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Abstract

Predicting electrical demand in distribution systems is a fundamental problem for the
efficient operation of smart grids, especially under scenarios of high temporal variabil-
ity. This study compares two multi-step forecasting strategies for 24-h horizons: a direct
24—24 strategy and a recursive strategy based on sequential 24—1 predictions. Four ma-
chine learning and deep learning architectures are evaluated: LSTM, N-HiTS, U-Net, and
LightGBM, using real data from electrical feeders belonging to distribution systems in the
equatorial region of Ecuador. The methodology includes constructing time windows, non-
overlapping train/validation/test partitioning for evaluation, consistent normalization,
and comparative analysis using MAE, RMSE, and MAPE metrics. The results show that the
direct 24—24 strategy achieves the best overall performance, with LSTM standing out with
an approximate MAPE of 4.12%. However, the recursive strategies exhibit greater stability
in the face of atypical patterns observed during holidays and weekends. Furthermore,
U-Net demonstrates competitive performance in both accuracy and temporal robustness,
while LightGBM stands out for its computational efficiency. It is concluded that the selec-
tion of a forecasting strategy depends on the required balance between overall accuracy,
temporal stability, and computational cost.

Keywords: multi-step forecasting; electricity demand; LSTM; N-HiTS; U-Net; LightGBM;
time series; smart grids

1. Introduction
1.1. Motivation

Short-term electricity demand prediction, known as Short-Term Load Forecasting
(STLF), is a fundamental tool for the efficient, safe, and economically viable operation
of power systems. The availability of accurate estimates of future consumption en-
ables improved resource scheduling, the anticipation of overload conditions, support
for the balance between generation and demand, and the strengthening of energy supply
reliability [1,2]. In the distribution sector, these functions are particularly significant due to
the increasing integration of distributed generation, energy storage, electric vehicles, and
loads with dynamic behavior. Artificial neural networks have also been applied to hourly
electricity-demand forecasting in Latin American contexts [3].
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Hourly demand estimation over a 24-h horizon is particularly useful because it aligns
with standard daily planning schedules. In distribution systems, this horizon can support
switching operations, network monitoring, early identification of overloads, and the opera-
tional management of feeders [4,5]. In contexts with day-ahead electricity markets, 24-h
forecasts also facilitate generation scheduling, reserve planning, and dispatch processes.
However, the operational value of a forecast depends not only on the architecture employed
but also on how the future horizon is structured.

Feeder-level prediction presents a more complex challenge than aggregate system
forecasting. Each feeder serves a unique mix of residential, commercial, and industrial users;
consequently, feeders may exhibit distinct load profiles, variability levels, and responses to
special days. Disaggregated analysis makes it possible to assess whether a general model
retains its predictive capability when applied to different points within a distribution
network, thereby preventing good overall performance from masking significant errors in
specific operational units [5,6].

This challenge is more pronounced in equatorial regions. Unlike temperate zones,
where demand is typically influenced by distinct seasonal temperature cycles, regions
near the equator exhibit a narrower annual temperature range and consumption patterns
that may depend more heavily on social, calendar-related, commercial, and operational
factors [7]. Consequently, electricity load profiles can display high intraday variability,
differences between workdays and non-workdays, and heterogeneous behavior across
feeders. Furthermore, the availability of public data from equatorial distribution networks
remains limited compared to the evidence available for Europe, North America, and other
extensively studied regions [8-10].

In this context, the comparison between direct and recursive strategies constitutes a
scientific contribution independent of the comparison between architectures. The same
architecture can yield different results depending on whether it learns the entire horizon
simultaneously or generates each hour via iterative predictions. Therefore, evaluating only
which model achieves the lowest error does not make it possible to determine whether
its performance stems from its structural capacity or from the strategy used to construct
the horizon. This study addresses this distinction through a controlled comparison of
the 24— 24 and 24— 1 strategies, applied to four model families using the same dataset,
temporal partition, and evaluation scheme.

1.2. Literature Review

Early approaches to STLF relied primarily on statistical methods, including linear re-
gression, exponential smoothing, and autoregressive models. These techniques offer inter-
pretability and moderate computational costs, yet they may struggle to capture non-linear
relationships, abrupt changes, and temporal dependencies across different scales [10-12].
Subsequently, machine learning methods introduced algorithms such as support vector
machines, decision trees, random forests, and gradient boosting, thereby expanding the
capacity to model complex interactions between variables.

The development of deep learning drove the use of recurrent and convolutional
neural networks, as well as hybrid architectures, for electricity forecasting. Long Short-
Term Memory (LSTM) was proposed to overcome the limitations of conventional recurrent
networks in learning long-term dependencies [13]. Its application to STLF has demonstrated
the ability to process hourly sequences and represent non-linear relationships between
consecutive observations [1,14]. In parallel, one-dimensional convolutional networks have
been employed to extract local patterns from signals, while encoder—decoder architectures
allow for the combination of information obtained at different resolution levels [14,15].
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More recently, Neural Hierarchical Interpolation for Time Series Forecasting (N-HiTS)
was developed specifically for multi-horizon forecasting using multi-frequency sampling
and hierarchical interpolation [16]. This approach aims to represent components across
different temporal scales and reduce the complexity associated with long horizons. On the
other hand, Light Gradient Boosting Machine (LightGBM) implements Gradient-Boosted
Decision Trees (GBDTs) and offers a non-neural approach designed for efficient learning
on large datasets [12]. The coexistence of these families demonstrates that contemporary
research is not limited to a single architecture but rather compares various mechanisms for
temporal representation [17,18].

In distribution networks, some studies have shifted from aggregate prediction to levels
such as substations, transformers, and feeders. Pinheiro et al. analyzed short-term load
forecasting (STLF) ranging from the system level down to approximately 100,000 secondary
substations in Portugal, demonstrating that the aggregation scale influences the difficulty
of the problem [5]. Grabner et al. proposed a global model to generate forecasts for
multiple loads within a distribution network and leverage information shared across time
series [6]. Similarly, Giacomazzi et al. compared LSTM and Temporal Fusion Transformer
(TFT) models across different levels of the electrical hierarchy and for day-ahead and
week-ahead horizons [12]. These studies highlight the importance of evaluating models
at disaggregated levels, although their focus remains primarily on architecture, input
variables, or the network hierarchy.

An additional dimension relates to the strategy used to generate multi-step pre-
dictions. The literature identifies various formulations, including the recursive, direct,
direct-recursive, and Multiple-Input Multiple-Output (MIMO) strategies, as well as inter-
mediate variants [19,20]. In this study, the 24—24 configuration corresponds to a direct
multi-output strategy: a window consisting of the preceding 24 h is transformed into a
vector representing the next 24 h. In contrast, the 24—1 configuration corresponds to a
recursive strategy: the model estimates only the next hour, and the resulting prediction is
incorporated into the window to iteratively calculate the remaining hours.

The direct multi-output strategy avoids using estimated values as new inputs and
allows for the joint learning of dependencies between future time steps. However, it requires
solving a multidimensional output task and, depending on the window construction, may
result in fewer independent examples. The recursive strategy simplifies the learning
task to a single-step prediction and can generate a larger number of samples through
sliding windows. Nevertheless, reusing its own predictions creates a discrepancy between
training and inference conditions and can lead to error propagation as the prediction
horizon advances [19,20].

Comparative studies on multi-step forecasting demonstrate that no single strategy is
universally superior. Performance depends on the series’ nonlinearity, the forecast horizon,
the training set size, the architecture, and the evaluation criterion. Ben Taieb et al. compared
recursive, direct, and multi-output strategies across a wide range of series, showing that
the horizon formulation can substantially alter accuracy [19]. Ben Taieb and Hyndman
subsequently analyzed the bias—variance tradeoff and proposed combining properties
of the direct and recursive approaches [20]. Although these studies establish important
foundations, their findings do not specifically focus on electricity demand at the feeder
level or on equatorial systems.

In this study, LSTM, N-HiTS, 1D U-Net, and LightGBM were selected because they
represent four distinct learning mechanisms. LSTM represents recurrent learning and
temporal memory; N-HiTS incorporates hierarchical decomposition and interpolation; 1D
U-Net provides a convolutional encoder—decoder structure with skip connections; and
LightGBM introduces a computationally efficient, non-neural GBDT model. This selection
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makes it possible to evaluate whether the differences between 24—24 and 24—1 hold across
recurrent, hierarchical, convolutional, and tree-based architectures, rather than restricting
the conclusions to a single family.

Table 1 summarizes the studies most closely related to the subject of the research and
makes it possible to identify their main differences compared to the proposed study.

Table 1. Comparative synthesis of studies related to electricity prediction and multi-step forecasting.

Dataset or Strategy/Forecast Limitations
Reference . Data Level Models or Approach 8y Strengths Compared with the
Region Horizon
Present Study
Electrical Applies neural Does not compare
Lozada P System-level Artificial neural Short-term networks within an direct and recursive
distribution . . o . .
etal. [1] demand networks forecasting electrical distribution strategies or multiple
system s
context model families
Provides an automated The comparison
. . MLP, LSTM, 1D-CNN,  Short-term load . focuses on model
Laitsos Thira Island, Aggregated . evaluation of several .
CNN-LSTM, TCN, forecasting . architectures rather
etal. [14] Greece load deep learning .
and encoder—decoder (STLE) . than multi-step
architectures . .
forecasting strategies
Power system Examines approxi- i]r:‘l)\(/)eesstim:tzr;ectﬁtcsgzl]l
Pinheiro and Systematic STLF Short-term mately 100,000 substa- SUS q
Portugal . - . regions or compare
etal. [5] secondary approach forecasting tions and different
. . the 24—24 and 24—1
substations aggregation levels .
strategies
. . Global _ Exploits shared Multi-horizon
Electrical Multiple . . information across L
Grabner AR Global deep learning forecasting of . forecast generation is
distribution network . ¢ series and reduces the
etal. [6] model multiple time AP not the central focus
network loads . need to train individual
series of the study
local models
. . Does not directly
. . Grid and LSTM and Temporal Day-ahead and ~ Examines the effects of .
Giacomazzi European power . . S compare recursive
. substation Fusion Transformer week-ahead grid hierarchy and .
etal. [21] grids ) : and multi-output
levels (TFT) forecasting input data sources f . .
orecasting strategies
Different Recursive Provides a systematic Does not focus on
Ben Taieb ~ NNb5 forecasting General time . - 4 comparison of electricity demand
. X regression-based direct, and . . .
etal. [19] competition series . multi-step forecasting forecasting or
methods multi-output . s
strategies distribution feeders
Does not examine
. Introduces hierarchical —_ quatonal
International . . . ; distribution feeders or
Challu - . Aggregated . Multi-horizon interpolation and
time-series A . N-HiTS . . compare both
etal. [16] time series forecasting multi-rate data .
benchmarks samplin strategies across
ping different model
architectures
Provides a controlled
Direct comparison by
Present Ecuador, Distribution LSTM, N-HiTS, 1D multi-output forecasting strategy, .
study equatorial region feeders U-Net, and LightGBM 24—24 and horizon, feeder,

recursive 24—1

special-day condition,
and computational cost

The review reveals three main gaps. First, much of the STLF literature compares
architectures, optimization techniques, or input variables but fails to isolate the effect of the
strategy used to generate the 24 outputs. Second, multi-step studies comparing strategies
typically rely on general benchmarks rather than operational feeder data. Third, there is lim-
ited evidence regarding the performance of these strategies in distribution systems within
equatorial regions. Consequently, it remains necessary to determine whether the relative
advantages of direct and recursive forecasting hold true when employing different learning
mechanisms on real-world, heterogeneous, and geographically underrepresented data.
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1.3. Contributions and Organization of the Article

In response to the identified gaps, the objective of this study is to systematically
compare a direct multi-output 24—24 strategy and a recursive 24—1 strategy for hourly
electricity demand forecasting at the feeder level over a 24-h horizon. The main contribu-
tions are as follows:

e A controlled comparison is conducted between the direct (24—24) and recursive
(24—1) strategies, maintaining a consistent input window, temporal partitioning, and
set of metrics.

e  Four model families, LSTM, N-HiTS, 1D U-Net, and LightGBM, are evaluated to deter-
mine whether the strategy’s effect persists across recurrent, hierarchical, convolutional,
and tree-based mechanisms.

e  Real operational data from feeders in a distribution system located in an equatorial region
of Ecuador are used, expanding the available geographic evidence for STLF [16,19].

e An adaptation of 1D U-Net is proposed that preserves its 24-output encoder-decoder
structure while incorporating it into a recursive 24—1 procedure through output
replication and aggregation.

e A comprehensive evaluation is performed broken down by horizon, feeder, and day
type including a specific analysis of holidays and weekends.

e  The trade-off between accuracy and efficiency is analyzed by examining the number
of parameters, complexity ratios, training times, and inference requirements of the
different configurations.

The remainder of the article is organized as follows: Section 2 describes the dataset,
its preparation, the forecasting strategies, the architectures evaluated, hyperparameter
selection, metrics, and the statistical and computational design. Section 3 presents the
overall results, significance tests, error by horizon, evaluation by feeder, performance on
special days, and the trade-off between accuracy and efficiency. Section 4 discusses the
differences between strategies, the influence of training set size and architectures, error
accumulation, regional transferability, operational implications, and limitations. Finally,
Section 5 outlines the main conclusions and future lines of research.

2. Materials and Methods
2.1. Experimental Design

The study employed a comparative experimental design to analyze the effect of
two multi-step prediction strategies on short-term electricity demand forecasting. The
evaluation aimed not only to identify the architecture with the lowest error but also to
determine how the performance of different models varies when the 24-h horizon is
generated using either a direct 24—24 strategy or a recursive 24—1 strategy.

These strategies were selected because they represent two contrasting formulations
of multi-horizon forecasting. In the direct 24—24 strategy, a window consisting of the
preceding 24 h is used to simultaneously estimate the following 24 h. Thus, the entire
horizon is obtained through a single execution, and the generated predictions are not
reused as subsequent inputs.

In the recursive 24— 1 strategy, the model is trained to estimate only the next hour
based on a 24-h window. During inference, the predicted value is incorporated into the
input window, the oldest observation is removed, and the process repeats until the full 24-h
future horizon is covered. This formulation simplifies output dimensionality and allows
for the generation of a larger number of training samples, although it may lead to error
accumulation as the horizon progresses.
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Both strategies were evaluated using four representative models: Long Short-Term
Memory (LSTM), Neural Hierarchical Interpolation for Time Series Forecasting (N-HiTS),
one-dimensional U-Net (U-Net 1D), and Light Gradient Boosting Machine (LightGBM).
The selection encompasses recurrent, hierarchical, and convolutional architectures, as well
as those based on Gradient-Boosted Decision Trees (GBDTs), to ensure that the conclusions
did not depend on a single family of models.

