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HIGHLIGHTS:
Seven hydrologically homogeneous regions were identified in the MATOPIBA region.
Four reference flow models were developed for each homogeneous region.
The models showed strong predictive performance, supporting informed water resources management decisions.

ABSTRACT: The MATOPIBA region, covering parts of Maranhdo, Tocantins, Piaui and Bahia states, Brazil, is a new
agricultural frontier. Estimating streamflow is challeging due to inconsistent historical data and focus on large rivers.
Hydrological regionalization, which transfers informations between similar basins, offers a solution. This study developed
reference flow models using data from 83 streamflow gauging stations to calculate flows (Qm,,,, Q90,y,, Q95.,,, Q7.10,,),
converted to specific flows (L s km?). Annual rainfall per basin was interpolated via ordinary kriging, ranging from 889.5
mm per year in Bahia and Piaui to 1,829 mm per year in Tocantins and Maranhéo. Cluster analysis using morphometric
variables (drainage density, main river length, slope, compactness coeflicient, centroid coordinates) and rainfall identified
seven homogeneous regions. Multiple linear regression models were fitted per region, with best models selected via Akaike
Information Criterion (AIC) and statistical tests. A total of 28 equations (four per region) were generated, with drainage
density present in all. The performance of the models, evaluated via Willmotts index (d > 0.85), Nash-Sutcliffe efficiency
(NSE > 0.70), PBIAS (< 15%), and R? (> 0.70), was classified mostly as «very good» or «good,». Lower accuracy occured in
clusters 3, 6, and 7 due to rainfall variability, basin dispersion, and river length ranges. These models support estimation of
reference streamflows in ungauged basins, aiding water resources management, irrigation planning, drought mitigation, and
sustainable agriculture. Future improvements could include seasonal rainfall analysis, more gauging stations, and remote
sensing variables. The regionalization approach may be extended to other Brazilian biomes.

Key words: hydrology, kriging, GIS, geostatistics, multiple-regression

RESUMO: A regido do MATOPIBA, abrangendo parte do Maranhao, Tocantins, Piaui e Bahia, ¢ uma nova fronteira agricola
no Brasil. Estimar a vazéo é desafiador devido a dados histéricos inconsistentes e foco em grandes rios. A regionalizagdo
hidrolégica, que transfere informagdes entre bacias semelhantes, oferece uma solugio. Este estudo desenvolveu modelos
de vazdo usando dados de 83 postos fluviométricos para calcular as vazdes de referéncia (Qm,,, Q90.y,, Q95.,» Q7.10,,),
convertidas em vazdes especificas (L s* km?). A precipitagdo anual por bacia foi interpolada via krigagem ordindria,
variando de 889,5 mm por ano na Bahia e Piaui a 1.829 mm por ano em Tocantins e Maranhéo. A analise de clusters,
considerando varidveis morfométricas (densidade de drenagem, comprimento do rio principal, declividade, coeficiente
de compacidade, coordenadas do centroide) e precipitacio, identificou sete regides homogéneas. Modelos de regressio
linear multipla foram ajustados por regiao, com os melhores selecionados pelo Critério de Informagao de Akaike e testes
estatisticos. Foram geradas um total de 28 equagdes (quatro por regiao), com densidade de drenagem presente em todas elas.
O desempenho dos modelos, avaliado pelo indice de Willmott (d > 0,85), eficiéncia de Nash-Sutcliffe (NSE > 0,70), PBIAS
(< 15%) e R? (> 0,70), foi classificado principalmente como “muito bom” ou “bom”. Menor precisdo ocorreu nos clusters
3, 6 e 7 devido a variabilidade de precipitagao, dispersao das bacias e amplitudes de comprimento dos rios. Esses modelos
auxiliam na estimativa de vazdes de referéncia em bacias hidrograficas ndo monitoradas, contribuindo para a gestdo de
recursos hidricos, o planejamento de irriga¢do, a mitigacdo da seca e a agricultura sustentavel. Melhorias futuras poderao
incluir analises sazonais de precipitacédo, mais estagdes de medigio e variaveis de sensoriamento remoto. A abordagem de
regionalizagdo pode ser estendida a outros biomas brasileiros.

