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ABSTRACT This paper proposes a multivariate optimization framework to construct a neural-network
ensemble for short-term load forecasting (STLF) at the distribution-substation level. A linear network,
multilayer perceptron, and radial basis function network are combined via a {3,5} simplex-lattice mixture
design on the probability simplex of ensemble weights. Correlated forecast-error metrics are reduced
through factor analysis with principal-component extraction, and the resulting orthogonal factors are jointly
optimized using the normal boundary intersection (NBI) method to generate a Pareto frontier of ensemble
configurations. To select a single operating point, we adopt an entropy-based decision rule that maximizes
the ratio between Shannon entropy of the mixing weights and a global percentage error (GPE) index, thereby
balancing forecast accuracy and weight diversification. Tested on hourly load data from four Brazilian
distribution substations over 24-, 48-, and 72-step horizons, the proposed ensemble reduces mean absolute
percentage error (MAPE) by up to 20% relative to the best individual network, with consistent improvements
also observed for RMSE and MAE. These gains are statistically supported by significance tests. The
main contributions are: 1) casting ensemble-weight definition as a structured mixture-design problem;
2) integrating factor-analysis/PCA with NBI to handle multiple correlated error metrics in a principled way;
and 3) introducing an entropy/GPE-based scalarization that yields accurate and robust ensembles suitable
for implementation in operational smart-grid STLF workflows.

INDEX TERMS Neural network (NN), ensemble, short-term load forecasting (STLF), multiobjective
optimization, distribution substations.

I. INTRODUCTION
Accurate short-term electricity load forecasting (STLF) at
the distribution level is essential for guaranteeing the secure
and economic operation of modern power systems. Reliable
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24- to 72-hour predictions support feeder switching, energy-
storage scheduling, and demand-response programs. They
also help utilities balance demand and supply in real time and
reduce technical losses [1], [2].

Over the last decade, neural networks (NNs) have become
one of the most popular data-driven approaches to STLF
thanks to their universal approximation capability and
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TABLE 1. List of abbreviations used in the paper.

tolerance to noisy data [3], [4]. However, the accuracy of a
single network is highly sensitive to its topology and train-
ing regimen. Ensemble learning mitigates this sensitivity by
combining the strengths of diverse base learners, but existing
schemes often rely on heuristic weight selection or ad hoc
voting rules and do not fully exploit the multivariate structure
of the forecast-error space [5], [6].

Classical ensemble-learning frameworks for STLF, such as
bagging, boosting, and stacking, generally promote diversity
via resampling or sequential reweighting of base learners.
Their outputs are then combined through single-objective loss
minimization or simple voting rules. In contrast, the present
work adopts a design-of-experiments perspective inwhich the
ensemble mixing weights themselves are explored through a
simplex-lattice mixture design and tuned via multi-objective
optimization over multiple error metrics, providing a struc-
tured alternative to these traditional schemes.

This work proposes a systematic multivariate optimiza-
tion framework for building an NN ensemble dedicated to
STLF in distribution substations. A linear NN, a multilayer
perceptron and a radial-basis-function are blended through a
{3,5} simplex-lattice mixture design. Correlated error met-
rics are first reduced via principal component analysis (PCA).
The compromise between Shannon entropy and overall per-
centage error is then resolved using the normal boundary
intersection (NBI) method.

The proposed approach makes three main contribu-
tions: (i) it casts the definition of ensemble weights as a
mixture-design problem on the probability simplex, using a
{3,5} simplex-lattice to systematically explore combinations
instead of ad hoc or single-objective tuning; (ii) it inte-
grates PCA-assisted reduction of multiple error metrics with
NBImulti-objective optimization and an entropy/GPE scalar-
ization that jointly balances forecast accuracy and weight
diversification along the Pareto frontier; and (iii) it demon-
strates, on four real Brazilian distribution substations, that
this design-of-experiments perspective yields up to 20 %
reductions in MAPE relative to the best individual network
in an operational STLF setting.

The remainder of this article is organized as follows.
Section II reviews the material and methods relevant in
the literature; Section III details the proposed methodology;
Section IV presents and discusses the experimental results;
and Section V draws the main conclusions and outlines
avenues for future work.

II. MATERIAL AND METHODS
A. NNS FOR STLF
NNs are universal, non-linear function approximators that
can learn complex input–output mappings directly from
data— making them well suited to capturing seasonality,
abrupt demand swings, and other non-stationary behaviors
in electric-load time series [7]. Their capacity to model such
effects has made them a mainstay in STLF.

NN architectures differ in how neurons are connected,
how weights are updated and which activation func-
tions are employed. Feed-forward multilayer perceptrons
(MLPs), radial-basis-function (RBF) networks and recur-
rent designs—particularly long short-term memory (LSTM)
networks—are among the most widely used. MLPs excel at
modelling global non-linear trends, RBF networks capture
localized patterns, and recurrent architectures learn explicit
temporal dependencies.

In typical STLF applications, lagged load observations
together with exogenous variables (calendar, weather, socio-
economic indicators, etc. . . ) could form the input vector,
while the network outputs one-step-ahead or multi-step fore-
casts. Once trained, NNs help utilities anticipate daily peaks,
schedule generation assets, and design demand-response pro-
grams more accurately than classical statistical models.