The comparison was conducted using the same historical dataset, the same target
variable, a common 24-h input window, a common 24-h forecast horizon, and identical test
set blocks. All models were evaluated against the same actual values using the same metrics:
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute
Percentage Error (MAPE). The number of training samples differed between strategies due
to their respective formulations: the direct configuration generated 24—24 input—output
pairs, whereas the recursive configuration produced 24—1 pairs through hourly shifting.

Random cross-validation was not applied, as this procedure could disrupt the chrono-
logical dependency of the series and lead to information leakage between temporally close
observations. Instead, predefined training, validation, and test partitions were used. The
test blocks were kept separate from the samples used to fit and select the models, thereby
preserving temporal continuity within each feeder.

Each final configuration was trained once, and the best model state was selected
based on validation loss. For configurations involving stochastic processes, seeds were
fixed to enhance reproducibility. Seed 1234 was used for LSTM 24—24, LSTM 24—1, and
U-Net 24—1, while N-HiTS and LightGBM used seed 42 for both strategies. No seed was
explicitly defined for U-Net 24—24; thus, its initialization relied on TensorFlow’s default
behavior. Consequently, the study does not evaluate the variability resulting from multiple
independent initializations.

Finally, two evaluation scenarios were considered. The first involved the general
dataset, comprising the various types of available days. The second focused on public
holidays and weekends, aiming to examine how the strategies performed given potentially
less regular consumption patterns. For each specific sequence, the preceding 24 h served as
the input, while the 24 h of the day under evaluation constituted the prediction horizon.

2.2. Dataset Description

The study utilized a historical dataset of actual electrical measurements from 22 feeders
within a distribution system in Ecuador. The data had previously been cleaned, docu-
mented, and published in an open-access repository, in accordance with References [8,9].
Their public availability facilitates the traceability of the methodology and the reproducibil-
ity of the experiments.

The period analyzed spanned from January 2018 to December 2022. Consequently,
the dataset included weekdays, weekends, national holidays, and periods marked by
extraordinary changes in social and economic activities. This timeframe allowed for the
representation of daily and weekly variations, as well as differences in demand behavior
across the feeders.

The original measurements were recorded at 15-min intervals. For this study, an hourly
resolution was adopted by selecting records corresponding to the exact hour, identified
by the HH:00 timestamp. Thus, the procedure did not involve averaging the four intra-
hourly observations; instead, a single observation was retained for each hour, while records
corresponding to the 15-, 30-, and 45-min marks were excluded.

The target variable was the total three-phase apparent power, identified as kVA_tot
and expressed in kilovolt-amperes. This variable represents the overall load level served
by each feeder. The models relied exclusively on historical kVA_tot values, without incor-
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porating meteorological or socioeconomic variables or detailed information regarding the
composition of the user base.

The time series were organized chronologically and independently for each feeder;
no window combined observations from different feeders. Subsequently, samples from
the various units were pooled to train global models, and the results were disaggregated
during evaluation to analyze performance specific to each feeder.

For the direct strategy, each sample consisted of 48 consecutive hours: the first 24 h
served as the input, and the subsequent 24 h formed the output. Following processing, this
configuration yielded 730,778 training samples and 81,198 validation samples. The test set
comprised 1701 complete sequences used in common by the evaluated models.

In the recursive strategy, the series were reorganized using time-shifting to generate
samples consisting of 24 historical values and a single future value. This procedure yielded
14,333,616 training samples. The difference in the number of direct versus recursive samples
stems from how each strategy structures the prediction problem, rather than from the use
of different data sources.

The overall dataset included both weekdays and non-working days. Additionally, a
subset comprising holidays and weekends was created to evaluate model performance on
potentially atypical profiles. For these sequences, the 24 h preceding the day under analysis
served as the input, while the 24 h corresponding to the special day served as the output.

The feeders exhibited differences in magnitude, regularity, and hourly variation. Some
maintained relatively stable profiles across consecutive days, whereas others showed more
pronounced changes linked to local activity and the differences between weekdays and
non-working days. This heterogeneity justified both the training of global models and a
disaggregated evaluation by feeder.

The dataset has two main limitations. First, all feeders belong to a single Ecuadorian
distribution system; therefore, the results cannot be automatically generalized to networks
with different climatic conditions, seasonality patterns, or user compositions. Second, the
study relies exclusively on historical kVA_tot data, without incorporating external factors
that might explain specific demand fluctuations. These limitations are discussed in greater
depth in Section 4.7.

2.3. Data Preparation

The data preparation process was designed to ensure the temporal continuity of
the series, reduce the risk of information leakage, and establish a common experimental
basis for the direct (24—24) and recursive (24—1) strategies. The procedure encompassed
record cleaning, standardization of temporal resolution, construction of continuous blocks,
selection of the test set, generation of training and validation samples, stratification by
demand level, and normalization of variables. Figure 1 summarizes the procedure used to
transform the hourly series into the windows corresponding to each strategy.

2.3.1. Data Cleaning and Temporal Standardization

The records were organized chronologically and independently for each feeder. During
this stage, it was verified that the timestamps maintained an hourly frequency and that
consecutive observations were separated by exactly one hour. This check ensured that a
single window did not include interruptions, time gaps, or data from different feeders.

The original dataset contained measurements taken every 15 min. To achieve the
resolution used in the study, only the records corresponding to the exact hour identified
by the HH:00 timestamp were retained. Consequently, no averages were calculated from
the four intra-hourly measurements; instead, a single representative observation per hour
was selected.
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Figure 1. General procedure for generating time windows for the 24— 24 (direct) and 24—1 (recursive)

forecasting strategies.

2.3.2. Construction of 48-h Time Blocks

Blocks of 48 consecutive hours served as the basic unit for data preparation. Each
block was divided into two segments: the first 24 h formed the historical input window,

while the subsequent 24 h constituted the future horizon.

In the direct 24—24 strategy, each block yielded a sample consisting of a 24-value
input and a vector output representing the following 24 h. Broadly speaking, the input
matrices took the form (N, 24, 1), whereas the outputs comprised 24 future values for

each sample.

In the recursive 24—1 strategy, the series were reorganized using hourly shifts to
create pairs consisting of 24 historical observations and the value for the subsequent hour.
During inference, this structure allowed the model to be applied repeatedly until the full
24-h future period was covered. The difference in sample construction explains why the
recursive strategy had a considerably larger number of training examples available than

the direct strategy.

2.3.3. Stratification of Samples

To maintain a similar distribution of load levels across the experimental sets, stratifica-
tion based on the mean of the 24-h input window was applied. This average value was
calculated for each block, and samples were grouped into ten strata defined by quantiles.

The window mean served solely as an auxiliary variable for partitioning, rather than
as an input feature for the models. This approach ensured that the training, validation,
and test sets included windows corresponding to low, medium, and high demand levels,
thereby minimizing the risk of any partition being concentrated within a specific load range.
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The stratified partition was generated once and then stored and reused by all models.
Consequently, the evaluated configurations utilized the same test samples, avoiding the
generation of a different partition during each training run.

2.3.4. Construction of the Test Set

The test set was initially constructed from blocks of two consecutive days. Each pair
of days was deemed valid if it formed a complete, uninterrupted sequence of 48 hourly
observations. The candidate blocks did not overlap, thereby reducing the likelihood of
highly similar evaluation sequences.

After calculating the average demand for the first 24 h, 10% of the candidate blocks
were selected via stratified sampling to form the test set. These blocks were reserved exclu-
sively for final evaluation and were not used during parameter tuning or model selection.

The time intervals assigned to the test set were identified by their feeder and their start
and end timestamps. Before generating the training and validation samples, any windows
sharing observations with these intervals were excluded. This procedure prevented a
sliding training window from partially including hours that were subsequently used to
calculate test set metrics.

2.3.5. Generation of Training and Validation Samples

Once the test intervals were set aside, the remaining series were processed using 48-h
sliding windows with a one-hour step. This procedure allowed for a more extensive use of
available historical data and the generation of multiple consecutive samples for learning.

The use of overlapping windows was limited to the training and validation sets. This
was not considered an inclusion of synthetic data, as the observations were derived directly
from the historical series; only the temporal starting point of each sample varied.

After excluding the intervals associated with the test set, the remaining samples were
further split using stratification. Ninety percent were assigned to training and 10% to
validation. The training set was used to tune each model’s parameters, while the validation
set allowed for monitoring convergence, applying early stopping, and selecting the best
state achieved during learning.

Random cross-validation was not employed, as the conventional redistribution of
observations could disrupt the chronological dependency of the series. Instead, a fixed par-
tition comprising training, validation, and test sets was maintained and used consistently
across all configurations.

2.3.6. Normalization and Inverse Transformation

Normalization was applied independently to each sample using a window-based min—
max procedure. For every sequence, the minimum and maximum values were calculated
from the 24-h input window. These same parameters were used to normalize both the
historical input values and their corresponding future targets.

For a value x, the normalization was defined as:

Xnorm = X i 1)
Xmax — Xmin
where x,,;;, and x5 denote the minimum and maximum values of the corresponding 24-h
input window.

The models were trained and executed using normalized values. Once the predictions
were generated, the inverse transformation was applied using the minimum and maximum
values associated with each input window:

—

£ = Xnorm (xmax - xmin) + Xmin 2)
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This procedure restored both the predicted and actual values to the original scale of
the total three-phase apparent power, kVA_tot. Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE) were calculated
after the inverse transformation; therefore, the reported results correspond to the original
electricity demand scale.

The minimum and maximum values associated with each sample were stored together
with the processed datasets, allowing the same transformation to be consistently applied
during training, validation, inference, and evaluation.

2.3.7. Input Variables and Feature Engineering

The sole predictor variable used was the historical total three-phase apparent power,
identified as kVA_tot. Each model received the 24 hourly values immediately preceding
the prediction time as input.

No meteorological or socioeconomic variables, nor exogenous information regarding
customer composition, were incorporated. Likewise, no advanced calendar features—such
as encodings for hour, day of the week, month, or season—were added. Holidays and
weekends were used solely to construct a specific evaluation scenario, rather than as model
input variables.

Window mean, stratum, feeder ID, start and end dates, and the vector’s sequence
number were retained as metadata to facilitate traceability and disaggregated analysis.
These elements were not included in the matrices used to train the models.

Consequently, the results reflect the ability of the evaluated strategies and architectures
to learn predictive patterns based exclusively on the recent history of electricity demand.
This decision enabled a controlled comparison between models, although it also limited
their capacity to explain variations caused by external factors.

2.4. Forecasting Strategies

The study compares two primary, contrasting formulations of multi-step forecasting
for estimating electricity demand over a 24-h horizon: a direct 24—24 strategy and a
recursive 24— 1 strategy based on iterative one-step predictions. Both configurations use
demand values from the preceding 24 h as input but differ in how they learn and generate
the future horizon, as illustrated in Figure 1.

Selecting these strategies allows for the analysis of a significant methodological trade-
off. The direct strategy estimates the future 24 h without incorporating previous predictions
as new inputs, thereby reducing the risk of error propagation. In contrast, the recursive
strategy simplifies the learning task to predicting a single hour and enables the generation
of a larger number of samples through time-shifting; however, it requires repeating the
inference process 24 times and may lead to error accumulation as the horizon progresses.

Consequently, comparing these two formulations makes it possible to evaluate not
only overall accuracy but also error stability across the horizon, training sample vol-
ume, inference cost, and the behavior of different architectures regarding the reuse of
forecasted values.

2.4.1. Direct Strategy (24—24)

The direct strategy relates a fixed-length historical window to the entire future horizon.
In the neural architectures evaluated—LSTM, N-HiTS, and 1D U-Net—this configuration
corresponds to a Multiple-Input Multiple-Output (MIMO) approach, in which a single
model receives multiple input observations and simultaneously generates multiple future
values. In LightGBM, the direct strategy is implemented using 24 independent models,
one for each hour of the horizon. In both cases, predictions are calculated solely from the
observed historical window and are not reused as inputs to estimate subsequent steps [22].
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In this study, the input window consists of 24 consecutive hourly electricity
demand values:

X = [X¢_23, Xt-22, ------ Xt 3)

and the output horizon is:
Y = [V Va2, - Yisoa] (4)

The direct strategy seeks to learn a function f(-) such that:
Yi = f(Xi) (5)

In LSTM, N-HiTS, and 1D U-Net, the output vector components are estimated jointly,
allowing the model to learn relationships between different future time steps. In LightGBM,
each component is obtained via a specific model trained for its corresponding position
within the forecast horizon.

The main advantage of the direct strategy is that it avoids the recursive accumulation
of errors. Since no estimate is fed back into the input window, a deviation occurring at
a specific time step does not automatically propagate to subsequent time steps. This can
foster a more stable error distribution across the prediction horizon.

However, the direct strategy also has limitations. In multi-output configurations,
the model must simultaneously learn multiple future relationships, each associated with
varying levels of uncertainty. Furthermore, each time block generates a single complete
24—24 sample; consequently, the number of training examples available is lower than in
the recursive strategy. This reduced sample size can impact generalization capability when
the time series exhibit high temporal heterogeneity.

2.4.2. Recursive Strategy (24—1)

The recursive strategy, also referred to as iterative or autoregressive, transforms
the multi-horizon problem into a sequence of single-step predictions. The model is
trained to estimate the immediately following hour based on a window consisting of the
24 preceding values [23].

The learned function is expressed as:

?t+1 = g(Xt) (6)

where X; represents an input window consisting of 24 consecutive hourly values.
Once the first prediction is obtained, the oldest observation is removed and the
estimated value is incorporated into the last position of the window:

X1 = [Xt—22, X421, ---- .- Xt, Ji41] (7)
The updated window is used to calculate the following value:
Vi = g(Xes1) 8)
This procedure is repeated successively until the 24-h horizon is completed:
Ve = [Yisn, Yigo, o) YVigod] )

Conceptually, the mechanism operates like a shift register: in each iteration, the
oldest value is removed, the remaining elements shift by one position, and the most
recent prediction is incorporated. Consequently, the full horizon requires 24 successive
model executions.
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The main advantage of this strategy is that it simplifies the learning task, as the model
focuses on predicting a single future step. Furthermore, shifting the window over time
allows for the generation of multiple input-output pairs from the same series, significantly
increasing the number of samples available for training.

However, its primary limitation is error accumulation. During training, the windows
consist of actual observations; conversely, during inference, the generated predictions
progressively replace the observed values. As a result, a deviation in the initial steps can
alter the inputs for subsequent iterations and propagate throughout the horizon.

This discrepancy between training and inference conditions necessitates an analysis
not only of the overall error but also of its evolution across each of the 24 future hours. This
description aligns with the recursive procedure in this article.

2.5. Forecasting Models

To evaluate whether the behavior of the direct (24—24) and recursive (24— 1) strate-
gies holds true across different learning mechanisms, four representative models were
selected: Long Short-Term Memory (LSTM), Neural Hierarchical Interpolation for Time Se-
ries Forecasting (N-HiTS), one-dimensional U-Net (1D U-Net), and Light Gradient Boosting
Machine (LightGBM).