Palavras-chave: hidrologia, krigagem, SIG, geoestatistica, regressdo multivariada

Ref. 295667 - Received 02/04/2025 This is an open-access article
* Corresponding author - E-mail: viniciusbarreiros75@gmail.com distributed under the Creative ®
o Accepted 08/04/2026 « Published 20/07/2026 Commons Attribution 4.0

Editors: Antonio Gustavo de Luna Souto & Carlos Alberto Vieira de Azevedo International License.


http://www.agriambi.com.br
http://www.scielo.br/rbeaa
https://orcid.org/0009-0001-8056-3916
https://orcid.org/0000-0002-6818-4833
https://orcid.org/0000-0001-5762-519X
https://orcid.org/0000-0003-4899-7092
https://orcid.org/0000-0002-9792-0553
https://orcid.org/0000-0002-4139-7097
https://orcid.org/0000-0002-0472-8301

2/10

INTRODUCTION

The MATOPIBA region—spanning the states of Maranhao,
Tocantins, Piaui, and Bahia—has emerged as Brazils fastest-
growing agricultural frontier (Batista et al., 2023). Responsible for
approximately 8% of national corn (Zea mays) and 13% of soybean
(Glycine max) production (CONAB, 2023), its rapid expansion,
driven by large-scale mechanized agriculture, has substantially
altered the Cerrado biome. This land-use intensification has
increased pressure on local water resources, particularly in areas
frequently affected by drought (Evangelista et al.,, 2017; Lima et
al.,, 2023; Ranke et al., 2025). As agricultural, industrial, and urban
demands increasingly compete for limited water supplies, accurate
streamflow estimation becomes essential for sustainable water
allocation, irrigation planning, and environmental management.

Hydrological models play a central role in simulating
hydrological processes and supporting water resources decision-
making (Xiong & Zeng, 2019; Kittel et al, 2020). However,
their reliability depends on robust calibration, which remains
challenging in data-scarce regions (He et al,, 2011; Mizukami et
al.,, 2017; Guo et al,, 2020). In MATOPIBA, monitoring stations
are concentrated along major rivers, leaving many smaller
tributaries and headwater basins ungauged. This limited spatial
coverage constrains the application of conventional hydrological
modeling approaches and reinforces the need for reliable
regionalization methods.

Hydrological regionalization transfers information from
gauged to ungauged basins based on spatial, physical, or statistical
similarities (Yang et al., 2020, Duarte et al, 2024). The main
approaches include spatial proximity (SP), which assumes that
geographically adjacent basins exhibit similar hydrological
responses; physical similarity (PS), which relies on morphometric
and climatic attributes; and multiple regression (MR), which links
streamflow indices to basin descriptors (Guo et al., 2020; Yang et
al,, 2020; Xu et al,, 2022). Comparative studies indicate that SP
performs well in hydrologically uniform regions but poorly across
strong climatic gradients; PS yields reliable results when basin
attributes are adequately characterized; and MR offers greater
flexibility and interpretability, particularly when combined with
geostatistically interpolated rainfall data (Yang et al., 2020; Fenicia
etal., 2022).

Practical applications in Brazil and worldwide demonstrate the
effectiveness of regionalization techniques. In the Sdo Francisco
River basin, Silva et al. (2009) applied MR models incorporating
rainfall and drainage density to support water-permit allocation
during drought periods. In Rio Grande do Sul, Beskow et al. (2016)
combined artificial neural networks with MR to estimate Q90,
resulting in a 25% improvement in irrigation scheduling accuracy
in ungauged areas. At the global scale, Beck et al. (2020) employed
large-scale parameter regionalization to simulate streamflow in
more than 4,000 headwater catchments. In the Tocantins River
basin, Rodrigues et al. (2021) applied PS-based models to estimate
Q90, supporting the licensing of small hydropower plants.

Despite these advances, MATOPIBA still lacks an integrated
regionalization framework tailored to its environmental
complexity. The region spans three biomes—Cerrado, Caatinga,
and Amazon transition zones—with annual rainfall ranging from
approximately 800 to over 2,000 mm and highly variable drainage
characteristics. Existing flow estimates are often derived from

Rev. Bras. Eng. Agric. Ambiental, v.30, n.7, 295667, 2026.

