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Abstract Resumen
Accurate load forecasting is essential for power sys-
tem planning and operation, particularly under pro-
nounced temporal variability and temporal drift. This
study presents a reproducible comparative frame-
work for machine learning models based on rolling-
origin expanding validation, multihorizon evaluation,
and an operational relative tolerance metric denoted
as %Tol. Four representative models are evaluated:
EvoXGB, a sequential residual XGBoost ensemble;
XGB; TabNet; and FT-Transformer. These models
are applied to hourly active power forecasting in dis-
tribution substations within an Ecuadorian power
system. To ensure a fair comparison when models
exhibit differences in prediction coverage or temporal
misalignment, the framework incorporates an explicit
comparability audit based on temporal alignment and
a common evaluation mask denoted as COMMON-
MASK, complemented the longest common contigu-
ous block for the zoomed time-series visualization. For
the representative substation, with metrics computed
on the common set, XGB achieves the best perfor-
mance, with R2= 0.993 for the short horizon and R2

= 0.983 for the medium horizon, and RMSE values of
21.16 and 30.84 kW, respectively. EvoXGB remains
competitive, whereas TabNet and FT-Transformer
exhibit greater degradation in the medium horizon.
The 90/10 holdout verification shows the expected
performance decline associated with temporal drift
while preserving the comparative ranking. Overall,
the proposed framework provides a traceable bench-
mark for substation load forecasting and supports
future extensions toward adaptive and hybrid fore-
casting approaches.

La precisión en el pronóstico de la demanda eléc-
trica es un elemento central para la planificación y
operación de los sistemas de potencia, en particu-
lar ante la variabilidad temporal de la carga y la
presencia de deriva temporal. En este trabajo se de-
sarrolla un marco comparativo reproducible de mo-
delos de machine learning con validación temporal
rodante (rolling-origin expanding), análisis multihori-
zonte y una métrica operativa de tolerancia relativa
(%Tol). Se evalúan cuatro modelos representativos:
EvoXGB (ensamble secuencial de XGBoost sobre
residuales), XGB, TabNet y FT-Transformer, apli-
cados al pronóstico horario de potencia activa en
subestaciones de distribución de un sistema eléctrico
ecuatoriano. Para asegurar la comparabilidad cuando
existen diferencias de cobertura o desalineación tem-
poral entre predicciones, se incorpora una auditoría
explícita basada en alineación y un conjunto común
de evaluación (COMMONMASK), complementada
con un bloque contiguo común para la figura de zoom.
En la subestación representativa (con métricas sobre
el conjunto común), XGB logra el mejor desempeño,
con R2 = 0,993 (corto) y 0,983 (mediano), y un RMSE
de 21,16 y 30,84 kW, respectivamente. EvoXGB se
mantiene competitivo, mientras que TabNet y FT-
Transformer muestran mayor degradación en el hori-
zonte mediano. En la verificación de holdout (90/10)
se observa la caída esperada por deriva temporal, pre-
servándose el orden comparativo. El marco propuesto
entrega una base trazable para comparar modelos
en series reales de subestaciones y para extender el
análisis hacia esquemas híbridos y adaptativos.

Keywords: load forecasting, machine learning, XG-
Boost, TabNet, FT-Transformer, rolling temporal
validation.
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1. Introduction

The sustained growth in energy demand and the in-
creasing integration of intermittent renewable sources
have made load forecasting a strategic component of
power system planning and operation, Accurate fore-
casting across different time horizons is essential for
substation scheduling, resource allocation, and effi-
cient grid management under conditions character-
ized by seasonality, nonlinear behavior, and regime
changes [1, 2], [3–5].

Among contemporary approaches, gradient boost-
ing algorithms, particularly XGBoost, have become
widely established due to their robustness and ability
to model nonlinear relationships in high-dimensional
tabular data [6–9]. However, their performance de-
pends on careful hyperparameter tuning, which is of-
ten computationally demanding and sensitive to the
dataset configuration. To mitigate this limitation, opti-
mized variants based on evolutionary algorithms have
been proposed, including approaches that combine
XGBoost with Differential Evolution or Genetic Al-
gorithms, which have demonstrated improvements in
stability and reductions in overfitting [10–12].

In parallel, deep learning models specifically de-
signed for tabular data have emerged. TabNet employs
sequential attention mechanisms that provide inherent
interpretability [13], whereas FT-Transformer adapts
the Transformer architecture through linear feature
embeddings and multi-head attention [14, 15]. How-
ever, several studies indicate that the superiority of
deep networks over tree-based methods is not universal
and depends strongly on the size and structure of the
dataset [16,17].