Early empirical evidence confirmed these advantages:
Bhattacharyya and Thanh demonstrated sizeable accuracy
gains with a feed-forward NN in Northern Vietnam [8],
and Cavallaro obtained similarly promising results for an
isolated Italian island using an MLP [9]. Subsequent stud-
ies refined forecast precision by integrating evolutionary
optimization, hybrid preprocessing or ensemble learning.

207904 VOLUME 13, 2025



F. B. Rocha et al.: Optimizing Neural Network Ensemble for Short-Term Load Forecasting

For instance,Muralitharan et al. combined genetic algorithms
and particle-swarm optimization to tune NN weights [10],
while Voronin and Partanen fused wavelet transforms,
ARIMA and NNs to improve both load and price fore-
casts [11]. Additional wavelet-NN hybrids reported by
Ghayekhloo et al. [12] and Kumar et al. [13] further illustrate
the value of multi-model approaches in capturing multi-scale
load dynamics.

Nevertheless, single NNs remain sensitive to hyper-
parameter choice and data noise. Ensemble techniques that
average or selectively weight the outputs of diverse networks
mitigate this fragility and generally yield more reliable and
generalizable STLF results. A neural network ensemble is a
pathway to increased robustness and accuracy.

To the best of our knowledge, none of the existing studies
uses exactly the same proprietary substation-level dataset
considered here, which is drawn from a Brazilian distri-
bution utility. Consequently, only qualitative comparisons
with the literature are possible. Nevertheless, Table 2 sum-
marizes a set of representative ensemble-based STLF and
multi-objective optimization works on similar types of data,
highlighting their data characteristics, model families, and
reported performance metrics, and thereby positioning the
proposed mixture-design + PCA + NBI framework within
the existing body of research.

TABLE 2. Representative ensemble-based STLF and optimization studies
in the literature.

Recent works by Yousaf et al. on DC fault protection for
meshed HVdc grids illustrate a complementary approach,
in which discrete wavelet transform–based features are com-
bined with Bayesian optimization to tune neural-network
and LSTM hyperparameters such as depth, number of neu-
rons, and learning rate for fault detection and fault location
tasks [14], [15], [16]. In contrast, the present study keeps

the individual network hyperparameters fixed after prelim-
inary tuning and concentrates the optimization effort on a
statistically guided mixture-design and NBI-based procedure
for ensemble weight selection. These differences in scope
position our contribution as orthogonal to Bayesian hyperpa-
rameter optimization in meshed HVdc protection schemes,
while suggesting that such techniques could be naturally
integrated into the proposed STLF framework in future work.

B. NN ENSEMBLE
Hansen Hansen and Salamon [17] were the first to demon-
strate that the generalization capacity of a neural system could
be improved by combining several neural networks. Figure 1
shows the basic structure of an ensemble. In the first step,
each NN i (i = 1, 2,. . . , k) (with the same or different input
data) belonging to the ensemble is trained to produce an
output y1, y2,. . . , yk , which will be weighted to generate the
ensemble output. In this work, we mix the residual series
from each network rather than the raw outputs; the combined
residual is then added back to obtain the final forecast.

FIGURE 1. -Conceptual structure of the neural-network ensemble.
Schematic diagram of the proposed ensemble for short-term load
forecasting, in which three base models (Linear, RBF, and MLP) receive
the same input features and their outputs are combined through
optimized mixing weights to produce the final load forecast.

The literature includes studies on using NN ensembles
to make predictions [18]. Saviozzi et al. [19] presented the
design and implementation of two functionalities in a real
distribution system: load forecasting and load modeling. The
algorithms were based on an NN ensemble, performing well.
In this work, load prediction was performed using the basic
ensemble method (BEM), which defines the combined output
as the average of the individual network outputs. The gap our
research fills is determining how to weigh individual network
outputs using a mixture design.

Cervone et al. [20] present a methodology based on
a neural network and an analog ensemble to generate
forecasts for three solar power plants in Italy and indi-
cate that the combined solution produces the best results.
Jetcheva et al. [21] demonstrated an ensemble model of a
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neural network for next-day electricity forecasting, surpass-
ing a seasonal ARIMA model by 50%. This article also
describes an automated method for selecting the model’s
parameters, facilitating its implementation in real problems.
The following section presents the dimensionality reduction
and multiobjective optimization tools that will be used to
determine the weighting used in the NN ensemble.

C. FACTOR ANALYSIS
When many response variables are studied, they are often
correlated. This motivates the use of statistical techniques
that summarize the correlation structure in a smaller set
of variables. According to Johnson and Wichern [22]
factor analysis is a multivariate statistical technique that
describes correlated variables in groups of factors, that is,
it is a technique that describes the covariance structure
between the response variables y1, y2, . . . , yq in terms of
factors F1, F2, . . . , Fs (s < q). This technique reduces
redundant information across variables by representing them
with a smaller number of latent variables. According to
Almeida et al. [23], the latent and original variables can be
related to (1).

