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HIGHLIGHTS:
Nowadays, no one can think of regionalization without GIS tools.
Traditional methods remain the most widely used in practice.
Machine learning methods have great potential in this area.

ABSTRACT: Water resources management aims to solve problems arising from intensive use of water. The
proper management of this resource is based on understanding water availability, often using information from
hydrometric stations; flow data is the most important information. The availability of information on river flows is
often insufficient for all regions of interest. A technique called hydrological regionalization can be an alternative for
obtaining information on streamflow. The objective of this study was to review the main regionalization techniques
used, their advantages and limitations, as well as perspectives for the future. Traditional and widely used methods
for forecasting hydrological variable, such as spatial proximity and multiple linear regression, were addressed,
as well as new technologies, such as the geostatistical approach, techniques using volume balance in watersheds
based on remote sensing products, and machine learning techniques. These techniques allow working with several
physical characteristics of basins, generally ensuring better performances than the multiple linear regression. Further
advancements in this area of knowledge are expected shortly, as the great potential of machine learning has been
explored only to a small extent for hydrological regionalization purposes.
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RESUMO: A gestdo dos recursos hidricos visa resolver problemas decorrentes do uso intensivo da d4gua. A gestdo
adequada deste recurso baseia-se no conhecimento sobre a disponibilidade hidrica dos cursos de agua, e para
isso utiliza-se informagdo de estagdes hidrométricas. Dentre essas informagdes, a vazdo é a mais importante. A
disponibilidade de informacdes sobre as vazdes dos rios muitas vezes nio é suficiente para todas as regides de interesse.
Para solucionar esse problema, existe uma técnica chamada regionalizagdo hidroldgica, que é uma alternativa para
obtengdo de informacdes sobre as vazdes. Este estudo busca revisar as principais técnicas de regionalizacdo utilizadas,
suas vantagens e limitacoes, bem como perspectivas para o futuro. Abordam-se métodos tradicionais como o da
proximidade espacial e o da regressao linear multipla que sdo métodos mais antigos e amplamente utilizados, e
novas tecnologias como abordagem geoestatistica, técnicas que utilizam balango de volume em bacias hidrograficas
baseadas em produtos de sensoriamento remoto e técnicas de aprendizado de maquina. Estas técnicas permitem que
se trabalhe com um maior nimero de caracteristicas fisicas das bacias, geralmente garantindo melhores performances
que a regressdo linear multivariada. Novos desenvolvimentos nesta ultima area do conhecimento sao esperados em
um futuro préximo, uma vez que o grande potencial do aprendizado de maquina foi explorado apenas em pequeno
grau para propdsitos de regionaliza¢do hidroldgica.
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INTRODUCTION

Climate change and constant increase in population growth
in recent decades have raised concerns about the availability
of water for its multiple uses (Floréncio et al., 2019; Carvalho
et al., 2020). Water management must efficiently minimize
potential conflicts, balancing the demands of different human
activities and avoiding environmental degradation (Dinh &
Dang, 2022).

Water availability in a watershed is determined by
information on river flows (Cecilio et al., 2018; Lelis et al.,
2020). Frequently used reference flows are Q, and Q,,, which
represent flows exceeded or equaled in 90 and 95% of the time,
respectively, as well as the minimum 7-day average flow with
a 10-year return period (Q, ). Additionally, the long-term
mean flow (Q, ) is another essential hydrological parameter
representing the highest flow that can be regulated (Wolff &
Duarte, 2021).

Information on flow in watersheds can be considered a
challenge for managing water resources in many countries
(Novaes et al., 2007; Panthi et al., 2021; Lopes et al., 2022;
Ribeiro at al., 2022). However, hydrological models allow the
optimization of information obtained at gauged locations
for predicting flow in ungauged watersheds. Streamflow
predictions can be obtained by transferring historical data
between watersheds using spatial proximity (SP) and multiple
linear regression (MLR), which are pioneering methods;
however, new technologies also can be used for this purpose,
such as the geostatistical approach (GEA), techniques using
volume balance in watersheds (VBW) from remote sensing
products, and machine learning techniques (MLT).

In this context, the objective of this study was to review the
main regionalization techniques used, their advantages and
limitations, as well as perspectives for the future.