Vinicius C. Barreiros et al.

sparse datasets or generalized national-scale models that fail to
capture local hydrological behavior. This study addresses this gap
by developing reference flow models (Qm, Q90, Q95, and Q7,10)
for hydrologically homogeneous regions within MATOPIBA.
The study aimed to: (i) estimate mean annual rainfall using
ordinary kriging; (ii) delineate hydrologically homogeneous
regions through cluster analysis; (iii) develop PS- and MR-based
regionalization equations; and (iv) evaluate model performance
using robust statistical metrics. The resulting models aim to
support irrigation planning, environmental flow assessment,
drought forecasting, and water-use permitting, thereby
strengthening climate-resilient water governance in the region.

MATERIAL AND METHODS

The study was conducted in the MATOPIBA region (Figure
1), which encompasses parts of four Brazilian states and covers
an area of approximately 730,000 km?, with elevations ranging
from 0 to 1,051 m above sea level. The region is located between
latitudes 2° 30’ Sand 15° 15’ S and longitudes 43° 00" W and 50° 00’
W. According to the Képpen-Geiger climate classification (Peel et
al,, 2007), the region is predominantly characterized by a humid
tropical climate with a dry winter (Aw), with mean monthly
temperatures between 25 and 27 °C and mean annual rainfall
ranging from 800 to 2,000 mm. Rainfall exhibits a well-defined
seasonal pattern, with a dry period from June to September and a
rainy period from October to May (Nascimento & Novais, 2015).

Daily rainfall data (mm per day) and mean daily streamflow
data (m® s™) were obtained from historical records of rainfall
and streamflow gauging stations within the study area, accessed
through the HIDROWEB platform of the National Information
System on Water Resources (SNIRH), maintained by the National
Water and Sanitation Agency. Selection criteria included stations
with at least 30 years of data and a maximum of 20% missing
observations per year, restricting the analysis period to 1980-
2023. After applying these filters, 83 streamflow gauging stations
and 262 rainfall stations were selected, of which 143 were located
within the MATOPIBA limits and 119 in surrounding areas.
Figure 1B illustrates the spatial distribution of the stations used
in this study.

Figure 2 illustrates the conceptual framework of the
regionalization procedure. Mean annual rainfall was calculated
for each rainfall gauge using RStudio software. Experimental
semivariograms were computed to obtain interpolation
parameters for ordinary kriging, using QGIS version 3.16.11 with
GRASS GIS 7.8.5. These tools were also employed to delineate the
contribution area of each streamflow gauging station.

The SisCAH 1.0 software (SisCAH, 2022) was applied to
generate flow-duration curves for each streamflow gauging
station, enabling the calculation of reference streamflow indices
commonly adopted in Brazil: Qm (long-term mean flow, m*s™),
Q90 (flow exceeded 90% of the time, m® s™), Q95 (flow exceeded
95% of the time, m® s7'), and Q7.10 (minimum average flow of
seven consecutive days with a 10-year return period, m* s™). To
facilitate comparisons, reference flows were converted to specific
flows (L s~ km?) by dividing each flow value by the corresponding
drainage area (Ribeiro et al., 2022).
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Missing rainfall data were filled using the regional
weighting (RW) method, as described by Paulhus & Kohler
(1952), Bertoni & Tucci (2007), and Sabino & Souza (2023).

Mean annual rainfall per watershed was estimated using
the isohyetal method (lines of equal rainfall). This approach
consists of calculating a weighted average of rainfall values,
based on the area occupied by each isohyet within the
contribution area of each streamflow gauging station (Wolff
& Duarte, 2021).

Morphometric characteristics of each basin were
derived by delineating watershed boundaries using QGIS.
This procedure allowed the estimation of drainage area,
main channel length, total channel network length, and
UTM (Universal Transverse Mercator) coordinates of the
basin centroid (Rai et al., 2017). Morphometric indices were
calculated as follows:
 Drainage density (Dd, km km ) was defined as the ratio

between the total length of the drainage network and the

basin area;

o The Gravelius compactness coefficient (Gcc,
dimensionless) describes basin shape by comparing the
basin perimeter with that of a circle of equal area;

o The main channel slope (Is, m km™) was calculated as
the ratio between the elevation difference from source to
outlet and the channel length.

