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Abstract

Context: Dams are essential for electricity generation in Brazil.
Given the countrys vast territorial extent, it is crucial to optimize
the use of its energy sources, particularly the hydrological potential
of rivers. Problem: Flow forecasting in river basins is critical for
the safety and efficiency of operations. Underestimation errors can
increase the risk of dam overflow and failure, while overestimations
compromise water storage, affecting supply and power generation
during dry periods. Solution: This study proposes a dynamic selec-
tion method of machine learning models to achieve more accurate
and stable flow forecasts. IS Theory: The research is based on Dy-
namic Capabilities Theory, emphasizing the ability for internal
reconfiguration to address complex issues such as time series fore-
casting. Method: Data were initially normalized and temporally
adjusted to ensure consistency. A diverse set of base models was
selected based on their intrinsic characteristics, then integrated into
a dynamic ensemble framework. Performance was evaluated using
MAPE and RMSE metrics, allowing comparative analysis between
the proposed dynamic ensemble and traditional deep learning mod-
els. Results: The dynamic selection approach showed significant
improvements, achieving errors of 23.88 (MAPE) and 852.97 (RMSE),
outperforming traditional and deep learning models. Contributions
and Impact in the IS Field: This work demonstrates that dynamic
model selection is a superior and promising approach compared
to isolated model use, offering a significant advancement for flow
forecasting in dam systems and contributing to more efficient water
resource management in the Brazilian context.

CCS Concepts

« Computing methodologies — Ensemble methods; « Infor-
mation systems — Decision support systems.
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1 Introduction

Hydroelectric dams are essential for energy production in Brazil.
Their significance is underscored by the fact that hydropower re-
sources accounted for 12.1% of the country’s energy resources in
2023, as shown in Figure 1, which presents Brazil’s energy matrix as
a reference for available resources for electricity generation. Addi-
tionally, the demand and use of these energy resources represented
58.9% of the Brazilian electrical matrix in 2023, as indicated in Fig-
ure 2. This importance is attributed to several factors, including
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the renewability of hydropower resources and Brazil’s established
infrastructure, both in terms of water distribution through its ex-
tensive river network and the numerous hydroelectric facilities
already constructed.

Figure 1: Brazilian Energy Matrix in 2023
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Figure 2: Brazilian Electrical Matrix in 2023
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Hydroelectric plants play a crucial and responsible role in Brazil-
ian society, generating over half of the country’s energy supply and
managing extensive resources. Mismanagement of these resources
can lead to serious issues. Underestimated inflows can prevent ade-
quate water release, increasing dam levels and the risk of overflow
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or, in extreme cases, dam failure. Such events could result in down-
stream flooding, impacting the safety of local communities, infras-
tructure, and river ecosystems [20]. Additionally, unplanned floods
can cause significant economic losses, affecting residences, indus-
tries, transportation networks, and agriculture. Therefore, accurate
flow forecasting is essential and any improvement in prediction
precision is of utmost importance for dam management [20].

1.1 Problem Statement

Time series, in a general context, are complex and unique, making
them challenging to forecast. Often, models that perform well in
training, validation, and testing stages may still yield poor results
in real-world scenarios. This can happen for various reasons, such
as changes in the nature of the series due to external factors, the
predictive model entering an undertrained region, or the model
becoming outdated over time, necessitating re-modeling [10].

In general, relying on a single predictive model is not an ideal
solution, as it may adhere to a narrow view of the data. As the
data evolves, a single model may fail to adapt to these changes [21].
Therefore, ensemble methods have gained prominence, especially
those employing model selection strategies. Static ensembles main-
tain a fixed combination of models throughout the forecasting pro-
cess, while dynamic ensembles adapt their composition or weight-
ing based on the performance of models over time. This work will
compare the performance of static and dynamic ensemble strategies
and contrast their results with those obtained from individual base
models traditionally used in time series forecasting. The goal is
to evaluate whether the flexibility provided by dynamic selection
can yield significant improvements over static selection and single
models, particularly in non-stationary environments.