SPATIAL PROXIMITY METHOD

Methods based on spatial proximity (SP) and multiple
regression (MR) stand out among the models found in the
literature (Arsenault et al., 2019; Yang et al., 2020; Guo et al.,
2021). SP is based on the idea that nearby basins have similar
flow pattern with similar hydrological characteristics and
responses. According to this method, there is a direct transfer
of specific flow from geographically close basins to ungauged
basins (Eq. 1):

Y=q-A+g (1)

where:
Y - dependent variable (flow of the target basin);
q - specific flow of the donor basin;
A - target basin area; and,
¢ - model residuals.

Usually, the target basin is inserted within the donor basin
in this method. Chaves et al. (2002) implemented four different
situations for Eq. 1. Althoff et al. (2021) recommended that the
target basin should not be smaller than one-third of the donor
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basin. The simplicity of the SP method allows it to be used by
designers without further studies (Pruski et al., 2012; 2016).

MULTIPLE LINEAR REGRESSION

Multiple linear regression (MLR) is one of the oldest
and most widely used methods for predicting hydrological
variables at ungauged locations, using environmental physical
descriptors associated with watersheds (Ribeiro et al., 2022).
According to this method, dependent variables (usually
streamflow) are calibrated to correlate to independent variables
of watersheds (climatic and landscape physical attributes)
to build empirical relationships that can be used to predict
dependent variables in ungauged watersheds (Panthi et al.,
2021).

A general MLR model for estimating a hydrological
parameter is represented by Eq. 2:

Y=a,+a, X +a,-X,+a, X, +¢€ (2)

where:

Y - dependent variable (streamflow);

x with 1, 2, ..., k = physical descriptors (independent
variables);

awith 0, 1, 2, ..., k = regional coefficients; and,

€ - model residuals.

Wolff & Duarte (2021) used 24 independent variables
in a study for the state of Santa Catarina, Brazil. The most
used variables are area, annual rainfall, drainage density, and
talweg length and declivity. Streamflow prediction by the MLR
method and its variations (Pruski et al., 2015) generally show
good performance, mainly when applied to hydrologically
homogeneous regions with similar climatological and
topographic characteristics and similar hydrological response
trends, even when these regions are not geographically
adjacent. Considering hydrologically homogeneous regions,
linear functions usually provide a good approximation to
regional models, but it is not the case in a larger area (Li et
al., 2022); alternative methods may better predict flows in
heterogeneous regions. Segundo Nascimento et al. (2021), the
MLR method outperformed the Random Forest (RF) machine
learning technique for reference minimum flow predictions
in a subtropical Brazilian state, but this outcome is not very
common (Saadi et al., 2019).

The identification of different groups of basins with similar
runoft generation and hydrological response mechanisms is
an important factor for regional analysis of runoff frequencies
(Nascimento et al., 2021). Theoretically, regional homogeneity
is required for the adjustment of regional distribution
frequencies and the estimation of flow quantiles using the MLR
technique. However, in practice, regionalization conducted
with more appropriate homogeneity conditions has resulted
in lower accuracy than regionalization conducted under
conditions of less homogeneity.

Ahani et al. (2022) proposed a method to rank several
different regionalization approaches and identify the most
appropriate regionalization for the analysis and estimation
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of flow frequencies based on homogeneity, accuracy of
quantile estimation, and region size. The results showed an
acceptable performance of the MLR method in identifying
the regionalization that provides the most appropriate
homogeneity, accurate quantile estimation, and a satisfactory
average size of homogeneous regions. Furthermore, the study
results indicated a relative compatibility of the homogeneity
ratio-based classification method with the classification based
on quantile estimation accuracy. According to these results,
the most appropriate regionalization of 41 basins classified
by the K-nearest neighbor method in the study area included
three homogeneous regions obtained by clustering algorithms.

Panthi et al. (2021) developed an MLR-based model to
estimate the streamflow at several segments of a flow duration
curve, incorporating basin physical characteristics and different
climate data for each segment. They analyzed the sensitivity
of proximity and characteristics between the donor (basins
with gauging stations) and the receptor (ungauged basins) for
historical streamflow data series in Nepal. The results show
that regionalization techniques perform better for medium
to low flows (Q,, and Q,,) than for high flows (Q5 and Q10).