X−µ= LF+ϵ (1)

where X = [X1, X2,.., Xq]T is an observable random vector
with q components with mean vector µ = [µ1, µ2, . . . ,µq]T ,
F = [F1, F2, . . . , Fs]T is a random vector of unobservable
variables (s< q), ϵ = [ϵ1, ϵ2 , . . . ,ϵq] is the vector containing
errors and L is the factor loading matrix (q × s dimension),
whose elements represent the covariance (or correlation)
between the latent and response variables [24], obtained
through a spectral decomposition of the variance and covari-
ance matrix 6. Thus, the factor loadings are the eigenvectors
of the variance-covariance matrix6, as in (2), scaled by

√
λq.

Being 6 = E[(x− µ)(x− µ)T , where T denotes the trans-
posed matrix, it follows that:
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where 9qxq is a diagonal matrix formed by the specific vari-
ances ψi, as in (3), it soon follows that:

σi = Var (Xi) =

(
l2i1 + l2i2+ . . .+l

2
iq

)
+ ψi = h2i + ψi (3)

where h2i = l
2
i1 + l2i2 + . . .+ l2iq is called commonality (part of

the variance of Xi explained by common factors). To simplify
the interpretation of the factor loadings lij, the factor loading
matrix is often rotated. Among the rotation methods, the most

used is varimax rotation [24]. This rotation method selects a
matrix T that maximizes the variance function (4):

V =
1
p

s∑
j=1

 q∑
i=1

l̃4ij −

( q∑
i=1

l̃2ij

)2/
p

 (4)

where l̃ij =
lij

√
h
2
i

is the factor loading rotated and scaled by the

square root of the i th commonality [24]. Considering amatrix
of standardized data Z of X and the matrix of loadings L, the
matrix of factor scores (uncorrelated) F is given by (5):

F = Z
(
L
(
LTL

)−1
)

(5)

To determine s, Jolliffe [25] suggests Kaiser’s rule [26].
This rule selects only the main components with eigenvalues
greater than one (using the correlation matrix), and a cumu-
lative variance of at least 80%.

D. MULTIOBJECTIVE OPTIMIZATION
In a multiobjective optimization (MOP) problem, multiple
responses can present conflicting objectives, and individual
optimization can lead to different solutions [27]. Thus, the
goal is to find a solution that satisfies the objective func-
tions and their restrictions. There are several techniques for
solvingMOP.Among them, the normal boundary intersection
method (NBI) deserves attention. This method, proposed by
Das and Dennis [28], obtains a Pareto boundary in MOP
that does not depend on the relative scales of objective
functions, producing equispaced Pareto-optimal solutions.
However, this method can lead to inadequate results if the
responses to be optimized are correlated or have conflicting
objectives. This problem can be solved if the Pareto bound-
ary is generated from non-correlated functions, represented
by functions that represent the scores of the factors in fac-
tor analysis through the extraction by principal components
(PCA) [29]. The PCA technique obtains the eigenvalues
from the variance and covariance matrix or the correlation
matrix, using them as weights to multiply the default values
of the original dataset [30]. In this work, we use NBI with
rotated factor-score functions to determine the NN ensemble
weights. The NBI method is presented and summarized in
Figure 2. Figure 3 illustrates the NBI method in normalized
space for two objective functions.

The NBI method starts with the calculation of the elements
of the matrix payoff as in (6) [32]:
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whose main diagonal elements represent the individual opti-
mal values of the objective functions. Together, these values
form a utopia point f U =

[
f1
(
x1∗
)
. . . fi

(
x i∗
)
. . .fj

(
x j∗
)]
.
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FIGURE 2. Main steps of the NBI multiobjective optimization method.
Overview of the normal-boundary-intersection (NBI) procedure used in
this work to generate Pareto-efficient solutions for the multiobjective
optimization of ensemble weights.

FIGURE 3. Illustration of the NBI method in normalized objective space.
Graphical representation of the NBI approach showing the construction
of the convex hull of individual minima, the generation of evenly spaced
reference points on the utopia line, and the determination of the
corresponding Pareto-optimal solutions in normalized space (adapted
from Vahidinasab and Jadid [31]).

Additionally, Nadir point, denoted by f N =

[
f N1 . . . f Ni . . . f Nj

]
are the worst value found for each ith objective function
(worst values of each line in the 8 matrix). When the
objective functions have different scales, they are normalized
using (7):

f (x) =
fi (x)− f Ui
f Ni − f Ui

, i = 1, 2, . . . , j (7)

to get the normalized matrix 8̄. According to Vahdinasab and
Jadid [31] the convex combinations of each row of the nor-
malized payoff matrix will form the set of points in ‘‘The
Convex Hull of Individual Minima’’ (CHIM), also called the
Utopia line (8), i.e, for wi = (wi1, . . . , wij) ∈ Rj and

W =

wi, . . . ,wt ∈ Rj
: 0 ≤wti ≤ 1,

j∑
k=1

wtk = 1

 (8)

where t is the number of optimization subproblems to be
solved, the CHIM set is as in (9).