To identify hydrologically homogeneous regions,
morphometric indices and mean annual rainfall were used
as input variables in a cluster analysis (Nishimura et al.,
2022), performed in RStudio using the packages stats, cluster,
factoextra, and NbClust.

Cluster analysis is a technique used to group similar
elements and identify differences among them (Santiago et al.,
2022; Charles et al., 2024). Similarity or dissimilarity between
elements was quantified using the Manhattan distance (city-
block distance), calculated as the sum of absolute differences
between corresponding variables, equivalent to distances
measured along orthogonal axes. This metric is less sensitive
to outliers and is expressed in Eq. I:

P
djj = Z|Xik—Xjk|;VI‘€R:r >1 (D)
k=1

Where:

d; - representes the aggregated distance or difference
between elements i and j;

x; and x;, - represent the values of the k-th variable for
elements i and j, respectively;

p - denotes the total number of variables included in the
distance calculation; and,

R - is the set of indices satisfying the condition r > 1.

For the cluster analysis, a hierarchical method was
adopted because it allows flexibility in the number of groups
while incorporating the researcher’s knowledge of regional
characteristics. In this approach, hierarchical clustering
algorithms are constructed from a similarity or dissimilarity
matrix, in which the most similar pair of elements is
successively identified and merged.

Ward’s method (Ward, 1963) is a general classification
algorithm that progressively groups n elements by minimizing
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an objective function at each of the (n — 2) merging
steps. This algorithm is based on minimizing the loss of
information resulting from grouping variables, quantified
by the sum of square deviations of individual elements from
the mean values of their assigned clusters. Ward’s method
is particularly suitable because it relies on a statistically
rigorous criterion and typically produces clusters with high
internal homogeneity, comparable to those obtained using
the farthest-neighbor method.

In the subsequent step, regression equations were
developed to estimate streamflow for each hydrologically
homogeneous region. The same variables used in the cluster
analysis were adopted as independent variables in the
multiple linear regression models.

Initially, a full model incorporating all available variables
was fitted to estimate specific streamflow (Chang & Boyer,
1977). During this stage, models were developed to estimate
Qm,,,, Q90,, Q95.,, and Q7.10.,. Eq. 2 presents the
general form of the base model used for these calculations:

Qm,,=a.Dd+b.L+cIs+d.Gec+e.P+f.Cx+g.Cy (2)

Where:

Qm,, - is the regionalized specific long-term mean flow
rate (L s' km);

Dd - is the drainage density (km km2);

L - is the length of the main channel (km);

Is - is the mean slope of the main channel (m km™);

Gce - is the Gravelius compactness coefficient
(dimensionless);

P - is the total annual basin rainfall (mm per year);

Cx and Cy - are the UTM coordinates of the basin centroid
(m); and,

a,b, ¢, d, e, f, and g - are the regression coefficients.

The same equation served as the basis for defining models
to estimate the regionalized specific flow rates of Q90, Q95,
and Q7,10. For each hydrologically homogeneous region, the
optimal model was selected using the Akaike Information
Criterion (AIC) through a backward elimination procedure,
starting with a full model that included all candidate variables
and sequentially removing variables until the lowest AIC
value was obtained.

RStudio software was used to evaluate model residuals
and verify the statistical assumptions of multiple linear
regression, including: (i) normality assessed using the
Shapiro-Wilk test (Shapiro & Wilk, 1965); (ii) independence
of residuals evaluated using the Durbin-Watson test (Durbin
& Watson, 1950); (iii) homoscedasticity examined using
the Breusch-Pagan test (Breusch & Pagan, 1970); and (iv)
multicollinearity assessed following Fox & Monette (1992).
Model performance was evaluated by comparing estimated
and observed streamflow values at each gauging station
using the SisCAH software (Computational System for
Hydrological Analyses), developed by the Water Resources
Research Group (GPRH) at the Federal University of Vigosa
(UFV), located in Vigosa, Minas Gerais state, Brazil.