Flow duration curve models are essential components
in water resources study, particularly in poorly gauged or
ungauged basins (Wolff & Duarte, 2021). Identifying these
models in arid regions, where intermittent or ephemeral
watercourses are common, constitutes an additional challenge
for regionalization techniques (Jahanshahi et al., 2022;
Nogueira Filho et al., 2022). Costa et al. (2020) proposed an
alternative approach for modeling duration curves under zero
flow conditions. Initially, they evaluated a set of frequently
used flexible statistical distributions in hydrology for modeling
the entire range of observed flow duration curves, selecting
the eBXII distribution. Subsequently, regional models for
the parameters of this distribution were identified using
the evolutionary polynomial regression technique, which
provided structurally complex equations but could identify
the relationships between those parameters and the basins,
and more importantly, could predict them in a cross-validation
process, outperforming other simpler MLR techniques.

Minimum reference flows are important tools for assessing
water availability in rural communities, especially those facing
issues of over-extraction of water. However, the lack of flow data
and gauging points has leading to the use of regionalization
methods to predict the minimum reference flows required to
maintain water uses. Basso et al. (2022) conducted a survey
covering 92 river basins and 46 selected rural communities in
a state in Brazil. Twenty-one basins were selected for having
flow gauging stations and allowing for the estimation of Q
using three different MLR-based methodologies. The results
showed significant variation between the measured values
and those estimated by the three methodologies; however,
statistical analyses showed that regression equations from the
methodology used by the state’s official management agency
(based on specific flow estimation) were more suitable for
application in rural river basins in the state, mainly in larger
ones. Similarly, Lelis et al. (2020) found discrepancies among
MLR-based regionalization models applied in studies in other
Brazilian states.

Despite advances in data collection and modeling, Althoff et
al. (2021) reported a significant lack of streamflow forecasting
in poorly gauged basins. They presented an approach using
gridded data to regionalize flow rates (Q_ and Q,,) along
rivers covered by the grid. The methodology was based on
using the Terrain Analysis Using Digital Elevation Model
(TauDEM) tool to obtain the necessary input variables for
regionalization regression for each pixel of the study area,
including average slope, total annual rainfall from remote
sensing, and total annual evapotranspiration corresponding
to each basin in the grid. These variables were suitable for the
resolution of the Multi-Error-Removed Improved-Terrain
(MERIT) Digital Elevation Model (DEM) (90 x 90 m). The
result was a 90 x 90 m river grid with corresponding flow rates
(mm per day). Thus, the gridded products improved the grid’s
ability to capture missing spatial patterns when using poorly
instrumented basins.

GEOSTATISTICAL METHODS

Streamflow regionalization is a technique used in areas
with scarce or nonexistent hydrological data. Although
numerous studies have been developed to improve this
technique, unsatisfactory results are still frequent. In addition
to streamflow regionalization methodologies based on SP
or MLR techniques applied to hydrologically homogeneous
regions (Costa et al., 2020; Vieira et al., 2022), other alternatives
include methodologies based on automatic interpolation and
extrapolation techniques within a geographic information
system environment (Wolff & Duarte, 2021).

The geostatistical approach (GEA) has the following
advantages: (i) it does not depend on the input of the
mean annual rainfall to perform calculations, as it can be
spatially distributed; (ii) it is not linked to the determination
of hydrologically homogeneous regions; and (iii) it can
hypothetically be applied to basins of all sizes, although further
studies should be conducted to corroborate this hypothesis
(Wolff et al., 2014).

The general GEA model for estimating a hydrological
parameter is represented by Eq. 3:

Y=a,+a, X, +a,-X,+a, ‘X, +S+¢ 3)

where:
Y - dependent variable (flow);
x with 1, 2, ..., k = physical descriptors (independent
variables);
awith 0, 1, 2, ..., k = regional coeflicients;
S - random effects accounted for spatial correlation; and,
¢ - model residuals.

Srepresents the distance effect for the data; its determination
is beyond the scope of the present review research. Wolft et
al. (2014) used a GEA approach to develop comprehensive
hydrological regionalization models for a state in Brazil
and found better results than the traditional regionalization
through MLR-based models applied to homogeneous regions
by the state’s official management agency in the 1980s.
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Flow duration curves provide quick and direct information
on the pattern of water resources in a basin. Thus, estimating
the flow duration curve is important for basins with limited
or no monitoring data for seasonal or annual periods. Using
GEA to predict flow duration curves for ungauged locations
represents a significant advancement in this research field.
However, few results have been found, generally overestimates
(positive trends), particularly for low flows (Jahanshahi et al.,
2022).

