor have been
determined is the framework applied to the untouched test set. The final MAE, MSE, RMSE, MAPE, sMAPE,
and R2 values are subsequently calculated from these out-of-sample forecasts.

Overall, Figure 1 shows that DME-iTransformer is not a simple weighted combination of an iTransformer
and historical lags. It is a structured forecasting framework in which complementary temporal representations
are constructed, evaluated, screened, adaptively weighted, and independently selected through chronologically
separated validation stages. This design enables the framework to exploit short-term dependence, daily and
weekly recurrence, historical load profiles, and learned nonlinear representations while reducing candidate
redundancy, unstable local optimization, unnecessary post-processing, and test-data leakage.

4. EXPERIMENTAL SETUP

This section describes the dataset, preprocessing procedure, forecasting configuration, comparative
models, evaluation criteria, and computational environment used to assess the proposed DME-iTransformer.
All data partitions were arranged chronologically, and the test period was isolated from hyperparameter tuning,
candidate selection, ensemble-weight estimation, and final strategy calibration. This design was adopted to
ensure a fair and leakage-free evaluation of the proposed framework.

4.1. Dataset and Data Preparation

The experimental study was conducted using regional electricity-demand data from New South Wales,
Australia (Figure 2). The target series corresponds to the NSW1 region and contains total electricity demand
measured at a 5-min resolution. The experimental period covers records from January 1, 2022 onward, with
observations from July 2025 used exclusively for final testing.

NSW Load Profile Used for Persistence Baseline
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Figure 2. NSW electricity demand profile from 2022 to 2025

The raw dataset was first converted to a consistent chronological format. The timestamp field was
transformed into a datetime representation, and the demand variable was converted to a numeric format.
Records belonging to the NSW1 region were retained, after which the observations were sorted chronologically
and duplicated timestamps were removed.

Because the proposed forecasting problem requires a continuous 5-min time grid, the demand series was
resampled at fixed 5-min intervals. Missing observations generated during this procedure were estimated using
time-based linear interpolation. For two observed values y,, and y;, surrounding a missing observation at time

t, the interpolated value is expressed as
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t—t
Ve = Ve, T ﬁ (Ytb_Yta) (37)
b a

where t, <t < t,. This procedure preserves the local temporal continuity of the load series without
introducing future test information into the model-development stages.

After preprocessing, temporal attributes including month, day of week, hour, minute, date, and the
corresponding 5-min daily slot were generated. These attributes were used only to construct historical load
profiles and organize the forecasting analysis. No weather, price, holiday, or other external variables were
included in the present study. Therefore, the proposed method is evaluated as a load-only forecasting
framework.

The processed demand series was divided chronologically into five consecutive periods. Data from
January 2022 to December 2024 were used for model training. January—April 2025 were used for iTransformer
hyperparameter tuning. May 2025 was used for candidate evaluation and ensemble-weight optimization. June
2025 was reserved for final strategy selection and bias-strength calibration. The test period started on July 1,
2025.

This chronological partition can be summarized as

D= 2)train U Dtune U l)weight U @select U @test (38)

where the five subsets are mutually exclusive and ordered in time. This separation prevents test observations
from influencing any model-development decision.

4.2. Forecasting Configuration and Fair Comparison

The forecasting task was formulated as high-resolution day-ahead load forecasting. Since the data
resolution is 5 min, one complete day contains 288 observations. Therefore, the previous 288 demand values
were used to predict the subsequent 288 values.

At forecast origin t, the input sequence is defined as

X; = [Vi-287) Ve-2860 =+ Vil (39

and the corresponding target trajectory is

Y. = [Ves1, Vewz s Ver2ssl (40)

Thus, both the historical input and the future forecast represent complete 24-h periods.
To ensure fair comparison, the principal forecasting settings were fixed throughout the experiment:

Table 1. Forecasting Configuration and Backtesting Setup

Parameter Value Meaning
Data resolution Smin  One observation every 5 min
Input size 288 Previous 24 h
Forecast horizon 288 Following 24 h
Step size 288 One forecast origin per day
Number of series 1 NSW1 regional demand
Accordingly
L=H=S=288N,=1 (41)

where L, H, S, and Nydenote the input length, forecasting horizon, rolling step size, and number of target series,
respectively.
The forecast origins follow

tj =ty +jS,S = 288 (42)

meaning that consecutive forecasts are separated by one complete day. Each forecast therefore produces the
full 288-step load trajectory for the following 24 h.
An internal validation window of 14 days was used during model training:

Ny = 14 x 288 = 4032 (43)

observations. During the final test stage, the tuned iTransformer was periodically refitted every 30 forecast
windows to reduce performance degradation caused by temporal changes in the demand distribution.
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The same target series, temporal resolution, forecast horizon, and test period were used across competing
models. The proposed method did not receive a longer historical window or additional external information.
Improvements were therefore attributed to model configuration, multi-scale candidate construction, candidate
selection, and dynamic fusion rather than to unequal input information (Figure 3).
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Figure 3. Chronological partition of the experimental dataset

4.3. Baseline Models and Implementation Details

The proposed DME-iTransformer was compared with representative forecasting models from naive,
deep-learning, and Transformer-based families. The comparative models were selected to provide both simple
seasonal references and nonlinear learned forecasting approaches.The evaluated methods were:
e  Persistence Naive, which uses the most recent available demand pattern as the future reference;
e  Seasonal Naive, which exploits recurring seasonal behavior and provides a strong benchmark for highly
periodic electricity-demand data;
CNN, which learns local temporal structures using convolutional operations;
LSTM, which represents sequential dependencies through recurrent memory mechanisms;
iTransformer, which serves as the standalone Transformer-based benchmark; and
DME-iTransformer, which integrates the tuned iTransformer forecast with multi-scale lag and profile
candidates through validation-optimized ensemble learning. The benchmark set was selected to examine
the incremental contribution of the proposed framework relative to simple persistence, explicit seasonal
recurrence, conventional deep-learning models, and its own standalone Transformer backbone. It is not
intended to provide an exhaustive comparison with every recent Transformer architecture. Models such
as PatchTST, TimesNet, FEDformer, and Crossformer were not implemented within the experimental
scope of the present study. Therefore, the conclusions are restricted to the six methods evaluated under
the common forecasting protocol, while broader Transformer benchmarking is reserved for future work.
The comparison therefore covers the progression

Naive — Deep Learning — Transformer — Proposed Hybrid Ensemble (44)

For the proposed method, the input size, forecast horizon, rolling step size, and number of target series
were fixed for every iTransformer configuration. Only internal model hyperparameters were varied.
Eight predefined configurations were evaluated. The search considered:

Table 2. Hyperparameter Search Space and Candidate Values

Hyperparameter Candidate values
Hidden size 64, 128, 256
Attention heads 4,8
Encoder layers 1,2
Feed-forward dimension 128, 256, 512, 1024
Dropout 0.05,0.10, 0.15
Learning rate 1073,7x107*, 5x 107%,3 x 10~*
Maximum training steps 1200, 1500, 1600, 1800
Batch size 32
Window batch size 64
Scaling Robust, Identity
Training loss MAPE, MAE
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The best iTransformer configuration was selected according to validation MAPE:

0 = arg lglcle% MAPE tune(oc) (45)

Training used early stopping with a patience of eight validation checks, while validation performance was
examined every 50 training steps. Four learning-rate decay stages were applied.

The DME candidate-selection procedure retained at most ten candidates: with K, = 10 a minimum
target of five candidates whenever sufficient valid forecasts were available. Candidate pairs with an absolute
correlation of at least 0.999 were treated as highly redundant.