The selection did not aim solely to determine which neural architecture performs best.
Instead, the goal was to cover distinct learning mechanisms and compare the impact of
the forecasting strategies on models belonging to diverse methodological families. LSTM
represents recurrent learning and temporal memory; N-HiTS corresponds to an architecture
specialized in hierarchical and multi-horizon forecasting; 1D U-Net represents a convo-
lutional encoder-decoder approach with skip connections; and LightGBM incorporates a
non-neural method based on Gradient-Boosted Decision Trees (GBDTs).

This diversity makes it possible to analyze whether the differences between the 24—24
and 24—1 strategies depend on a specific architecture or persist across recurrent, hierarchical,
convolutional, and tree-based models. Furthermore, the inclusion of LightGBM provides a
computationally efficient benchmark against deep learning architectures, allowing for the
consideration of not only accuracy but also training costs and implementation requirements.

2.5.1. LSTM

Long Short-Term Memory (LSTM) is a recurrent neural network architecture proposed
by Hochreiter and Schmidhuber to overcome the limitations of conventional recurrent net-
works in learning long-term temporal dependencies [24]. Its structure consists of memory
cells and gating mechanisms that regulate the incorporation, retention, and discarding of
information during sequence processing.

This mechanism enables the network to preserve relevant information over time and
mitigate issues associated with the progressive loss of temporal dependencies. Conse-
quently, LSTM has been widely used in forecasting tasks, where future values depend on
patterns found in past observations.

LSTM was selected to represent recurrent architectures due to its ability to learn
sequential relationships and short- to medium-term temporal dependencies in electricity
demand. Its inclusion makes it possible to evaluate whether a memory-based architecture
behaves differently when generating the entire forecast horizon directly versus when used
iteratively within a recursive strategy.

This study employed a multi-layer LSTM architecture consisting of three recurrent
layers with 256, 128, and 64 units, respectively, followed by a dense output layer. In the
24—24 direct strategy, the final layer generates a vector containing the 24 future values. In
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the 24—1 recursive strategy, the output is modified to produce a single value corresponding
to the next hour.

The model size is 512,280 trainable parameters for the 24—24 configuration and
510,785 parameters for the 24—1 configuration. This difference is due solely to the dimen-
sionality of the output layer. These configurations match those implemented in the paper.

The architecture was determined through preliminary tests involving varying numbers
of units and layers. The final selection aimed to strike a balance between representational
capacity, learning stability, and computational cost. Smaller configurations demonstrated a
limited capacity to capture temporal patterns, whereas larger alternatives increased training
costs without yielding proportional improvements in validation loss. Specific training and
hyperparameter selection criteria are described in Section 2.6.

2.5.2. N-HiTS

Neural Hierarchical Interpolation for Time Series Forecasting (N-HiTS) is an architec-
ture developed specifically for multi-horizon time series forecasting [25]. Unlike recurrent
models, N-HiTS processes information using hierarchical blocks that represent the signal at
different temporal scales.

The model employs a procedure known as Multi-Rate Signal Sampling, in which the
input series is sampled at different frequencies. Subsequently, the components obtained at
each level are reconstructed via hierarchical interpolation and combined to form the final
forecast. This mechanism enables the simultaneous representation of local fluctuations and
larger-scale trends.

N-HiTS was selected to represent models specialized in hierarchical forecasting be-
cause its design is directly geared toward multi-horizon problems. Its inclusion allows for a
comparison between an architecture conceived to generate future sequences and recurrent,
convolutional, and tree-based models.

The experimental implementation utilized a 24-h input window. For the direct strategy,
a 24-step output was configured, whereas a single-step output was used for the recursive
strategy. In both configurations, a dropout rate of 0.1 and a batch size of 128 were established.

The model comprised 829,484 trainable parameters for the 24—24 strategy and
833,075 parameters for the 24— 1 strategy. Although the output of the second configuration is
scalar, internal differences in the model’s construction result in a slightly higher number of
parameters. The configurations used are documented in the article’s Methodology Section.

2.5.3. U-Net 1D

U-Net is a convolutional neural network with an encoder-decoder structure, originally
developed for biomedical image semantic segmentation tasks [26]. Its architecture consists
of a contracting path (or encoder), which extracts features through convolution and dimen-
sionality reduction operations, and an expanding path (or decoder), which reconstructs the
output using upsampling operations.

A key feature of U-Net is the incorporation of skip connections between encoder
layers and their corresponding decoder layers. These connections allow for the direct
transfer of information obtained during initial stages and help reduce feature loss during
the reconstruction process.

This study employs a one-dimensional adaptation known as one-dimensional
U-Net (1D U-Net), designed for time-series processing. This modification replaces
two-dimensional convolutions with Conv1D layers, while reduction and expansion opera-
tions are implemented using MaxPooling1D and UpSampling1D. The input is represented
by a 24 x 1 temporal vector, corresponding to the demand over the preceding 24 h.
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The 1D U-Net model was selected to represent convolutional encoder-decoder archi-
tectures. Its inclusion allows for an assessment of whether the hierarchical extraction of
local patterns and the preservation of information via skip connections offer advantages
over recurrent, hierarchical, and tree-based mechanisms.

In the direct 24—24 strategy, the model generates a 24-value temporal vector corre-
sponding to the future horizon. However, the implemented 1D U-Net architecture retains
a multi-output encoder—decoder structure, making it difficult to transform directly into a
scalar-output model without substantially modifying its design.

To apply the recursive 24— 1 strategy, an adaptation based on replicating the target
value for the next hour was proposed. During training, this value was repeated across all
24 positions of the output vector. During inference, the model generated 24 estimates of
the same future value, and their average was used as the scalar prediction. Subsequently,
this value was incorporated into the input window, and the process was repeated until the
horizon was completed.

This solution made it possible to retain the encoder—decoder architecture, skip connec-
tions, and 24-output structure while also enabling its use within a recursive scheme. The
adaptation is described in the current version of the article.

The network consisted of two encoding blocks with 64 and 128 filters, an intermediate
block (or bottleneck) with 256 filters, and two symmetrical decoding blocks with 128 and
64 filters. The convolutions employed a 3 x 3 kernel, batch normalization, and ReLU
activation. Additionally, a dropout rate of 0.1 was incorporated at the bottleneck, along
with a final one-dimensional convolution with linear activation.

The effective size was 633,345 trainable parameters for both the direct and adapted
recursive configurations, as both retained the same architectural structure.

2.5.4. LightGBM

Light Gradient Boosting Machine (LightGBM) is a supervised learning algorithm
based on ensembles of decision trees optimized via gradient boosting [27,28]. The model
belongs to the Gradient-Boosted Decision Tree (GBDT) family, in which trees are constructed
sequentially to correct errors made by previous models.

Unlike deep learning architectures, LightGBM does not employ recurrent, convolu-
tional, or hierarchical mechanisms. Its operation relies on successive partitioning of the
feature space and the combination of multiple trees. This distinction allows for the inclusion
of a non-neural methodological benchmark in the comparison.

LightGBM was selected for three main reasons. First, it represents a learning paradigm
distinct from neural networks. Second, it offers high training efficiency for large sample
volumes. Third, it enables an assessment of whether an architecture that is less complex in
terms of inference can maintain competitive performance against deep models.

The algorithm also performs implicit feature selection during tree construction and
utilizes a leaf-wise growth strategy, prioritizing the expansion of leaves that yield the
greatest reduction in the objective function [28]. These characteristics facilitate the learning
of non-linear relationships at a moderate computational cost.

For the direct 24—24 strategy, 24 independent LightGBM models were trained—one for
each future hour. Each model received the same historical window of 24 values but was
tuned for a specific position within the forecast horizon. For the recursive 24—1 strategy, a
single scalar-output model was trained and used iteratively to generate the 24 future hours.

Both configurations employed a GBDT scheme with a learning rate of 0.05, 31 leaves,
no maximum depth restriction, a feature fraction of 0.9, and a sampling fraction of 0.8. The
recursive configuration also utilized L1 and L2 regularization values of 0.1 and a minimum
of 50 observations per leaf.
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The estimated equivalent complexity was approximately 3,709,274 parameters for
the 24—24 strategy and 3,720,000 for the 24—1 strategy. These figures do not represent
trainable parameters in the same sense as in a neural network, but rather an estimate based
on the structure of the generated trees.

The approximate 0.29% difference between the two configurations does not reflect
a substantial architectural change but rather the estimated nature of the count, which
depends on the number and structure of the trees built during training. This clarification
aligns with the current content of the manuscript.

2.6. Training Configuration

The training configuration was defined independently for each model and strategy,
taking into account differences in output structure, available sample volume, and memory
and processing requirements. All configurations utilized a 24-h historical window, the
per-window min-max normalization procedure described in Section 2.3.6, and the same
time blocks reserved for final evaluation.

Hyperparameters were not determined through an exhaustive automated search. No
grid search, random search, or Bayesian optimization procedures were applied. Instead,
manual, independent preliminary tests were conducted for each architecture, primarily
adjusting the number of units or filters, batch size, learning rate, regularization, and
stopping criteria.

These tests were exploratory in nature and were not organized as a formal search
grid; consequently, neither a fixed number of configurations nor a complete range for each
hyperparameter was recorded. Final configurations were selected based on three criteria:
loss on the validation set, convergence stability, and computational feasibility. Alterna-
tives exhibiting instability, insufficient predictive capability, or a significant increase in
computational cost without proportional validation improvements were discarded.

Selection was performed separately for the 24—24 and 24— 1 strategies. Consequently,
certain hyperparameters such as batch size, maximum number of epochs, patience, and the
percentage of samples processed per epoch varied across configurations. This adaptation
was necessary because the recursive strategy generated a considerably larger dataset than
the direct strategy.

All experiments were implemented in Python 3.10 using NumPy version 1.26.4. The
LSTM and 1D U-Net models were implemented using TensorFlow version 2.21.0. N-
HiTS was implemented using Darts version 0.46.1, PyTorch version 2.13.0, and PyTorch
Lightning version 2.6.5. The gradient-boosting models were implemented using LightGBM
version 4.7.0.

2.6.1. Neural Model Configuration

The Long Short-Term Memory (LSTM) and one-dimensional U-Net (1D U-Net) models
were trained using the Adam optimizer. A learning rate of 0.0008 was used for LSTM,
while an initial rate of 0.001 was set for 1D U-Net. For Neural Hierarchical Interpolation
for Time Series Forecasting (N-HiTS), the optimizer and learning rate were not explicitly
modified; thus, the default values from the Darts and PyTorch Lightning implementations
were retained.

The LSTM and 1D U-Net models used Mean Absolute Error (MAE) as the loss function.
In contrast, N-HiTS used Mean Squared Error (MSE), corresponding to the default MSELoss
criterion of the implementation used. Consequently, the loss values recorded during N-
HiTS training were not directly compared with the MAE losses of the LSTM and 1D
U-Net models.
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The best state for each model was selected based on performance on the validation
set. For LSTM and 1D U-Net, the weights associated with the lowest validation loss were
retained. For N-HiTS, the model achieving the lowest val_loss value was saved. Training
was halted when the improvement failed to exceed a set minimum threshold for a specific
number of consecutive epochs.

For 1D U-Net, ReduceLROnPlateau was also used to progressively lower the learning
rate when validation loss ceased to improve. This reduction allowed for continued fine-
tuning with smaller optimization steps before early stopping was triggered.

Due to the large number of samples generated by the recursive strategy, the LSTM
24—1, N-HiTS 24—1, and 1D U-Net 24—1 models did not process the entire dataset
simultaneously during each epoch. Instead, they randomly selected without replacement
15%, 0.5%, and 12% of the training samples, respectively. The training subset varied across
epochs, whereas the validation subset was selected once and remained fixed throughout
the fine-tuning process. The complete training configurations of the neural models are
summarized in Table 2.

Table 2. Training configuration for neural models.

Loss . Learning Batch Maximum  Early Stopping Sampling Per .
Model Strategy  Output Function Optimizer Rate Size Epochs and Adjustment Epoch Seed Time
Patience =12;
min_delta=
LST™M 24—24 24 MAE Adam 0.0008 32 500 1x107%; Full dataset 1234 65.3h
restoration of the
best weights
Default . .
. Darts/PyTorch Not Pqtlence =8
N-HiTS 2424 24 MSE Lightning manually 128 200 min_delta = Full dataset 42 42h
configuration specified 1x10°¢
Patience = 10;
ReduceLROn- Not ex-
1D o4 Plateau: patience = d o ‘el h
U-Net —24 24 MAE Adam 0.001 64 500 5, factor = 0.5, and Full dataset plicitly 9.7
minimum LR = set
1x107°
Patience =6 Fixed 15% of the
LSTM 241 1 MAE Adam 0.0008 512 500 1x107%; "a‘m;g ?e;a“d 1234 1054h
best-model 15. o of the
checkpointing validation set
Patience = 8; . o
D ]?e/fla)u}; h Not min_delta= tEIXte d.O‘.S o Oft
N-HITS 241 1 MSE Tiohtine  manually 128 100 1x10%; A 0.5% G ihe 42 32h
g & specified best-model 2
configuration checkpointing validation set
Patience = 5;
. min_delta= Fixed 12% of the
Adapted 24 repli- 1. B p
1D 241 cated MAE Adam 0.001 512 500 1 Xng I;]Reducf’L trag{;‘g ?e;a“d 1234 139h
U-Net values n ateaw: ~70 0 the
patience =4 and validation set
factor =0.5

N-HiTS and 1D U-Net incorporated a dropout value of 0.1 as a regularization mecha-
nism. In N-HiTS, this value was applied within the architecture’s hierarchical blocks. In 1D
U-Net, the dropout layer was placed in the intermediate block—or bottleneck—between
the encoding and decoding stages. The LSTM configurations did not incorporate explicit
dropout layers.

2.6.2. LightGBM Configuration

Light Gradient Boosting Machine (LightGBM) was trained using Gradient-Boosted
Decision Trees (GBDTs). The code employed the regression objective (corresponding to
a quadratic regression function), while MAE—identified as the 11 metric—was used to
monitor performance on the training and validation sets.
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For the direct 2424 strategy, 24 independent models were trained, one for each
future hour. For the recursive 24—1 strategy, a single scalar-output model was trained and
subsequently applied iteratively 24 times.

Both configurations used a learning rate of 0.05, 31 leaves, unrestricted maximum
depth, a feature fraction of 0.9, a sampling fraction of 0.8, and a sampling frequency of
five iterations. The direct configuration used a minimum of 20 observations per leaf. The
recursive configuration used a minimum of 50 observations per leaf and incorporated L1
and L2 regularization of 0.1.

The maximum number of rounds was set to 5000. The early stopping procedure
was designed to halt training if the validation MAE did not improve for 500 consecutive
rounds. If the maximum limit was reached before early stopping was triggered, the iteration
yielding the lowest validation error was retained. The training configurations used for both
LightGBM forecasting strategies are summarized in Table 3.

Table 3. Training configuration for LightGBM.