A frequent limitation in the load forecasting liter-
ature is the use of static training and testing splits
that do not account for temporal non-stationarity. Cur-
rent methodological guidelines recommend temporal
validation schemes based on a rolling-origin expand-
ing windows to evaluate model performance over time
and detect operational degradation [18–20]. In addi-
tion to global metrics such as MAE, RMSE, and R2,
operational indicators that reflect acceptable error tol-
erances from a planning perspective, such as the %Tol
metric, should also be incorporated [21], [22].

Explicit contrast with standard approaches.
Unlike random cross-validation or partitioning schemes
that do not preserve order, which can produce opti-
mistic estimates by mixing past and future observa-
tions, rolling-origin validation evaluates performance
in more realistic forecasting scenarios, in which pre-
dictions are made for subsequent periods. In addition,
the proposed framework integrates conventional perfor-
mance metrics and the %Tol metric within an explicit
comparability audit when prediction coverage differs
across models.

In the Ecuadorian context, previous studies have

addressed long-term electricity consumption forecast-
ing using machine learning models [23], as well as
power system planning through reinforcement learn-
ing [24]. This study develops a comparative frame-
work for hourly active power forecasting in substa-
tions, based on rolling-origin temporal validation, the
%Tol metric, and a methodological audit to ensure fair
comparisons.

The specific contributions of this study are as fol-
lows:

(i) A reproducible evaluation framework based on
rolling temporal validation and micro-criterion
metric aggregation is proposed.

(ii) Boosting-based and deep tabular architectures
are compared across short- and medium-term
forecasting horizons under a consistent method-
ological setting.

(iii) An explicit comparability audit based on tempo-
ral alignment and COMMONMASK is incorpo-
rated, together with an operational interpreta-
tion through the %Tol metric.

2. Materials and Methods

2.1. Data and Variables

This methodology evaluates the stability and accuracy
of predictive models for electricity demand forecasting
in Ecuadorian substations.

Hourly active power time series recorded at nine
substations of a distribution network within the na-
tional power system were used, with approximately
40,000 hourly observations per substation, spanning
a continuous 4.5-year period between 2020 and 2024.
The data were obtained from internal historical records
of the national electric utility.

The target variable was active power in kW, while
the predictor variables included:

(i) calendar attributes namely hour, day of the week,
and month;

(ii) lagged power values from 4 to 24 h; and

(iii) moving averages over 3, 6, and 24 h.

For confidentiality reasons, the substation identi-
fiers were anonymized. Each model was trained inde-
pendently for each substation. To maintain a compact
presentation, the tables and figures detail the results
of a representative substation, while the remaining
substations are used to confirm the consistency of the
findings. Specifically, a substation was considered rep-
resentative when its performance profile, defined by
RMSE and %Tol across both forecasting horizons, was
closest to the median of the full set according to the
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sum of ranks, thereby avoiding the selection of extreme
cases.

2.2. Data Preprocessing

The series were chronologically ordered, and an initial
cleaning procedure was performed to remove extreme
or infinite values. Missing values were handled using
forward filling within each series; any residual cases
were discarded to avoid interpolations that could in-
troduce temporal bias. Subsequently, lagged features
and moving averages were generated, and the first 24
observations were removed to prevent edge inconsis-
tencies.

In each iteration of the validation process, the ex-
planatory variables were scaled using RobustScaler,
which was fitted exclusively on the training data of
the corresponding window and then applied to the
test set to avoid data leakage. For TabNet, the same
feature set was retained, with normalization performed
internally within the model.

2.3. Prediction Models Analyzed

Four representative models were evaluated:
A_EvoXGB: a four-stage sequential ensemble

based on XGBoost, in which each component trains
trees on the residuals of the preceding model. The
final prediction is obtained as the sum of the partial
outputs, with the aim of reducing systematic error.

B_XGB: a standard implementation of XGBoost,
used as a robust baseline.

C_TabNet: a tabular network with sequential
attention [13], configured with nd = na = 32, four
decision steps, and early stopping.

D_FT-Transformer (D_FTT): a tabular
Transformer based on feature embeddings and multi-
head attention [14,15], configured with three encoder
blocks, a token dimension of 192, and four attention
heads.

2.4. Hyperparameter Tuning

The most influential hyperparameters were tuned
through bounded pilot experiments centered on con-
figurations recommended for medium-sized tabular
datasets. The final selection prioritized temporal sta-
bility over marginal local improvements while main-
taining a comparable training budget.