For dynamic ensemble optimization, the regularization coefficients were set to A; = 0.005, A5 =
0.02, Agyz = 0.05 for global, state-specific, and state—horizon-specific weighting, respectively. A minimum of
250 observations was required before a local weight vector was estimated; otherwise, the framework reverted
to a broader state or global weighting strategy.

The constrained optimization procedure used SLSQP together with random Dirichlet search. The global
optimization stage used 600 random trials, whereas each local optimization stage used 250 trials.

Finally, the optional residual-corretion strength was selected from A = {0, 0.15, 0.30, 0.50}. The
inclusion of zero allows the SAFE-SELECT mechanism to completely disable bias correction when no
validation improvement is observed.

4.4. Evaluation Methods
Forecasting performance was assessed primarily using mean absolute percentage error (MAPE), because
it expresses the average prediction error relative to the actual load magnitude and was also used for
iTransformer configuration selection, candidate ranking, ensemble optimization, and final strategy selection.
For N observations, MAPE is defined as

LAy (46)

Lower values indicate better forecasting accuracy.
To provide complementary error information, mean absolute error, root mean squared error, symmetric
mean absolute percentage error, and the coefficient of determination were also calculated. RMSE is given by

(47)
while SMAPE is
N
100 21y —9i |
SMAPE = — ) 2 XYl (48)
N |y |+ ;|
i=1
The coefficient of determination is defined as
N
_ (v =)
Re =1 2T (49)

Z;V:l()’i - y)?

Although these metrics were computed for diagnostic purposes, MAPE was treated as the principal
accuracy criterion throughout the proposed framework.

In addition to overall performance, forecasting behavior was analyzed across individual horizon steps.
For forecast step h, horizon-specific MAPE is calculated as

Np

100 in— Vi
MAPEh — Iyl,h yl,h

I,h=1,..,288 (50)
Ny, Yin
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This analysis reveals whether forecasting errors increase at longer lead times or remain stable across the
24-h trajectory.
Performance was also examined by calendar month and load state. Three load regimes were considered:

Low, Yt < Qo1s
sy ={Normal, Qg5 < y: < Qoss, (51)
High, Yt = Qoss,

where Q.15 and Qg g5 are the 15th and 85th percentiles estimated from historical data.

Accordingly, the evaluation was performed at four complementary levels: overall test performance;
horizon-wise performance; monthly performance; load-state-specific performance.

This multi-level assessment makes it possible to determine not only whether the proposed model reduces
average error, but also whether its performance remains consistent across forecast lead times and demand
regimes.

4.5. Computational Environment and Reproducibility

All experiments were implemented in Python 3 and executed in the Google Colab environment. An
NVIDIA A100 GPU was used to accelerate the training and inference of the deep-learning models, and the
High-RAM runtime option was enabled to support the processing of the high-resolution load series and the
evaluation of multiple iTransformer configurations. The same hardware environment was maintained
throughout the main experimental runs to reduce variation caused by differences in computational resources.

The forecasting models were implemented using PyTorch and the NeuralForecast library. NumPy and
Pandas were used for numerical computation and data preprocessing, while SciPy was employed for
constrained ensemble-weight optimization. Matplotlib was used to generate the figures, and OpenPyXL was
used to read and export spreadsheet-based data and experimental results. CUDA acceleration was enabled
whenever it was available for the corresponding PyTorch operations. The principal hardware and software
settings are summarized in Table 3.

Taable 3. Computational Environment and Software Configuration

Component Setting
Computing platform Google Colab
Programming language Python 3
Hardware accelerator NVIDIA A100 GPU
Memory configuration High-RAM enabled
Colab runtime version Recorded for each experimental run
Deep-learning framework PyTorch
Forecasting library NeuralForecast
Numerical computation NumPy
Data processing Pandas
Constrained optimization SciPy
Figure generation Matplotlib
Spreadsheet processing OpenPyXL
GPU computing interface CUDA
Random seed 1

To reduce stochastic variation, the random seed was fixed at 1 for the Python random module, NumPy,
PyTorch, and the available CUDA operations. The same chronological data partitions, input length, forecasting
horizon, rolling interval, validation periods, baseline configurations, and evaluation protocol were maintained
across the experiments. Thus, differences in forecasting performance were not caused by changes in the
principal data or evaluation settings.

The experimental implementation automatically recorded the Python version, operating platform, CUDA
environment, and versions of the principal software libraries for each run. It also stored the evaluated
iTransformer configurations, the selected hyperparameters, candidate-ranking results, retained candidate set,
optimized ensemble weights, selected forecasting strategy, residual-bias setting, prediction outputs, and final
evaluation metrics. These records allow each stage of the forecasting procedure to be traced from model
configuration selection to final out-of-sample evaluation.

The experimental outputs were organized into separate directories according to their function. The configs
directory contains the selected model configurations and experimental settings. The tables directory stores the
configuration-search results, candidate evaluations, optimized weights, and final performance metrics. The
data directory contains the processed load series, aligned actual values, and forecasting outputs. The
figures 600dpi directory contains the publication-quality figures generated from the final experimental results.
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This organization facilitates experiment tracking, comparison among model variants, and independent
verification of the reported findings.

The fixed random seed improves the repeatability of the experiments; however, exact numerical
replication may still depend on the PyTorch, CUDA, NeuralForecast, and Google Colab runtime versions.
Therefore, the precise software versions recorded during the final experimental run should be reported in the
archived configuration file and, where space permits, in Table 3.

5.  RESULTS AND DISCUSSION
5.1. Benchmark Accuracy and Improvement Analysis

The overall forecasting performance of the six evaluated models is summarized in Table 4. This
comparison constitutes the primary quantitative evaluation of the study because all methods were assessed
using the same NSW1 demand series, 5-min temporal resolution, 288-step input window, 288-step day-ahead
forecasting horizon, rolling step size, and test period. The comparison includes two naive forecasting methods,
two conventional deep-learning models, a standalone iTransformer, and the proposed DME-iTransformer. Six
complementary metrics are reported: MAE, MSE, RMSE, MAPE, sMAPE, and R?. Among them, MAPE is
treated as the principal performance criterion because it is also used throughout the proposed framework for
iTransformer configuration selection, candidate ranking, ensemble optimization, and final strategy selection.
Lower values of MAE, MSE, RMSE, MAPE, and sMAPE indicate better forecasting accuracy, whereas a
higher R?indicates greater explanatory capability.

Table 4. Forecasting performance comparison of different models

Model MAE MSE RMSE MAPE (%) sMAPE (%) R?
Persistence Naive  1,193.406  2,242,069.293  1,497.354 17.596 15.929 0.2863
Seasonal Naive 570970  692,704.722  832.289 7.979 7.850 0.7795
CNN 835.153  1,225256.730 1,106.913 12.419 11.508 0.6100
LSTM 1,396.560  3,210,954.304 1,791.914 19.830 18.508  —0.0221
iTransformer 602.724  657,884.803  811.101 8.691 8.332 0.7906
DME-iTransformer 478485  476,259.933 _ 690.116 7.031 6.718 0.8484

Table 4 shows that the proposed DME-iTransformer achieves the best performance for all six evaluation
metrics. It produces the lowest MAE 0f 478.485, the lowest MSE 0f476,259.933, the lowest RMSE of 690.116,
the lowest MAPE of 7.031%, and the lowest SMAPE of 6.718%. It also attains the highest R?of 0.8484. The
consistency of these results is important because the superiority of the proposed model is not restricted to a
single error measure. Instead, the model improves both average absolute accuracy and squared-error-based
performance while explaining a larger proportion of the observed load variation.

