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RESUMO

Forecasts of hydrological variables are extremely important for water
resource management in regions that are particularly vulnerable to the
effects of climate change and climate variability. The aim of this study
was to develop a hybrid neural network capable of producing daily
streamflow forecasts on a sub-seasonal scale. This hybrid neural network
consists of an artificial neural network with inputs preprocessed by the
wavelet transform (WANN). The WANN was tested in the Trés Marias,
Sobradinho, and Retiro Baixo reservoirs, located in the Sdo Francisco
River Basin (SFRB). The obtained results show that WANN was highly
accurate in short-term forecasts (7-28 days); however, for long-term
forecasts (35 and 42 days), there was a significant drop in performance,
especially during the transition periods to the rainy season and in the
dry months. The comparison between the performance metrics of the
WANN forecasts and the National Electricity System Operator (ONS)
operational models for the Trés Marias, Sobradinho, and Retiro Baixo
basins showed that WANN outperformed all these models. The results
obtained show that WANN is a valuable tool for addressing the complex
and dynamic challenges of hydrology, making it essential for decision-
making on water resource management.

Keywords: streamflow projection; artificial neural network;

wavelet transform.

Previsdes de varidveis hidrolégicas sdo de extrema importancia para a
gestdo dos recursos hidricos em regiGes particularmente vulnerdveis
aos efeitos das mudangas climaticas e variabilidade climatica.
Nesse contexto, o presente trabalho objetivou o desenvolvimento
de uma rede neural hibrida capaz de produzir previsGes diarias
de vazdo em escala subsazonal. Essa rede neural hibrida consiste
em uma Rede Neural Artificial com entradas pré-processadas pela
transformada Wavelet (RNAW). A RNAW foi testada nas bacias
hidrograficas dos reservatérios de Trés Marias, Sobradinho e Retiro
Baixo, todas localizadas na Bacia Hidrogréfica do rio Sdo Francisco
(BHSF). Os resultados obtidos mostram que a RNAW apresentou alta
precisdo nas previsdes de curto prazo (7 a 28 dias); entretanto, para
previsoes de longo prazo (35 e 42 dias), houve uma queda significativa
no desempenho, especialmente durante os periodos de transi¢do para
a estagdo chuvosa e nos meses secos. A comparagdo entre as métricas
de desempenho das previsGes da RNAW e dos modelos operacionais
do Operador Nacional do Sistema Elétrico (ONS) para as bacias de
Trés Marias, Sobradinho e Retiro Baixo mostrou que a RNAW superou
todos esses modelos. Os resultados obtidos indicam que a RNAW é
uma ferramenta promissora para lidar com os complexos e dindmicos
desafios da hidrologia, conferindo-lhe grande valor no processo de
tomada de decisdo sobre a gestdo dos recursos hidricos.

Palavras-chave: projegdo de vazdo; rede neural artificial,

transformada wavelet.
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Introduction

Understand that the climate variability in a given region plays a
fundamental role in the context of climate change and in the search
for effective public policies for adaptation and mitigation. It is through
this kind of understanding that it becomes possible to take appropriate
measures to reduce the impacts of these changes and guarantee the wa-
ter and food security of local communities (Santana and Santos, 2020;
Bevacqua et al., 2022).

In regions that are particularly vulnerable to the effects of climate
change and climate variability, such as the Brazilian semiarid region,
forecasting hydrological variables plays a crucial role in water resource
management. Comprehending how climate fluctuations affect not only
precipitation patterns but also water flows in reservoirs is essential to
ensure water stability and promote sustainable development (Souza
and Nascimento, 2022; Al-Juboori, 2023).