Performance evaluation followed the guidelines proposed
by Moriasi et al. (2015), which recommend the application
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of four quantitative statistical metrics: (i) Willmotts
concordance index (d) (Willmott, 1981); (ii) Nash-Sutcliffe
efficiency (NSE) (Nash & Sutcliffe, 1970); (iii) percent bias
(PBIAS); and (iv) coefficient of determination (R?).

Model performance was classified as very good, good,
satisfactory, or unsatisfactory based on the qualitative criteria
and corresponding quantitative thresholds proposed by
Moriasi et al. (2015) (Table 1).

RESULTS AND D1SCUSSION

Drainage areas were delineated for each previously
described streamflow gauging station. Station 28850000,
located in Araguatins, Tocantins state, on the Araguaia
River, presented the largest drainage area, totaling 382,077.13
km?. In contrast, station 34230000, located in Monte Alegre

Table 1. Qualitative performance criteria and quantitative thresholds for evaluating hydrological regionalization models
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do Piaui, Piaui state, on the Contrato Stream, showed the
smallest drainage area, with an area of 801.65 km?.

The parameters of the semivariogram (nugget effect,
contribution, and range) as well as the fitted Matérn model for
rainfallinterpolation by ordinarykriging were obtained through
semivariogram analysis of rainfall data (Shapiro & Wilk, 1965).
Figure 3A displays the resulting rainfall interpolation map,
while Figure 3B presents the isohyets derived from this map.
Spatial interpolation indicates that mean annual rainfall across
the region ranges from 889.5 mm per year in Bahia and Piaui
to 1,829 mm per year in Tocantins and Maranhao. Using the
isohyetal and basin delineation maps, mean annual rainfall was
then calculated for each drainage area.

The rainfall interpolation results are consistent with those
reported by Kodama (1993) for the region, which indicated
that the highest rainfall volumes occur in areas of lower
elevation due to convective processes driven by hot, humid

Performance
Index Very good Good Satisfactory Unsatisfactory
d > 0.90 0.85<d=<0.90 0.75<d =<0.85 d=0.75
NSE > 0.80 0.70 < NSE < 0.80 0.50 < NSE < 0.70 < 0.50
PBIAS (%) <=5 +5=<PBIAS < =10 +10 <PBIAS = = 15 PBIAS = + 15
R2 > 0.85 0.75 <R2 < 0.85 0.60 < R2 < 0.75 =< 0.60

d - Willmott’s concordance index; NSE - Nash-Sutcliffe efficiency test; PBIAS (%) - Percentage bias; and R” - Coefficient of determination

44°0

3970

B.

44°0 3970

Rainfall (mm)
B889.5

i | 1124 4

T | 13se 3

Bl 1594 1

M 13290

975
1

14°5

19|‘S

11*’5

0 100 200 300 km

i

T T T

Figure 3. Spatial distribution of rainfall interpolated by ordinary kriging (A) and corresponding 50-mm isohyet lines in the

MATOPIBA region (B)

Rev. Bras. Eng. Agric. Ambiental, v.30, n.7, €295667, 2026.



6/10

air masses originating from the Amazon region and moving
toward higher latitudes. In contrast, lower rainfall volumes
are observed in higher-altitude areas located within the
Brazilian semi-arid zone, which is less directly influenced by
this climatic mechanism (Manke et al., 2022).

Cluster analysis was applied to delineate hydrologically
homogeneous regions based on multiple independent
variables, including the UTM latitude and longitude of basin
centroids, mean slope of the main channel, drainage density,
main channel length, Gravelius compactness coefficient, and
mean annual rainfall within each contribution area.

Table 2 presents drainage area values for each streamflow
gauging station within the study area, while basin
delineations are illustrated in Figure 4. Basins assigned to

Table 2. Basin drainage area and corresponding percentage
of the total area by cluster

Cluster Basin’s area (km?) (%)
1 118,959.256 2.3
2 24,346.749 0.5
3 482,495.673 9.5
4 1,987,372.968 39.2
5 1,148,241.657 22.6
6 154,669.597 3.1
7 1,153,756.320 22.8
Total 5,069,842.220 100.0
A' 44°0

5 21"0
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clusters 4, 5, and 7 exhibit the largest drainage areas, which
is explained by the location of their headwaters outside the
MATOPIBA boundaries.