8̄w =
{
8̄w1, 8̄w2, . . . , 8̄wt

}
. (9)

Since n̂ is a normal vector to the utopia line at the points 8̄w
in the direction of the origin, 8̄w + Dn̂,D ∈ R is the vector
equation of the normal line to the utopia line passing through
the points of 8̄w. The point at which 8̄w + Dn̂ intersects
the boundary of the viable region closest to the origin will
correspond to the maximization of the distance (D) between
the utopia line and the boundary of the viable region, thus
marking an ideal solution point on that frontier. Thus, the NBI
method can be written as a nonlinear programming problem
as in (10) [33]:

Max(x,t)t = D

s.t. : 8w+ Dn̂ = Fx

x∈�. (10)

And it must be resolved iteratively to generate an equispaced
boundary. For the bi-objective case, a choice to generate the

weight matrix is through the relationshipwj = 1−

n∑
i=1

wi [34],

and problem 10 can be written in the form (11):

Minf̄1(x)

s.t. : f̄1 (x)− f̄2 (x)+ 2w−1 = 0

gr (x) ≤, r= 1, 2, . . . ,k

0 ≤ w ≤ 1 (11)

Let {z(s)}Ss=1 denote the set of Pareto solutions returned by
the NBI procedure, ordered along the front. We use the index
s to refer to the s-th NBI solution.

E. SHANNON ENTROPY AND GLOBAL
PERCENTAGE ERROR
According to Taboada et al. [35] the optimal Pareto solutions
set includes all rational decisions, with the decision maker
being responsible for choosing a solution among the exist-
ing solutions. However, due to the complexity of assigning
the weights to the objective functions, decision makers find
it difficult to choose a solution. Thus, several multiobjec-
tive decision-making techniques can be used. Among them,
we can highlight the metric developed by Rocha et al. [36],
combining the global percentage error index and the Shannon
entropy index.

Entropy quantifies uncertainty in a probability vector
and reaches its maximum when all outcomes are equally
probable. In our NN mixture, the ensemble-weight vector
w = (w1,. . . ,wz), with wi ≥0 and

∑
wi =1, represents the

mixing proportions assigned to the basemodels (RBF, Linear,
MLP). Following Shannon [37], we compute Eq. (12) and use
it to favor diversified ensembles (higher entropy) over overly
concentrated ones.

H = −

m∑
i=1

xiln (xi) (12)
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Here, xi denotes the i-th component of the ensemble
mixing-weight vector w = (w1, . . . ,wz), that is, the weight
assigned to the i-th base network used in the entropy
calculation.

Another strategy for determining weighting is the Global
Percentage Error (GPE). The GPE calculates the sum of the
differences in solutions at the Pareto frontier in relation to
their targets. GPE is calculated using the expression (13):

GPE =

j∑
i=1

∣∣∣∣y∗i − Ti
Ti

∣∣∣∣ (13)

where y∗i represents the values of the Pareto-optimal
responses, Ti are the defined targets, and j is the number of
objectives.

In this work, to choose a solution among the Pareto-optimal
solutions, a measure that uses both Shannon’s entropy and
GPE will be used; more specifically, the criterion will be the
maximum ratio between entropy and global percentage error
as in (14) [38]:

ζ =
H
GPE

(14)

The maximum value of ζ will correspond to the highest
entropy (resulting inweight diversification) and theminimum
distance between the optimal Pareto solution and the targets.

To further assess the robustness of this choice, we also
implemented an alternative scalarization based on the
Euclidean distance to the utopia point in the objective space.
For each Pareto-efficient solution s, we computed dU (s) =√∑

j (f
(s)
j − f Uj )2, where f (s)j denotes the normalized value

of the j-th objective and f Uj is its utopia target, and ranked the
solutions by increasing dU . Comparing the operating points
selected by the entropy/GPE ratio and by the utopia-distance
criterion shows that both approaches typically identify solu-
tions lying in the same short segment of the frontier, with very
similar forecast errors. However, in regions where several
Pareto solutions have comparable distances to the utopia
point, the entropy/GPE-based criterion systematically favors
ensembles with more diversified weight vectors, providing
a better balance between accuracy and model diversifica-
tion. In the present STLF context—where robustness to
model misspecification and data perturbations is impor-
tant in addition to point-forecast accuracy—this property
makes the entropy/GPE scalarization preferable to a purely
distance-based selection rule.

III. METHODOLOGY
In what follows, we adopt the following notation (summa-
rized in Table 3). For each time instant t , yt denotes the
actual load and ŷ(m)t the forecast produced by the m-th base
network, with residual e(m)t = yt − ŷ(m)t . The ensemble
forecast is written as ŷt =

∑z
m=1 wmŷ

(m)
t , where w =

(w1, . . . ,wz) is the vector of non-negative mixing weights
satisfying

∑
m wm = 1. The performance metric (MAPE)

TABLE 3. Main mathematical symbols and notation.

computed from {e(m)t } are collected in the response vec-
tor F(w), and the set S denotes the Pareto-efficient solutions
returned by the NBI procedure. All symbols are defined here
before being used in the subsequent equations.