In this sense, the Sdo Francisco River Basin (SFRB), with a drain-
age area corresponding to 8% of the Brazilian territory, exemplifies the
need for such comprehension. Starting from Minas Gerais in Serra da
Canastra, where the source of the Sao Francisco River is, to the Atlantic
Ocean on the border of the states of Alagoas and Sergipe, this vast area
integrates the Northeast and Southeast regions of the country. It runs
through 507 municipalities in six states, constituting one of Brazil’s 12
hydrographic regions (Bettencourt et al., 2016). The forecasting and
monitoring of hydrological variables in the SFRB play a key role in en-
suring the effective management of water resources and ensuring the
sustainability and well-being of local populations.

Water resources management in the region encompasses a set of
interconnected steps and strategies aimed at optimizing water use,
preventing conflicts, and preserving the river ecosystem. This man-
agement is based on the collection, analysis, and continuous mon-
itoring of hydrological and meteorological data throughout the
basin. This includes measuring water levels and river flows, as well
as assessing water quality and forecasting hydrological variables,
allowing to understand water conditions and the identification of
climate patterns and variations (Bettencourt et al., 2016; Ribeiro,
2017). In this context, improving the effectiveness of the decision
support system is intrinsically linked to modeling meteorological,
precipitation, and flow forecasts at different timescales (Al-Juboori,
2023; Nearing et al., 2024).

According to the 2021 report by the National Electric Energy
Agency (ANEEL), seven large hydroelectric plants are installed in
SERB, which play a crucial role in supplying electricity to meet nation-
al demands, especially the Retiro Baixo, Trés Marias, and Sobradin-
ho plants. The National Electricity System Operator (ONS) uses flow
projections made in SFRB as the basis for various strategic activities.
Among these activities are the preparation of annual flood prevention
planning, the formulation of guidelines for flood control operations,
the generation of inflow scenarios, the continuous updating of techni-

cal data on hydroelectric projects, the improvement of information on
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hydraulic restrictions associated with these projects, and the evaluation
of the reservoir filling process (ONS, 2015).

Despite the continuous progress observed in hydrological models,
there is room for improvement in the forecasts. As new techniques and
data emerge, the refinement of existing methodologies can offer signif-
icant gains in the accuracy and applicability of these essential tools for
the management and preservation of water resources.

Among the various techniques used in hydrological and climato-
logical modeling, artificial neural networks (ANNSs) have stood out as
a promising approach, constituting a valid mechanism to be applied in
the prediction of hydrological variables. In this sense, this methodol-
ogy has been widely discussed, and its results have been published in
various studies (Freire et al., 2019; Hoge et al., 2022; Li W et al., 2022;
Li X et al., 2022; Zanial et al., 2023; Ekwueme, 2024). These networks
have a high capacity for learning and generalizing from data input and
are able to process information in a parallel and adaptive manner, mak-
ing them a powerful tool for predicting hydrological and climatological
variables (Freire et al., 2019; Sherstinsky, 2020).

ANNs are computational models inspired by the functioning of
the human brain, composed of units called artificial neurons, orga-
nized into layers (input, hidden, and output). Each neuron processes
the incoming signals, weighting them through adjustable parameters,
and transmits the result to subsequent layers, allowing the model to
learn complex patterns in the data. This learning process is carried out
through optimization algorithms that iteratively adjust the weights
to minimize the error between predictions and observed values.
This characteristic gives ANNSs a high capacity for learning and gener-
alization from input data, enabling the recognition of nonlinear rela-
tionships and interdependencies among hydrological variables, which
are frequently observed in natural processes (Hunt et al., 2022; Tian
etal.,, 2024; Zhao et al., 2024).

Among ANN architectures, recurrent neural networks (RNNs),
and particularly the long-short-term memory (LSTM) model, have
gained increasing prominence in hydrological applications due to their
ability to capture temporal dependencies and dynamics in historical
series of streamflow, precipitation, and evapotranspiration. These net-
works incorporate memory mechanisms that allow them to retain in-
formation from relevant past states, preventing the “vanishing gradi-
ent” problem observed in traditional recurrent networks. As a result,
LSTM networks have shown strong performance in hydrological time
series forecasting tasks and are widely used in recent studies on stream-
flow modeling and flood prediction (Hunt et al., 2022; Santos et al.,
2022; Arsenault et al., 2023).