1.2 Justification

Traditional models tend to experience performance degradation
over time. To address this, various application fields have adopted
the use of multiple combined models, known as ensembles, rather
than relying on a single model. Ensembles are the combination of
multiple base models [1].

Ensembles save significant effort in the search and modeling
stages, as it is common practice to exhaustively test multiple models
until an optimal model is situationally identified. However, the most
frustrating aspect is that, despite this extensive effort, a single model
alone does not ensure long-term performance stability.

This is why ensembles that dynamically select base models are
particularly advantageous for this field of application. When a base
model’s performance begins to degrade, it is replaced by a more
promising model for that temporal context [1].

2 Literature Review

2.1 Time Series Forecasting

Time series forecasting is a critical field across multiple disciplines,
aiming to estimate future values based on observed data over time.
Its application is crucial in scenarios where anticipating changes
can guide strategic and operational decisions, such as in economics,
resource planning, risk management, and demand forecasting [8].
However, time series forecasting is a complex challenge due to
the dynamic and multifaceted nature of the variables involved,

Jheymesson Apolinario Cavalcanti, J.A. Cavalcanti, Roberta Andrade de Araujo Fagundes, and R.A.A. Fagundes

which often follow nonlinear patterns and exhibit interdependent
relationships that are difficult to model [5].

One of the main difficulties in time series forecasting is the
presence of trend, seasonality, and cyclical components that interact
in a non-trivial way and often vary over time [13]. These variations
can be influenced by external factors, such as economic, political,
or environmental changes, introducing breaks or alterations in
the series patterns. Additionally, noise in the data, that is, random
variation without any identifiable pattern, can obscure underlying
relationships and increase forecast uncertainty [6].

Another obstacle is the intrinsic temporal dependence of ob-
servations, where past events directly influence future behavior.
Effectively modeling these relationships requires the capability to
capture both short- and long-term dependencies and to identify
which factors hold predictive relevance in each period. Further-
more, the robustness of predictive models is constantly challenged
by structural shifts in data, which can invalidate previously effective
methods, requiring an adaptive approach to accommodate new pat-
terns. Thus, time series forecasting demands advanced and flexible
methodologies that allow for a deep understanding of the data and
the ability to adapt to their temporal complexity and variability [15].

Another crucial point of this proposal is not to combine the
final models but to select a single final model to represent the
ensemble as a whole. This approach is applied to the dynamic
selection method by recent error window, making the model simpler
and more efficient.

2.2 Base Models

The ARIMA (AutoRegressive Integrated Moving Average) model
is widely used for modeling and forecasting time series, particu-
larly effective for data exhibiting seasonal patterns and trends over
time [24]. It combines three main components: the AutoRegres-
sive (AR) term, representing the relationship between the current
value and past values of the series; the Integrated (I) term, refer-
ring to differencing, a process that makes the series stationary by
calculating the difference between consecutive values; and the Mov-
ing Average (MA) term, which uses the average of past errors to
improve predictions. The ARIMA model equation is given by (1),
where Y; is the current value, c is the model constant, ¢, .. ., ¢p are
the autoregressive components, 6y, . . ., Hq are the moving average
coefficients, and e; is the random error.

Y; = C+¢1 Yt_1+¢2 Yo+ '+¢p Yt—p+91 er—1+6re5_o+ - -+9qet_q+et
(1)

The Multilayer Perceptron (MLP) is a type of artificial neural
network primarily used for classification and regression problems.
It consists of multiple layers of neurons: an input layer, one or more
hidden layers, and an output layer, where each layer is fully con-
nected to the next. MLP uses a nonlinear activation function, such
as ReLU (Rectified Linear Unit) or sigmoid, to allow the network
to learn complex, nonlinear patterns. The learning process in MLP
is achieved through backpropagation, which adjusts the weights
®;j between neurons to minimize the error between the network’s
predictions and the actual values, with x; representing inputs and
bj as the bias. The output of each neuron y; in a hidden or output
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layer is described by equation (2), where f is the activation function
of the artificial neuron [25].