Thehierarchicalanalysisindicated that the optimalnumber
of clusters was four; however, owing to the spatial extent of the
study area and the presence of three distinct Brazilian biomes,
one hierarchical level was further subdivided, resulting in the
delineation of seven hydrologically homogeneous regions for
MATOPIBA. Figure 4B illustrates the spatial distribution of
these clusters across the study area.

Although the study area encompasses a large and
environmentally diverse region with three different biomes,
the number of hydrologically homogeneous regions remains
relatively limited. Approximately 33.4% of MATOPIBA
consists of gently rolling terrain with slopes ranging from 3 to
10%, while 42.4% is characterized by plateaus and tablelands
with slopes between 0 and 5% (IPABHI, 2019). Despite this
variability, basins within individual clusters are spatially
proximate, with the exception of cluster 6, which exhibits
greater dispersion.

Multiple linear regression was employed to develop
models for estimating reference streamflow within each
hydrologically homogeneous Regressions were
performed independently for the seven delineated regions
using different combinations of independent variables (Dd,
L, Is, Gee, P, Cx, and Cy) and dependent variables (Qm,,,
Q90,,,, Q95.,,, and Q7.10,,,). Model selection was based
on Student’s t-test at a significance level of p < 0.05. Four

region.
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Figure 4. Streamflow gauging stations in MATOPIBA region (A) and drainage area and hydrologically homogeneous regions

based on cluster analysis (B)
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regionalization equations were derived for each region,
resulting in a total of 28 equations. Table 3 summarizes the
coefficients of determination and additional performance
indices for each equation.

The developed models did not exhibit a consistent pattern
regarding the choice of independent variables, as some
variables were excluded due to lack of statistical significance
(p < 0.05) or multicollinearity with other predictors. This
outcome indicates the absence of a standardized approach for
developing hydrological regionalization models.

Across the MATOPIBA regions, the regionalization
models showed no uniform structure in terms of explanatory
variables, except for drainage density (Dd), which was
included in all models. A review of previous streamflow
regionalization studies likewise suggests that no clear rule
exists for selecting explanatory (independent) variables to be
incorporated into streamflow estimation models.

Baena et al. (2004) developed streamflow regionalization
models for the Paraiba do Sul River basin using five
morphometric variables and total annual rainfall, concluding
that basin area and drainage density strongly influenced Q95.,,.
Silva et al. (2009) evaluated five morphometric parameters and

7/10

rainfall in the Sdo Francisco River basin and identified drainage
density and total annual rainfall as significant predictors of
Q7.10,. In Rio Grande do Sul, Beskow et al. (2016) applied
artificial intelligence techniques for Q90,,, regionalization
and identified drainage area as the sole relevant explanatory
variable, a result also reported by Rodrigues et al. (2021) for
the Tocantins River basin. According to Charles et al. (2024),
increasing the number of gauging stations and incorporating
region-specific morphometric and climatic variables can
improve model performance. In the present study, drainage
density emerged as the most recurrent independent variable,
likely reflecting the influence of regional relief on rainfall
distribution and runoff generation.

The qualitative classification presented in Table 4 was
applied to interpret model performance, with evaluation
indices defined in Table 1.

The regionalization models performed satisfactorily for
most clusters; however, reduced performance was observed
for clusters 3, 6, and 7. In cluster 3, wide variability in
rainfall distribution and latitude contributed to increased
heterogeneity, which likely affected model accuracy. For
cluster 6, weaker performance was associated with greater

Table 3. Regression equation parameters for regionalized specific flow estimation in each hydrologically homogeneous region