The objective of this work is to develop a hybrid neural network
capable of producing daily flow forecasts on a sub-seasonal scale.
The studies related to streamflow forecasts conducted in this research
include substantial modifications to a model previously proposed by
Freire et al. (2019). The fundamental contributions of this study are the
adoption of a different ANN architecture, the expansion of the wavelet
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options used to decompose the time series, the simultaneous use of all
the decomposed series as input to the neural network, and the meth-

odology used to evaluate the model’s performance.
Methodology

Study area

The study area covers the basins of the Retiro Baixo, Trés Marias, and
Sobradinho reservoirs, all located within the SFRB. The SFRB is tradition-
ally subdivided into four physiographic zones: Upper, Middle, Sub-mid-
dle, and Lower Sao Francisco (Bettencourt et al., 2016). The Trés Marias
basin, located in the Upper Sdo Francisco, has an approximate area of
54,317 km?. The Retiro Baixo basin, situated in the Middle Sio Francis-
co, covers about 13,390 km?. The Sobradinho basin, with approximately
490,610 km?, extends across the Middle and Sub-middle Sao Francisco,
encompassing areas with distinct physiographic characteristics.

The climate regime in the region is marked by strong seasonality,

with average annual precipitation around 1,400 mm and a rainy season

Figure 1 - Studied reservoirs and their respective river basins.

3

concentrated between October and March. From May to September,
monthly totals generally remain below 50 mm (Alves et al., 2005; Cav-
alcanti, 2016). The Trés Marias and Retiro Baixo basins lie predomi-
nantly in tropical climate areas, characterized by wet summers and dry
winters. The Sobradinho basin, in contrast, lies between two climatic
regions: while its southern portion maintains tropical characteristics,
its northern sector exhibits semiarid conditions, with greater irregular-
ity in rainfall distribution throughout the year. Figure 1 shows the lo-
cation of the reservoirs studied, as well as their respective river basins.
The water bodies in the area of interest represent the Sio Francisco

River and some of its most significant affluents.

Hydrometeorological data

The study uses a data set made up of historical series of flows and
rainfall in the aforementioned river basins. The rainfall series consists
of daily data obtained from the National Agency for Water and Basic
Sanitation (ANA). The streamflow series represents naturalized daily

flows, acquired from the ONS. The series for the Trés Marias and So-
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bradinho basins refer to the period from 1977 to 2015, while the series
for the Retiro Baixo basin covers the period from 1987 to 2015.

Streamflow forecast

To forecast streamflows in the Retiro Baixo, Trés Marias, and So-
bradinho river basins, a forecasting model based on neural networks
was developed, with data preprocessing using the wavelet transform.

The data set was initially divided into two distinct groups for the
training and testing phases. In the division, 90% of the data was des-
tined for training, while the remaining 10% was reserved for the test
phase. The training and test periods for each river basin area are shown
in Table 1.

After this division, the streamflow and rainfall series from the
training and test sets were decomposed separately using the wavelet
transform. This decomposition process involves the use of a filter bank
that separates the high- and low-frequency components of the signal.

The transformed wavelet can be defined as a sequence of applica-
tions of the high- and low-pass filters, giving rise to the wavelet de-
composition tree generating approximation components and detail
components, thus allowing a better visualization of the fundamental
behavior of the series (Benedetto and Michael, 2021; Akujuobi, 2022).

Initially, the signal is subjected to a bank of high-pass and low-pass
filters. The components resulting from high-pass filtering contain high
frequencies and are called detail coefficients, commonly represented
by ¢D,. The components resulting from low-pass filtering are called
approximation coefficients, represented by cA,. These coefficients only
provide a general view of these frequencies.