Yj :f(ZWijxi+bj) )
i=1

The Support Vector Regression (SVR) is primarily used for regres-
sion problems, being an adaptation of the Support Vector Machine
(SVM) for forecasting continuous values. SVR aims to find a function
that fits the data such that the prediction error is within a margin e,
while minimizing model complexity. The SVR prediction function
is represented by (3), where x; represents support vectors, ; and
a; are Lagrange multipliers adjusted during training, K (x;, x) is
the kernel function that calculates the similarity between samples
x; and x, and b is the bias term. The kernel function enables SVR to
capture nonlinear relationships in the data, commonly using linear,
polynomial, or RBF (Radial Basis Function) kernels [18].

£ =) (@i — @)K (xi,x) + b 3)
i=1

The Extreme Learning Machine (ELM) is a single-layer neural
network, mainly used for classification and regression tasks, known
for its computational efficiency. In ELM, the weights w; between
the input layer and the hidden neurons, as well as the biases b;,
are randomly set and remain fixed, while only the weights f; of
the output layer are adjusted to minimize the error. The ELM pre-
diction function is represented by (4), where f(x) is the predicted
output for an input x, g is the activation function (such as sigmoid,
ReLU, or hyperbolic tangent), and N is the number of hidden layer
neurons. The simplicity of ELM training, where an analytical so-
lution determines the output weights, makes it extremely fast and
efficient, especially on large datasets [16].

N
Fx) =) Biglwi-x +by) )
i=1

Finally, the Long Short-Term Memory (LSTM) is a recurrent neu-
ral network architecture designed to model long-term dependencies
in sequential data, widely used in time series forecasting and natural
language processing. LSTM overcomes gradient vanishing issues
common in recurrent networks by introducing a "memory cell”
with three gates controlling the flow of information: input, forget,
and output gates [9]. The memory cell update is represented by
equations (5):

fr =oc(Wr - [he—1,x¢] + by) (5)
Where x; is the current input, h;_1 is the previous hidden state,
Cy is the cell state, f;, it, and o; are the forget, input, and output
gate activations, W and b are weights and biases, o is the sigmoid
function, and tanh is the hyperbolic tangent. The LSTM effectively
learns which information to retain and discard over sequences,
making it powerful for capturing long-term patterns in sequential
data.

2.3 Ensembles

The production of an ensemble for time series forecasting involves
three main phases: generation, selection, and composition. Each of
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these stages plays a critical role in developing a robust and accurate
model capable of capturing the inherent complexity and variability
of temporal data [7].

(1) Generation: The generation phase is responsible for creat-
ing a diverse set of forecasting models that will serve as
the base for the ensemble. In the context of time series, this
diversity is essential to capture different patterns, such as
trends, seasonality, and cyclic fluctuations, which may not
be adequately modeled by a single model. Generation can
be carried out in several ways, including using different
learning algorithms (e.g., neural network-based methods,
statistical methods, regression models), varying hyperpa-
rameters for the same algorithm, or even using different data
approaches, such as variations in time windows. The diver-
sity of generated models enhances the ensemble’s ability to
handle distinct patterns and reduces the risk of overfitting
to specific patterns.

(2) Selection: The selection phase is crucial for identifying the
most effective models from the generated set, adjusting the
ensemble to maximize its predictive accuracy. In time series
forecasting, this selection can be performed in a static or
dynamic manner. Static selection considers the performance
of models on a fixed validation dataset, selecting those with
the best performance for the final ensemble. Dynamic selec-
tion, on the other hand, adapts the selected model set based
on recent data behavior, such as the recent error window
or K-Nearest Neighbors (KNN) approach, which prioritizes
models that have proven more effective in capturing patterns
similar to the current period. Proper model selection enables
finer adaptation of the ensemble to the dynamic nature of
time series.

(3) Composition: The composition phase is the process of com-
bining the predictions of the selected models to generate
a final ensemble forecast. There are several approaches to
combining models, with the most common being simple aver-
aging, weighted averaging, and more complex combinations,
such as stacked regression or adaptive weighting networks.
Weighted averaging is particularly useful in time series, as
it allows greater influence to be attributed to models that
have proven more accurate in recent forecasts. In more ad-
vanced contexts, combination techniques based on adaptive
learning allow the ensemble to adjust over time, assigning
dynamic weights based on performance at each point in the
series. The composition phase is essential for balancing each
model’s contribution so that the ensemble provides not only
high accuracy but also robustness and stability throughout
the series.