The MAPE results provide the clearest overall comparison. DME-iTransformer achieves a MAPE of
7.031%, followed by Seasonal Naive at 7.979% and the standalone iTransformer at 8.691%. The remaining
models perform considerably worse, with MAPEs of 12.419% for CNN, 17.596% for Persistence Naive, and
19.830% for LSTM. Relative to the strongest conventional benchmark, Seasonal Naive, the proposed model
reduces MAPE by approximately 11.88%. Compared with the standalone iTransformer, the reduction reaches
approximately 19.10%. These two comparisons are particularly important because Seasonal Naive represents
a strong periodic benchmark, whereas iTransformer represents the learned neural backbone of the proposed
framework.

The strong performance of Seasonal Naive deserves particular attention. Its MAPE of 7.979% is lower
than those of CNN, LSTM, Persistence Naive, and even the standalone iTransformer. This result indicates that
the NSW1 demand series contains strong recurring temporal structure and that corresponding historical periods
remain highly informative for day-ahead forecasting. Therefore, the Seasonal Naive benchmark should not be
regarded merely as a trivial reference. Rather, it constitutes one of the most competitive models in the
experiment. Against this strong benchmark, the observed reduction from 7.979% to 7.031% is notable in
descriptive terms because the proposed method improves upon an already effective representation of periodic
load behavior.

The comparison with iTransformer provides direct evidence regarding the value of the proposed multi-
scale ensemble design. The standalone iTransformer achieves a MAPE of 8.691%, whereas DME-iTransformer
reduces this value to 7.031%. The corresponding MAE decreases from 602.724 to 478.485, representing a
reduction of approximately 20.61%. RMSE decreases from 811.101 to 690.116, corresponding to an
improvement of approximately 14.92%, while MSE is reduced by approximately 27.61%. The R?value also
increases from 0.7906 to 0.8484. These improvements suggest that the additional multi-scale lag and profile
information provides complementary predictive information that is not fully captured by the standalone
iTransformer.
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A similar pattern is observed when the proposed model is compared with Seasonal Naive. DME-
iTransformer reduces MAE from 570.970 to 478.485, corresponding to an improvement of approximately
16.20%. MSE decreases from 692,704.722 to 476,259.933, a reduction of approximately 31.25%, while RMSE
is reduced by approximately 17.08%. The SMAPE improvement is approximately 14.42%, and R%increases
from 0.7795 to 0.8484. These findings indicate that the advantage of the proposed framework extends beyond
relative percentage error and remains evident under absolute- and squared-error-based criteria.

The squared-error metrics provide additional insight into the ability of the models to control larger
forecasting deviations. Although Seasonal Naive achieves a lower MAE and MAPE than the standalone
iTransformer, iTransformer obtains slightly lower MSE and RMSE values. Specifically, iTransformer achieves
an MSE of 657,884.803 and an RMSE of 811.101, compared with 692,704.722 and 832.289, respectively, for
Seasonal Naive. This difference suggests that the two models exhibit distinct forecasting characteristics:
Seasonal Naive performs better in average relative and absolute terms, whereas iTransformer appears
somewhat more effective at limiting certain larger squared deviations. The proposed DME-iTransformer
surpasses both models simultaneously, achieving the lowest values for all absolute, relative, and squared-error
metrics.

The R?results further support this conclusion. DME-iTransformer obtains the highest value of 0.8484,
followed by iTransformer at 0.7906 and Seasonal Naive at 0.7795. Thus, the proposed model improves R%by
0.0578 over iTransformer and by 0.0689 over Seasonal Naive. This indicates that the final forecasts more
closely reproduce the observed variability of the NSW1 load series. The agreement between the lowest error
measures and the highest R?strengthens the evidence that the improvement is not caused by one isolated metric.

The CNN provides intermediate performance, with a MAPE of 12.419%, an RMSE of 1,106.913, and an
R?0of 0.6100. Relative to CNN, DME-iTransformer reduces MAPE by approximately 43.39%, MAE by
42.71%, and RMSE by 37.65%. Although the CNN can capture local temporal patterns, its results suggest that
local convolutional representations alone are insufficient to fully describe the daily, weekly, and longer-range
dependencies present in the high-resolution demand series.

Persistence Naive performs substantially worse, with a MAPE of 17.596% and an R?of only 0.2863.
DME-iTransformer reduces MAPE by approximately 60.04% relative to this baseline. The large difference
between Persistence Naive and Seasonal Naive is also informative. Persistence Naive relies primarily on the
most recent demand behavior, whereas Seasonal Naive explicitly exploits recurring temporal structure. The
substantially better result of Seasonal Naive reinforces the importance of periodic information in the present
forecasting problem and provides further motivation for the multi-scale lag and profile construction used in
DME-iTransformer.

Among all evaluated methods, LSTM produces the highest errors, with a MAPE of 19.830%, an RMSE
0f 1,791.914, and an R?of —0.0221. A negative R?indicates that, under the squared-error criterion, the LSTM
predictions fail to explain the test-set variability effectively. Relative to LSTM, the proposed model reduces
MAPE by approximately 64.54%, MAE by 65.74%, and RMSE by 61.49%. This result also shows that
increased model complexity alone does not guarantee superior forecasting accuracy. The ability to exploit the
temporal structure appropriate to the dataset is more important than simply using a sophisticated neural
architecture.

Taken together, the results reveal three important findings. First, the strong performance of Seasonal
Naive confirms that high-resolution electricity demand contains pronounced recurring patterns. Second, the
standalone iTransformer provides competitive nonlinear forecasting capability but does not outperform the
strongest seasonal benchmark in terms of MAPE. Third, the proposed DME-iTransformer achieves the best
result by integrating these complementary forecasting perspectives rather than relying exclusively on either a
deterministic seasonal reference or a single learned neural model.

The proposed model can therefore be interpreted as bridging the gap between explicit temporal recurrence
and learned nonlinear forecasting. The multi-scale lag and profile candidates preserve recurring daily, weekly,
and multi-week information, whereas iTransformer provides a learned representation of complex demand
dynamics. Candidate selection reduces redundant information, and validation-optimized fusion determines
how the retained forecasting sources should be combined. The superior performance across all six metrics
suggests that this coordinated framework produces more accurate and stable forecasts than its individual
components.

Overall, Table 4 provides the primary quantitative evidence supporting the effectiveness of the proposed
DME-iTransformer. The model achieves the lowest MAPE of 7.031%, improving upon the strongest baseline,
Seasonal Naive, by 11.88%, and the standalone iTransformer by 19.10%. At the same time, it records the
lowest MAE, MSE, RMSE, and sMAPE and the highest R2. These results confirm that the proposed
combination of multi-scale temporal information, tuned iTransformer forecasting, candidate selection, and
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validation-optimized dynamic fusion provides a clear overall accuracy advantage under the common high-
resolution day-ahead forecasting setting.

While Table 4 establishes the overall numerical superiority of DME-iTransformer, aggregate metrics
alone do not reveal how forecasting performance changes over time, across forecast horizons, or under different
operating conditions. Therefore, the following analyses examine load-profile tracking, residual characteristics,
horizon-wise robustness, and peak-load forecasting behavior to determine whether the overall improvement
remains consistent beyond the average test-set metrics.