The approximation coefficients cA, are then passed through the
high-pass and low-pass filters. In the same way as above, this proce-
dure gives rise to two new coefficients, cA, and cD,. The coefficients
that have been subjected to the filter provide details, while the coeffi-
cients that have been subjected to the low-pass filter are subjected to
the filters once again.

The process continues by complementing the approximation coeffi-
cients of the previous level, so that the signal is split into several low-res-
olution components. The decomposition process is applied until the last
level of detail contains only one sample. However, the practical limit
of decomposition is usually selected based on the nature of the signal
(Freire et al., 2019; Benedetto and Michael, 2021; Akujuobi, 2022).

In this sense, the streamflow and rainfall series were subjected to
the wavelet transform decomposition process, using the mother wave-

lets haar, db10, sym8, coif5, and dmey. The streamflow series was de-

Table 1 - Training and test periods for each river basins.

T T
Retiro Baixo 01/01/1987 - 02/04/2013 02/05/2013 - 12/31/2015

02/22/1971 - 07/06/2011 07/07/2011 - 12/31/2015

02/22/1971 - 07/06/2011 07/07/2011 - 12/31/2015

Trés Marias

Sobradinho

4

composed into five decomposition levels, while the rainfall series was
decomposed into four levels for each of the aforementioned mother
wavelets. The raw streamflow series, as well as the approximation co-
efficients of the streamflow and rainfall series, generated at each level
of decomposition during the training period, were used as input for
the WANN in order to calibrate the network and obtain the synaptic
weight matrices. To demonstrate the effect of wavelet decomposition
in extracting low- and high-frequency components present in hydro-
logical time series, Figures 2 and 3 show the multiscale decomposition
applied to the daily precipitation series (up to the fourth level) and to
the daily streamflow series of the Retiro Baixo reservoir (up to the fifth
level). In both cases, the Coiflet mother wavelet was used.

Applying the transformed wavelet to the neural networks in-
put data aims to identify the different frequency scales present in the
signal, allowing the neural network to be exposed to the short-term
and long-term patterns in the data. It should be noted that this study
adopted a different approach to the input method for the ANN com-
pared to the work by Freire et al. (2019). While in this model all the
decomposed series were used simultaneously as input for the ANN,
incorporating up to five mother wavelets, Freire et al. (2019) adopted
a sequential approach, supplying one decomposed series at a time to
the network. This resulted in different models for each wavelet. The ap-
proach adopted in this research seeks to comprehensively capture the
different frequency scales present in the flow and precipitation data,
thus enhancing the neural networK’s predictive capacity.

Forecasts were carried out for time horizons of 7, 14, 21, 28, 35, and
42 days. For all these time horizons, the forecasts were made considering:
1. streamflow and rainfall data for the current day;

2. streamflow and rainfall data for the previous 14 days; and

3. decomposed streamflow and rainfall series from item ii).

This information was used as input to the calibrated WANN to pro-

vide continuous streamflow forecasts over these time horizons.

WANN architecture

The neural network architecture selected for this study is LSTM,
recognized for its ability to capture long-term dependencies in sequen-
tial data.

Since there are no rigid guidelines for selecting the network’s struc-
tural parameters, we opted for an iterative process of experimentation
for this choice. Various configurations were tested and evaluated in
terms of performance, and the configuration with the best results was
selected. In this sense, the activation function chosen was the linear
function, considering its proven benefits in similar problems (Freire
etal., 2019; Sharma et al., 2022; Yilmaz et al., 2022). The other parame-
ters used in the network architecture are shown in Table 2.

In the training process, the Adam optimizer was used together
with the mean squared error (MSE) loss function to guide the adjust-

ment of the network weights. To avoid possible overfitting problems,
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Figure 2 - Decomposition of the rainfall series — wavelets (coif5).

Figure 3 - Decomposition of the flow series — wavelets (coif5).
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Table 2 - WANN hyperparameters.