To determine the weights for linearly combining the resid-
ual series produced by the neural networks (and then forming
the ensemble forecast), this study follows the steps illustrated
in Figure 4.
The steps of the flowchart are:

a) Data collection of electrical load time series of distribu-
tion substations.

b) Selection of z neural networks to be part of the ensemble.
Then, the residual series is generated for each of these
neural networks, and each time series is considered in
step (a).

c) A mixture design of experiments (MDE) [38] is
defined to combine the residual series obtained in the
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FIGURE 4. Flowchart of the proposed ensemble-optimization
methodology. Block diagram of the complete workflow used to construct
and optimize the neural-network ensemble, including data preprocessing,
feature construction, mixture-design generation, NBI-based
multiobjective optimization, and final evaluation.

previous step. More specifically, through a lattice sim-
plex design {q, m}, p sets of weight vectors containing
z weights are used to make a linear combination of the
residual series obtained in the previous step to obtain the
combined residual series.

d) Calculation of forecast performancemetrics. In this step,
jmetrics are calculated for each combined residual series
obtained in step (c), obtaining the mathematical models
representing these metrics.

e) If there is a correlation between the modeled responses,
the factor analysis technique (considering a linear factor
analysis model with extraction by principal components
and Varimax rotation) will be applied to reduce the
dimensionality of the problem as well as the repetition
of information, being the number of factors retained
determined by the Kaiser’s rule [23], [26]. If there is no
correlation, we apply step (g).

f) Mathematical modeling of factors using mixture design.
g) Solving the multiobjective optimization problem and

selecting the solution that maximizes the entropy of the
ensemble-weight vector (Shannon), in ratio with GPE.

According to Figure 4, the methodology for short-term elec-
tric load forecast proposed in this study begins with the
collection of data from the time series S1, S2, S3, and S4 of the
power distribution substations 1, 2, 3, and 4 shown in Figure 5
(step (a)).

Each time series has ∼32 days of hourly measurements
(761 points). According to Figure 5, 689 data points were
used in training neural networks, and the remainder (72 obser-
vations) were used for validation. We split each series
chronologically: the first 689 hours for training (model fitting
and mixture-design/NBI optimization), and the last 72 hours
as a validation segment for performance reporting. No data
from the validation period are used for model fitting.

In this study we did not adopt full k-fold cross-
validation or rolling-window evaluation because each run

FIGURE 5. Training and validation segments for the substations.
Standardized hourly load time series for Substations 1–4 over the
∼32-day observation window, indicating the 689-sample training
segment and the 72-sample validation segment used in the experiments.

requires retraining three neural architectures and executing
the mixture-design plus NBI-based ensemble optimization;
repeating this entire pipeline over many folds or forecast
origins would substantially increase computational cost and
complexity for the comparative analysis.

This choice reflects an operational scenario in which STLF
models are trained on approximately four weeks of the most
recent data and evaluated over a 72-hour horizon match-
ing the longest forecast range considered, thereby capturing
several repetitions of daily and weekly load patterns while
keeping the experimental design computationally tractable.
We acknowledge that this relatively short data span limits the
assessment of longer-term generalization and regard exten-
sions with longer training and evaluation windows as an
important direction for future work.

The neural networks were trained on the 689-sample train-
ing segment using mini-batch stochastic gradient descent.
For the MLP, we used a learning rate of 0.01, a mini-
batch size of 32, and a total of 292 epochs (100 epochs
of backpropagation followed by 192 epochs of conjugate-
gradient refinement). During the backpropagation phase,
we employedmomentum of 0.9, while the conjugate-gradient
phase followed the default line-search settings of the training
toolbox. The Linear and RBF networks were estimated in
closed form via singular-value decomposition (SVD) on the
full batch of training data; therefore, iterative hyperparame-
ters such as learning rate and epoch schedule do not apply to
these models.

All simulations and analyses were carried out in Python.
Neural-network models were implemented using the Keras
API with a TensorFlow backend, while data preprocessing,
feature construction, and evaluationmetrics relied onNumPy,
pandas, and scikit-learn, with SciPy used for statistical tests
and Matplotlib for visualization.

In step (b), three neural networks were selected to be
part of the ensemble: a linear neural network, radial basis
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function (RBF), and multilayer perceptron (MLP), whose
architecture and training algorithms are shown in Table 4.

By combining a Linear Network, a Radial-Basis-Function
(RBF) Network and a Multilayer Perceptron (MLP) into a
single ensemble, we deliberately exploit the bias–variance
trade-off and structural diversity that ensemble theory iden-
tifies as prerequisites for error reduction: the Linear model,
with high bias and very low variance, captures nearly
linear global trends and offers immediate interpretability;
the RBF, whose locality and moderate, centre-controlled
variance let it respond to sharp events such as feeder
switching or public-holiday demand spikes, fills the gaps
that global models typically smooth out; and the MLP,
with low bias and higher variance, represents complex
nonlinear and seasonal interactions thanks to its univer-
sal approximation power. Beyond covering different regions
of influence (global vs. local), each network is trained
with a distinct algorithm (pure gradient descent, cluster-
ing + least squares, back-propagation), injecting estimation
noise that lowers residual-error correlation—an empirically
demonstrated driver of RMSE/MAE improvements in recent
load-forecasting studies.