Cluster Flow i a b
QMg -106.79 -26.69 -2.35E-03
] Q90,4 -73.73 -20.71 8.79E-03
Q95 -57.65 -20.36 0.01
Q7.104, -42.95 -19.70 0.01
(0] 166.60 -67.06 0.00
5 Q90,4 -25.49 -0.57 0.00
Q95,4 -18.95 0.90 0.00
Q7.104, -27.29 4.33 0.00
QMg 58.67 -4.24 -1.84E-03
3 Q90,4 30.65 -2.16 -3.91E-03
Q95 25.28 -1.99 -3.83E-04
Q7.104, 25.52 -2.07 -4.36E-03
(0] 1. 8.85 0.85 1.59E-03
A Q90 9.64 -1.00 -8.49E-04
Q95 8.56 -0.80 -8.26E-04
Q7.104, 717 -0.57 -7.04E-04
QMg 8.45 2.62 -4.30E-03
Q90 6.74 -1.53 -2.47E-04
> Q95,4 5.79 -1.51 -1.91E-04
Q7.104, 3.44 -0.12 -6.19E-04
QMg 13.82 -9.48 -2.22E-03
Q90,5 217 -1.08E-03 -6.98E-04
6 Q95,4 2.00 -0.02 -5.24E-04
Q7.104, 2.27 0.02 -5.05E-04
QMg -39.89 -0.711 -1.83E-05
; Q90 -10.55 0.42 8.56E-04
Q954 -9.24 0.51 9.14E-04
Q7.10,, -10.06 0.56 9.88E-04

(¥ d e f g
4.37 0.00 0.03 1.25E-05 1.21E-05
4.27 0.00 -0.03 1.62E-05 1.55E-05
3.48 0.00 -0.04 1.28E-05 1.52E-05
3.43 0.00 -0.04 1.31E-05 1.40E-05
-1.93 0.00 0.00 -1.11E-05 -3.74E-06
-0.38 0.00 0.00 -2.70E-05 1.15E-06
-0.46 0.00 0.00 2.42E-05 3.58E-07
-0.32 0.00 0.00 2.15E-05 7.96E-07
-1.69 -0.70 -0.02 -3.00E-05 0.00
-1.25 -1.01 -0.01 -1.40E-05 0.00
-1.21 -0.87 -0.01 -1.19E-05 0.00
-1.25 -0.86 -0.01 -1.09E-05 0.00
0.00 0.00 0.00 -3.15E-07 0.00
0.00 0.00 0.00 -2.89E-06 0.00
0.00 0.00 0.00 -2.77E-06 0.00
0.00 0.00 0.00 -2.78E-06 0.00
0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00
-0.59 417 0.03 -1.61E-06 -4.67E-06
0.01 0.50 -3.67E-04 -1.45E-06 -2.36E-07
-0.05 0.30 -1.43E-04 -1.12E-06 -1.28E-07
-0.03 0.34 -6.33E-04 -9.40E-07 -1.23E-07
-0.06 1.46 0.06 0.00 -3.75E-06
0.90 -1.57 0.02 0.00 -1.18E-06
0.83 -1.88 0.01 0.00 -7.51E-07
0.91 -2.06 0.01 0.00 -3.58E-07

Flow - Reference flows; i -Intercept; a - Dd index; b - L index; ¢ - Is index; d - Gee index; e - P index; f - Cx index and g - Cy index
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Table 4. Performance classification criteria for regionalized specific flows based on statistical indices recommended for

hydrological regionalization models

Cluster Flow D

QMg 0.999 (v.g)

1 Q905 0.980 (v.g)
Q95 0.979 (v.g)

Q7.104, 0.982 (v.g)

QMg 0.980 (v.g)

: Q90 0.979 (v.q)
Q95,, 0.987 (v.9)

Q7104 0.999 (v.g)

QMygye 0.884 (g)

3 Q90,4 0.847 (s)
095, 0.829 (s)

Q7.10,, 0.841 (s)

QMg 0.995 (v.g)

q Q905 0.990 (v.g)
Q95 0.989 (v.g)

Q7104 0.989 (v.g)

QMeg,e 0.998 (v.g)

5 Q90,4 0.996 (v.g)
095, 0.959 (v.g)

Q7104 0.870 (g)

QMg 0.875 (g)

: Q90 0.719 (u)
095, 0.716 (u)

Q7.10,4 0.889 (g)

(0] 0.950 (v.g)

. Q90 0.798 (s)
Q95 0.761 (s)

Q7.104, 0.710 (u)