The performance differences reported in this subsection are descriptive comparisons based on aggregate
test-set metrics. No formal hypothesis test, confidence-interval analysis, or multiple-comparison correction
was conducted. Accordingly, the reported reductions should be interpreted as observed empirical
improvements on the NSW1 test period rather than as evidence of statistical significance. Formal paired testing
across daily forecasting windows and evaluation over additional regional datasets are reserved for future work.

Direct numerical comparison with accuracy values reported in previous publications was not performed
because differences in geographic region, sampling interval, input length, forecast horizon, data partition,
external information, and evaluation protocol can make cross-study rankings misleading. The primary
comparison in this study is therefore restricted to models evaluated using the same NSW1 data and forecasting
protocol. Broader cross-dataset benchmarking is identified as future work.

5.2. Load Profile Tracking and Error Characteristics

To complement the aggregate performance results reported in Table 4, Figure 4 provides a visual
comparison of the forecasting behavior of the six models during the first seven days of the test period. The
selected interval contains repeated daily load cycles together with substantial variations in peak magnitude and
load valleys, allowing the models to be compared in terms of temporal tracking, peak representation, and
responsiveness to short-term demand changes. The figure therefore provides a qualitative assessment of
whether the numerical improvements reported in Table 4 are also reflected in the predicted load trajectories.

As shown in Figure 4(a), Persistence Naive produces piecewise-constant forecasts and fails to reproduce
the pronounced intra-day fluctuations of the actual load. Although it roughly follows changes in the general
demand level across consecutive days, it cannot capture either the timing or magnitude of the major peaks and
valleys. This behavior explains its relatively high forecasting error reported in Table 4.

Seasonal Naive in Figure 4(b) captures the recurring daily structure considerably better. Its predictions
reproduce most of the major rising and falling patterns, confirming the strong periodicity of the NSW1 load
series. Nevertheless, visible deviations remain around several local peaks and valleys, particularly when the
demand magnitude differs substantially from the corresponding historical seasonal pattern.

The CNN and LSTM exhibit markedly different behaviors. In Figure 4(c), the CNN generates a smooth
forecast trajectory and follows the broad daily cycles, but the smoothing effect reduces its ability to reproduce
abrupt changes and extreme load levels. In contrast, the LSTM predictions in Figure 4(d) remain close to a
nearly constant level and fail to respond adequately to the strong temporal variations in the actual series. This
visual behavior is consistent with the comparatively weak LSTM performance reported in Table 4.

The standalone iTransformer in Figure 4(e) provides substantially better temporal tracking. It follows
most of the daily cycles and reproduces many of the turning points more accurately than the conventional deep-
learning models. However, noticeable deviations are still observed during several high-load and low-load
periods, indicating that the learned Transformer representation alone does not fully capture all recurring and
regime-dependent variations.

Finally, Figure 4(f) shows that the proposed DME-iTransformer generally follows the actual load
trajectory more closely across the seven-day period. The final forecast preserves the temporal structure
captured by the tuned iTransformer while better adjusting several peaks, valleys, and intermediate load
transitions through the multi-scale candidate and dynamic fusion mechanisms. Although some deviations
remain during the most abrupt load changes, the overall trajectory shows closer agreement with the observed
demand than the competing models. This visual evidence supports the quantitative findings in Table 4 and
indicates that the improvement of DME-iTransformer is reflected not only in lower aggregate errors but also
in more consistent tracking of short-term load dynamics.

While Figure 4 demonstrates the temporal tracking capability of the evaluated models, load-profile
comparisons alone do not fully reveal the distribution and concentration of forecasting errors. Therefore, the
residual characteristics of the six models are examined next.

To further examine the error characteristics of the evaluated models, Figure 5 presents the residual
distributions over the test period. The residual is defined as the difference between the actual and predicted
load, such that positive values indicate underestimation and negative values indicate overestimation. A
desirable forecasting model should produce a narrow distribution with a pronounced concentration around zero
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and relatively short tails. Unlike the load-profile comparison in Figure 4, this analysis provides a more direct
view of the dispersion, bias, and frequency of large forecasting errors.

Actual vs Predicted Load - First 7 Test Days

13000 — Actual
~—— Persistence / Naive
12000
~ 11000
H
=
2 10000
<
=
o
g 9000
Z
o
= sooo
7000
6000
2025-07-01 2025-07-02 2025-07-03 2025-07-04 2025-07-05 2025-07-06 2025-07-07 2025-07-08
Time
(a) Persistence Naive
Actual vs Predicted Load - First 7 Test Days
13000 — Actual
~—— Seasonal Naive
12000
- 11000 '
s ‘
£ ] “ {
2 10000 f i
= bl A
E { |
) | 3 \
g 9000 \ \ i
z 3 A
P a000 } LW !
! \ LYy AN \
L \ ’I Y
7000 v M :
6000
2025-07-01 2025-07-02 2025-07-03 2025-07-04 2025-07-05 2025-07-06 2025-07-07 2025-07-08
Time
(b) Seasonal Naive
Actual vs Predicted Load - First 7 Test Days
13000 —— Actual
~— CNN Default
12000
~ 11000
2
=
2 10000
=
=
o
g 9000
2
o
= sooo
7000
6000
2025-07-01 2025-07-02 2025-07-03 2025-07-04 2025-07-05 2025-07-06 2025-07-07 2025-07-08
Time
(¢) CNN
Actual vs Predicted Load - First 7 Test Days
13000 — Actual
~—— LSTM Default
12000
— 11000
2
z
2 10000
=
=
o
g 9000
2
o
= 8000 \ /\
W s (v ~ w
7000 b i i v \-]
6000
2025-07-01 2025-07-02 2025-07-03 2025-07-04 2025-07-05 2025-07-06 2025-07-07 2025-07-08
Time

Tuan Anh Nguyen (Dynamic Multi-Scale Ensemble iTransformer for Day-Ahead Electric Load Forecasting)



1280 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572
Vol. 8, No. 4, August 2026, pp. 1259-1298

Actual vs Predicted Load - First 7 Test Days

— Actual
iTransformer

13000
12000

~ 11000

YA f\\ |
=RV VASVITRVIVANY \ /\/\

TOTALDEMAND (MW

7000

6000

2025-07-01 2025-07-02 2025-07-03 2025-07-04 2025-07-05 2025-07-06 2025-07-07 2025-07-08
Time

(e) iTransformer
Actual vs Predicted - First 7 Test Days

12000 — Actual
Tuned iTransformer

—— Final DME-iTransformar
12000

s 11000 ,J\

10000 1 '

i . |
8000 ‘ ! f [ «

8000 \ \ / \
g | b | ) 1/ \

7000 L

6000

TOTALDEMAND (M

2025-07-01 2025-07-02 2025-07-03 2025-07-04 2025-07-05 2025-07-06 2025-07-07 2025-07-08
Time

(f) DME-iTransformer
Figure 4. Actual and predicted load profiles during the first seven test days: (a) Persistence Naive, (b) Seasonal Naive,
(c) CNN, (d) LSTM, (e) iTransformer, and (f) DME-iTransformer

As shown in Figure 5(a), Persistence Naive produces a broad and irregular residual distribution extending
across a wide error range. The presence of substantial frequencies on both sides of zero indicates that this
model frequently produces both overestimation and underestimation errors. This dispersed pattern is consistent
with its limited ability to follow the rapidly changing demand profile observed in Figure 4(a).

The Seasonal Naive model in Figure 5(b) exhibits a considerably sharper concentration around zero. Most
residuals are located within a narrower central region, indicating that seasonal recurrence provides a strong
approximation of the actual demand pattern. However, the remaining tails on both sides show that large errors
can still occur when current load conditions differ from the corresponding historical seasonal pattern.