Wolff & Duarte (2021) estimated flow duration curves
for full and seasonal periods using a GEA-based model
and streamflow data from 81 stations to obtain unbiased
predictions. These stations had a high spatial density and
were well distributed throughout the study area. Twenty-
four independent variables were used to describe the basins:
compactness coefficient; total stream length; main channel
length; drainage density; highest distance difference; shape
factor; first-order stream frequency; mean elevation; mean
slope; drainage area; number of streams; topological diameter;
perimeter; elongation ratio; area ratio; bifurcation ratio;
circularity ratio; length ratio; slope ratio; annual precipitation;
and spring, summer, autumn, and winter precipitations.

Wolff & Duarte (2021) applied geostatistical modeling
to map flow duration curves (FDC) and, consequently, all
quantiles and shape and scale parameters. Initially, they
analyzed some basic assumptions of FDC parameters,
including data normality and spatial stationarity. Subsequently,
a maximum likelihood inference was performed to fit the
geostatistical models and estimate the best shapes, comparing
these GEA models with traditional models considered
standards (MLR models). Finally, spatial interpolation was
carried out and the performance was tested by using leave-
one-out cross-validation. The GEA models fit and performed
better than the MLR models. The medians of the relative
residuals for the full and seasonal periods were unbiased for
the entire duration. Possibly, the GEA fixed effect associated
with the external deviations led to this better and unbiased
result (Wolff & Duarte, 2021).

However, the position and proximity of basins and a high
station density alone are not sufficient for good GEA modeling.
According Jahanshahi et al. (2022), the effectiveness of model
transferability depends on the proper selection of information
from pairs of donor and receptor basins. Thus, they used
rainfall-runoff models to evaluate two types of hydrological
similarity: (I) apparent similarity, which was assessed using
a similarity distance based on basin descriptive variables and
the Euclidean distance based on a physical similarity method;
and (II) behavioral similarity, which was determined by the
best performance of parameter transfer models between the
gauged donor basin and the ungauged receiver basin (best
donation alternative). They proposed verifying the validation
of the hypothesis that apparently similar basins in terms of
descriptive variables have a hydrologically similar pattern.
Spatial proximity was also implemented to evaluate its use
as an alternative to physical similarity between basins. The
HBYV rainfall-runoff conceptual model was used in 576 basins
located in four climatically distinct regions in Iran to test this
hypothesis.
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Finally, the results indicated that: (1) the best donor basin had
the best performance, as expected, and more than 75% of similar
basins exhibited hydrological similarity; (2) physical similarity
outperformed proximity similarity, showing that descriptive
physical variables more significantly affected transferability
within each climatic region than geographical distance; however,
the spatial proximity increased as the distance between the donor
and target basins decreased (less than or equal to 20 km); (3)
considering the spatial proximity method and consistency with
basin physical characteristics, the geographical distance has a
variable effect on model transferability depending on the region’s
climate, with spatial proximity resulting in better performance
in humid than in dry regions; (4) overall, the prevailing transfer
model varies from region to region in Iran; thus, climatic
(aridity or potential evapotranspiration to precipitation ratio),
topographic (mean elevation), and physiographic (basin area)
properties have a greater effect on the transferability to for
ungauged basins than other variables; and (5) the runoft ratio
(Q,, / precipitation) confirms the superiority of humid regions
over arid regions in terms of controlling transfer parameters
(Jahanshabhi et al., 2022).

METHODS FOR VOLUMETRIC WATER BALANCE
USING SATELLITE PRODUCTS

Recently, a remote sensing application in a recent hydrology
study resulted in the development of well-performing
models for monitoring and estimating variables of interest
(Nascimento et al., 2021). Additionally, these tools allow for
the spatialization of important variables, such as precipitation
(PPT) and evapotranspiration (ET), which are essential
for improving hydrological models to estimate essential
information for the management of water resources (Charles
et al.,, 2022; Moura et al., 2022).

Conventional methods for predicting river discharges
require a large amount of hydrological and meteorological data.
Measuring these data is costly and time-consuming, making it
a challenging process (Singh et al., 2018). Thus, the hydrology
research community has applied several methodologies to
estimate river discharges, using available data from stream
gauges to develop hydrological models based on PPT and ET
of watersheds (Junges et al., 2022; Manke et al., 2022).

A simple model for estimating flow (Q,_) is through a
water balance equation applied to the watershed, in which the
water budget is calculated by subtracting ET, discharge, and
positive soil water storage from PPT (the water inflow), thus
representing the water outflow of the watershed. Thus, the flow
can be obtained when the other components of water balance
are known. The methodology involves estimating the annual
flow (Q_) based on the value obtained by subtracting ET from
the annual PPT, using a simplified water balance equation.