In summary, the three phases of producing an ensemble for time
series forecasting—generation, selection, and composition—work
in synergy to build a predictive model capable of handling the
complexity of temporal data. Diversity in generation, adaptability
in selection, and robustness in composition are key elements to
achieving accurate and reliable predictions, especially in dynamic
and challenging data environments. This work focuses on the se-
lection phase of base models, specifically on pruning models for
optimized ensemble performance.
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2.3.1 Static Selection. In time series forecasting, the use of hetero-
geneous ensembles composed of different predictive models is an
effective strategy to improve forecast accuracy and robustness. The
combination of models with complementary characteristics allows
for the capture of various patterns and dynamics within the time
series, such as trends, seasonality, and random fluctuations, which
may be better represented by specific models. In the context of het-
erogeneous ensembles, two widely used approaches for selecting
models for the ensemble are fixed static selection and weighted
static selection [2].

Fixed static selection involves pre-defining the models that will
compose the ensemble without dynamic adjustments over time
follows a simplified diagram of its architecture in the Figure(3). The
models are selected based on their historical performance on the
training dataset, and this composition remains unchanged through-
out the forecasting process. This approach is advantageous in terms
of simplicity and computational efficiency, as it avoids frequent
recalibrations and allows for a more straightforward ensemble im-
plementation. However, a challenge with this approach is that it
may be less adaptive to changes in the characteristics of the time
series, such as structural shifts or pattern changes over time, which
may necessitate adjustments in the composition of selected mod-
els [11].

Figure 3: Simplified static ensemble architecture
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On the other hand, weighted static selection advances by assign-
ing fixed weights to each model in the ensemble, also based on their
historical performance. This weighting aims to reflect each model’s
relative contribution to the final forecast, with better-performing
models receiving higher weights as shown in the Figure(4). The
final forecast is then calculated as a weighted average of the indi-
vidual model forecasts. This approach can capture the time series
behavior more robustly by adjusting each model’s influence based
on its relative performance, allowing for greater flexibility with-
out the need for dynamic weight changes during the forecasting
process [22].

While both static approaches do not respond to sudden data
variations, they offer practical implementation advantages and
lower computational costs, making them viable options for sce-
narios where the stability of time series patterns is reasonably
assured. In summary, fixed and weighted static selection provide
a solid methodological basis for constructing efficient heteroge-
neous ensembles in time series forecasting, as long as data stability
conditions are observed and the limitations of adaptation to new
dynamics are considered [22].
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Figure 4: Simplified architecture of the weighted static en-
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2.3.2  Dynamic Selection. Dynamic selection of a heterogeneous
ensemble in time series forecasting is an advanced approach aimed
at improving forecast accuracy and adaptability. Instead of using a
fixed combination of models throughout the entire series, as in static
ensembles, dynamic selection adjusts each model’s contribution as
the data behavior changes. This approach allows for responses to
temporal changes, such as seasonal shifts, structural breaks, and
short-term patterns, providing more robust and accurate forecasts
in complex and dynamic scenarios.

A popular technique for performing this dynamic selection is
the K-Nearest Neighbors (KNN), which selects, at each forecast
instance, the models in the ensemble that performed best on similar
past observations. In the context of time series forecasting, KNN
can be applied by identifying historical periods in which the series
conditions (such as trend and seasonality) are close to the current
conditions. Models that achieved the lowest errors in these similar
periods are then selected to compose the ensemble. This approach is
powerful in scenarios where the series exhibits recurring patterns,
allowing the ensemble to automatically adapt to historical cycles
and capture seasonal dynamics as shown in the Figure(6).