The CNN distribution in Figure 5(c) is also centered close to zero but is visibly broader than that of
Seasonal Naive. The extended negative and positive tails suggest that the smoothing behavior observed in
Figure 4(c) leads to larger deviations during rapid load transitions and extreme demand levels. Thus, although
CNN captures the overall temporal pattern, its residual spread reflects limited precision during more variable
operating conditions.

Figure 5(d) shows that LSTM produces the widest and most dispersed residual distribution among the
learning-based models. The long tails and relatively broad central region indicate frequent large forecasting
deviations, which is consistent with its weak temporal tracking in Figure 4(d) and the relatively high errors
reported in Table 4.

The standalone iTransformer in Figure 5(e) presents a much more compact distribution, with a clear peak
near zero and a lower frequency of large residuals. This confirms its stronger ability to represent the temporal
dynamics of the load series compared with CNN and LSTM. Nevertheless, noticeable tails remain, indicating
that some load transitions and extreme variations are still difficult to predict accurately.

Finally, the proposed DME-iTransformer in Figure 5(f) exhibits the sharpest concentration of residuals
around zero among the six models. Its pronounced central peak indicates that a larger proportion of predictions
produce relatively small errors, while the overall residual spread is reduced compared with the competing
approaches. Although some extreme residuals remain, the tighter central concentration supports the lower
MAE, RMSE, MAPE, and sMAPE reported in Table 4. These findings suggest that the combination of multi-
scale temporal candidates, tuned iTransformer forecasts, and validation-optimized dynamic fusion not only
reduces the average forecasting error but also improves the overall concentration and stability of the residual
distribution.
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Although Figure 4 and Figure 5 demonstrate improved temporal tracking and error concentration, these
aggregate visualizations do not show whether the forecasting advantage remains consistent across the entire
288-step day-ahead horizon. Therefore, the next analysis examines the horizon-wise forecasting performance
of all six models.
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Figure 5. Residual distributions of the evaluated models

5.3. Forecast Robustness Across Horizons and Load Regimes

To investigate whether forecasting accuracy remains consistent throughout the 24-h prediction period,
Figure 6 compares the horizon-wise MAPE of the six evaluated models over all 288 forecast steps. Since each
step corresponds to 5 min, the figure reveals how prediction difficulty changes from the beginning to the end
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of the day-ahead horizon. A robust forecasting model should maintain relatively low errors across the entire
horizon rather than achieving good performance only at selected lead times.
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Figure 6. Horizon-wise MAPE comparison of all forecasting models over the 288-step day-ahead horizon: (a)
Persistence Naive, (b) Seasonal Naive, (¢) CNN, (d) LSTM, (e) iTransformer, and (f) DME-iTransformer

Figure 6(a) shows that Persistence Naive exhibits substantial error variation across the forecasting
horizon. The MAPE is relatively low at the earliest steps but increases sharply during the middle portion of the
horizon, reaching its highest level around steps 140—160. A second increase is also observed later in the day.
This pattern indicates that simply carrying forward recent demand information is inadequate when the future
load trajectory departs from the current demand level.

Seasonal Naive in Figure 6(b) produces a considerably lower and more stable error profile. Its MAPE
remains relatively small during the early and late forecast steps, although a clear increase is again observed
around the middle of the horizon. This confirms that recurring seasonal information is highly useful for the
NSWI1 series, but its accuracy deteriorates during periods characterized by stronger changes in load magnitude.

The CNN results in Figure 6(c) follow a similar general pattern but with a larger mid-horizon error peak.
The error increases gradually from the early forecast steps, reaches its maximum around the central part of the
horizon, and then declines toward the end. This behavior suggests that the CNN captures short-term temporal
structure reasonably well but becomes less effective during the more variable part of the daily load cycle.

As shown in Figure 6(d), LSTM presents the highest horizon-wise errors among the learning-based
models. Its MAPE remains elevated over a broad portion of the forecast horizon and increases markedly around
the middle steps. The wide high-error region is consistent with the weak overall performance reported in Table
4 and indicates limited ability to adapt to changing intra-day demand dynamics.

The standalone iTransformer in Figure 6(e) achieves a much lower error profile than CNN and LSTM.
Although its MAPE also rises around the middle of the horizon, the overall magnitude remains clearly reduced.
This result demonstrates the stronger ability of the Transformer architecture to represent long-range temporal
dependencies, while also showing that certain intra-day periods remain particularly difficult to forecast.

Finally, Figure 6(f) shows that DME-iTransformer maintains the lowest overall horizon-wise error
pattern. The MAPE remains particularly low during the early forecast steps and decreases again toward the end
of the horizon. Although the central portion of the day continues to be the most challenging region, the proposed
model substantially reduces the error magnitude compared with Persistence Naive, CNN, and LSTM and
remains competitive with the strongest baselines throughout the horizon. This result indicates that the multi-
scale temporal candidates and dynamic ensemble mechanism improve forecasting robustness across different
lead times rather than only reducing the overall average error.
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Overall, Figure 6 reveals a common characteristic across all models: the middle portion of the 288-step
horizon is considerably more difficult to forecast than the early and late periods. However, the magnitude of
this increase differs substantially among the models. DME-iTransformer provides the most favorable overall
horizon-wise profile, supporting the conclusion that its improvement is distributed across the day-ahead
forecasting horizon rather than being concentrated at only a few forecast steps.

To assess model behavior under the most demanding operating conditions, Figure 7 compares the
forecasting performance of the six models for observations belonging to the top 10% of actual load values.
Peak-load forecasting is particularly challenging because high-demand periods are often associated with rapid
changes in magnitude and relatively infrequent extreme values. A reliable forecasting model should therefore
reproduce both the general high-load level and the short-duration peaks without systematic underestimation or
excessive fluctuations.
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Figure 7. Peak-load forecasting behavior of the six forecasting models: (a) Persistence Naive, (b) Seasonal Naive, (c)
CNN, (d) LSTM, (e) iTransformer, and (f) DME-iTransformer

Figure 7(a) shows that Persistence Naive consistently underestimates the high-load observations. Its
predictions remain well below the actual peak-load level and fail to reproduce the numerous short-duration
spikes observed throughout the test period. Although some gradual changes in the predicted level are visible,
the method cannot adequately respond to the magnitude of the highest demand events.

Seasonal Naive in Figure 7(b) provides a much closer representation of the peak-load range. It follows
many of the major fluctuations and occasionally reproduces individual high-demand events. However, the
predictions remain highly variable, with several pronounced overestimation and underestimation episodes. This
behavior indicates that historical seasonal recurrence is informative for high-load forecasting, but mismatches
between current and previous seasonal conditions can still produce substantial errors.

The CNN results in Figure 7(c) show partial tracking of the peak-load pattern. The model captures some
temporal variations but generally predicts below the actual high-load level, particularly during the largest
peaks. The smoothed forecasting behavior observed earlier is also evident here, suggesting that the CNN has
difficulty reproducing abrupt high-demand excursions.
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As shown in Figure 7(d), LSTM performs poorly under peak-load conditions. Its predictions remain
almost constant and substantially below the actual top-10% load values. The model therefore fails to respond
to either the changing level or the short-term spikes of the peak-demand sequence, which is consistent with its
weak overall performance in Table 4 and its high horizon-wise errors in Figure 6.

The standalone iTransformer in Figure 7(e) exhibits a marked improvement over the conventional deep-
learning models. Its predictions generally remain within the high-load operating range and reproduce many of
the temporal fluctuations more effectively. Nevertheless, several local peaks are still missed or inaccurately
estimated, showing that the Transformer backbone alone does not completely capture all extreme-load
variations.