S - . Min. Feature Bagging L1/L2 Maximum
Strategy Models  Objective  Validation  Learning  Num. Max. Data in Frac- Frac- Regular-  Rounds/Early Seed Time
Trained  Function Metric Rate Leaves Depth . . .o .
Leaf tion tion/Freq. ization Stopping
24 inde-
24524 pendent 2T MAE@) 005 31 Unlimited 20 0.9 0.8/5 0/0 5000/ 300 2 30h
models sion rounds
1 recur-
2451 sive  D2TeBIES n\rapq1) 005 31 Unlimited 50 0.9 08/5 0.1/0.1 5000/ (5100 £ 35h
model sion rounds

Approximate complexity values for LightGBM were not included in this table because
they do not represent trainable parameters equivalent to the weights of a neural network.
These values are presented later in the specific analysis of model complexity.

2.6.3. Seeds and Experimental Repetitions

Each of the eight final configurations was trained only once. Therefore, the results do
not represent the average of multiple independent initializations. The model reported for
each configuration was the one that yielded the lowest validation loss or metric during
its execution.

To improve reproducibility, seed 1234 was set for LSTM 24—24, LSTM 24—1, and
1D U-Net 24—1. N-HiTS and LightGBM used seed 42 for both strategies. For 1D U-
Net 24—24, no seed was explicitly defined; thus, its initialization relied on TensorFlow’s
default behavior.

Depending on the specific implementation, the seeds controlled parameter initializa-
tion, random sampling of observations, and other stochastic operations. However, minor
numerical variations may persist due to the hardware used and certain non-deterministic
operations within TensorFlow, PyTorch, or the GPU.

Using a single final run per configuration does not allow for quantifying the variability
associated with different initializations. This condition is considered a methodological
limitation and is taken into account when interpreting small differences between models
or strategies.

2.7. Evaluation Metrics

Predictive performance was evaluated at three complementary levels: the global,
forecast-horizon, and vector levels. This approach made it possible to assess the overall
magnitude of the prediction errors, their evolution across the 24-h forecasting horizon, and
their variability among individual test sequences.
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The Mean Absolute Error (MAE) was used to quantify the average magnitude of the
prediction error in the same units as the electricity demand variable. It was calculated as:

1¢ R
MAE = 2} lyi = 9il (10)
i=1

where y; is the observed value, 7; is the predicted value, and N is the total number of
evaluated observations. A lower MAE indicates a smaller average absolute deviation
between the actual and predicted demand.

The Root Mean Squared Error (RMSE) was used to assign a greater penalty to errors
of larger magnitude. It was defined as:

n

1 i
RMSE = [ (y; = 9)° (1)
i=1

Because the errors are squared before averaging, RMSE is more sensitive than MAE to
occasional large deviations. This characteristic is relevant for identifying models that may
produce substantial errors during specific hours or demand conditions.

The Mean Absolute Percentage Error (MAPE) was employed to express the prediction
error relative to the observed demand:

100
MAPE = ==}

i=1

Yi— i

12
v (12)

MAPE facilitates comparisons among feeders with different demand magnitudes
because it expresses the error as a percentage. Lower values of MAE, RMSE, and MAPE
indicate better predictive performance.

For the global evaluation, the predictions from all test blocks and the 24 forecast
horizons were combined to calculate a single MAE, RMSE, and MAPE value for each
model-strategy configuration. These global metrics provided an overall summary of
predictive performance.

Forecast-horizon metrics were also calculated separately for each future hour h, where
h=1,...,24. Thus, MAE, RMSE, and MAPE were computed independently for every
position within the forecasting horizon. This analysis made it possible to determine
whether predictive performance deteriorated as the horizon advanced, particularly under
the recursive strategy, where previously estimated values were progressively incorporated
into the input window.

Finally, MAPE was calculated at the vector level by treating each test block as a com-
plete 24-h prediction sequence. For test vector b, the corresponding error was calculated as:

100 &
MAPE, = —
24 =

Y0 — o,

13
Yo,n 13)

1

where v}, and 7, , denote the observed and predicted demand, respectively, for horizon
h of test block b. This procedure produced one error value for every test sequence and
model-strategy configuration. The resulting distributions were used to construct compara-
tive histograms and to perform the statistical significance analysis.

2.7.1. Statistical Significance Analysis

Statistical significance was evaluated using non-parametric tests because the eight
model-strategy configurations were assessed on the same test blocks and the analysis
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should not depend on the assumption that the vector-level error distributions follow a
normal distribution.

The vector-level MAPE was selected as the primary variable for statistical comparison. This
choice provided one paired error value for each complete 24-h test block and avoided treating
the 24 forecast horizons within the same vector as statistically independent observations.

Pairwise Comparison Between Forecasting Strategies

The two-sided Wilcoxon signed-rank test was used to compare the direct 24—24 and recur-
sive 24—1 strategies within each model. Four paired comparisons were therefore conducted:

LSTM 24—24 versus LSTM 24—1;

N-HiTS 24—24 versus N-HiTS 24— 1;

1D U-Net 24—24 versus adapted 1D U-Net 24—1;
LightGBM 24—24 versus LightGBM 24— 1.

For each model, the test used the vector-level MAPE values obtained from the same

test blocks under both strategies. The paired difference for block b was defined as:
dy = MAPEyp4 424 — MAPEyp4 41 (14)
The null hypothesis was:
Hy : median(d,) =0 (15)

which states that there is no systematic difference between the direct and recursive strategies
for the evaluated model.
The alternative hypothesis was:

Hj : median(dy) # 0 (16)

which indicates that the two strategies produce significantly different vector-level errors.

A significance level of & = 0.05 was adopted. The Wilcoxon statistic W and its corre-
sponding p-value were reported for each comparison. The null hypothesis was rejected
when p < 0.05. The sign and magnitude of the median paired difference were then examined
to determine which strategy produced the lower error.

Global Comparison Among the Eight Configurations

The Friedman test was used to determine whether statistically significant differences
existed among the eight model-strategy configurations:

LSTM 24—24;

N-HiTS 24—24;

1D U-Net 24—24;
LightGBM 24—24;
LSTM 24—1;

N-HiTS 24—1;

e adapted 1D U-Net 24—1;
o LightGBM 24—1.

For every test block, the eight configurations were ranked according to their vector-
level MAPE, assigning the lowest rank to the configuration with the smallest error. The
Friedman test was then conducted to evaluate whether the average ranks differed across
the configurations.
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The null hypothesis was:
H02R1: RZZ--'IRS (17)

where Rj represents the expected rank of configuration j. This hypothesis states that all
configurations have equivalent predictive performance.

The alternative hypothesis was that at least one model-strategy configuration pre-
sented a different rank distribution.

The Friedman statistic and its corresponding p-value were reported using a significance
level of & = 0.05. When p < 0.05, the null hypothesis was rejected, indicating that statistically
significant differences existed among the evaluated configurations.

Post Hoc Analysis

When the Friedman test detected a statistically significant global difference, the Nemenyi
post hoc test was applied to identify which pairs of configurations differed significantly.

The Nemenyi procedure compared the average ranks of every pair of configurations
while accounting for the multiple comparisons derived from the eight alternatives. Pairwise
adjusted p-values were reported, and a difference was considered statistically significant
when the adjusted value satisfied:

Padjusted <0.05

The post hoc results were summarized through a pairwise comparison matrix and the
average rank of each configuration. This analysis complemented the global MAE, RMSE,
and MAPE values by determining whether the observed performance differences were suf-
ficiently consistent across the common test blocks to be considered statistically significant.

2.8. Model Complexity Analysis

To complement the predictive and statistical evaluation, model complexity was ana-
lyzed in relation to the amount of training data and the dimensionality of the model output.
This analysis provides a static description of the relationship between model size, sample
availability, and forecast formulation.

For the neural architectures, P denotes the total number of trainable parameters. For
Light Gradient Boosting Machine (LightGBM), P represents an approximate equivalent
complexity derived from the structure of the generated tree ensembles. Consequently, the
LightGBM values should be interpreted as structural complexity estimates rather than as
trainable parameters directly equivalent to neural-network weights.

The total number of training samples is denoted by N, while H represents the number
of positions generated by the model output during training. Based on these values, three
descriptive complexity ratios were calculated.

The parameter-to-sample ratio was defined as:

p

Rpm = —

N (18)

where P represents model complexity and N is the number of training samples. This ratio
describes the amount of model complexity available relative to the volume of training
information. A lower Ry, indicates that a larger number of samples is available per model
parameter or equivalent structural unit. However, this indicator should not be interpreted
as direct evidence of lower overfitting or better generalization, because predictive per-
formance also depends on model architecture, regularization, data variability, and the
training procedure.

https://doi.org/10.3390/en19153563


https://doi.org/10.3390/en19153563

Energies 2026, 19, 3563 21 of 49

The parameter-to-output-hour ratio was calculated as:

Ry =5 (19)
where H corresponds to the dimensionality of the model output. For the direct 24—24
neural configurations, H = 24, because the model generates 24 future values simultaneously.
For the conventional recursive 24—1 configurations, H = 1, because the model is trained to
estimate a single future value.

The adapted recursive 1D U-Net constitutes a particular case. Although it is used
within a 24—1 recursive procedure, its encoder—-decoder architecture retains 24 output
positions. During training, the one-step target is replicated across these positions, and their
average is used as the scalar prediction during inference. Therefore, H = 24 was retained
for this configuration when calculating R, and Rpy.

Finally, the parameter-to-predicted-value ratio was defined as:

P

Rypy= ——
PP NxH

(20)

This indicator jointly considers model complexity, training-set size, and output di-
mensionality. It therefore provides a normalized description of the structural resources
associated with each predicted value during model training.

Table 4 presents the resulting indicators for the eight model-strategy configurations.
The values for LightGBM correspond to approximate equivalent tree-ensemble complexity
and should not be interpreted as neural-network parameter counts. This distinction is
already recognized in the current manuscript.

Table 4. Complexity indicators of the evaluated models.

Model Trainin Output
Strategy Model Complexity (P)  Samples ?N) Positi(?ns H Rpm Rph Rpv
2424 LSTM 512,280 730,778 24 0.701 21,345 0.0292
24—24 N-HiTS 829,484 730,778 24 1.135 34,561.8 0.0473
24—24 U-Net 633,345 730,778 24 0.867 26,389.4 0.0361
2424 LightGBM 1 3,709,274 730,778 24 5.076 154,553.1 0.2115
24—1 LSTM 510,785 14,333,616 1 0.0356 510,785 0.0356
24—1 N-HiTS 833,075 14,333,616 1 0.0581 833,075 0.0581
24—1 Adapted 1D U — Net 2 633,345 14,333,616 24 0.0442 26,389.4 0.00184
24—1 LightGBM 1 3,720,000 14,333,616 1 0.2595 3,720,000 0.2595

! Approximate equivalent complexity of the complete LightGBM tree ensemble. 2 The adapted recursive 1D
U-Net retains 24 architectural output positions, although their average is used as a one-step scalar prediction.

The recursive configurations produced substantially lower Ry values because their
hourly shift formulation generated a much larger training set. Nevertheless, this lower
parameter-to-sample ratio does not imply a lower operational cost. The recursive models
must be executed sequentially 24 times to generate the complete forecast horizon.

The Ry, values are higher for the conventional recursive models because their com-
plexity is concentrated in a single output position. In contrast, the direct neural models
distribute their output capacity across 24 future values. The adapted recursive 1D U-Net
presents a lower Ry, because it preserves its 24-position output architecture despite being
incorporated into a one-step iterative procedure.

The Rpy indicator provides the most integrated static comparison because it simul-
taneously considers model size, training-sample availability, and output dimensionality.
However, none of these ratios directly measures inference latency, peak memory consump-
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tion, energy use, or the number of model executions required during deployment. These
practical aspects are therefore evaluated separately in Section 2.9.

2.9. Computational and Deployment Evaluation

In addition to training complexity, the practical deployment requirements of each
model-strategy configuration were analyzed. This evaluation considered the total training
time, the number of model instances required, the number of inference calls needed to
generate a complete 24-h horizon, the dependency between consecutive predictions, and
the potential for parallel execution.

Training time represents the complete computational period required to adjust each
final configuration. The direct 24—24 models required 65.3 h for LSTM, 4.2 h for N-
HiTS, 9.7 h for 1D U-Net, and 3.0 h for LightGBM. In the recursive 24—1 strategy, the
corresponding times were 105.4 h, 3.2 h, 13.9 h, and 3.5 h, respectively.

These values indicate that training cost depends not only on the number of model
parameters but also on the architecture, the number of available samples, the batch size,
and the sampling procedure employed during each epoch. In particular, the recursive
dataset contained a considerably larger number of training samples, which increased the
data-processing requirements of some configurations.

The operational cost of generating a 24-h forecast also differed between the two fore-
casting strategies. In the direct LSTM, N-HiTS, and 1D U-Net configurations, the complete
future horizon was produced through a single model execution. The 24 output values were
generated simultaneously and did not depend on previously predicted values. Therefore,
these configurations provide a direct computational path between the historical input
window and the complete forecast horizon.

The direct LightGBM implementation followed a different structure. Because Light-
GBM generates a scalar output, 24 independent models were trained, one for each future
hour. Consequently, generating the complete horizon required evaluating 24 horizon-
specific models. However, these evaluations were mutually independent because every
model received the same observed 24-h input window. This independence allows the
forecasts to be generated in parallel when sufficient processing resources are available. The
use of 24 independent models in the direct LightGBM implementation is consistent with
the experimental design described previously.

In contrast, all recursive 24—1 configurations required 24 sequential inference calls to
generate the complete future horizon. After each prediction, the oldest value was removed
from the input window and the new estimated value was incorporated before calculating
the following hour. Therefore, each execution depended on the output of the preceding
iteration, preventing full parallelization of the forecasting process.

For the adapted recursive 1D U-Net, each call generated a 24-position output vector
associated with the same one-step target. The average of these positions was used as the
scalar prediction incorporated into the following input window. Although this adaptation
preserved the encoder—decoder architecture, it still required 24 sequential calls to complete
the forecasting horizon. Table 5 summarizes the computational structure associated with
generating a complete 24-h forecast.

From a deployment perspective, the direct neural configurations offer the simplest
inference procedure because a complete day-ahead forecast is obtained through a single
model call. This characteristic reduces the number of sequential operations and eliminates
the need to repeatedly reconstruct the input window.

The recursive configurations use only one model instance, but their iterative operation
increases the number of executions required for each complete forecast. Furthermore,
because the calls are sequentially dependent, the total forecasting process cannot be re-
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duced through straightforward parallel execution. This structural difference may become
relevant in applications where forecasts must be produced for many feeders within short
operational intervals.

Table 5. Computational and deployment characteristics of the evaluated configurations.