2.5. Rolling-Origin Temporal Validation
Scheme

Rolling-origin expanding validation was applied. Two
forecasting horizons were considered:

• Short horizon: test window of 168 h, step of
24 h, and purge of 24 h.

• Medium horizon: test window of 720 h, step
of 72 h, and purge of 72 h.

In each iteration, the training set included all obser-
vations prior to the start of the test window, excluding
the purge period, with a minimum of 1500 observations.
The metrics were aggregated using a micro-criterion,
jointly considering all predictions generated by each
model–horizon combination.

2.6. Temporal Alignment and Common Evalu-
ation Set (COMMONMASK)

In practice, different models may produce predictions
with unequal coverage, for example, due to partial win-
dow execution, or with temporal misalignment caused
by offsets related to lag construction or the forecast
anchoring point. To avoid biased comparisons, the
following audit procedure was applied:

• Alignment: a shift of -24 h was applied to the
predictions of B_XGB to homogenize the tem-
poral anchoring of the test index with that of
the other models. This correction was verified by
matching the start of the test segment.

• COMMON ALL: the intersection of indices
for which all four models provided finite predic-
tions was defined, and the metrics, namely MAE,
RMSE, R2 and %Tol, were computed on this set.

• COMMON CONTIG: for the zoom figure,
the longest contiguous common block was se-
lected. From this block, a representative 168 h
segment was presented to facilitate visual com-
parison without discontinuities.

Note on coverage and non-imputation. When
a model presents partial coverage, for example, due
to computational constraints or incomplete execution
during rolling validation, the common set may be sub-
stantially reduced. To avoid bias, missing predictions
were neither imputed nor interpolated. Instead, cover-
age, reported in Table 2, and the size of the common
set, reported in Table 3, are explicitly documented.
Performance interpretation is therefore limited to the
comparable segment. In addition, a 90/10 holdout ver-
ification and an aggregated %Tol analysis across nine
substations are included to strengthen the conclusions
beyond the analysis of a single series.

2.7. Summary of the Experimental Pipeline
(Scheme)

Figure 1 summarizes the complete sequence of the
experimental framework, from data preparation and
feature engineering to temporal validation, model train-
ing, prediction, and metric aggregation.
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Figure 1. Schematic representation of the experimental
workflow, including feature extraction, temporal validation,
model training, prediction, metric computation, and the
comparability audit.

2.8. Independent Validation (90/10 Holdout)

As a complementary verification, each model was re-
trained using the initial 90% of the data and evaluated
on the final 10%, allowing its performance to be as-
sessed outside the temporal recalibration setting.

2.9. Evaluation Metrics

MAE, RMSE, and R2 were computed, together with
the %Tol metric:

%Tolδ = 1
N

N∑
i=1

1
(

|yi − ŷi|
max{|yi|, ε}

≤ δ

)
× 100, (1)

where δ is the relative tolerance threshold, and
ε = 1 kW prevents unstable ratios.

2.10. Reproducibility and Computational Re-
sources

The experiments were conducted in Python 3.11 using
XGBoost 2.0, PyTorch 2.3, and PyTorch-TabNet 4.1,
with a fixed global seed. Training was performed on
an NVIDIA RTX 3060 GPU (12 GB) with 32 GB of
RAM. The scripts and configuration files are available
in the GitHub repository [25].

3. Results and Discussion

3.1. Demand Behavior in the Substations

The nine substations analyzed exhibit typical hourly
patterns of distribution networks, including nighttime
minima, morning increases, daytime plateaus, and
evening peaks, together with weekly seasonality. In the
representative substation, active power remains within
a stable operating range, and the observed regime
changes are mainly associated with weekly and sea-
sonal variations, which supports the need for explicit
temporal validation.

3.2. Global Performance by Model and Horizon

Figure 2 summarizes model performance across models
and forecasting horizons under rolling-origin valida-
tion. Metrics were computed on COMMON ALL to
ensure that all models were evaluated at the same
time instants. For this substation, B_XGB achieves
the best balance between accuracy and temporal sta-
bility across both horizons, while A_EvoXGB remains
closely competitive. TabNet and FT-Transformer ex-
hibit greater degradation in the medium-term horizon.

(a) R2 by model and horizon
(on COMMON ALL)

(b) RMSE [kW] by model and horizon
(on COMMON ALL)

Figure 2. Model performance across forecasting horizons
under rolling-origin validation.
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Table 1. Performance of the representative substation under micro-aggregation, computed over COMMON ALL: MAE,
RMSE, R2, and %Tol@5%. (Decimal separator: dot).