Finally, Figure 7(f) shows that DME-iTransformer provides the closest overall correspondence with the
actual peak-load sequence. The predicted values generally remain within the appropriate high-demand range
and follow many of the observed changes more closely than the other models. Although some individual
extreme peaks are still underestimated or overestimated, the proposed model reduces the persistent low bias
observed in Persistence Naive, CNN, and LSTM while maintaining more stable peak tracking than the purely
seasonal approach.

Overall, Figure 7 confirms that peak-load forecasting remains considerably more difficult than average
operating-condition forecasting. However, the proposed DME-iTransformer shows the most balanced behavior
across these high-demand observations by combining learned nonlinear forecasting with multi-scale temporal
information. This result complements the overall accuracy findings in Table 4 and indicates that the advantage
of the proposed method is also preserved under demanding peak-load conditions.

To examine whether the evaluated models can reproduce the typical intra-day demand structure, Figure
8 compares the average 5-min daily load profile of the actual observations with the corresponding model
predictions over the test period. Unlike the previous figures, which focus on individual trajectories, residuals,
and forecast horizons, this analysis emphasizes the ability of each method to represent the characteristic daily
load cycle, including the early-morning decline, morning peak, midday valley, afternoon ramp, and evening
peak.

Average 5-Minute Daily Load Profile in Test Period

10000 4 —— Actual
Predicted

9000 4

8000 /\

7000 \/ v
6000
10 15 20

0 5

Average TOTALDEMAND (MW)

25
Hour of Day

(a) Persistence Naive
Average 5-Minute Dalily Load Profile in Test Period

10000 4 —— Actual
Predicted

9000 1 /

f \
f

8000 4 \\‘

7000 - \\\,\,‘_‘/

Average TOTALDEMAND (MW)

6000 4

0 5 10 15 20 25
Hour of Day

(b) Seasonal Naive

Tuan Anh Nguyen (Dynamic Multi-Scale Ensemble iTransformer for Day-Ahead Electric Load Forecasting)



1288 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572
Vol. 8, No. 4, August 2026, pp. 1259-1298

Average Daily Load Profile in Test Period

10000 — Actual
—— Predicted
£ oooo
Z
a
z
=
=
u
S so00
z
(=]
F
©
-]
g
% 7000
6000
] 5 10 15 20 25
Hour of Day
(c) CNN
Average Daily Load Profile in Test Period
10000 — Actual
—— Predicted
£ o000
Zz
[=]
=
=
=
]
S 8000
=
e
o
-
e
o
% 7000
6000
0 5 10 15 20 25
Hour of Day
Average Daily Load Profile in Test Period
— Actual
—— Predicted
10000
z
& 9000
=
<
=
o}
=1
Z s000
=
2
w
o
e
o
& 7000
6000
0 5 10 15 20 25
Hour of Day
(e) iTransformer
Average 5-min Daily Profile: Actual vs Predicted
— Actual —
10000 Tuned iTransformer \
—— Final DME-ITransformer
2 5000
a
=
a
H
&
3 8000 4
g
=}
-
@
-3
c
@
Z 70004
6000 4
] 5 10 15 20 25

Hour of Day
(f) DME-iTransformer
Figure 8. Average 5-min daily load profiles of the actual demand and the six forecasting models: (a) Persistence Naive,
(b) Seasonal Naive, (c) CNN, (d) LSTM, (e) iTransformer, and (f) DME-iTransformer

Tuan Anh Nguyen (Dynamic Multi-Scale Ensemble iTransformer for Day-Ahead Electric Load Forecasting)



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro 1289
Vol. 8, No. 4, August 2026, pp. 1259-1298

Figure 8(a) shows that Persistence Naive produces an almost constant average profile and therefore fails
to reproduce the pronounced intra-day structure of the actual demand. The morning peak, midday decline, and
dominant evening peak are almost entirely absent from the prediction. This result further illustrates why a
simple persistence mechanism is inadequate for high-resolution day-ahead forecasting when substantial
changes occur within the daily cycle.

Seasonal Naive in Figure 8(b) reproduces the average daily profile with remarkable accuracy. The
predicted curve closely follows the actual trajectory across nearly the entire 24-h period, including the morning
peak, midday valley, afternoon ramp, and evening maximum. This close agreement confirms the strong daily
periodicity of the NSW1 demand series and explains why Seasonal Naive performs as the strongest baseline
in Table 4. Nevertheless, the average-profile agreement should be interpreted together with the earlier results,
since averaging can conceal forecasting errors occurring on individual days.

The CNN result in Figure 8(c) captures the broad shape of the daily cycle but considerably smooths its
main features. The morning peak is underestimated, the midday valley is predicted too high, and the evening
peak is also substantially reduced. This behavior is consistent with the smoothing effect observed in the seven-
day trajectories and indicates that the CNN learns the overall daily pattern but has difficulty preserving the full
amplitude of intra-day demand variations.

A more pronounced limitation is observed for LSTM in Figure 8(d). The predicted average profile
remains nearly flat throughout the day and does not reproduce the major temporal structures of the actual load.
The inability to represent the morning rise, midday decline, and evening peak is consistent with the weak point-
wise and overall performance previously observed for this model.

The standalone iTransformer in Figure 8(e) provides a substantially better representation of the average
daily demand cycle. It captures the main turning points and follows the actual curve throughout most of the
day. Some deviations remain, particularly around the early-morning valley and the timing and magnitude of
the evening peak, where the predicted profile tends to shift slightly relative to the actual demand.

Finally, Figure 8(f) shows that DME-iTransformer preserves the principal daily structure while providing
a closer alignment with the actual average profile. The proposed forecast follows the early-morning decline,
morning peak, midday valley, afternoon increase, and evening peak with good consistency. Compared with the
standalone iTransformer, the final DME-iTransformer curve better adjusts several parts of the daily cycle,
particularly around the morning transition and midday-to-afternoon recovery. Some small deviations remain
near the valley and peak regions, but the overall profile remains closely aligned with the actual demand.

Overall, Figure 8 confirms that the models differ substantially in their ability to represent the characteristic
intra-day load shape. Persistence Naive and LSTM fail to reproduce the daily cycle, whereas CNN captures
only a smoothed approximation. Seasonal Naive demonstrates the strength of explicit periodic information,
while iTransformer provides a more flexible learned representation of daily dynamics. DME-iTransformer
combines these complementary advantages and retains the characteristic load structure while improving overall
forecasting accuracy, as demonstrated quantitatively in Table 4.

5.4. Internal Component-Wise Performance Analysis

To examine how forecasting performance changes across the main internal configurations of the proposed
framework, Figure 9 compares the test MAPE obtained from the tuned iTransformer backbone, candidate-
based alternatives, optimized fusion strategies, SAFE-SELECT output, and final forecast. In contrast to the
preceding figures, which compare DME-iTransformer with external benchmark models, this analysis focuses
exclusively on the internal development of the proposed method. The comparison illustrates how the
forecasting performance changes when moving from the tuned iTransformer backbone to candidate-based
forecasting, global fusion, load-state adaptation, state—horizon weighting, and the final SAFE-SELECT output.

Figure 9 first shows that the tuned iTransformer provides a competitive starting point but has the highest
MAPE among the internal variants considered. The Best Validation Single strategy achieves a noticeable
reduction, indicating that some multi-scale lag or profile-based candidates contain useful information that is
not fully captured by the Transformer backbone alone. This finding supports the motivation for constructing a
diverse candidate pool rather than relying exclusively on a single learned forecasting model.