In short-term load-forecasting, where quasi-linear tem-
perature trends, abrupt operational changes and strongly
nonlinear consumption patterns coexist, this trio spans the full
representational spectrum and delivers more stable, accurate
forecasts at negligible extra cost: the Linear model trains
in milliseconds, the RBF in seconds and the MLP in min-
utes. Consequently, the ensemble is grounded both in classic
bias–variance theory and in contemporary evidence on het-
erogeneous ensembles, while its strengths map cleanly onto
the operational realities of electric-power systems—a robust
rationale for its adoption.

For theMLP, we employed L2weight decay (λ = 1×10.4)
together with dropout regularization, using a dropout rate of
0.2 on the first hidden layer and 0.1 on the second, to mitigate
overfitting on the relatively short training window. For the
RBF network, a small ridge term (λ = 1 × 10.4) was added
to the SVD-based solution of the output weights to stabilize
the inversion of the design matrix.

It is worth noting that the ensemble deliberately focuses on
three relatively simple yet structurally diverse base models
(Linear, MLP, and RBF). This controlled choice keeps the
computational burden manageable and allows us to clearly
isolate the contribution of the mixture design, PCA-based
dimensionality reduction, and NBI-based multi-objective
weight optimization, while acknowledging that more com-
plex deep learning architectures are not included in the
present study.

To clarify the training configuration, the MLP was opti-
mized using mini-batch stochastic gradient descent with a
fixed learning rate of 0.01 and momentum of 0.9 during
the backpropagation phase, followed by a conjugate-gradient
refinement phase with the same mini-batch size and default
line-search parameters. The Linear and RBF networks were
trained by solving a regularized least-squares system via SVD

TABLE 4. Architectures and training settings of the base neural networks.
Summary of the architectures and training characteristics of the three
neural networks used in the ensemble (Linear, RBF, and MLP), including
number of layers and neurons, activation functions, training algorithms,
and regularization parameters.

on the full training batch, which corresponds to a single-
epoch, full-batch optimization without iterative learning-rate
updates.

In this study, NNs are used to analyze time series. Thus,
the input is a sample (yt−1, yt−2, . . . , yt−k ) of the time series,
with a delay of k time units. Since the series has 24-hour
seasonality (identified via a Fast Fourier Transform), we set
the delay to (k= 24) time units. Data referring to themeasure-
ment period and day were associated with these measures.
To facilitate the detection of important relationships and assist
in learning neural network patterns, the time series inputs yi
have been standardized.

The input layer of each neural network has 144 neurons,
corresponding to a 24-hour sliding window of substation load
and calendar information. For each forecast time, we build
a 24 × 6 input matrix in which each row contains six fea-
tures: the day of the week, the time-of-day shift (morning,
afternoon, evening, night), and the standardized loads of the
four substations (S1–S4). This 24 × 6 matrix is then stacked
and vectorized into a 144-dimensional input vector that feeds
the networks. The day of the week is encoded as an integer
from 1 (Sunday) to 7 (Saturday), and the time-of-day shift
is encoded from 1 to 4 for morning, afternoon, evening, and
night, respectively.

Each network produced four outputs referring to the fore-
cast of a step forward for each substation and each lagged
input (yt−1, yt−2, . . . , yt−k ). After training the neural net-
works, each network produced four residual series rij (where
i= 1, 2, 3 represents the RBF, Linear, and MLP networks,
respectively, and j= 1,. . . ,4 substations, in that order) total-
ing 12 series of residues with 665 observations. In step
(c), a mixture design of experiments (MDE) [38] was cho-
sen to combine the residual series obtained in the previous
step. More specifically, using a simplex lattice {3, 5} design
(see Figure 6), 25 weight vectors wk = [w1k w2k w3k ],
k = 1, . . . , 25, were defined. For each vector wk and each
residual series obtained in step (b), the combined residual
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series rckj (with 665 observations) were calculated using (15):

rckj =

3∑
t=1

wtkrijk= 1, . . . , 25,j= 1, . . . , 4. (15)

FIGURE 6. Simplex-lattice {3,5} mixture design for ensemble weights.
Simplex-lattice {3, 5} design on the unit simplex used to generate
candidate combinations of the three ensemble weights (w1, w2, w3)for
residual mixing and subsequent multiobjective optimization.

IV. RESULTS AND DISCUSSION
A. ENSEMBLE-WEIGHT OPTIMIZATION
Factor analysis reduced the four sub-station MAPEs to two
orthogonal factors F1 and F2. Applying the NBI algorithm to
these factors produced a Pareto frontier (Figure 7). The solu-
tion that maximizes the Shannon-entropy/GPE ratio s = 11
(with s indexing the NBI Pareto solutions {z(s)}Ss=1) which
yields the weights w = [0.333, 0.412, 0.255] to the RBF,
Linear and MLP residuals respectively (first row of Table 5).
Here, ‘Entropy’ refers to H(w) computed on the ensemble
mixing weights (not on objective-function weights). This
balanced combination is used in all subsequent tests.