Model Hor. MAE [kW] RMSE [kW] R2 %Tol@5 %
A_EvoXGB Short 20.89 27.43 0.988 94.17

B_XGB Short 15.84 21.16 0.993 96.67
C_TabNet Short 29.63 42.57 0.972 82.50

D_FTT Short 24.67 32.94 0.983 87.92
A_EvoXGB Medium 25.61 39.39 0.973 87.92

B_XGB Medium 20.04 30.84 0.983 93.33
C_TabNet Medium 44.51 69.87 0.914 70.90

D_FTT Medium 54.38 92.74 0.849 68.26

3.3. Comparability Audit: Coverage and COM-
MONMASK

Table 2 reports prediction coverage by model and
forecasting horizon, including the total length, num-
ber of finite predictions, and percentage of NaN val-
ues. Table 3 summarizes the size of the common set

(COMMON ALL) and the longest contiguous common
block (COMMON CONTIG), used for the zoom fig-
ure. For this substation, the size of COMMON ALL
is determined by the model with the lowest coverage
(D_FTT); therefore, the audit is explicitly included
to ensure transparency.

Table 2. Prediction coverage by model and forecasting horizon for the representative substation.

Hor. Model shift [h] N total N Finite %NaN idxmin–idxmax

Short A_EvoXGB 0 37686 37686 0.00 0–37685
Short B_XGB -24 37686 37662 0.06 0–37661
Short C_TabNet 0 37686 37686 0.00 0–37685
Short D_FTT 0 37686 1200 96.81 1620–4571

Medium A_EvoXGB 0 37686 37686 0.00 0–37685
Medium B_XGB -24 37686 37662 0.06 0–37661
Medium C_TabNet 0 37686 37686 0.00 0–37685
Medium D_FTT 0 37686 1440 96.18 1572–2291

Table 3. Summary of the common set (COMMONMASK) by forecasting horizon for the representative substation.

Hor. N total Ncommon %common idxmin–idxmax inicio–fin contig Lcontig

Short 37686 240 0.64 1620–4571 4404–4571 168
Medium 37686 1440 3.82 1572–2291 1572–2291 720

In the short horizon, the common set is reduced
to 240 h because D_FTT produced predictions over a
partial block, and the simultaneous intersection with
the other models, after the alignment adjustment of
B_XGB, limits the overlap. Therefore, these metrics
describe the comparative performance only over this
common segment, without imputation. To support the
operational conclusions, the analysis also considers
(i) the medium horizon, where the overlap is greater
(COMMON CONTIG = 720 h in this substation), (ii)
the 90/10 holdout verification, and (iii) the aggregated
%Tol sensitivity across the nine substations.

3.4. Temporal Reconstruction of the Load Sig-
nal

Figure 3 compares the actual series and the model
predictions over a representative 168 h segment ex-
tracted from the COMMON CONTIG block for both
forecasting horizons. The boosting-based models pro-
vide a more accurate reconstruction of peaks and val-
leys. In the medium-term horizon, TabNet and FT-
Transformer exhibit a degraded fit, consistent with the
increase in RMSE and the decrease in R2.
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(a) Short horizon (zoom on COMMON CONTIG)

(b)Medium-term horizon (zoom on COMMON CONTIG)

Figure 3. Actual and predicted series over a representative segment.

3.5. Relationship Between Observed and Pre-
dicted Values

Figures 4 and 5 show the relationship between observed
and predicted values under rolling-origin validation for
both forecasting, evaluated on COMMON ALL. In

the boosting-based models, especially B_XGB, the
predictions are more tightly concentrated around the
diagonal y = x in both horizons. In C_TabNet and,
more notably, D_FTT, dispersion increases in the
medium-term horizon, consistent with the increase in
RMSE and the reduction in R2.

Figure 4. Observed vs. predicted values for A_EvoXGB and B_XGB across both forecasting horizons (rolling-origin;
COMMON ALL). The line indicates y = x.
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Figure 5. Observed vs. predicted values for C_TabNet and D_FTT across both forecasting horizons (rolling-origin;
COMMON ALL). The line indicates y = x.

3.6. Distribution of Relative Errors

To complement the aggregated metrics and character-
ize variability, Figure 6 presents the distribution of the

relative absolute error (%). The boosting-based models
concentrate errors in lower ranges with shorter tails,
while TabNet and D_FTT exhibit greater dispersion,
particularly in the medium-term horizon.

Figure 6. Distribution of relative absolute error (%) by model and horizon forecasting horizon under rolling-origin
validation.