A general water balance model (WBM) to estimate the
hydrological parameter Q_ is represented by Eq. 4:

Q, =PPT-ET+¢ (4)

where:
Q,, - mean flow;
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PPT - annual precipitation;
ET - actual annual evapotranspiration; and,
¢ - model residuals.

Data from Integrated Multi-satellitE Retrievals for Global
Precipitation Measurement - GPM (IMERG) and Atmosphere-
Land Exchange Inverse for ET mapping (ALEXI) can be used
as remote sensing products in WBM, while Q_ is estimated
as the residual.

The Q,, estimated by Nascimento et al. (2021) using
WBM was successfully compared with observed data from
stream gauges in each watershed. The main advantages of
this methodology are its simplicity and good performance,
as well as the free availability of PPT and ET data, especially
in regions without gauging stations. They analyzed the effect
of area, slope, and vegetation cover type on the model’s
performance in estimating Q_. Similar performance was
observed when considering the effect of different areas and
slope percentages; however, the vegetation cover affected the
model’s performance. WBM using remote sensing products
performed better in watersheds with a higher percentage
of forest and pasture areas (>25 and 15%, respectively),
and a smaller percentage of soybean areas (<15%). WBM
overestimated Q_ in the watersheds in the study region,
which is reasonable, as changes in soil water storage were
not considered. The estimation of Q_ by a simple WBM
using remote sensing products is an important hydrological
tool for water resources management, with the potential to
use the same approach in other watersheds with different
climatological and topographic characteristics. The
uncertainty of IMERG and ALEXI products may result in
uncertainty in the water balance estimate. However, the
good performance of the model in estimating Q_ using only
remote sensing products supports the recommendation of this
method for hydrological forecasting in watersheds (Pereira
at al., 2016).

Ribeiro etal. (2022) proposed and evaluated the performance
of new exploratory regionalization variables, which represent
the river flow formation process based on ET obtained from
remote sensing products. They used the regional regression
method to estimate Q _and Q. The explanatory variables were:
precipitation volume (Peq); the value obtained by subtracting
an empirical value of 750 mm from Peq; the volumetric water
balance for each stream segment; and the volumetric water
balance for each hydrologically homogeneous region. These
variables were obtained by combining drainage area, PPT, and
ET data. ET was obtained using two remote sensing products:
MOD 16 and Global Land Evaporation Amsterdam Model.
The streamflow regionalization models were evaluated by
statistical, physical, and risk analyses. The study was applied
to the Rio Grande River Basin in the Southeast Region of
Brazil. All variables, expect Peq, showed good relevance
and representativeness in streamflow regionalization for
considering variations in edaphoclimatic and vegetative
conditions along the basin area. This study showed that step of
selecting independent variables is significantly important, as a
large number of independent variables is often not necessary
to obtain a well-performing model.

MACHINE LEARNING METHODS

Machine learning techniques (MLT) have interested
hydrologists in recent years due to their ability to work with
big data and solve several problems. Random Forest (RF) is
an MLT developed by Breiman (2001) that can be used for
prediction and classification purposes. RF regression can work
with nonlinear relationship between variables by combining
many regression trees, extracting multiple bootstrap samples
from the original training data, and by analyzing decision trees
(Breiman, 2001; Xu et al., 2019).

A decision tree is a hierarchical analysis diagram where
each internal node represents an independent variable, the
branch represents the result of the test, and each terminal
node (leaf) represents a decision (Xu at al., 2019). The decision
rules for node splitting are adjusted aiming to optimize the
homogeneity of the dependent variable. Further details can
be found in Tyralis et al. (2019) (Figure 1).

The use of RF for water resources management is recent
(Tyralis et al., 2019); RF has been used for predicting water
prices (Xu et al., 2019), regionalizing parameters of hourly
hydrological models (Saadi et al., 2019), simulating large-scale
flood discharges, and for several hydrological parameters and
signatures (Schoppa et al., 2020). However, few studies focused
on the applicability of RF to predict specific quantiles along
the flow duration curve. According to Tyralis et al. (2019),
RE-based models allowed the interpretation of obtained results
and can complement other approaches. Additionally, most RF
variants have been implemented in R programming language
and are freely available.