Number of neurons in the input layer 45
Number of hidden layers 4
Number of neurons in each hidden layer 200
Loss function MSE
Activation function Linear
Optimizer Adam
Maximum number of seasons 200

a dropout layer was inserted after each hidden layer. These layers have
the function of randomly deactivating a fraction of the neurons during

training, which helps to avoid overfitting the training data.

Forecast evaluation

Subsequently, after the calibration process, the model was eval-
uated using data from the test set. The WANN’s performance was
evaluated on a monthly scale, i.e., the daily streamflow forecasts were
evaluated for each month of the year. To illustrate, the daily forecasts
for January were compared only with the observed data for the same
month, providing performance metrics for that month. We used
three performance metrics to evaluate and quantify the accuracy and
reliability of the daily streamflow forecast: the Nash-Sutcliffe efficien-
cy (NSE), the Pearson correlation coefficient (r), and the mean abso-
lute percentage error (MAPE). The NSE assesses the model’s ability
to reproduce the variability of the observed series, taking values be-
tween —co and 1, with values closer to 1 indicating greater predictive
skill. The correlation coefficient r measures the strength of the linear
association between observed and predicted values, ranging from -1
to 1 and reflecting both the intensity and the direction of this re-
lationship. The MAPE quantifies the average magnitude of relative
errors in percentage terms, such that smaller values indicate greater
estimation accuracy. More detailed descriptions of these metrics can
be found in Wilks (2011).

In addition, the performance of the WANN projections was com-
pared to the performance of the naturalized streamflow forecasts of the
reservoirs that constitute the National Interconnected System (SIN),
carried out by the ONS. These forecasts are especially used within the
scope of the monthly operation program (MOP), with the aim of pro-
moting the centralized dispatch of power plants in an optimized man-
ner (ONS, 2015). Since January 2006, ONS has been using models that
incorporate observed and forecast rainfall information to improve its
streamflow forecasts. Among the models adopted are PREVIVAZ (Ma-
ceira et al., 1999) and CPINS (Paiva and Acioli, 2007).

The ONS forecasts for Sobradinho come from the CPINS model,
while the forecasts for Retiro Baixo and Trés Marias are made by the

PREVIVAZ model. The estimates comprise weekly natural streamflow

6

averages, projected one, two, and three weeks in advance, for the first
quarter of 2014 and 2015. Statistics relating to the ONS forecasts were
collected from the ONS’s flow forecast performance analysis report,
available for access at <sintegre.ons.org.br>. The performance metrics
of WANN'’s weekly streamflow forecasts (NSE and MAPE) were com-
pared with those of the ONS forecast metrics.

In contrast to the approach of Freire et al. (2019), who developed
streamflow forecasting models for the Xingé reservoir at different
temporal scales using multilayer perceptron (MLP) neural networks
and hybrid versions based on the wavelet transform, the present study
introduces four relevant methodological advances. First, the spatial
scope of the modeling is substantially expanded, as the previous study
focused exclusively on a single system within the Sao Francisco River
Basin. Second, the MLP architecture employed by the authors is re-
placed by an LSTM network, which is more suitable for representing
long-term dependencies and nonlinear patterns characteristic of hy-
drological time series. Third, the set of evaluated wavelets is broad-
ened by incorporating different families and orders to enhance the
multiscale decomposition of the streamflow series. Finally, a monthly
evaluation of predictive skill is adopted, in contrast to the aggregated
validation commonly used in the literature, allowing the identification
of seasonal variations in performance and providing a more robust di-

agnostic for operational applications.

Results and Discussions

Figures 4, 5, and 6 present the adjustments of the forecasts to the
observed data, the residuals of the forecasts, and the distribution of
the residuals of the WANN forecasts for Trés Marias, Sobradinho,
and Retiro Baixo, respectively, across the 7-, 14-, 21-, 28-, 35-, and
42-day horizons.