Figure 5: Simplified architecture of dynamic ensemble by
knn.
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Source: Author

Another dynamic selection technique is the recent error win-
dow [17], which considers the recent performance of models to
determine which ones should be selected. In this method, each
model is evaluated based on the errors it made in an immediately
preceding observation window. Models with the lowest average
error in this recent window are chosen to compose the ensemble,
as they have demonstrated better adaptation to the most recent
series behavior. This method is particularly effective in time series
that frequently change patterns, allowing the ensemble to quickly
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adapt to new conditions by prioritizing models that respond well
to the most current data behavior.

This method strongly aligns with the IS theory of dynamic ca-
pabilities, which emphasizes adaptability and reconfiguration in
response to rapidly changing environments. By continuously select-
ing the model that performs best in the recent error window, the
proposed architecture applies this theory by making a single-model
selection at each prediction interval as shown in the Figure(??).
Specifically, it identifies and utilizes only the model with the lowest
average error in the recent window as the sole representative of
the ensemble. This single-model selection approach simplifies the
ensemble output, reduces computational overhead, and ensures
that the forecasting process remains both efficient and highly adap-
tive to evolving data patterns, embodying the core principles of
dynamic capabilities.

Figure 6: Simplified architecture of dynamic ensemble by

knn.
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2.4 Contributions

Forecasting models frequently face the challenge of abrupt or grad-
ual changes in the nature of data, without prior indication, either
due to exogenous interferences or the stochastic dynamics of the
underlying processes. These changes, referred to as concept drifts
or shifts, are often identified late, compromising the accuracy of
previously trained models. As a result, such models may become
obsolete and require reconfiguration or replacement to maintain
predictive efficiency.

In this context, heterogeneous ensembles have emerged as a
robust solution, as in scenarios of data instability, the pruning and
updating policy of the ensemble itself can automatically adapt the
composition of the model set, mitigating the impacts of concept
changes.

The literature shows that the combination of diverse models
tends to outperform individual models, provided it is supported by
an effective strategy for selecting and removing suboptimal compo-
nents. Moreover, in highly complex problems, merely eliminating
low-performing predictors already constitutes a tangible benefit
for the system as a whole.

Another widely discussed aspect in the literature is that dynamic
model selection approaches usually outperform static strategies in
terms of accuracy and robustness [12]. The main contribution of this
work lies in the proposal of an adaptive method that monitors the
region of the vector space where forecasts are being generated, iden-
tifying situations in which the performance of the current model
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becomes unsatisfactory. Upon detecting these unfavorable regions,
the need for model replacement is signaled; however, this replace-
ment is carried out gradually, allowing the system to transition
smoothly between models, ensuring the stability and continuity of
forecasts.

This gradual transition process aims to prevent abrupt perfor-
mance oscillations in the system, contributing to a more robust
approach adaptable to changes in data patterns. This strategy aligns
with recent trends in the literature, which emphasize the impor-
tance of adaptive mechanisms and smooth transitions in the dy-
namic selection of predictors in non-stationary data environments.

2.5 Stages

This section outlines the research methodology employed in this
study, focusing on estimation using artificial neural networks (ANN).
Fig. 7 illustrates the four key phases in addressing the problem: prob-
lem understanding (Phase 1), data processing (Phase 2), problem
modeling (Phase 3), and finally, evaluation and discussion of results
(Phase 4).

&
Phase 1
{ Problem understanding

Phase 2
Data processing

Phase 3
Problem modeling

l: Phase 4

L Evaluation and discussion

Figure 7: Division of methodology into four research phases.
Source: Author

2.6 Problem Understanding

As previously mentioned, the context of time series forecasting is
highly complex and subject to rapid changes over short periods.
Applying the Dynamic Capabilities Theory allows the ensemble
model to remain stable and robust, with strong generalization po-
tential through model selection within the ensemble, a method that
tends to reduce error metrics and presents an excellent long-term
solution [23].

2.7 Data Processing

The data utilized consists of monthly average flow rates from three
Brazilian hydroelectric dams: Sobradinho, Tucurui, and Trés Marias,
covering historical records from January 1931 to February 2017.
Given the characteristics of Brazilian hydrographic basins, their
flow rates naturally exhibit frequent fluctuations between high and
low values. This variability is largely attributed to seasonal climatic
patterns, particularly alternating periods of floods and droughts.
Consequently, it is an inherent feature of these datasets to present
both extreme values and a high standard deviation, as indicated in
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Table 1. This table provides a statistical summary of the time se-
ries, detailing the dataset name, minimum and maximum observed
values, mean flow rate, and standard deviation (SD), respectively.