NSE PBIAS (%) R?
0.998 (v.g) -0.118 (v.g) 0.998 (v.g)
0.924 (v.g) -0.526 (v.g) 0.924 (v.g)
0.920 (v.g) 0.284 (v.g) 0.920 (v.g)
0.930 (v.0) 0.095 (v.g) 0.930 (v.g)
0.926 (v.g) 0.205 (v.g) 0.926 (v.g)
0.922 (v.g) 0.899 (v.g) 0.922 (v.g)
0.951 (v.9) 0.031 (v.9) 0.951 (v.9)
0.998 (v.g) -0.109 (v.g) 0.998 (v.g)
0.655 (s) 0.029 (v.g) 0.585 (u)
0.581 (s) 0.027 (v.g) 0.508 (u)
0.548 (s) -0.060 (v.g) 0.469 (u)
0.571 (s) 0.060 (v.g) 0.488 (u)
0.981 (v.9) -0.001 (v.g) 0.981 (v.9)
0.961 (v.g) 0.005 (v.g) 0.961 (v.g)
0.959 (v.g) -0.003 (v.g) 0.959 (v.g)
0.957 (v.9) -0.010 (v.g) 0.957 (v.9)
0.994 (v.g) -0.071 (v.g) 0.994 (v.g)
0.982 (v.9) -0.021 (v.g) 0.982 (v.g)
0.853 (v.g) 0.030 (v.g) 0.856 (v.g)
0.626 (s) 0.032 (v.g) 0.626 (s)
0.649 (s) 1.103 (v.g) 0.636 ()
0.391 (u) -1.093 (v.g) 0.390 (u)
0.379 (u) 10.102 (s) 0.392 (u)
0.679 (u) 0.451 (v.g) 0.680 (u)
0.826 (v.g) -0.040 (v.g) 0.825 (g)
0.497 (u) -0.217 (v.g) 0.497 (u)
0.443 (u) -0.149 (s) 0.442 (u)
0.379 (u) -0.108 (v.g) 0.376 (u)

Flow - Reference flow; D - Willmott’s concordance index; NSE - Nash-Sutcliffe efficiency test; PBIAS (%) - Percentage bias; R? - Coefficient of determination; v.g - Very good; g -

Good; s - Satisfactory; and u - Unsatisfactory

dispersion of basin characteristics within the group, reflecting
the spatial distribution of basins that compose this cluster.
The lower predictive performance observed for cluster 7 is
attributed to the wide range of main channel lengths, which
reduced model accuracy.

As shown in Table 3, the combined drainage area of
clusters 3, 6, and 7 accounts for 35.3% of the total drainage
area represented by streamflow gauging stations within
the MATOPIBA boundaries. This finding highlights the
importance of considering the applicability limits of the
proposed models when estimating streamflow in areas
corresponding to these regions (Odusanya et al., 2022).

The regionalization models developed for long-term
mean specific flow (Qmespr) showed good agreement with
observed values, with performance indices predominantly
classified as very good or good. Nevertheless, models for
hydrologically homogeneous regions 3 and 6 exhibited
lower performance, with NSE and R® values below 0.70.
These results indicate reduced predictive capability, likely

Rev. Bras. Eng. Agric. Ambiental, v.30, n.7, €295667, 2026.

influenced by rainfall variability and latitude range in region
3 (Panthi et al., 2021) and by basin dispersion in region 6.

Models developed for other reference flows (Q90,,
Q95,,,, and Q7.10,,,) exhibited performance patterns similar
to those observed for Qm,,,. However, reduced predictive
capacity persisted for regions 3, 6, and 7, which can be
attributed to factors such as variability in main channel
length, ranging from 42.5 to 1,556.7 km.

CONCLUSIONS

1. The hydrological regionalization of the MATOPIBA
region  identified distinct  hydrologically
homogeneous regions, highlighting the climatic and
hydrological diversity of the area. These findings provide
important support for sustainable planning, integrated
water resources management, and mitigation of regional
environmental impacts.

seven
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2. Themodelsdevelopedinthisstudyexhibited satisfactory
agreement, accuracy, precision, and representation of mean
flow magnitudes, as well as good performance across the
evaluation indices used to compare observed and estimated
streamflow values.

3. Further studies are recommended to enhance model
performance, including seasonal rainfall analyses to
enable development of season-specific models, as well as
incorporation of additional streamflow gauging stations and
new independent variables potentially correlated with river
discharge in the region.
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