3.7. Operational Metric: %Tol Sensitivity to
Threshold δ

Figure 7 summarizes the sensitivity of %Tol to differ-
ent tolerance thresholds. δ was evaluated at 2%, 5%,

10%, 15%, and 20%, aggregating predictions across
nine substations. At δ = 5%, the metric clearly dis-
tinguishes performance between model families; at δ
≥ 10%, most methods approach 100%, reducing the
discriminative capacity of the indicator.
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Figure 7. Sensitivity of %Tol to the tolerance threshold δ by model and forecasting horizon (aggregated across the
nine substations).

Table 4. Sensitivity of %Tol(δ) by model and forecasting
horizon (aggregated across the nine substations).

Short horizon
Model δ=2% 5% 10% 15% 20%
A_EvoXGB 58.3 94.2 99.6 100.0 100.0
B_XGB 74.2 96.7 100.0 100.0 100.0
C_TabNet 42.5 82.5 97.9 99.6 99.6
D_FTT 52.1 87.9 99.2 100.0 100.0

Medium horizon
Model δ=2% 5% 10% 15% 20%
A_EvoXGB 54.2 87.9 97.8 99.4 99.8
B_XGB 65.4 93.3 99.1 99.7 99.9
C_TabNet 36.7 70.9 90.5 96.4 98.4
D_FTT 32.4 68.3 87.6 92.7 95.3

3.8. Independent Validation (90/10 Holdout)

Table 5 shows the expected decrease relative to rolling-
origin validation, reflecting temporal drift between
evaluation periods. The comparative ranking is pre-
served, with B_XGB outperforming the other models
in this substation.

Table 5. Performance under 90/10 holdout validation
for the representative substation: MAE, RMSE, R2,and
%Tol@5%.

Model MAE [kW] RMSE [kW] R2 %Tol@5 %
A_EvoXGB 36.95 96.25 0.872 68.00
B_XGB 29.67 70.04 0.932 79.13
C_TabNet 55.48 125.29 0.783 58.26
D_FTT 47.84 105.94 0.845 65.17

3.9. General Discussion

In the representative substation, tree-based methods
maintain the best balance between accuracy and op-
erational interpretability. The alignment audit and
COMMONMASK prevent biased comparisons when
prediction coverage differs across models or when tem-
poral misalignment is present. TabNet and D_FTT
provide an adequate fit in the short-term horizon;
however, in the medium-term horizon, they exhibit
performance degradation and greater dispersion.

Limitations. The data were obtained from a spe-
cific system, and the analysis relied on calendar varia-
bles, lagged features, and moving averages; therefore,
patterns may differ in other contexts or when exoge-
nous variables are incorporated. The representative
substation was selected only to provide a clear and com-
pact presentation, while the operational conclusions
are strengthened by the aggregated %Tol sensitivity
analysis across the nine substations. Finally, when a
model presents partial coverage, the common set may
be small, as observed in the 240 h short-horizon seg-
ment of this substation. Accordingly, the coverage and
COMMONMASK audit is explicitly reported, and ex-
trapolation beyond the evaluated common segment is
avoided.

Future work should incorporate meteorological and
renewable generation variables and explore adaptive
recalibration schemes and hybrid approaches.
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4. Conclusions

This study presented a comparative framework of ma-
chine learning models applied to hourly electricity
demand forecasting in substations, based on rolling-
origin temporal validation, multihorizon analysis, and
an operational relative tolerance metric. To ensure
comparability under differences in prediction coverage
and temporal misalignment, an explicit audit using
alignment and COMMONMASK (common evaluation
mask) was incorporated, with coverage also reported
for contextual interpretation.

Under rolling-origin validation on COMMON ALL,
B_XGB achieved the best performance in the repre-
sentative substation, followed by A_EvoXGB. TabNet
and D_FTT exhibited more pronounced degradation
in the medium-term horizon. In the 90/10 holdout val-
idation, the expected performance decline associated
with temporal drift was observed, while the relative
ranking was preserved.

In particular, when the COMMON ALL intersec-
tion is small due to partial coverage, as observed in
the short horizon of the representative substation, the
metrics are interpreted as performance over the strictly
comparable segment. Therefore, the conclusions are
mainly supported by the medium-term horizon, the
holdout validation, and the aggregated %Tol analysis.

The proposed framework provides a traceable basis
for comparing forecasting approaches and supporting
planning and operational decisions. Future work should
incorporate exogenous variables, explore adaptive re-
calibration, and extend the window-based audit to all
models to uniformly characterize temporal stability.
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