FIGURE 7. Pareto frontier in the reduced objective space. Pareto frontier
illustrating the trade-off between the two reduced factors F1 and F2
obtained from PCA of the multi-metric responses, for the
ensemble-weight optimization problem; each point corresponds to one
weight combination from the mixture design.

TABLE 5. Optimization results along the Pareto frontier.
Normal-boundary-intersection (NBI) optimization results for the selected
Pareto-efficient solutions, reporting the ensemble weight vector
(w1, w2, w3), the corresponding values of the reduced factors F1and F2,
and the associated entropy and global percentage error (GPE) indices for
each solution.

Figure 8 shows various weight combinations w1, w2, and
w3 within the doable region (w1 + w2 + w3 = 1, wi ≤ 0, and
wi ≥ 1) and their respective values forF1 andF2. These points
are dominated by Pareto-optimal solutions, which determine
the boundary.

We can see from the overlaid contour graph on Figure 9
that the chosen solution (s= 11, highlighted in red) belongs
to the viable region and has the shortest distance from the
optimum individual functions F1 and F2 (highlighted in black
dots). The graph also shows how the solutions behave for
different values of β in the optimization problem as in (11).
The more a function is prioritized, the closer the solution is
to the optimum individual.

Using the criterion of the maximum ratio ζ , the best solu-
tion among the solutions was s = 11. To assess the stability
of this choice, we performed a sensitivity analysis of the
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FIGURE 8. Viable weight combinations and Pareto-optimal boundary.
Feasible weight solutions in barycentric coordinates (w1, w2, w3)
mapped over the mixture-design space, together with the Pareto-optimal
boundary that delineates the set of nondominated ensemble
configurations.

FIGURE 9. Contour plot and selected ensemble solution in the mixture
space. Overlaid contour plot of the reduced factors F1 and F2 on the
simplex-lattice design, highlighting the chosen ensemble solution (s = 11)
relative to the region of best compromise between the two objectives.

entropy/GPE-based selection rule. Starting from the Pareto
set reported in Table 5 and the contour representation in
Figure 9, we perturbed the exponents and weights that control
the relative importance assigned to entropy and GPE over
a wide, yet reasonable, range and recomputed the resulting
scalarization for all Pareto solutions. In the vast majority
of configurations, the preferred solution remained s = 11;
in the few cases where nearby solutions were selected, the
corresponding weight vectors (w1,w2,w3)and performance
metrics were very close to those of s = 11. These findings
indicate that the ensemble-weight vector associated with the
chosen operating point is only weakly affected by moder-
ate changes in the scalarization parameters, confirming the
robustness of the weight-selection procedure. However, all
other points on the Pareto Frontier also represent Pareto-
optimal solutions. The vector of viable solutions (s = 11)

is Pareto optimal (Figure 10), since no viable point can
reduce any objective function without causing a simultaneous
increase of at least some objective function. Note that it is
impossible to reduce the value of y1 (and/or y2) without
increasing the value of y3 (and/or y4).

FIGURE 10. Behavior of original responses along the Pareto frontier.
Variation of the original performance responses y1–y4 (MAPE) across
successive Pareto solutions, showing how improvements in one metric
impact the others along the frontier.

B. VALIDATION PERFORMANCE
Table 6 compares validation-set performance of the ensemble
with its three constituent networks for 24-, 48- and 72-step
horizons. Across all substations the ensemble lowers MAPE
by 15 – 25 % relative to the best single model (e.g. Substa-
tion 1, 24-step: 0.027 vs 0.033; Substation 4, 48-step: 0.079 vs
0.085). Similar gains are observed for RMSE and MAE.

To statistically assess the performance gains of the opti-
mized ensemble, we conducted paired t-tests comparing the
ensemble errors with those of the individual RBF, Linear, and
MLPmodels over the 12 evaluation cases. In all comparisons,
the ensemble achieved a lower average error (e.g., mean
MAPE of 0.0501 versus 0.0645, 0.0707, and 0.0650 for the
RBF, Linear, and MLP models, respectively). The paired
t-tests (one-sided, testing whether the ensemble error is
smaller) yielded p-values of 4.2 × 10.6, 3.7 × 10−3, and
7.3×10.4 for RBF, Linear, and MLP, respectively, indicating
statistically significant improvements at the 5% level. These
results were confirmed byWilcoxon signed-rank tests, which
also favored the ensemble in all cases. The corresponding
paired Cohen’s d values (0.95–2.25) further indicate large to
very large effect sizes, underscoring the practical relevance
of the observed performance gains.

From a methodological standpoint, the proposed frame-
work is complementary to contemporary ensemble-learning
techniques such as boosting (e.g., XGBoost), bagging, stack-
ing, and Bayesian model averaging. While these approaches
mainly focus on how base learners are generated or com-
bined, our contribution lies in the systematic tuning of
ensemble weights via mixture design and NBI-based multi-
objective optimization. Future work will explicitly combine
these strategies with the present framework to provide a more
direct empirical comparison and to quantify the added value
of each component.
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TABLE 6. Validation-set forecasting performance (MAPE). Mean absolute
percentage error (MAPE) on the 72-hour validation segment for
Substations 1–4 at 24-, 48-, and 72-step horizons, comparing the three
individual neural networks (Linear, RBF, MLP) and the proposed
ensemble; lower values indicate better accuracy.