When comparing the observed flows (blue) and those predicted
by the neural network (dashed red) for Trés Marias (Figure 4) and So-
bradinho (Figure 5), it can be seen that the two series are well aligned,
indicating that the model is able to capture the flow dynamics with
good accuracy. For forecast horizons of 7-14 days, the residual errors
are mostly close to zero, suggesting that the model has a good pre-
dictive performance for short-term horizons. The scatter plot of the
residuals as a function of the predicted values shows a distribution of
residuals around zero, with no obvious patterns of heteroscedasticity.
The distribution of residuals shown in the histogram confirms that
most of the errors are concentrated around zero, reinforcing the mod-
el’s accuracy for shorter horizons.

For forecast horizons longer than 35 days, although significant
peaks are well captured by the model, some discrepancies can be ob-
served, especially in peak flow events, which may indicate that the
model may have difficulties in predicting abrupt changes or extreme
events. The pattern shown by the residuals confirms that there is a
residual increase as the predicted values increase, indicating that the
model has a bias toward underestimating high flow values.
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Figure 4 - WANN forecasts for Trés Marias across 7-, 14-, 21-, 28-, 35-, and 42-day horizons.

For the forecasts made in the Retiro Baixo basin (Figure 6), the
results show that the neural network was able to capture the trend and
flow peaks with good accuracy, especially for shorter forecast horizons,
7 and 14 days, as indicated by the proximity between the observed and
forecast flow lines. For forecast horizons of up to 21 days, the forecast

error graph indicates that the residual errors are relatively small, re-
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maining mostly within the range of £65 m®/s, with some larger peaks.
Analysis of the residuals reveals a random distribution around zero,
with no obvious pattern, indicating that the model does not show
significant systematic bias. The histogram of the residuals reinforces
this observation, showing an approximately symmetrical distribution

around zero.
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Figure 5 - WANN forecasts for Sobradinho across 7-, 14-, 21-, 28-, 35-, and 42-day horizons.

For forecasts with horizons longer than 28 days, the neural net-
work begins to show greater difficulty in capturing the streamflow
dynamics, especially in Retiro Baixo. Although the general trends
are still well captured, the deviations between observed and fore-
cast flows become more evident, especially during peak periods.

The residual error graph shows higher variability and amplitude of

8

the errors, with some points exceeding £100 m*/s. Analysis of the
residuals shows higher dispersion around zero and a more evident
pattern of underestimation and overestimation of flows. The histo-
gram of the residuals shows a wider and slightly skewed distribu-
tion, suggesting a decrease in the model’s accuracy as the forecast
horizon increases.
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Figure 6 - WANN forecasts for Retiro Baixo across 7-, 14-, 21-, 28-, 35-, and 42-day horizons.

Figures 7 to 9 show the results, by month, of the r, NSE, and MAPE
for the predictions made by WANN during the testing phase in the
Trés Marias, Sobradinho, and Retiro Baixo river basins, respectively.

Analysis of the statistical indexes for the Trés Marias, Sobradinho,

and Retiro Baixo basins reveals similar patterns, highlighting the ac-

9

curacy of WANN's short-term forecasts. For forecast horizons of 7-28
days, the NSE and r indexes are high throughout the year, indicating
good model performance. However, for longer forecasts (35 and 42
days), there is a sharp drop in performance, especially during certain

critical months, which vary for each basin. For Retiro Baixo, except
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Figure 7 - WANN forecast performance metrics for Trés Marias.

Figure 8 - WANN forecast performance metrics for Sobradinho.
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Figure 9 - WANN forecast performance metrics for Retiro Baixo.

at the 7-day forecast horizon, there is a sharp decline in NSE values
during May, July, and September.

For the Trés Marias basin (Figure 7), the NSE and r indexes are
slightly lower in the months from April to October, particularly be-
tween June and July, due to lower water variability. During the months
of November to March, which coincide with the rainy season in the
region, the model’s performance improves. However, the months of
September and October, which precede the rainy season, present sig-
nificant challenges, resulting in lower performance.