Initially, the data were normalized to a scale between 0 and 1
using linear normalization. This step prevents data-sensitive models
from prioritizing higher values. Subsequently, a 14-step lag was
applied to predict the next step, constituting a sliding window of 14
steps for one-step-ahead forecasting, selected through exhaustive
testing to provide sufficient information for model learning.

The data were then divided into 75% for training and 25% for test-
ing, ensuring temporal order preservation to respect the sequential
nature of time series data.

Table 1: Statistical summary of the datasets.

Dataset Minimum Maximum Mean SD

Sobradinho 226.62 15676 2606.23  1941.17
Tucurui 1269 51539 10935.24 9182.30
Trés Marias 40.48 4435 677.31 600.51

2.8 Modeling

2.8.1 Base Models. The base models, or monolithic models, were
selected based on their unique characteristics as follows:

o ARIMA: Extensively used in the literature, it performs well
on series with linear dependencies.

e Multi-Layer Perceptron (MLP): A stochastic-based model
that is effective with non-linear dependencies.

e Support Vector Regression (SVR): An adaptation of Sup-
port Vector Machine (SVM) for regression tasks; unlike MLP,
it is non-stochastic and handles non-linear data well.

e Extreme Learning Machine (ELM): Known for high per-
formance and excellent generalization, particularly effective
with non-linear dependencies.

e Long Short-Term Memory (LSTM): A deep learning model
with gated memory units, excelling in capturing long-term
dependencies in sequential data.

2.8.2 Ensembles. There are two possible approaches for choosing
base models to construct an ensemble: homogeneous and hetero-
geneous. The homogeneous ensemble uses variations of a single
model, while the heterogeneous ensemble comprises different base
models, each contributing uniquely to the final result. For this
study, a heterogeneous ensemble was chosen due to its superior
generalization capability.

The heterogeneous ensemble employed includes the base models
described in Section 2.8.1. The choice of a heterogeneous ensemble
ensures that diverse learning biases contribute to the final result,
leading to a more consistent and fair outcome.

2.9 Evaluation Metrics

This study employs two widely-used performance metrics in time
series forecasting literature: the Mean Absolute Percentage Error
(MAPE) and the Root Mean Square Error (RMSE), as defined in
Equations (6) and (7), respectively.
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Lower values indicate better model performance, with MAPE
providing error as a percentage of expected output and RMSE mea-
suring the squared error difference between predicted and actual
outputs. These metrics were chosen because they are among the
most widely used in the literature, ensuring consistency and com-
parability with previous studies.

2.10 Optimization

Lag selection was performed using exhaustive testing, yielding a
14-step window for one-step-ahead forecasting. For hyperparame-
ter optimization of machine learning-based models, Particle Swarm
Optimization (PSO) was utilized. PSO is a swarm intelligence-based
optimization technique, widely used to tune hyperparameters of
complex models such as LSTM, SVR, MLP, and ELM in time series
forecasting [14]. PSO models a group of particles exploring the
solution space to find optimal configurations. Each particle repre-
sents a potential solution, iteratively updating its position based
on individual and group experiences, balancing exploration and
exploitation [19].

For each model’s hyperparameters, PSO updates particle po-
sitions according to Equation (8), where v;(t) is the velocity of
particle i at time ¢, x;(¢) is the current position, p; represents the
particle’s best-known position, g denotes the global best position,
w is the inertia factor, and c1, ¢z are learning coefficients with ran-
dom factors r; and rp. This update enables particles to adjust their
positions based on the best local and global solutions, converging
to an optimized hyperparameter configuration.