Training Inference Calls Dependency Parallel
Model Strategy Time Model Instances Per 24-h Forecast Between Calls Execution
LSTM 24—24 65.3h 1 1 None Not required
N-HiTS 24—24 42h 1 1 None Not required
1D U-Net 24—24 9.7h 1 1 None Not required
LightGBM 24—24 3.0h 24 24 Independent Possible
LST™M 24—1 105.4 h 1 24 Sequential No
N-HiTS 24—1 32h 1 24 Sequential No
Adapted 1D .
U-Net 24—1 13.9h 1 24 Sequential No
LightGBM 24—1 3.5h 1 24 Sequential No

Direct LightGBM presents an intermediate deployment structure. Although it requires
storing and executing 24 models, the absence of dependencies among forecast horizons
makes parallel execution possible. Recursive LightGBM requires only one stored model
but must execute it sequentially 24 times.

Regarding memory requirements, the neural configurations must retain their learned
weights and the intermediate tensors generated during inference. LightGBM must retain
the corresponding tree ensembles; in the direct configuration, this includes the 24 horizon-
specific models. Nevertheless, exact peak memory consumption was not recorded during
the original experiments and therefore was not used as a quantitative comparison criterion.

Similarly, inference latency depends on the execution hardware, software framework,
device synchronization, batch size, and implementation of the recursive loop. Since these
conditions were not recorded under a standardized benchmarking protocol, the comparison
was based on the number and dependency of model executions rather than on unverified
latency values.

Overall, the computational analysis demonstrates that training time alone does not
fully represent deployment complexity. The direct neural configurations require one in-
ference call, the direct LightGBM approach requires 24 independent evaluations, and the
recursive configurations require 24 sequential evaluations. Therefore, model selection
should consider not only predictive accuracy and training cost but also the number of
stored models, the possibility of parallelization, and the operational time available to
generate the complete forecasting horizon.

3. Results

This section presents the results of the comparative evaluation between the direct
24—24 and recursive 24— 1 strategies. First, the overall predictive performance of the
eight configurations is analyzed using MAE, RMSE, and MAPE metrics. Subsequently,
the statistical significance of the observed differences is evaluated based on the results
obtained across the 22 feeders. Next, the evolution of the error over the 24-h horizon, the
behavior disaggregated by feeder, and the performance during holidays and weekends
are examined. Finally, the relationship between predictive accuracy, training time, and
operational complexity for generating a complete 24-h forecast is analyzed.
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3.1. Overall Comparison of Forecasting Strategies

Table 6 presents the overall predictive performance achieved by the direct 24—24 and
recursive 24— 1 strategies for the Long Short-Term Memory (LSTM), Neural Hierarchical
Interpolation for Time Series Forecasting (N-HiTS), one-dimensional U-Net (1D U-Net), and
Light Gradient Boosting Machine (LightGBM) models. All configurations were evaluated
using the same test set and the same observed electricity demand values.

Table 6. Global Predictive Performance Comparison between Forecasting Strategies.

Strategy Model MAE RMSE MAPE (%)
24—24 LSTM 62.99 112.01 4.12
24—24 N-HiTS 110.92 187.00 6.99
24—24 U-Net 79.60 139.85 4.98
24—24 LightGBM 106.54 182.49 6.69

24—1 LSTM 122.03 207.84 7.47
24—1 N-HiTS 134.16 213.32 8.33
24—1 U-Net 111.76 190.82 6.79
24—1 LightGBM 114.87 194.46 7.02

Based on the observed global metrics, the direct 24— 24 strategy yielded lower MAE,
RMSE, and MAPE values than the recursive 24— 1 strategy across all four model families.
However, these descriptive differences are complemented by the statistical tests presented
in Section 3.2.

The LSTM 2424 configuration achieved the study’s lowest global error, with an
MAE of 62.99, an RMSE of 112.01, and an MAPE of 4.12%. The second-best result was
obtained by the 1D U-Net 24—24 model, with an MAPE of 4.98%, followed by LightGBM
24—24 at 6.69% and N-HiTS 24—24 at 6.99%.

Within the recursive strategy, the adapted 1D U-Net achieved the lowest MAPE at
6.79%, followed by LightGBM at 7.02%. LSTM and N-HiTS recorded higher values of 7.47%
and 8.33%, respectively.

The largest difference between strategies was observed with LSTM. The MAPE rose
from 4.12% in the direct configuration to 7.47% in the recursive configuration, represent-
ing a difference of 3.35 percentage points and a relative reduction of 44.85% when using
the 24— 24 strategy compared to the 24—1 strategy. For N-HiTS, the difference was
1.34 percentage points; for 1D U-Net, it was 1.81 points; and for LightGBM, it was
0.33 points. Consequently, LightGBM exhibited the least overall variation between its
direct and recursive formulations.

The RMSE values were considerably higher than the MAE values across all configura-
tions, indicating the presence of specific intervals with deviations exceeding the average
error. This difference was most pronounced in the recursive LSTM 24—1 and N-HiTS 24—1
configurations, where RMSE values reached 20,784 and 21,332, respectively.

Figure 2 shows a representative example of a 24-h prediction generated by LSTM
using both direct and recursive strategies. Both configurations capture the general trend of
electricity demand; however, in the example shown, the 24—24 prediction remains closer
to the actual values for a larger portion of the forecast horizon. This figure is illustrative and
does not, on its own, constitute evidence of overall superiority, as it represents a specific
sequence from the test set.
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Figure 2. Comparison of hourly predictions obtained using the LSTM model under the (a) direct
24—24 and (b) recursive 24—1 strategies.
3.2. Statistical Significance of Forecasting Differences
Statistical significance was assessed using the MAPE obtained for each configuration
across the 22 feeders. Since the eight models and strategies were evaluated on the same
operational units, the values were treated as paired observations.
First, the two-tailed Wilcoxon signed-rank test was applied to compare the direct and
recursive strategies within each model family. The null hypothesis stated that the median of
the paired differences between the MAPE values of the two strategies was equal to zero. A
significance level of o = 0.05 was adopted. The results of the paired Wilcoxon signed-rank
tests are summarized in Table 7.
Table 7. Wilcoxon test for the comparison between the direct and recursive strategies.
Median MAPE Median MAPE . . .
Model 24524 (%) 241 (%) Test Statistic (W) (p)-Value Decision
LSTM 4.05 6.20 1.00 9.54 x 1077 Reject (HO)
N-HiTS 7.02 8.04 59.00 0.0275 Reject (HO)
1D U-Net 6.31 5.61 115.00 0.7262 Fail to reject (HO)
LightGBM 6.69 6.08 125.00 0.9746 Fail to reject (HO)
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For LSTM, the 2424 strategy yielded a lower error for 21 of the 22 feeders. The test
produced a statistic of W = 1.00 and a p-value of 9.54 x 107, leading to the rejection of the
null hypothesis. Consequently, the difference between the direct and recursive strategies
was statistically significant for this architecture, favoring the 24—24 formulation.

For N-HiTS, the direct strategy achieved a lower MAPE for 15 feeders, while the
recursive strategy performed better for seven. The statistic was W = 59.00, with p = 0.0275.
Thus, the null hypothesis was also rejected, although the difference was less pronounced
than with LSTM.

For 1D U-Net, the recursive configuration showed a lower MAPE for 12 feeders, and
the direct configuration for ten. However, the results (W = 115.00, p = 0.7262) indicated
that the difference was not statistically significant. This demonstrates that the advantage
of one strategy over the other depended on the specific feeder analyzed and was not
sufficiently consistent across the 22 units.

LightGBM exhibited similar behavior. The recursive strategy achieved a lower
MAPE for 12 feeders and the direct strategy for ten, but the test yielded W = 125.00 and
p = 0.9746. Consequently, no statistically significant differences were found between the
two formulations for this model.

The feeder-level medians for the 1D U-Net and LightGBM models do not necessarily
contradict the global results shown in Table 6. Global metrics were calculated by aggregat-
ing all observations from the test set; consequently, feeders with more blocks or specific
demand levels contributed more significantly to the overall result. In contrast, the sta-
tistical analysis utilized an MAPE value for each feeder, assigning equal weight to all
22 operational units.

Subsequently, the Friedman test was applied to simultaneously compare the eight
configurations. For each feeder, the models were ranked from lowest to highest MAPE,
with rank 1 assigned to the configuration yielding the lowest error. The average ranks
obtained from the Friedman test are presented in Table 8.

Table 8. Average ranks obtained in the Friedman test.

Position Configuration Average Range
1 LSTM 24—24 1.18
2 1D U-Net 24—1 3.36
3 1D U-Net 24—24 414
4 LightGBM 24—1 441
5 LightGBM 24—24 4.82
6 LSTM 24—1 5.36
7 N-HiTS 24—24 6.00
8 N-HiTS 24—1 6.73

The Friedman test yielded a statistic of:
X% =75.17

with a p-value of:
p=133x10"1

Since p < 0.05, the null hypothesis of equal performance among the eight configurations
was rejected. Kendall’s coefficient of concordance was W = 0.488, indicating a significant
magnitude of the rank differences observed among the models and strategies.

LSTM 2424 clearly took first place, with an average rank of 1.18. Second place went
to 1D U-Net 24—1, with 3.36, followed by 1D U-Net 24—24, with 4.14. N-HiTS 24—1
showed the least favorable rank, at 6.73.
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As the Friedman test identified significant differences, the Nemenyi post hoc procedure
was applied. The critical difference for eight configurations and 22 feeders was 2.24 ranks.
Table 9 presents the comparisons that were found to be significant.

Table 9. Significant comparisons obtained using the Nemenyi post hoc test.

Comparison Rank Difference Adjusted (p)-Value Best-Ranked Configuration
LSTM 24—24 vs. LSTM 24—1 418 4.16 x 1077 LSTM 24—24
LSTM 24—24 vs. N-HiTS 24—24 4.82 1.92 x 107 LSTM 24—24
LSTM 2424 vs. N-HiTS 24—1 5.55 1.67 x 10712 LSTM 24—24
LSTM 24—24 vs. 1D U-Net 24—24 2.95 0.0016 LSTM 24—24
LSTM 24—24 vs. LightGBM 24—24 3.64 233 x 107° LSTM 24—24
LSTM 24—24 vs. LightGBM 24—1 3.23 0.0003 LSTM 24—24
N-HiTS 24—24 vs. 1D U-Net 24—1 2.64 0.0086 1D U-Net 24—1
N-HiTS 24—1 vs. 1D U-Net 24—24 2.59 0.0107 1D U-Net 24—24
N-HiTS 24—1 vs. 1D U-Net 24—1 3.36 0.0001 1D U-Net 24—1
N-HiTS 24—1 vs. LightGBM 24—1 2.32 0.0362 LightGBM 24—1

Comparisons not included in Table 9 did not reach statistical significance at « = 0.05.
Notably, the difference between LSTM 24—24 and 1D U-Net 24—1 was not significant
in the Nemenyi analysis (p = 0.0624), even though the LSTM model achieved the best
average rank.

Thus, the tests confirm that the advantage of the direct strategy was particularly
consistent for the LSTM model and, to a lesser extent, for N-HiTS. In contrast, 1D U-Net
and LightGBM showed a greater dependence on the specific characteristics of each feeder,
with no consistent statistical superiority for either the direct or recursive strategy.

3.3. Error Analysis Across the Prediction Horizon

The temporal evolution of the error was analyzed using the MAPE distribution for
each of the 24 future hours. Violin plots, expressed in terms of log;o(MAPE), allowed for
the examination of error concentration, dispersion, and variability at each point along
the horizon.

In general, direct configurations exhibited more compact and stable distributions. In
recursive configurations, the progressive inclusion of predicted values in the input window
increased the likelihood of error propagation. However, the magnitude of this behavior
varied depending on the architecture.

3.3.1. LSTM Error Distribution

Figure 3 presents the LSTM error distribution. The 24— 24 direct strategy maintained
a relatively compact distribution over the 24-h forecast period, consistent with its lower
overall MAE, RMSE, and MAPE values.

The 24—1 LSTM configuration exhibited greater dispersion as the forecast horizon
progressed, particularly between H8 and H18. In this interval, the distributions began to
shift toward higher values and showed greater variability across the test blocks.

This result demonstrates that the difference between the strategies was not lim-
ited to the global average. The direct strategy also displayed greater temporal consis-
tency, whereas the recursive strategy was more sensitive to errors generated during
previous iterations.
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Figure 3. Distribution of the log10(MAPE) error across the forecasting horizon for the LSTM model
under the 24—24 and 24—1 strategies. Colors are used only to visually distinguish the forecast
horizons from H1 to H24 and do not represent an additional variable. The dashed horizontal lines
inside each violin indicate the first quartile, median, and third quartile.

3.3.2. N-HiTS Error Distribution

Figure 4 illustrates the behavior of N-HiTS. Both strategies exhibited error levels
higher than those obtained by LSTM 24—24 and 1D U-Net 24—24, consistent with their
overall results.

The N-HiTS 24—1 strategy showed greater dispersion, primarily in the middle section
of the forecast horizon. During the initial steps, the distributions for both strategies were
relatively close; however, recursive variability increased during the middle hours.

Towards the final hours, the distributions remained wide, although no strictly mono-
tonic increase was observed up to H24. Consequently, the performance degradation of
N-HiTS was concentrated mainly in the intermediate horizons, after which the dispersion
tended to stabilize.
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Figure 4. Distribution of the log10(MAPE) error across the forecasting horizon for the N-HiTS model
under the 24—24 and 24—1 strategies. Colors are used only to visually distinguish the forecast
horizons from H1 to H24 and do not represent an additional variable. The dashed horizontal lines
inside each violin indicate the first quartile, median, and third quartile.

3.3.3. 1D U-Net Error Distribution

Figure 5 presents the results for 1D U-Net. The direct strategy maintained a relatively
stable distribution throughout the forecast horizon, with moderate variations between the
initial, intermediate, and final hours.

The adapted 24—1 version showed a gradual increase in dispersion during the inter-
mediate and final horizons. However, this deterioration was less pronounced than that
observed in the recursive LSTM and N-HiTS models.

The moderate variability of the recursive configuration helps explain why 1D U-Net
24—1 achieved the best overall performance among the recursive strategies and the second-
best average rank in the Friedman test. While replicating the target and averaging the
24 output positions did not eliminate error propagation, they allowed for relatively stable
behavior compared to the other recursive architectures.
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Figure 5. Logl0(MAPE) error distribution by prediction horizon for the 1D U-Net model under the
24—24 and 24— 1 strategies. Colors are used only to visually distinguish the forecast horizons from
H1 to H24 and do not rep-resent an additional variable. The dashed horizontal lines inside each
violin indicate the first quar-tile, median, and third quartile.

3.3.4. LightGBM Error Distribution

Figure 6 shows the error distribution for LightGBM. The direct configuration exhibited
a relatively homogeneous distribution across much of the horizon, although central error
levels were higher than those of the direct LSTM and 1D U-Net models.

The LightGBM 24—1 model showed a gradual increase in dispersion as the hori-
zon progressed. However, the difference between the two strategies was smaller than
that observed in other model families; this aligns with the overall difference of only
0.33 percentage points in MAPE and the lack of statistical significance in the Wilcoxon test.

The presence of broad distributions at certain horizons indicates the existence of
segments posing greater predictive difficulty. Nevertheless, the recursive configuration
maintained a relatively controlled level of performance degradation compared to LSTM
and N-HiTS.