C. FORECAST TRACE ILLUSTRATION
Figure 11 juxtaposes the ensemble prediction (red) against
the actual load (blue) for Substation 1. The model captures
both the diurnal envelope and short-lived spikes with minimal
phase lag, illustrating its operational usefulness for day-ahead
scheduling.

D. PRACTICAL IMPLICATIONS
The optimized weights exploit complementary strengths: the
Linear network anchors the global trend, the RBF model
sharpens local corrections, and the MLP absorbs residual
nonlinearities. Because the weight vector sits near the center
of the Pareto set, small deviations in the training data are
unlikely to substantially degrade accuracy—an asset for real-
time deployment.

E. SOLUTION DEPLOYMENT
From a deployment perspective, the proposed ensemble can
be integrated as an additional forecasting module within a
distribution utility’s existing STLF workflow. In an oper-
ational setting, the models are trained or updated off-line
using recent historical load data and the corresponding calen-
dar/holiday features, whereas the on-line stage only requires
feeding the most recent load measurements and time-related
covariates to the three base networks and applying the
precomputed ensemble weights. This separation between
off-line optimization and lightweight on-line inference keeps
the computational cost compatible with near real-time oper-
ation on standard utility-grade servers.

The required input data streams—hourly substation
load, basic calendar information (day, hour, weekday/
weekend, holidays), and any optional exogenous variables if
available—are routinely collected in modern SCADA/EMS
infrastructures. The ensemble forecasts can be exported as
time-stamped load profiles to existing decision-support tools
for scheduling and dispatch, with integration implemented
via standard database queries, file-based interfaces, or web
APIs. In this way, the proposed ensemble outputs can be
interfaced with existing SCADA/EMS environments without

FIGURE 11. Forecasting results for Substation 1 with uncertainty
information. Comparison between actual load and ensemble forecasts for
Substation 1 at 24-, 48-, and 72-step horizons; similar behavior was
observed for Substations 2–4.

changes to downstream applications, which simply consume
the forecast trajectories produced by the model.

V. CONCLUSION
This study proposed a multivariate optimization framework
for short-term load forecasting at the distribution-substation
level, based on a neural-network ensemble whose weights
are tuned through mixture design of experiments, fac-
tor analysis with principal-component extraction, and NBI
multi-objective optimization. By explicitly modeling the
ensemble-weight vector on the probability simplex and
operating on orthogonalized error factors, the methodology
provides a structured alternative to heuristic or single-metric
ensemble-weight selection.

Applied to hourly data from four Brazilian distribution
substations over 24-, 48-, and 72-step horizons, the opti-
mized ensemble consistently outperformed its constituent
Linear, RBF, and MLP networks. Reductions in MAPE
of up to 20% relative to the best individual model were
observed, with similar gains for RMSE and MAE. Paired and
nonparametric tests indicated that these improvements are
statistically meaningful. From an operational standpoint, the
framework is compatible with standard SCADA/EMS infras-
tructures: the computationally intensive weight-optimization
and model-training steps are performed off-line, whereas
on-line deployment requires only lightweight inference of
three base networks followed by a fixed linear combination.
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The work also contributes methodologically by inte-
grating mixture-design concepts, factor-analysis/PCA-
based dimensionality reduction, and entropy/GPE-based
scalarization along the Pareto frontier into a coherent
ensemble-construction pipeline. This perspective comple-
ments conventional ensemble approaches (bagging, boosting,
stacking, Bayesian averaging), which typically optimize a
single aggregate loss or rely on ad hoc voting schemes,
by highlighting how multi-criteria trade-offs and weight
diversification can be handled in a principled way.

At the same time, several limitations suggest avenues
for future research. The empirical study considered a lim-
ited number of substations and a relatively short training
window, and focused on three classical neural-network archi-
tectures without performing a full ablation study of the
mixture-design, PCA, and NBI components. The primary
evaluation metric was MAPE, and comparisons with more
advanced ensemble and deep-learning schemes (e.g., LSTMs,
CNNs, Transformer-based models, stacking or boosting
frameworks) were not exhaustively explored. Extending
the analysis to larger and more heterogeneous datasets,
richer model families, broader sets of error and probabilis-
tic metrics, and systematic ablation/benchmarking studies
would provide a more detailed assessment of the individ-
ual and joint contributions of each block in the proposed
pipeline.

Overall, the multivariate optimization-based ensemble pre-
sented here offers a practical and scalable tool for improving
distribution-level STLF. Its reliance on standard neural-
network toolchains, modest run-time requirements, and clear
integration path with existing SCADA/EMS environments
make it a strong candidate for real-world deployment. Future
work will focus on larger-scale case studies, automated
retraining and monitoring procedures, and tighter coupling
with probabilistic and risk-aware decision-support tools in
modern smart-grid operations.

DATA AND CODE AVAILABILITY
The data and code that support the findings of this study
are openly available in the institutional repository of Federal
University at Itajubá at EnsembleSTLF.
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