0i(t+1) =w-0;(t) +cy-r1- (pi —xi(t)) +ca-r2- (g —xi(t)) (8)

Applying PSO to models such as LSTM, SVR, MLP, and ELM,
each particle’s configuration is evaluated using error metrics like
RMSE and MAPE. For LSTM and MLP, PSO adjusts parameters
such as the number of layers and learning rate; for SVR, it opti-
mizes the regularization parameter and margin of error; for ELM,
it determines the ideal number of neurons and activation function.
At the end, PSO identifies the configuration that maximizes pre-
dictive accuracy and generalization capability, enhancing forecast
robustness for time series data.

In contrast, the ARIMA model was optimized using the autoarima
function, which selects and calculates optimal hyperparameters for
the dataset [3].

3 Results

The proposed modification to the dynamic selection model using
a recent error window approach demonstrated highly promising
results, effectively identifying the optimal models at critical mo-
ments and thereby reducing prediction errors. It is noteworthy that
the datasets in this study have high magnitudes, where even slight
percentage errors translate to substantial discrepancies in practical
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applications, underscoring the impact of achieving low MAPE and
RMSE values.

Applying the models across three distinct datasets yielded consis-
tent outcomes. For the Sobradinho dataset, the dynamic ensemble
by recent error window achieved 24.79 for MAPE and 825.82 for
RMSE, as detailed in Table 2. Similarly, for the Trés Marias dataset,
the approach achieved 36.72 and 358.07 for MAPE and RMSE, re-
spectively, as shown in Table 3. Finally, for the Tucurui dataset, the
ensemble reached MAPE and RMSE values of 18.81 and 3155.05,
respectively, as indicated in Table 4. In all three cases, the modified
dynamic selection based on the recent error window outperformed
other models and ensembles, especially in RMSE, where the reduc-
tions were substantial. Although MAPE improvements appeared
modest, their impact is significant given the magnitude of the data,
and the pronounced RMSE gains reinforce the robustness of the
approach.

Model MAPE | RMSE
ARIMA 61.42 1084.37
MLP 31.51 877.39
SVR 26.20 860.01
ELM 46.79 1173.05
LSTM 37.25 981.10
Static Ensemble 42.68 | 936.04
Weighted Static Ensemble 40.78 | 921.48
Dynamic Ensemble by KNN 3438 | 927.79
Dynamic Ensemble by Window | 24.79 | 825.82

Table 2: Performance Comparison of Different Models
(MAPE and RMSE) on the Sobradinho Dataset

Model MAPE | RMSE
ARIMA 94.67 425.03
MLP 82.83 422.98
SVR 38.68 370.16
ELM 51.92 371.68
LSTM 77.30 394.47
Static Ensemble 70.29 | 387.90
Weighted Static Ensemble 65.32 | 381.85
Dynamic Ensemble by KNN 46.24 | 371.42
Dynamic Ensemble by Window | 36.72 | 358.07

Table 3: Performance Comparison of Different Models
(MAPE and RMSE) on the Trés Marias Dataset

The proposed dynamic selection approach consistently outper-
formed the other models across all three datasets. It is noteworthy
that although not all ensemble methods showed substantial im-
provements, each maintained a significant degree of consistency,
highlighting the value of ensemble stability in temporal prediction.

The forecast results of the proposed ensemble for each dataset are
illustrated in Figures 8, 9, and 10, corresponding to the Sobradinho,
Trés Marias, and Tucurui datasets, respectively. In these figures,
the red time series represents the actual data provided by CHESF,
the company responsible for the operation of the reservoirs. The
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Model MAPE | RMSE
ARIMA 51.42 3825.54
MLP 46.10 | 4413.43
SVR 21.93 3162.59
ELM 27.23 3273.78
LSTM 35.76 3308.75
Static Ensemble 34.90 | 3282.97
Weighted Static Ensemble 31.90 | 3220.91
Dynamic Ensemble by KNN 40.59 | 3854.74
Dynamic Ensemble by Window | 18.81 | 3155.05

Table 4: Performance Comparison of Different Models
(MAPE and RMSE) on the Tucurui Dataset

blue time series corresponds to the output of the most promising
model evaluated in this study.

The x-axis represents the temporal step of the historical time
series, which, in our case, is on a monthly scale. The y-axis denotes
the flow rate value for the specific month associated with each
point in the series.