Overall, the analysis by horizon showed that direct configurations tended to maintain
more compact distributions. Recursive configurations were more sensitive to the predic-
tion’s position within the horizon, although the effect depended on the architecture. LSTM
and N-HiTS exhibited the most pronounced increases in dispersion, whereas 1D U-Net and
LightGBM showed more moderate degradation.
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Figure 6. Distribution of the logl0(MAPE) error across the forecasting horizon for the LightGBM
model under the 24—24 and 24—1 strategies.

3.4. Evaluation by Feeder

The evaluation by feeder made it possible to determine whether the overall behavior
of the models held true across the 22 operational units included in the dataset. Metrics
corresponding to the eight model-and-strategy combinations were calculated for each
feeder. Table 10 identifies the configuration that achieved the lowest MAPE for each feeder.

The LSTM 24— 24 model achieved the lowest MAPE for 19 of the 22 feeders, demon-
strating that it maintained an overall advantage across the majority of the units analyzed.
The lowest individual error was recorded at Nuevo Israel (3.58%), followed by Heriberto
(3.74%) and Acacias (3.80%).

The 1D U-Net 24— 1 configuration performed best at Maicito and Patricia Pilar, with
values of 4.00% and 3.81%, respectively. These cases demonstrate that the direct strategy
was not universally superior across all feeders and that the recursive adaptation of the 1D
U-Net model was able to respond effectively to specific local patterns.

For the Sur feeder, the LSTM 24—1 model achieved an MAPE of 4.52%, slightly lower
than the 4.68% recorded by the LSTM 24—24 model. This was the only feeder where the
recursive version of the LSTM model yielded the lowest error among the eight configurations.
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Table 10. Configuration with the lowest MAPE per feeder.

Feeder Best Model/Strategy Lowest MAPE (%)
Acacias LSTM 24—24 3.80
Casa de mdquinas LSTM 24—24 4.76
Centro LSTM 24—24 3.98
Chiguilpe LSTM 24—24 3.98
Chone LSTM 24—24 4.27
Concordia LSTM 24—24 3.98
Heriberto LSTM 24—24 3.74
Industrial LSTM 24—24 4.70
La 14 LSTM 24—24 4.25
La unién LSTM 24—24 3.92
lorena LSTM 24—24 3.86
luz de américa LSTM 24—24 4.07
Maicito U-Net 24—1 4.00
Mercedes LSTM 24—24 3.87
Monterrey LSTM 24—24 4.27
Nuevo israel LSTM 24—24 3.58
Patricia pilar U-Net 24—1 3.81
Pepepan LSTM 24—24 4.18
Porvenir LSTM 24—24 4.38
Puerto quito LSTM 24—24 4.03

Sur LSTM 24—1/LSTM 24—24 4.52-4.68

Tandapi LSTM 24—24 411

Feeder
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Figure 7 presents a heatmap showing the average MAPE results by feeder. The
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Figure 7. Heatmap of Average Feeder-Level Results for the 24—24 and 24— 1 Forecasting Strategies.
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In contrast, Concordia exhibited the lowest mean MAPE among the eight configura-
tions at 4.91%, followed by Patricia Pilar (5.17%), Heriberto (5.23%), Nuevo Israel (5.43%),
and Maicito (5.60%). These feeders demonstrated more consistent behavior and lower
sensitivity to the choice of model and strategy.

Figure 8 compares the results by feeder for the LSTM 24—24 and 1D U-Net 24—1
models, corresponding to the best direct and recursive configurations overall. The LSTM
24—24 model yielded lower errors for the majority of feeders, whereas the 1D U-Net 24—1
model demonstrated local advantages for the Maicito and Patricia Pilar feeders.

M 5 —8— LSTM 24-24
—&— U-NET 24-1

G, e, 1

Feeder

Figure 8. Distribution of MAPE by feeder for LSTM 24—24 and U-Net 24— 1.

The variation across feeders confirms that accuracy depended not only on the general
architecture but also on the specific characteristics of each circuit, such as demand levels,
temporal stability, and the presence of abrupt changes.

3.5. Results During Holidays and Weekends

The performance of the models was also evaluated during holidays and weekends to
analyze their response to less regular consumption patterns. Table 11 compares the results
obtained during regular days and special days.

The LSTM 24— 24 configuration exhibited the greatest variation in MAPE. The error
rose from 4.12% on normal days to 8.36% on holidays and weekends, representing an
increase of 4.24 percentage points. MAE increased from 62.99 to 144.28, and RMSE from
112.01 to 214.11.

The 1D U-Net 24—24 configuration also showed a significant increase, with MAPE
rising from 4.98% to 7.65%. Its RMSE reached 254.78, indicating substantial deviations
during specific intervals on special days.

N-HiTS 24—24 and LightGBM 2424 showed more moderate changes in MAPE.
N-HiTS rose from 6.99% to 7.26%, while Light GBM went from 6.69% to 7.31%. However,
their MAE and RMSE values also increased, confirming greater predictive difficulty during
these days.

Among the recursive configurations, LSTM 24— 1 showed a reduction in MAPE from
7.47% to 7.21%. Nevertheless, its MAE increased from 122.03 to 135.18, and its RMSE from
207.84 to 252.31. Therefore, the percentage reduction did not correspond to a simultaneous
decrease in the absolute magnitude of the errors.
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Table 11. Predictive Performance Comparison between Regular Days and Holidays/Weekends.

Model Strategy Dataset MAPE (%) MAE RMSE
LSTM 24—24 Normal days 412 62.99 112.01
LSTM 2424 Holidays and weekends 8.36 144.28 214.11
N-HiTS 24—24 Normal days 6.99 110.92 187.00
N-HiTS 24—24 Holidays and weekends 7.26 129.43 224.48
U-Net 24—24 Normal days 4.98 79.60 139.85
U-Net 24—24 Holidays and weekends 7.65 133.53 254.78
LightGBM 24—24 Normal days 6.69 106.54 182.49
LightGBM 24—24 Holidays and weekends 7.31 132.45 237.11
LSTM 24—1 Normal days 7.47 122.03 207.84
LSTM 24—1 Holidays and weekends 7.21 135.18 252.31
N-HiTS 24—1 Normal days 8.33 134.16 213.32
N-HiTS 24—1 Holidays and weekends 8.59 156.00 245.70
U-Net 24—1 Normal days 6.79 111.76 190.82
U-Net 24—1 Holidays and weekends 717 127.46 222.75
LightGBM 24—1 Normal days 7.02 114.87 194.46
LightGBM 24—1 Holidays and weekends 7.85 141.96 249.01

The adapted 1D U-Net (24—1) showed a moderate increase in MAPE, rising from
6.79% to 7.17%. N-HiTS (24— 1) increased from 8.33% to 8.59%, while LightGBM (24—1)
went from 7.02% to 7.85%.

During holidays and weekends, the configuration with the lowest MAPE was 1D
U-Net (24—1) at 7.17%, followed by LSTM (24—1) at 7.21%, N-HiTS (24—24) at 7.26%,
and LightGBM (24—24) at 7.31%. This ranking differs from that observed on regular days,
when LSTM (24—24) held a significant advantage.

The results indicate that the direct configurations with the highest overall
accuracy—specifically LSTM and 1D U-Net—also exhibited the largest increases in MAPE
during special days. Recursive configurations showed more moderate relative changes in
some models, though this response was not uniform across all metrics. The comparison
of predictive performance between normal days and holidays/weekends is presented
in Figure 9.

Predictive Performance Comparison between Normal Days and Holidays/Weekends

836

= Normal days el
s Holidays and weekends

LightGBM LSTM LightGBM
24524 2451 241

Model and forecasting strategy

Figure 9. Predictive performance comparison between normal days and holidays/weekends.
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3.6. Computational and Deployment Results

The computational evaluation considered training time, overall MAPE, the number
of stored models, and the number of executions required to generate a complete 24-h
horizon. The predictive and computational characteristics of the evaluated configurations
are summarized in Table 12.

Table 12. Predictive and computational characteristics of the evaluated configurations.

Overall Trainin Stored Calls Per
Model Strategy MAPE (%) Time ® Models 24-Hour Horizon Dependency
LSTM 2424 412 65.3h 1 1 None
N-HiTS 24—24 6.99 42h 1 1 None
1D U-Net 24—24 498 97h 1 1 None
LightGBM 24—24 6.69 3.0h 24 24 Independent
LSTM 24—1 7.47 1054 h 1 24 Sequential
N-HiTS 24—1 8.33 32h 1 24 Sequential
Adapted 1D U-Net 24—1 6.79 13.9h 1 24 Sequential
LightGBM 24—1 7.02 35h 1 24 Sequential

The LSTM 24—24 configuration achieved the lowest overall MAPE but required 65.3 h
of training. Its recursive counterpart required 105.4 h and yielded a higher MAPE of 7.47%,
making it the configuration with the longest training time.

The 1D U-Net 24—24 configuration achieved the second-lowest MAPE (4.98%) and
required 9.7 h of training. This result represents a favorable balance between accuracy and
training cost, as it significantly reduced the time required by the LSTM 24—24 model.

LightGBM demonstrated the shortest training times: the direct strategy required 3.0 h,
while the recursive strategy took 3.5 h. N-HiTS also showed low training times, requiring
4.2 h for the 24—24 configuration and 3.2 h for the 24—1 configuration. However, these
configurations exhibited higher error rates than the direct LSTM and 1D U-Net models.

Figure 10 illustrates the relationship between global MAPE and training time. The
LSTM 24—24 model fell within the region of lowest error but incurred a high training cost.
The 1D U-Net 24—24 model occupied an intermediate position, with an MAPE below 5%
and a significantly shorter training time. LightGBM and N-HiTS were situated in the region
of shorter training times, albeit with higher error rates.

From a deployment perspective, the direct LSTM, N-HiTS, and 1D U-Net models
generate the forecast for the next 24 h via a single model call. This feature reduces the
number of sequential operations required to produce the complete forecast.

The LightGBM 24—24 approach requires the execution of 24 independent models—one
for each forecast horizon. However, these executions are independent of one another and
can be parallelized given sufficient computational resources.

All recursive configurations require 24 sequential executions. At each step, the new
prediction must be incorporated into the input window before the next hour is estimated.
Consequently, these calls cannot be executed entirely in parallel, and their operational cost
depends on the cumulative latency of the 24 iterations.

The original experiments did not record inference time per horizon or peak memory
usage using a standardized protocol. Therefore, the deployment comparison was based on
verified metrics regarding training time, the number of stored models, the number of calls,
execution dependencies, and parallelization potential.

Overall, the most accurate configuration was not the one with the lowest computational
cost. LSTM 24—24 prioritized predictive accuracy; 1D U-Net 24—24 demonstrated the
most favorable balance between error and training time; and LightGBM offered the fastest
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training times. Regarding horizon generation, the direct neural models presented the simplest
operational structure, as they produced all 24 predictions through a single execution.
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Figure 10. Comparison of Predictive Accuracy (Global MAPE) and Computational Efficiency (Train-
ing Time) across the Evaluated Forecasting Models.

4. Discussion
4.1. Comparison Between the Direct and Recursive Strategies

The comparison between the direct 24—24 and recursive 24— 1 strategies constitutes a
central contribution of this study because it isolates the effect of the forecasting formulation
while maintaining the same input length, test set, demand variable, and model families.
A conventional comparison focused only on architectures would identify which model
obtained the lowest error, but it would not reveal how the behavior of the same architecture
changes when the 24-h horizon is generated simultaneously or iteratively.

The global results showed that the direct strategy obtained lower MAE, RMSE, and
MAPE values than the corresponding recursive configuration for all four model families.
LSTM 24—24 achieved the lowest global MAPE, at 4.12%, followed by 1D U-Net 24—24,
at 4.98%. Within the recursive strategy, the adapted 1D U-Net obtained the lowest MAPE,
at 6.79%, followed by LightGBM 24— 1, at 7.02%.

However, the magnitude of the change between strategies was not uniform across
the architectures. LSTM exhibited the largest difference, with its global MAPE increasing
from 4.12% under 24— 24 to 7.47% under 24—1. In N-HiTS, the increase was from 6.99% to
8.33%. By contrast, LightGBM showed a smaller difference between its direct and recursive
configurations, with MAPE values of 6.69% and 7.02%, respectively. The adapted 1D U-Net
also maintained comparatively competitive behavior under the recursive formulation.

These results demonstrate that the forecasting strategy cannot be treated as a sec-
ondary implementation choice. The same architecture can occupy a different relative
position depending on how the horizon is generated. LSTM was the best-performing
configuration under the direct strategy, but it was outperformed by adapted 1D U-Net and
LightGBM within the recursive group. Therefore, an architecture-only comparison would
have obscured the interaction between model structure and forecasting formulation.

The feeder-level statistical tests supported this interpretation. The Wilcoxon signed-
rank test identified statistically significant differences between the direct and recursive
strategies for LSTM (p = 9.54 x 10~7) and N-HiTS (p = 0.0275). In both cases, the direct
formulation produced the most favorable feeder-level results. In contrast, no statistically
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significant differences were detected between the two strategies for 1D U-Net (p = 0.7262) or
LightGBM (p = 0.9746). Thus, the observed superiority of the direct strategy was particularly
consistent for LSTM and N-HiTS, but not universal across all model families.

The Friedman test also identified significant differences among the eight configu-
rations (X2 = 75.17, p = 1.33 x 10713). LSTM 2424 obtained the best average rank,
confirming that its favorable global metrics were also maintained across most feeders.
However, the absence of significant direct-recursive differences for 1D U-Net and Light-
GBM indicates that the effect of the forecasting strategy depends strongly on the learning
mechanism employed.

From a methodological perspective, the direct strategy avoids the mismatch that oc-
curs in recursive forecasting between training and inference. During training, the recursive
model receives observed historical values, whereas during multi-step inference, it progres-
sively receives its own predictions. This exposure to estimated rather than observed inputs
can alter the distribution presented to the model and increase uncertainty as the horizon
advances. The direct strategy avoids this iterative feedback because all 24 future values are
generated from the same observed input window.

The special-day evaluation introduced an additional nuance. The direct LSTM and 1D
U-Net configurations achieved the lowest errors under the general test condition, but their
MAPE values increased more markedly during holidays and weekends. Some recursive
configurations showed smaller relative changes in MAPE, particularly LSTM 24—1 and
adapted 1D U-Net 24—1. However, this behavior should not be interpreted as universal
superiority under irregular conditions, because the MAE and RMSE of the recursive models
also increased during the special-day evaluation.

Overall, the direct 24—24 strategy was the most suitable formulation when global
accuracy and temporal consistency were prioritized. The recursive strategy remained
relevant when a scalar-output formulation or a single stored model was preferred, but its
suitability depended on the architecture and the operational characteristics of the feeder.
The results therefore show that the selection of a forecasting system should jointly consider
the architecture and the strategy used to construct the multi-step horizon.