In the Sobradinho basin (Figure 8), the MAPE shows higher errors
in November, coinciding with the start of the rainy season. During this
period, flow variability increases due to more intense and frequent
rainfall, resulting in flow peaks that are difficult to predict. The perfor-
mance obtained for Sobradinho at the 7-day forecast horizon is similar
to the results reported by Freire et al. (2019) and Saraiva et al. (2021)
for the same reservoir and the same forecast horizon. Considering the
entire simulation period analyzed by those authors, the NSE achieved
was consistently above 0.90, comparable to that shown in Figure 8.

Retiro Baixo (Figure 9) shows a similar pattern to that of Sobradin-
ho, with lower forecast errors during the months associated with the
dry season (April to October) and a significant increase in MAPE in
November and December, reflecting the difficulties associated with the
higher variability of flows at the start of the rainy season.

Quedi et al. (2024) conducted hydrological forecasts with
horizons of up to 6 weeks by coupling sub-seasonal climate pre-
diction models with a hydrological-hydrodynamic model on a
continental scale. The performance of the streamflow forecasts for
the Sobradinho and Trés Marias hydropower plants was inferior to
that obtained with WANN across all forecast horizons considered.
For Retiro Baixo, except at the 35- and 42-day horizons, the per-
formance of WANN was also superior to that reported by Quedi
et al. (2024).

Equally important, the WANN model demonstrated excellent per-
formance for forecast horizons of up to 28 days in the Trés Marias (Fig-
ure 7) and Sobradinho (Figure 9) reservoirs throughout the year, with
the exception of September in the former, when performance reached
a good level. At this horizon, the WANN model is able to rival even
well-established monthly hydrological forecasting models in Brazil,
such as the Soil Moisture Accounting Procedure (SMAP). As reported
by Silva et al. (2020) and Silva et al. (2021), SMAP achieved metrics
comparable to those obtained by WANN at the 28-day horizon for
both reservoirs. However, unlike SMAP at the monthly scale, WANN
provides forecasts at a daily temporal resolution, which offers addition-
al benefits for the daily operation of the SIN.

Figure 10 shows the NSE and MAPE index performances for the
forecasts made by WANN and ONS in the Trés Marias, Retiro Baixo, and
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Figure 10 - Performance metrics for ONS and WANN weekly streamflow forecasts for the Trés Marias, Sobradinho, and Retiro Baixo basins in the first

quarter of 2015.

Sobradinho basins. These indexes represent the comparison between the
observed weekly natural flow averages and the weekly natural flow av-
erages forecast 1, 2, and 3 weeks in advance for the first quarter of 2015.

Regarding the forecasts made for Retiro Baixo and Trés Marias, it
can be seen that the WANN performed better than the forecasts made
by the ONS at all forecast horizons. The NSE values for WANN were
very close to one, indicating good agreement between the forecasts and
the observed data. On the other hand, the models used by the ONS reg-
istered negative NSE values at Retiro Baixo, suggesting less accuracy in
the forecasts. The same pattern was observed for the MAPE index, where
WANN obtained lower values compared to the forecasts made by ONS.

12

In the Sobradinho basin, both WANN and ONS showed favorable
results in terms of agreement with the observed data. Both models
managed to adequately capture the flow patterns for the different fore-
cast horizons. However, it was observed that ONS performed slight-
ly better for forecasts made 1 week ahead, while WANN performed
slightly better for forecasts 2 and 3 weeks ahead.