Dynamic Ensemble prediction by window

— Expected data
— Ensemble prediction

uuuuu

2000

Figure 8: Predicted vs. Expected Results for the best model
on the Sobradinho dataset.

Dynamic Ensemble prediction by window

xpected data
— Ensemble prediction

Figure 9: Predicted vs. Expected Results for the best model
on the Trés Marias dataset.

4 Conclusions

The first notable observation is the relatively limited performance
of the ARIMA model, indicating that the dataset lacks significant
linear dependencies. Nonetheless, ARIMA delivered satisfactory
results in specific scenarios, warranting its occasional selection by
the proposed dynamic model. This observation underscores the
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Figure 10: Predicted vs. Expected Results for the best model
on the Tucurui dataset.

approach’s adaptability, effectively utilizing each model’s strengths
in varying contexts.

A key insight into the LSTM model’s performance is its limited
success on average, which highlights the inherent complexity of
the forecasting task. Although LSTM produced interesting results
in certain cases, the dynamic selection model’s ability to replace
underperforming models in real-time reinforces the practical appli-
cability of the dynamic capabilities theory. Notably, the superior
performance of the SVR model, likely attributable to its nonlin-
ear kernel, suggests that the dataset is better suited to nonlinear
modeling approaches.

In the Tucurui dataset, shown in Figure (10), the MAPE is rela-
tively low while the RMSE is considerably high (18.81 and 3155.05,
respectively). This discrepancy is attributed to the dataset’s high ab-
solute values, necessitating the use of both metrics for a more com-
prehensive assessment. Small improvements in MAPE can signify
substantial changes in forecast accuracy, as previously discussed.
Another critical aspect is the challenge of accurately capturing
peak values, which are essential in forecasting since they represent
pivotal moments that can drive significant operational decisions.
Among the datasets, the Sobradinho dataset most effectively cap-
tures peak values, as illustrated in Figure (8), with a MAPE of 24.79
and RMSE of 825.82, indicating a closer alignment to the true peaks.
In contrast, the Trés Marias dataset exhibits the highest MAPE
(36.72) and an RMSE of 358.07, as shown in Figure (9), highlighting
further challenges in peak prediction accuracy. Notably, the issue
of peak prediction is more apparent in graphical analyses than in
numerical metrics alone, emphasizing the value of visual evaluation
in assessing model performance.

The superior performance of the proposed model can be at-
tributed to the dynamic capabilities theory, which posits that no
single model remains optimal throughout the forecasting process.
Through iterative evaluation, the dynamic model effectively sub-
stitutes underperforming base models with those more suitable
for the current conditions, yielding significant reductions in error
metrics.

In contrast, static and KNN-based ensemble selection methods
demonstrated less effective performance. This result suggests that
certain models included in these ensemble compositions may de-
tract from overall accuracy, a known issue that underscores the
importance of careful model selection within ensemble frameworks.

Jheymesson Apolinario Cavalcanti, J.A. Cavalcanti, Roberta Andrade de Araujo Fagundes, and R.A.A. Fagundes

Dynamic selection addresses this by choosing only the most effec-
tive model at each step, streamlining convergence and enhancing
efficiency.

The forecast curves generated by the proposed model show con-
sistent and satisfactory alignment with observed data, affirming
the model’s suitability for real-world applications in reservoir man-
agement and similar contexts. This approach effectively balances
accuracy and adaptability, making it a viable solution for dynamic
and high-stakes forecasting environments.

5 Future Work

In future developments, the goal will be to optimize the model
replacement timing within the ensemble. The intention is that, upon
identifying that the ensemble is operating in a region unfavorable
to the currently predominant model, the replacement should occur
in a balanced manner. The transition should neither be so slow as
to compromise the overall performance of the ensemble nor so fast
as to result in a hasty and unstable pruning.

The control of this replacement speed will be governed by a
coefficient called the tolerance coefficient, whose definition will be
based on statistical information extracted from recent data. This
approach aims to mitigate the impact of noise from past contexts
and ensure that the adaptation of the ensemble is responsive to the
current data conditions.
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