4.2. Impact of Training Dataset Size

The two forecasting formulations generated substantially different numbers of train-
ing samples. The direct 24—24 strategy used 730,778 training samples, each consisting
of a 24-h input window and a 24-h output vector. The recursive 24—1 formulation gen-
erated 14,333,616 input—target pairs by shifting the temporal window and assigning the
immediately following hour as the target. Consequently, the recursive dataset contained
approximately 19.6 times more training pairs than the direct dataset.

This difference does not imply that the recursive strategy contained 19.6 times more
independent information. Both datasets were generated from the same underlying time
series, and the use of one-hour shifts produced strongly overlapping samples. Consecutive
recursive examples therefore shared a large proportion of their observations. The larger
sample count should be interpreted as greater temporal density in the training pairs rather
than as an equivalent increase in independent demand patterns.

The larger recursive dataset reduced the parameter-to-sample ratio for all architec-
tures. Structurally, a lower value of this ratio provides more training examples relative
to the number of model parameters or equivalent complexity units. This condition can
reduce the risk that model capacity is disproportionately large compared with the available
sample count. However, a lower parameter-to-sample ratio does not by itself guarantee
improved generalization.
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The predictive results clearly illustrate this limitation. Despite having a substantially
larger number of training samples and lower parameter-to-sample ratios, the recursive
configurations did not achieve lower global errors than their direct counterparts. Therefore,
the benefits associated with additional training pairs were not sufficient to compensate for
the iterative reuse of predictions, the difference between training and inference conditions,
and the accumulation of uncertainty across the horizon.

The effect of dataset size also varied by architecture. LSTM experienced a large
reduction in the parameter-to-sample ratio under the recursive strategy, but its global MAPE
increased from 4.12% to 7.47%. N-HiTS showed a similar pattern, with a larger recursive
dataset but a higher forecasting error. In contrast, adapted 1D U-Net and LightGBM used
the increased sample density more effectively, as reflected in the smaller performance
differences between their direct and recursive configurations.

The recursive dataset also imposed additional computational requirements. Processing
the complete set of more than 14 million training pairs in every epoch was not practical
for the neural architectures. For this reason, the recursive LSTM, N-HiTS, and 1D U-
Net configurations used epoch-level sampling. Although this procedure reduced the
computational burden, it also meant that only a fraction of the full recursive dataset was
processed during each epoch.

The relationship between sample count and computational cost was not identical for
every architecture. Recursive LSTM required 105.4 h of training, compared with 65.3 h
for direct LSTM. Adapted recursive 1D U-Net required 13.9 h, compared with 9.7 h for
its direct counterpart. However, recursive N-HiTS required 3.2 h, slightly less than the
4.2 h required by direct N-HiTS, because the recursive configuration processed only a
small sampled portion of the available observations during each epoch. LightGBM also
maintained relatively similar training times between strategies.

These findings show that the practical effect of a larger training dataset depends
on the architecture, batch size, sampling method, stopping criterion, and efficiency of
the training implementation. The recursive strategy increased the number and temporal
density of the learning examples, but this advantage did not automatically translate into a
lower forecasting error. Dataset size should therefore be interpreted together with sample
dependence, model structure, training procedure, and the way predictions are generated
during inference.

4.3. Error Accumulation in the Recursive Strategy

The recursive 24— 1 strategy is exposed to cumulative error propagation because every
estimated value is incorporated into the input window used to predict the following hour.
An initial deviation can therefore modify the subsequent input sequence and influence
several later predictions. Nevertheless, the results show that this effect did not follow the
same temporal pattern in every architecture.

The horizon-level distributions revealed the clearest deterioration in LSTM 24—1. Its
error dispersion increased particularly between H8 and H18, and the distributions became
wider than those of the direct configuration. This behavior was consistent with the large
difference in global MAPE and with the statistically significant Wilcoxon result obtained
for LSTM.

N-HiTS 24—1 also showed greater variability than its direct counterpart, particularly
during the intermediate part of the horizon. However, its error did not increase monotoni-
cally until H24. The distributions widened during the central horizons and then remained
at comparatively similar levels toward the final hours. Therefore, the recursive effect in
N-HiTS should be described as an increase in intermediate-horizon dispersion rather than
as a continuous deterioration at every successive step.
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The statistical result for N-HiTS confirms that the difference between strategies was
sufficiently consistent across feeders to be considered significant. Nevertheless, the horizon
plots indicate that this difference was not produced by a uniform hour-by-hour increase.
Instead, it reflected a broader distribution of errors across several portions of the horizon.

The adapted 1D U-Net exhibited more moderate temporal deterioration. Its recursive
distributions became wider during some intermediate and final horizons, but the increase
was less pronounced than in LSTM and N-HiTS. This result is consistent with the adapted
1D U-Net obtaining the lowest global MAPE among the recursive configurations and the
second-best average rank in the Friedman analysis.

The Wilcoxon test did not identify a significant feeder-level difference between direct
and recursive 1D U-Net. This finding indicates that, although the recursive formulation
produced a higher global MAPE, its relative performance varied among feeders. In some op-
erating units, the adapted recursive configuration was competitive or superior, particularly
in Maicito and Patricia Pilar.

LightGBM also exhibited relatively controlled differences between strategies. Its
recursive distributions showed some expansion as the horizon advanced, but the global
MAPE increased by only 0.33 percentage points relative to the direct configuration. The
Wilcoxon test did not detect a statistically significant difference between the two LightGBM
strategies, indicating that the iterative mechanism had a smaller and less consistent effect
across feeders than in LSTM and N-HiTS.

The direct configurations generally maintained more compact distributions because
they did not reuse estimated values as future inputs. However, direct forecasting did not
eliminate large deviations or outliers. The RMSE values remained higher than the MAE
values for all configurations, showing that certain blocks and horizons produced errors
substantially larger than the typical absolute deviation.

Consequently, error propagation should not be interpreted as a deterministic process
in which every recursive model necessarily becomes progressively worse until the final
hour. The results instead show an architecture-dependent increase in exposure to error
propagation. LSTM and N-HiTS were more affected, particularly in the intermediate
horizons, whereas adapted 1D U-Net and LightGBM maintained more controlled behavior.

The operational importance of this result increases with the forecasting horizon. At
later recursive steps, fewer observed values remain in the active input window and more
positions are occupied by model-generated estimates. The quality of the full forecast
therefore depends not only on one-step accuracy but also on the capacity of the architecture
to remain stable when its own outputs are recursively incorporated into subsequent inputs.

4.4. Influence of Model Architecture and Computational Efficiency

The results demonstrate that predictive performance was determined by the inter-
action between the forecasting strategy and the learning mechanism of each architec-
ture. Recurrent, hierarchical, convolutional, and tree-based models responded differently
when the output formulation changed from 24 simultaneous values to one iteratively
generated value.

LSTM achieved the best overall performance under the direct 24—24 strategy. Its
recurrent structure and internal memory mechanisms were effective in representing the
temporal dependencies contained in the 24-h input window and relating them to the
complete future horizon. The model obtained the lowest global MAPE and the most
favorable average feeder-level rank.

However, the same architecture was less effective under the recursive formulation.
LSTM 24— 1 presented a global MAPE of 7.47%, required 105.4 h of training, and showed
greater error dispersion across the horizon. This contrast indicates that the strong direct
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performance of LSTM cannot be attributed only to its architecture; it also depended on its
use within a multi-output formulation that avoided recursive feedback.

N-HiTS obtained higher global errors than LSTM and 1D U-Net under both strate-
gies. Its hierarchical interpolation structure was designed to represent information at
different temporal scales, but this capacity did not provide an accuracy advantage for the
feeder-level dataset analyzed. The recursive N-HiTS configuration also showed increased
intermediate-horizon dispersion and obtained the least favorable average rank among the
eight configurations.

Nevertheless, N-HiTS required relatively short training times of 4.2 h for 24—24 and
3.2 h for 24— 1. Its practical limitation in this study was therefore not primarily training
duration, but the absence of a corresponding improvement in predictive accuracy. This
result illustrates that architectural sophistication and parameter count do not necessarily
translate into better performance for every dataset and forecasting formulation.

The direct 1D U-Net achieved the second-lowest global MAPE, at 4.98%, with a
training time of 9.7 h. Its convolutional encoder-decoder structure and skip connections
enabled the model to preserve information at different representation levels while requiring
substantially less training time than direct LSTM. As shown in Figure 9, this configuration
occupied a favorable intermediate position between predictive accuracy and training cost.

The adapted recursive 1D U-Net also performed competitively. Its global MAPE of
6.79% was the lowest among the recursive configurations, and it obtained the second-best
average rank in the Friedman test. The replication of the scalar target across the 24 output
positions and the aggregation of these outputs during inference preserved the original
encoder—decoder structure while allowing its use in a recursive procedure.

However, the adapted 1D U-Net still required 24 sequential executions to generate
the complete horizon. Its favorable recursive accuracy therefore did not eliminate the
operational latency associated with iterative prediction. Furthermore, each call gener-
ated 24 output positions that were subsequently averaged, which introduced additional
computation compared with a conventional scalar-output recursive model.

LightGBM required the shortest training times, at 3.0 h for the direct strategy and
3.5 h for the recursive strategy. Its global errors were higher than those of direct LSTM and
1D U-Net, but the difference between its two forecasting formulations was comparatively
small and not statistically significant at the feeder level.

From a deployment perspective, direct LightGBM presents a particular structure. It
requires storing and evaluating 24 independent horizon-specific models. These evaluations
can potentially be parallelized because they all use the same observed input window and
do not depend on one another. Recursive LightGBM requires only one stored model, but it
must be executed sequentially 24 times.

The direct neural configurations—LSTM, N-HiTS, and 1D U-Net—generate the com-
plete horizon through one model call. In contrast, all recursive configurations require
24 dependent calls. This distinction is operationally relevant because the recursive process
cannot be fully parallelized: the input for each step depends on the prediction generated
during the preceding iteration.

Memory requirements also differ structurally among the configurations. The direct
neural models store one set of learned weights, whereas direct LightGBM stores 24 tree
ensembles. The recursive configurations generally store one model, but repeatedly generate
intermediate predictions and update the input window. Nevertheless, exact peak memory
usage was not recorded under a standardized protocol, so the available evidence does not
support a quantitative ranking of memory consumption.

Similarly, standardized inference latency was not measured. Therefore, the number of
model calls should be interpreted as an indicator of deployment complexity rather than as a
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direct measurement of execution time. Actual latency would also depend on hardware, frame-
work overhead, batching, model loading, parallelization, and device synchronization [29].

The relationship between global MAPE and training time presented in Figure 9 il-
lustrates that no configuration dominated all evaluation criteria. LSTM 24—24 provided
the highest predictive accuracy but required a long training process. Direct 1D U-Net
offered the most favorable balance between error and training time. LightGBM mini-
mized training cost, while N-HiTS also trained rapidly but did not obtain a comparable
accuracy advantage.

These findings demonstrate that model selection should not be based exclusively
on forecasting error. Operational deployment must also consider retraining frequency,
available hardware, model-storage requirements, the possibility of parallel execution, and
the time available to generate the complete horizon. Under the conditions of this study,
LSTM 24—24 was preferable when predictive accuracy was the main objective, direct 1D
U-Net offered the most balanced alternative, and Light GBM represented a relevant option
when reduced training time was prioritized.

4.5. Operational Integration into DMS and EMS

The forecasting framework evaluated in this study was not deployed in a real-time
operational environment. Nevertheless, its structure allows the definition of a poten-
tial integration architecture for Distribution Management Systems (DMSs) and Energy
Management Systems (EMSs).

The operational process could begin with the acquisition of historical feeder-level mea-
surements from Supervisory Control and Data Acquisition (SCADA) systems, advanced
metering infrastructure, or other monitoring platforms available within the distribution
utility. The incoming records would first be subjected to basic quality controls, including
timestamp verification, identification of missing observations, feeder identification, and
confirmation of temporal continuity.

For every feeder, the most recent 24 hourly observations of total three-phase apparent
power would form the input window. This window would be updated whenever a new
hourly measurement became available. The forecasting service could therefore operate
under two possible schedules: a daily execution to generate a complete day-ahead forecast
or an hourly rolling execution in which the input window and the following 24-h prediction
are continuously updated.

Before inference, the input sequence would be transformed using the window-based
min-max normalization procedure employed in this study. The selected model would
then generate the complete 24-h horizon, after which the predictions would be returned
to the original demand scale and transmitted to the DMS or EMS through an application
programming interface, database service, or equivalent data-exchange mechanism.

The direct LSTM, N-HiTS, and 1D U-Net configurations would generate the complete
horizon through a single model call. Direct LightGBM would require the execution of
24 independent horizon-specific models, although these operations could potentially be par-
allelized. In contrast, the recursive configurations would require 24 sequential executions
because every predicted value must be incorporated into the input window before estimat-
ing the following hour. This difference should be considered when defining the operational
update frequency and the maximum latency permitted by the forecasting service.

Within a DMS, the resulting forecasts could support feeder-overload anticipation, load
balancing, switching-operation planning, transformer and feeder utilization assessment,
preventive maintenance scheduling, and identification of periods requiring closer oper-
ational supervision. The forecasts could also contribute to evaluating whether expected
demand levels approach predefined technical limits.
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At a broader system level, the forecasts could be transferred to an EMS to support
short-term generation scheduling, energy-purchase planning, reserve allocation, demand-
response coordination, and the integration of distributed energy resources. However,
these applications would require additional validation because the present study focused
on feeder-level apparent-power forecasting and did not evaluate generation dispatch or
market-operation decisions.

An operational deployment should also include a continuous performance-monitoring
component. Once the observed demand becomes available, the system should calculate
the difference between the forecast and the actual value for each feeder and horizon. MAE,
RMSE, and MAPE could be monitored through rolling time intervals to detect performance
deterioration, systematic bias, or changes in feeder behavior.

Model updating could be performed periodically or activated when the monitored
error exceeds an operational threshold. Periodic retraining would incorporate the most
recent demand patterns, while trigger-based retraining would respond to abrupt changes in
customer composition, network configuration, consumption behavior, or measurement con-
ditions. Before replacing the active model, the updated configuration should be evaluated
on a recent holdout period and compared with the model currently deployed.

Consequently, the proposed integration should be understood as a potential opera-
tional architecture rather than as an implementation already completed in the analyzed
distribution system. A pilot deployment would still be required to measure inference
latency, peak memory consumption, communication delays, service availability, and fore-
casting performance under real-time conditions.

4.6. Generalizability and Cross-Regional Transferability

The dataset used in this study was obtained from feeders belonging to a single elec-
trical distribution system in Ecuador. Although the 22 feeders presented heterogeneous
load levels and consumption patterns, this internal diversity does not constitute external
validation across independent utilities, countries, or climatic regions.

The geographical context also affects the interpretation of the findings. The analyzed
distribution system is located in an equatorial region, where annual thermal seasonality is
generally lower than in temperate climates. Electricity-demand behavior in regions with
pronounced heating or cooling seasons may therefore differ from the temporal patterns
represented in the present dataset.