Considering the importance of specific exceedance
frequencies in flow duration curves (Q,, and Q,,) and long-
term mean flow (Q_) for water resources management,
Nascimento et al. (2021) analyzed the performance of MLR
and RF models in predicting these flows using a large-scale
sample composed of 81 watersheds in a Brazilian state. They
focused on reference flows because they are used as a tool,
specifically, in the study area, thus effectively contributing
to water resources management by providing models and
identifying relevant descriptors for flow prediction in the
region. Additionally, the study advanced the state of the art in
hydrology by addressing the following questions: (i) Does RF
overperform MLR in predicting reference flows in large-scale
watershed? (ii) Does the low cost of RF, in terms of execution
time and free software implementation, support its application
for predicting reference flows? (iii) Can a subset of landscape
and climatic descriptors be used for predicting long-term flow

Figure 1. Hierarchical analysis diagram of the Random Forest
algorithm
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and minimum flows by RF models? They concluded that the
MLR method outperformed RE, but their performances were
similar in terms of error metrics. Thus, RF can be proposed
as a new method for predicting reference flow in subtropical
regions.

Golian et al. (2021) compared regionalization methods
in 41 catchments in Ireland and concluded that MLR better
estimated Q_, whereas RF performed better in estimating high
and low flows.

Ferreira et al. (2021) evaluated the advantages and
limitations of different MLT approaches to regionalize flows
in tropical watersheds. The models used were based on the
RF, EARTH, MLR algorithms. The response variables were
three types of minimum flows (Q,,; Q,, and Q,)) and Q, . The
database involved 76 covariates (independent variables) related
to morphometry, topography, climate, land use and cover, and
surface conditions. Two processes were used for elimination of
covariates: Pearson correlation coefficient and recursive feature
elimination (RFE). Several performance indices were used to
validate the models. The results showed poor performance of
the MLR model. The most predictive independent variable
was the flow equivalent to precipitation volume, considering
an abstraction factor of 750 mm. Overall, the RF and EARTH
models showed similar performance and great ability to predict
minimum flows and long-term mean flows.

Recently, deep learning (DL) models have shown state-
of-the-art regionalization performance in gauged basin
scenarios through the construction of a global hydrological
model (Nogueira Filho et al., 2022). These models predict
streamflow based on certain basin physical characterization
variables and climate data. However, these descriptive
variables are inherently uncertain and often incomplete,
making them impractical in some cases, limiting their
applicability. Li et al. (2022) showed that Random Vector
(RV) models emerge as viable alternatives in the absence of
physical descriptors of catchments. The results showed that
RV models achieved predictive performance comparable to
that of models using descriptive physical characteristics. The
RV approach yields robust performance under different data
scarcity conditions and DL model types. Additionally, the
use of RV improves streamflow regionalization performance
in gauged basins when physical descriptive variables are
uncertain or insufficient.

According to Nogueira Filho et al. (2022) and Wang et
al. (2022), modeling rainfall in ungauged basins remains a
major challenge for hydrological research. A new approach
to this issue is the Long-Short-Term-Memory neural network
from the DL toolkit, with which few works on rainfall flow
regionalization have been developed. Nogueira Filho et al.
(2022) discussed the application of this new procedure on
powerful computers compared to a traditional neural network
and a MLR model in a practical framework under adverse
conditions: limited data availability, shallow soil basins in
semiarid regions, a high variability in rainfall and monthly
time stages. The selected watersheds were in a state of the
Northeast Region of Brazil. Regionalization by both neural
networks had better performance when compared to the
MLR procedure; however, the traditional neural network

Rev. Bras. Eng. Agric. Ambiental, v.28, n.9, €276836, 2024.

had slightly better relative performance. The neural network
methods also showed the ability to aggregate understanding
processes for different watersheds, as neural networks trained
with MLR regionalization data (hybrid model) performed
better when compared to networks trained for individual
watersheds.

CONCLUSIONS

1. The spatial proximity method is simple and does not
require previous studies of the region, but it is generally limited
to target basins inserted in the donor basin.

2. The traditional method of multiple linear regression
generally provides good solutions, but often requires
multivariate cluster analysis.

3. The geostatistical method typically replaces multiple
linear regression under conditions of dense basin grids, with
relatively uniform distribution in the study area.

4. Models that perform volumetric water balance in
watersheds based on satellite products generally provide good
preliminary estimates of long-term mean flow (Q_) for large
regions with a small number of gauging stations.

5. The current state of the art lies in machine learning
models, such as Random Forest, which allow working with a
large number of physical characteristics.
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