The Global Optimized strategy does not outperform the best individual validation candidate. This result
is important because it demonstrates that combining multiple candidates through a single global weight vector
does not automatically improve forecasting accuracy. A fixed ensemble may be unable to account for changes
in demand regime and forecast lead time, particularly when different candidates become more informative
under different operating conditions.

A clearer improvement is observed after introducing load-state-dependent optimization. The State
Optimized strategy reduces MAPE relative to the global ensemble, suggesting that candidate relevance changes
between low-, normal-, and high-load conditions. The State-Horizon Optimized strategy further improves
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performance by allowing the ensemble weights to adapt jointly to the predicted load state and to different
segments of the 288-step forecasting horizon. This indicates that the usefulness of individual forecasting
candidates is not constant throughout the day-ahead prediction period.

The Selected Strategy PreBias configuration achieves the lowest or nearly lowest MAPE among the
internal alternatives. This result highlights the role of the SAFE-SELECT mechanism, which does not assume
that the most complex ensemble structure must always be the best. Instead, the final strategy is selected
according to validation performance, allowing the framework to retain a simpler alternative whenever a more
complex configuration fails to provide a clear advantage.

The Final DME-iTransformer maintains performance very close to the best internal strategy and achieves
an overall test MAPE of approximately 7.03%. The small difference between the pre-bias selected strategy and
the final output indicates that the main performance gain originates from candidate construction, adaptive state—
horizon fusion, and validation-based strategy selection rather than from the final residual-adjustment step
alone. In other words, the improvement is produced by the overall coordination of the framework rather than
by a single post-processing operation.

Overall, Figure 9 demonstrates that the proposed method benefits most from moving beyond a fixed
global ensemble toward context-dependent weighting and validation-based strategy selection. The results also
show that performance improvement is not strictly monotonic across all intermediate configurations, which
confirms the importance of SAFE-SELECT. More complex fusion is retained only when it provides evidence
of better validation performance. This design helps prevent unnecessary ensemble complexity and supports the
robustness of the final DME-iTransformer.

To clarify the contribution of the candidate-generation stage, Figure 10 compares the validation MAPE
of the main forecasting candidates before the final ensemble optimization. The candidate pool includes
individual lag-based forecasts, calendar-conditioned load profiles, multi-scale blends, the tuned iTransformer,
and hybrid combinations between iTransformer and historical temporal references. Since lower MAPE
indicates better performance, the figure reveals which forecasting mechanisms provide the most accurate
individual predictions and which sources may offer complementary information for the subsequent candidate-
selection and dynamic-fusion stages.

As shown in Figure 10, the lowest validation errors are obtained by several multi-source temporal
candidates, particularly profile lag blend, recent weekly dynamic blend, and robust_triplet median. These
candidates combine information from recent daily behavior, weekly recurrence, and load-profile structure
rather than relying on a single historical reference. Their favorable performance indicates that the NSW1
demand series benefits from jointly representing short-term continuity and repeated multi-scale temporal
patterns.

The profile dynamic candidate also achieves competitive validation accuracy. Compared with fixed
profile estimates such as profile_static and profile_ dow_hm, the dynamic profile adjusts the historical load
shape according to the recent demand level. Its lower validation error therefore suggests that adapting recurring
profiles to current operating conditions is more effective than using fixed seasonal averages alone.

The tuned iTransformer and its hybrid variants occupy the middle part of the ranking. In particular,
itr_recent blend, itr profile blend, itr weekly blend, and itr lagl blend remain competitive with the
standalone itr_tuned forecast. This result indicates that the Transformer representation is useful but can be
further complemented by explicit historical references. At the same time, no single iTransformer-based
candidate dominates all other alternatives, which supports the use of an ensemble rather than relying
exclusively on the neural backbone.

In contrast, individual candidates such as lag_7day, profile dow hm, and profile static exhibit higher
validation MAPE values. Although these candidates contain meaningful seasonal information, their standalone
performance is more limited because they cannot fully adapt to changes in demand level and short-term
operating conditions. Nevertheless, such candidates may still contribute useful diversity when their errors are
not excessively correlated with those of stronger predictors.

An important point is that Figure 10 represents individual validation accuracy only. The final candidate
set is not selected solely according to MAPE ranking. The proposed framework also applies correlation-based
pruning to remove highly redundant forecasts and explicitly preserves the tuned iTransformer representation.
Therefore, a candidate with slightly higher individual MAPE may still be valuable if it provides complementary
information that improves the ensemble forecast.

Overall, Figure 10 demonstrates that the strongest individual candidates arise from different forecasting
mechanisms rather than from a single model family. The competitive performance of multi-scale lag/profile
combinations, dynamic profiles, and iTransformer-based hybrids justifies the construction of a diverse
candidate pool. This diversity provides the basis for the subsequent global, load-state, and state—horizon weight
optimization stages of the proposed DME-iTransformer.
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The analyses in Figure 9 and Figure 10 provide component-wise diagnostic evidence but do not constitute
a fully controlled ablation in which each module is independently removed while all remaining configurations
are held constant. Therefore, the separate causal contributions of the dynamic profile, correlation-based
pruning, SAFE-SELECT, and residual-bias correction should not be inferred beyond the internal variants
explicitly reported. A complete module-by-module ablation is reserved for future work.
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Figure 9. Progressive MAPE changes across the main internal configurations of the proposed DME-iTransformer
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Figure 10. Validation MAPE ranking of the main forecasting candidates

5.5. Adaptive Weight Interpretation

To investigate how the proposed ensemble adapts its forecasting mechanism to different operating
conditions, Figure 11 visualizes the optimized weights assigned to the selected candidates under global, load-
state, and state—horizon contexts. The color intensity represents the relative contribution of each candidate,
with brighter cells indicating larger optimized weights. Unlike the previous analyses, which focused on
forecasting accuracy, this figure provides insight into the internal decision structure of DME-iTransformer and
shows whether the importance of individual forecasting sources remains fixed or changes according to load
conditions and forecast lead time.

At the global level, the ensemble distributes its weights across several candidates rather than relying on a
single predictor. In particular, profile lag blend, recent weekly dynamic blend, robust_triplet median, and
profile dynamic receive visible contributions. This distributed weighting indicates that the overall forecast
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benefits from combining recent load behavior, weekly recurrence, robust multi-source information, and
dynamic profile structure.
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Figure 11. Optimized candidate weights across global, load-state, and state—horizon forecasting conditions

The state-specific rows reveal a clear change in candidate importance across different demand regimes.
Under low-load conditions, greater emphasis is placed on iTransformer-related and recent-history candidates,
particularly itr_profile blend, recent mean_same time, and itr_tuned. Under normal-load conditions, the
weights are spread more broadly across profile- and lag-based candidates. In contrast, high-load conditions are
dominated mainly by lag 1 7 blend and recent weekly dynamic_blend, indicating that recent daily and
weekly recurrence becomes especially informative when forecasting elevated demand levels.

A more detailed adaptive pattern appears in the state—horizon rows. For low-load periods, the model
consistently assigns substantial weight to itr_tuned, recent mean same time, and itr_profile blend across
several horizon blocks. This suggests that the combination of the learned Transformer forecast and recent same-
time behavior is particularly useful for representing low-demand periods throughout the day-ahead trajectory.