The relative importance of weather, economic activity, working schedules, local festiv-
ities, and seasonal changes may also vary substantially between regions. Consequently, the
comparative advantages observed for direct and recursive strategies cannot be automati-
cally transferred to systems exposed to stronger temperature variations, different daylight
cycles, or other climatic conditions.

The customer composition of the analyzed feeders constitutes another source of
contextual dependence. Residential, commercial, industrial, public-service, and mixed
feeders can exhibit different load shapes, peak periods, volatility levels, and sensitivity to
holidays. Because detailed customer-composition variables were not incorporated into the
models, the results reflect the aggregated behavior of local feeders rather than the explicit
contribution of each consumer category.

Local infrastructure and operating practices may also influence transferability. Dif-
ferences in measurement technology, data resolution, feeder reconfiguration, distributed-
generation penetration, energy-efficiency programs, electric-vehicle adoption, and outage-
management procedures can modify the demand patterns available to forecasting models.

Therefore, the numerical results reported in this study should be interpreted as evi-
dence for the analyzed distribution system rather than as universal performance thresholds.
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In particular, the superiority of LSTM 24—24 and the balance achieved by direct 1D U-Net
should be verified before being adopted in a different electrical network.

External validation should apply the same experimental design to datasets from other
utilities and climatic regions. This would allow the comparison to determine whether
the effect of the forecasting strategy remains consistent when the underlying demand
distribution, customer composition, and annual seasonality change.

A direct transfer of the trained models may be insufficient because the scale and vari-
ability of demand can differ between feeders. Feeder-level or window-level normalization
can reduce differences in magnitude, but it does not eliminate changes in temporal structure.
For this reason, transferred models should be recalibrated using local observations.

Transfer learning represents a potential approach for reducing the amount of new
data required. A model trained on several source feeders could be used as the initial
configuration for a target feeder and subsequently fine-tuned using a smaller local dataset.
This procedure could be particularly useful for newly monitored feeders or systems with
limited historical records.

Domain-adaptation methods could also be investigated to reduce differences between
the source and target distributions. Such methods could align internal representations,
reweight training samples, or incorporate feeder identifiers and customer-composition
information. Their effectiveness should be evaluated against training a new model entirely
from the target system.

Cross-feeder transferability should also be examined within the same utility. The
feeder-level results showed that forecasting difficulty varied among operating units and that
no configuration was uniformly superior in every feeder. Grouping feeders according to
load shape, customer mix, volatility, or demand magnitude could support the development
of regional or cluster-based forecasting models.

Accordingly, the present findings provide a controlled comparison within an equa-
torial distribution system, but broader conclusions require validation on independent
datasets. Cross-regional studies, transfer learning, fine-tuning, and domain adaptation are
necessary before the proposed framework can be considered generally applicable to other
electrical systems.

4.7. Limitations

This study has several limitations that should be considered when interpreting
the results.

First, the dataset was obtained from a single distribution system located in Ecuador.
Although multiple feeders were evaluated, all of them were subject to the same regional,
institutional, climatic, and infrastructural context. Therefore, the results do not estab-
lish that the observed ranking of models and strategies will remain unchanged in other
distribution systems.

Second, the study represents a single equatorial climatic region. Systems located in
regions with stronger annual temperature seasonality, heating demand, cooling demand,
or different daylight patterns may produce substantially different forecasting conditions.

Third, historical apparent power was the only predictor included in the models. Mete-
orological variables such as temperature, humidity, solar radiation, wind, and precipitation
were not incorporated. The absence of these variables limits the models” ability to represent
demand changes directly associated with environmental conditions.

Detailed information regarding customer composition was also unavailable. Con-
sequently, the models did not distinguish among residential, commercial, industrial, or
public-service demand. Changes in customer mix could partly explain the differences
observed among feeders, but this relationship could not be examined explicitly.
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Advanced calendar variables were not used as model inputs. Hour of the day, day of
the week, month, season, holidays, and local events were not explicitly encoded during
training. Holidays and weekends were used for a separate evaluation, but the models did
not receive this information when generating their predictions.

The experiments were conducted as an offline evaluation. The models were not
integrated into SCADA, DMS, or EMS platforms, and their behavior was not assessed under
continuous data acquisition, communication delays, missing real-time measurements,
service interruptions, or operational decision-making conditions.

Training and validation samples were generated using overlapping sliding windows.
Although windows overlapping the test intervals were excluded, consecutive training
samples shared a substantial number of observations. Therefore, the larger number of
recursive samples should not be interpreted as an equivalent number of independent
temporal sequences.

The recursive strategy also introduced an additional deployment cost because a com-
plete 24-h forecast required 24 sequential model executions. Standardized inference latency
and peak memory consumption were not measured during the original experiments, pre-
venting a quantitative comparison of these operational variables.

For LightGBM, the values used in the complexity analysis represented approxi-
mate equivalent structural complexity. They are not directly comparable to the num-
ber of trainable parameters in the neural networks. Therefore, the complexity ratios
involving LightGBM should be interpreted as descriptive estimates rather than exact
architectural equivalences.

Each final model-strategy configuration was trained once. Although random seeds
were established for most configurations, the experiments were not repeated across multiple
independent initializations. Moreover, no explicit seed was fixed for direct 1D U-Net. Con-
sequently, the study does not quantify the variability associated with random initialization,
sample selection, or non-deterministic computational operations.

The hyperparameters were selected through preliminary manual trials rather than
through an exhaustive optimization procedure. The configurations therefore represent
feasible and validated alternatives, but they cannot be considered globally optimal for each
model family.

The statistical analysis was conducted using feeder-level MAPE values from the
22 operating units. This approach provides paired comparisons among feeders, but it
offers a smaller statistical sample than an analysis based on every individual test block. In
addition, feeder-level aggregation can conceal temporal variability occurring within each
operating unit.

No external dataset was used to validate the models. Therefore, the observed statistical
differences and average rankings describe the analyzed system and cannot be automatically
extrapolated to other utilities.

Finally, the study period extended from 2018 to 2022. Demand patterns observed
during this interval may have been influenced by temporal changes in economic activity,
consumer behavior, network operation, and other local conditions. Models trained on this
period may require recalibration when applied to later years or to systems undergoing
structural changes.

4.8. Future Work

Future research should extend the comparison to additional deep learning archi-
tectures designed for multi-horizon forecasting. Transformer-based models represent a
relevant direction because their attention mechanisms can capture long-range temporal
relationships without relying exclusively on recurrent processing [30,31].
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Temporal Fusion Transformer could be evaluated to combine historical demand with
known future variables, static feeder characteristics, and interpretable attention mecha-
nisms. PatchTST could also be considered because its patch-based representation may
efficiently capture local and long-range patterns in multivariate time series.

Hybrid approaches should be investigated to combine the advantages of different
learning mechanisms. Possible configurations include convolutional-recurrent networks,
decomposition-based models, combinations of neural networks and gradient boosting, and
direct-recursive hybrids that jointly model the full horizon while updating selected future
steps iteratively.

Probabilistic forecasting constitutes another important extension. Instead of producing
only point estimates, future models should generate prediction intervals, quantiles, or full
predictive distributions. This would allow operators to quantify uncertainty and evaluate
the probability of overloads or other critical demand conditions.

Meteorological information should be incorporated, including temperature, humidity,
solar radiation, precipitation, and other locally relevant variables. Their contribution should
be evaluated separately for residential, commercial, industrial, and mixed feeders.

Calendar information should also be explicitly included. Hour of the day, day of
the week, month, holidays, weekends, school schedules, and local events could help the
models distinguish between regular and atypical consumption patterns.

Detailed customer-composition variables would enable the analysis of how residential,
commercial, industrial, and public-service demand affects forecasting difficulty. These
variables could be included as static feeder descriptors or as time-varying proportions
when customer composition changes.

Transfer learning should be evaluated between feeders within the same utility and
across independent electrical systems. Models could first be trained using multiple source
feeders and then fine-tuned using limited data from a target feeder.

Domain-adaptation methods should also be investigated to address differences in
demand scale, customer behavior, climatic conditions, and measurement infrastructure
between regions. These methods could improve cross-regional transfer without requiring
complete retraining.

Future studies should validate the comparison using distribution systems from temper-
ate, tropical, coastal, mountainous, and industrial regions. A multi-utility evaluation would
determine whether the relative advantage of direct forecasting persists under different
climatic and operational conditions.

The experimental design should be extended to repeated training runs with multiple
random seeds. Reporting mean performance, standard deviation, confidence intervals, and
effect sizes would provide a more robust assessment of variability between configurations.

Standardized computational benchmarks should quantify inference time, peak RAM
consumption, peak GPU memory, energy use, and model-storage requirements. These
measurements should be performed on the same hardware and under the same batch and
execution conditions.

A pilot deployment in a DMS or EMS should evaluate the forecasting framework
under real-time data acquisition. This implementation should examine data latency, ser-
vice reliability, missing measurements, automatic model loading, forecast delivery, and
operational acceptance by system personnel.

Online learning and incremental-update methods could allow the models to adapt
continuously as new measurements become available. Drift-detection procedures should be
incorporated to identify when feeder behavior changes and determine whether recalibration
or complete retraining is necessary.
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Finally, future forecasting systems should combine predictive accuracy with explicit
uncertainty quantification, interpretability, and operational constraints. Such an extension
would support not only the estimation of expected demand but also the assessment of
forecasting risk and the reliability of decisions derived from the predicted horizon.

5. Conclusions

This study conducted a controlled comparison between the direct 24—24 and recursive
24—1 multi-step forecasting strategies using LSTM, N-HiTS, 1D U-Net, and LightGBM
on feeder-level electricity-demand data from an Ecuadorian distribution system. The
comparison maintained the same 24-h input window, temporal partitions, test samples,
target variable, and evaluation metrics, allowing the effect of the forecasting strategy to be
distinguished from the effect of the model architecture.

Under the dataset and experimental design considered, the direct 24—24 strategy
obtained lower global MAE, RMSE, and MAPE values than the corresponding recursive
configuration for all four model families. The best overall configuration was LSTM 24—24,
with an MAE of 62.99, an RMSE of 112.01, and an MAPE of 4.12%. The second-best global
result was obtained by 1D U-Net 24—24, which achieved an MAPE of 4.98%.

The statistical analysis confirmed that the differences among the eight model-strategy
configurations were not attributable solely to descriptive variations in the global met-
rics. The Friedman test identified statistically significant differences in feeder-level MAPE
X2 = 7517, p = 1.33 x 1073, The paired Wilcoxon tests showed significant differ-
ences between the direct and recursive strategies for LSTM (p = 9.54 x 10~7) and N-HiTS
(p = 0.0275), with more favorable results for the direct formulation. In contrast, the differ-
ences were not statistically significant for 1D U-Net (p = 0.7262) or LightGBM (p = 0.9746).
Therefore, the effect of the forecasting strategy depended on the architecture and cannot be
considered uniform across all learning mechanisms.

The recursive strategy generated a substantially larger number of training pairs
through one-hour shifts and overlapping windows. However, the lower parameter-to-
sample ratios obtained under this formulation did not automatically result in better gen-
eralization. The larger number of samples increased the temporal density of the training
data, but it did not compensate in all cases for the sequential reuse of predicted values
during inference.

The horizon-level analysis showed that recursive forecasting increased exposure to
error propagation, particularly in LSTM and N-HiTS during the intermediate forecast hori-
zons. Nevertheless, this deterioration was not strictly monotonic in every architecture. The
adapted 1D U-Net maintained comparatively controlled error dispersion and achieved the
best global result among the recursive configurations, with an MAPE of 6.79%. This finding
shows that architectural characteristics can partially mitigate, although not eliminate, the
limitations of iterative multi-step prediction.

The evaluation of holidays and weekends also showed that the strategy with the lowest
global error was not necessarily the most stable under every operating condition. Direct
LSTM and 1D U-Net experienced larger increases in MAPE during special days, whereas
some recursive configurations presented smaller relative changes. Under this condition,
adapted 1D U-Net 24—1 obtained an MAPE of 7.17%, followed by LSTM 24—1 with
7.21%. These results indicate that recursive forecasting may provide relative advantages in
certain irregular scenarios, although this behavior was not consistent across all models or
error metrics.

The computational results revealed a clear trade-off between predictive accuracy and
efficiency. LSTM 24—24 achieved the lowest error but required 65.3 h of training. Direct
1D U-Net provided a favorable balance, reaching an MAPE of 4.98% with a training time of
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9.7 h. LightGBM required the shortest training times, between 3.0 and 3.5 h, but produced
higher global errors than direct LSTM and 1D U-Net.

The forecasting strategies also presented different deployment requirements. Direct
LSTM, N-HiTS, and 1D U-Net generated the complete 24-h horizon through a single
model call. Direct LightGBM required 24 independent horizon-specific models, although
their evaluations could potentially be parallelized. All recursive configurations required
24 sequential calls because each predicted value had to be incorporated into the input
window before estimating the following hour. Therefore, the selection of a forecasting
system should consider not only training time and predictive error, but also model-storage
requirements, sequential dependency, potential latency, and the operational frequency at
which forecasts must be updated.

The results are limited to data from a single distribution system located in an equatorial
region of Ecuador. The models used only historical apparent-power measurements and
did not incorporate meteorological variables, detailed customer composition, advanced
calendar features, or external datasets. In addition, each final configuration was trained
once, and standardized measurements of inference time and peak memory consumption
were not recorded. Consequently, the observed rankings and statistical differences should
not be automatically generalized to other utilities, climatic regions, customer structures, or
operational environments.

From a practical perspective, the evaluated framework could support a future integra-
tion into Distribution Management Systems or Energy Management Systems. A forecasting
service could receive recent measurements from SCADA systems or advanced meters,
update the 24-h input window, generate feeder-level forecasts, and provide information for
overload anticipation, load balancing, switching planning, and preventive maintenance.
However, the present study was conducted offline and did not implement or validate this
architecture in real time.

Future work should include external validation in distribution systems from other
climatic and geographical regions, repeated training with multiple random seeds, and
standardized benchmarking of inference latency, memory consumption, and energy use.
Further research should also evaluate meteorological and calendar variables, customer
composition, probabilistic forecasting, prediction intervals, transformer-based architectures
such as Temporal Fusion Transformer and PatchTST, transfer learning between feeders,
domain adaptation, online learning, and automatic drift detection. A pilot deployment
within a DMS or EMS would be necessary to evaluate the reliability, scalability, and
operational usefulness of the forecasting framework under real-time conditions.

Overall, the findings do not establish a universally superior forecasting strategy. Under
the dataset and experimental design considered, the direct strategy provided the lowest
global errors, particularly when combined with LSTM, whereas the recursive strategy
showed relative advantages for specific architectures, feeders, and irregular operating
conditions. The appropriate choice therefore depends on the required balance among
predictive accuracy, computational efficiency, deployment complexity, and robustness to
changes in electricity-demand behavior.
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