One notable aspect is that WANN'’s performance indexes remained
consistent in all the analyzed basins, even for forecasts with more dis-
tant horizons (2 and 3 weeks). This stability in the results contrasts
with the difficulties observed in previous analyses, where the WANN
showed problems predicting flows for more distant horizons. The im-
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Figure 11 - Performance metrics for ONS and WANN weekly streamflow forecasts for the Trés Marias, Sobradinho, and Retiro Baixo basins in the first

quarter of 2014.

provement can be attributed to the fact that the current analysis con-
siders the weekly average of flows, rather than the daily flow, which
mitigates the errors.

Figure 11 shows the same evaluations as Figure 10, but for the first
quarter of 2014. It can be seen that in the regions of the Trés Marias
and Retiro Baixo basins, WANN once again performed better than the
projections made by the ONS. In the case of Sobradinho, the WANN
and ONS estimates performed equally well.

The results obtained demonstrate significant gains in the predic-
tive performance of the WRNA, consistent with studies in the liter-

13

ature that highlight the benefits of multiscale decomposition for hy-
drological forecasting. The application of the wavelet transform prior
to neural modeling has been widely recognized for its ability to sep-
arate components of different frequencies, reducing high-variability
noise, and enhancing relevant hydrological patterns. This strategy
improves the representation of input signals and enhances network
learning, as demonstrated by Khazaeiathar and Schmalz (2025), who
reported a 66.43% reduction in root mean square error (RMSE) and
a 45.49% reduction in MAPE for the forecasting model with wave-
let-based decomposition compared to the LSTM. Similar results
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were observed by Agarwal et al. (2022), Ougahi and Rowan (2025),
and Tugrul and Hinis (2025), who found substantial improvements
in NSE, 1, and the ability to capture trends in basins with strong in-
tra-annual variability. The convergence of these findings supports the
robustness of hybrid methods in hydrological contexts dominated by
multiscale phenomena.

The monthly performance assessment enabled the identification of
seasonal variations in the model’s predictive skill, avoiding the dilution
of critical errors that occurs when metrics are calculated only in an
aggregated manner. The hydrological verification literature highlights
the importance of stratified approaches: Bellier et al. (2023) showed
that validation using monthly windows enhances the operational inter-
pretability of the results; Hurkmans et al. (2023) arguedd that temporal
segmentation distinguishes periods governed by more deterministic
hydrological processes from those influenced by greater stochastic
variability; and Ferreira et al. (2023) emphasized that averaged analyses
may conceal structural weaknesses in months associated with greater
meteorological uncertainty.

The reduction in accuracy for the 35- and 42-day horizons follows
what is widely documented in medium-range hydrological forecasting
studies. The sub-seasonal horizon, which encompasses this period, is
traditionally difficult to predict because the influence of initial condi-
tions decreases and predictability becomes dependent on large-scale

climate phenomena (Ferreira et al., 2023; Quedi et al., 2024).

Conclusions

This study evaluated the performance of daily streamflow forecasts
in three important Brazilian river basins of the SIN, located in the Sao
Francisco River Basin (SFRB): Trés Marias, Sobradinho, and Retiro
Baixo. These predictions were made over time horizons of 7, 14, 21, 28,
35, and 42 days using an artificial neural network with inputs prepro-
cessed by the wavelet transform (WANN).

The WANN was highly accurate in short-term forecasts (7-
28 days), as indicated by the high NSE and r indexes. However, for
long-term forecasts (35 and 42 days), there was a significant drop in
performance, especially during the transition periods to the rainy sea-
son and in the dry months.

The performance metrics of the WANN forecasts were compared
with the performance metrics obtained from ONS operational models.
The WANN performed better overall than the ONS operational mod-
els. The difference in performance was especially significant in the Trés
Marias and Retiro Baixo basins, where WANN showed better ability to
accurately represent the observed flows. In addition, WANN proved to
be more efficient in long-term forecasts when considering weekly av-
erage flows, maintaining more stable and reliable performance indexes
compared to those obtained by the ONS.

The model presented here proves to be a promising tool for dealing
with the complex and dynamic challenges of hydrology, making it a

valuable ally in water resources management.
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