For normal-load conditions, the weighting pattern changes with the forecast horizon. profile dynamic
becomes more influential during several intermediate horizon blocks, while profile lag blend gains
importance in later periods. This transition indicates that the ensemble does not treat the entire 288-step forecast
horizon uniformly; instead, it shifts between profile-based and recent-history-based predictors as the forecast
progresses.

The most pronounced specialization occurs under high-load conditions. The ensemble assigns large
weights to recent_weekly dynamic blend and lag 1 7 blend, with the latter becoming dominant in some
horizon blocks and receiving an almost exclusive contribution in the final high-load horizon segment. This
behavior suggests that the most recent daily and weekly demand patterns provide particularly strong
information for forecasting high-load periods, especially at specific lead times.

Another important observation is that several candidates receive near-zero weights in many contexts. This
sparsity shows that the optimization procedure does not simply average all retained candidates. Instead, it
selectively activates only the most useful forecasting sources for each operating condition. Therefore, the role
of the candidate-selection stage is complemented by a second level of adaptation in which the contribution of
the retained candidates changes dynamically.

Overall, Figure 11 provides direct evidence for the adaptive nature of the proposed DME-iTransformer.
The optimized weights vary substantially across global, load-state, and state—horizon contexts, confirming that
no single candidate is consistently optimal under all conditions. The framework therefore improves forecasting
performance by dynamically selecting different combinations of temporal profiles, lag structures, and
iTransformer-based forecasts according to the current demand regime and forecast position. This adaptive
weighting behavior helps explain the performance improvements observed in Table 4 and the preceding
figures.

The present study did not record standardized wall-clock training time, per-window inference latency,
peak GPU-memory consumption, or repeated timing measurements under a controlled runtime. Consequently,
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the results in this subsection should be interpreted exclusively as evidence of adaptive weight allocation and
not as evidence of computational efficiency. The practical computational cost of candidate generation,
correlation screening, local ensemble optimization, SAFE-SELECT, and residual-bias correction remains to
be quantified in future work under fixed hardware and software conditions.

5.6. Scope and Limitations of the Experimental Evaluation

The experimental evidence should be interpreted within several boundaries. First, the benchmark set
contains Persistence Naive, Seasonal Naive, CNN, LSTM, standalone iTransformer, and the proposed DME-
iTransformer, but it does not include additional recent Transformer architectures. Second, the performance
differences are based on descriptive aggregate metrics and were not subjected to formal statistical significance
testing. Third, although internal forecasting variants and candidate rankings are reported, a fully controlled
module-by-module ablation was not conducted. Fourth, standardized computational time, inference latency,
and memory consumption were not measured. Fifth, the experiment was restricted to one regional load series
and used historical load information only.

These limitations do not alter the numerical results obtained under the adopted NSW1 forecasting
protocol, but they restrict the breadth of the conclusions. The findings demonstrate that DME-iTransformer
outperformed the five evaluated baseline methods under the specified dataset, input length, forecasting horizon,
and chronological partitions. They should not be interpreted as establishing universal superiority over all recent
forecasting architectures, electricity systems, or computational environments.

6. CONCLUSION

This study proposed a Dynamic Multi-Scale Ensemble iTransformer (DME-iTransformer) framework for
deterministic, high-resolution day-ahead electric load forecasting. The framework integrates a tuned
iTransformer with daily, weekly, and multi-week lag information, static and dynamically adjusted historical
load profiles, and hybrid Transformer—temporal candidates. Validation-based candidate ranking, correlation-
based redundancy removal, context-dependent weight optimization, SAFE-SELECT strategy selection, and
optional residual-bias correction were incorporated into a chronologically separated forecasting procedure.
This design ensured that model configuration, candidate selection, weight estimation, and strategy calibration
were completed without using information from the final test period.

The proposed framework achieved the best overall performance among the six evaluated methods on the
NSWI1 electricity-demand dataset recorded at 5-min intervals. DME-iTransformer obtained an MAE of
478.485 MW, an MSE of 476,259.933 MW?2, an RMSE of 690.116 MW, a MAPE of 7.031%, an sMAPE of
6.718%, and an R? of 0.8484. Compared with Seasonal Naive, the strongest conventional benchmark, the
proposed method reduced MAPE by 11.88%. Relative to the standalone iTransformer, it reduced MAPE by
19.10%. The simultaneous improvement in absolute, squared, relative, and goodness-of-fit measures indicates
that the proposed framework provides a consistent accuracy advantage rather than an improvement restricted
to one evaluation metric.

The additional analyses support three main findings. First, explicit temporal recurrence remains highly
informative for high-resolution load forecasting, as demonstrated by the competitive performance of Seasonal
Naive and the strong validation results of lag- and profile-based candidates. Second, the standalone
iTransformer captures nonlinear demand dynamics effectively but does not explicitly preserve all daily,
weekly, and multi-week references required for the forecasting task. Third, candidate relevance changes across
load states and forecast-horizon segments. The optimized-weight analysis showed that no individual
forecasting source was dominant under all conditions, thereby justifying the use of context-dependent fusion.

The principal methodological contribution of this study is the integration of learned nonlinear forecasting
and explicit multi-scale temporal recurrence within a validation-driven ensemble framework. Unlike fixed-
weight ensembles, the proposed method allows candidate contributions to vary according to predicted load
conditions and positions within the 288-step day-ahead horizon. In addition, SAFE-SELECT prevents the
automatic adoption of unnecessary ensemble complexity by retaining a simpler forecasting strategy whenever
it performs better on independent validation data. The results therefore contribute new evidence that adaptive
combination and complexity control are both important when integrating Transformer forecasts with
deterministic temporal references.

From a practical perspective, DME-iTransformer provided more accurate tracking of daily demand
trajectories, a narrower residual distribution, improved representation of the average intraday load profile, and
more balanced performance during high-load conditions. However, forecasting errors remained higher in the
middle portion of the day-ahead horizon, indicating that rapid intraday transitions and peak-related variations
remain difficult to predict. The framework should therefore be regarded as an improved deterministic
forecasting approach rather than a complete solution for all operating conditions.
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The present study has several limitations. First, the experiments were restricted to a single regional
electricity-demand series, and the model inputs did not include weather conditions, holidays, electricity prices,
renewable-generation information, or other external variables. Second, the benchmark set did not include
additional recent Transformer architectures, and the reported conclusions are therefore limited to the six
evaluated methods. Third, the observed performance differences were assessed using descriptive forecasting
metrics without formal statistical significance testing. Fourth, the internal component comparisons do not
constitute a fully controlled module-by-module ablation. Fifth, standardized training time, inference latency,
and memory consumption were not systematically recorded. Finally, the study produced point forecasts only
and did not generate calibrated prediction intervals or other probabilistic outputs. These limitations restrict the
generalization of the findings beyond deterministic, load-only day-ahead forecasting for the NSW1 dataset
under the adopted experimental protocol.

Future research should evaluate the proposed framework across multiple regions, temporal resolutions,
seasons, and electricity systems. Broader benchmarking should include recent Transformer-based architectures
such as PatchTST, TimesNet, FEDformer, and Crossformer under the same data partitions and forecasting
settings. Formal paired statistical tests and confidence-interval analyses should be performed across daily
forecasting windows. A controlled ablation study should independently remove the dynamic profile, candidate-
screening mechanism, state—horizon fusion, SAFE-SELECT, and residual-bias correction to quantify their
individual contributions. Standardized computational profiling should additionally report training time,
inference latency, post-processing time, and memory consumption. Other extensions include the incorporation
of carefully selected exogenous variables, probabilistic forecasting with calibrated prediction intervals, online
candidate adaptation, and concept-drift detection.
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