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AT M O S P H E R I C  S C I E N C E

Two decades of human- and climate-induced 
groundwater storage shifts in Brazil
Augusto Getirana1,2*†, Clyvihk Renna Camacho3,4*†,  
Maria Antonieta A. Mourão3, Otto Corrêa Rotunno Filho4

Brazil holds the world’s largest reserves of renewable fresh water, yet recurrent water crises expose its growing 
vulnerability under extreme events. As the nation’s groundwater demand increases, these reserves still are poorly 
monitored. Here, we present a data-driven spatiotemporal reconstruction of Brazil’s groundwater behavior over 
the past two decades, integrating multi-satellite and in situ data into an artificial intelligence modeling frame-
work. Results reveal groundwater variability, recharge, and emerging trends under climatological and anthro-
pogenic stressors across the nation’s ~8.5 million km2 of land. Brazil’s mean groundwater recharge in aquifer 
outcrop zones during 2002–2023 was 223 ± 16 mm year−1, corresponding to ~12% of mean annual precipitation 
in those areas. When integrated over the analyzed outcrop extent, this corresponds to a natural recharge flux of 
~1900 ± 136 km3 year−1. Persistent depletion or no recharge is observed in heavily exploited aquifers in eastern 
Brazil, further impacted by prolonged droughts and climate oscillations. Such aquifers present level declines mir-
roring patterns observed in intensively exploited aquifers in Bangladesh, India, Iran, and the US. As a world’s major 
breadbasket, Brazil plays a vital role in global food security. Results presented here are therefore critical to the 
nation’s sustaining agricultural productivity under increasing climate stress.

INTRODUCTION
Brazil has the world’s largest volume of renewable fresh water, con-
tributing roughly 20% of global inland runoff to the oceans (1). 
However, this abundance has not shielded the country from water 
insecurity. Over the past three decades, Brazil has experienced three 
major nationwide water crises—2000–2001, 2014–2017, and 2021—
each intensified by climate-driven drought events and the nation’s reli-
ance on surface water sources. These crises underscore the urgent need 
to diversify water supplies and strengthen resilience through increased 
understanding and sustainable use of groundwater resources (2).

Beneath Brazil’s 8.5 million km2 of land lies a vast reserve of 
groundwater. Groundwater storage (GWS) is coarsely estimated in 
112,000 km3 (3), or ~95% of Brazilian water reserves (4). Over half 
of Brazilian municipalities draw on aquifers to some extent, and 
along with agricultural demand, groundwater accounts for ~55% of 
the nation’s water demand (5). As a result, concerns about declining 
GWS have grown, with recent studies highlighting regional deple-
tion trends (1, 6–9). Despite this, Brazil’s national groundwater 
monitoring infrastructure remains limited—about 500 federal wells 
provide sparse and uneven coverage across the country (6, 10). This 
data scarcity hampers efforts to characterize the spatial and tempo-
ral dynamics of aquifer systems and to manage them sustainably.

Spatiotemporal large-scale groundwater monitoring in Brazil has 
been limited to modeling attempts based on global datasets. Earth 
Observing datasets, such as NASA’s Gravity Recovery and Climate 
Experiment (GRACE) (11), have been used as a proxy to quantify 
groundwater loss (2, 12). Such studies give us a first-order picture of 
Brazil’s groundwater dynamics, but uncertainties remain high due 
to little to no integration of local data.

Appropriate hydrogeological monitoring at different scales faces 
difficulties related to geological complexity, diversity, and correspond-
ing structures. Other factors affecting monitoring are complexities 
related to hydraulic properties of aquifers, recharge zones, ground-
water exploitation, land use and land cover change, as well as meteo-
rological and climate variability (6, 13). Parameterizing such a large 
number of factors without their adequate spatial and temporal dis-
tribution is a challenge to groundwater numerical modeling (14).

Surrogate models, without physical coupling (15), such as those 
based on artificial intelligence (AI), can simulate the behavior of 
groundwater without the need for in-depth recognition of the geologi-
cal environment (14, 16–18) with results that already surpass phys-
ical models (6, 19–21). Building upon recent developments combining 
GRACE data and hydrogeological measurements within an AI model-
ing framework (6), we reconstructed 21 years of spatiotemporal ground-
water variability across Brazil. Our AI modeling framework ingests 
multi-source hydrogeological and meteorological data, including a vari-
ety of ground and satellite measurements and Brazil’s hydrogeomor-
phology and water use information for a more precise groundwater 
monitoring across the country. The AI model is capable of filling the 
gaps between gauges, providing detailed groundwater variability across 
the country, never before observed. As a result, we were able to charac-
terize Brazil’s GWS dynamics, unraveling its spatially distributed 
emerging trends, and impacts of climatological events.

RESULTS
Groundwater variability across Brazilian aquifers
GWS SD (σ) serves as a proxy for temporal variability and provides 
insights into the interplay between hydrological processes and un-
confined aquifer characteristics. Figure 1 shows the spatial distribu-
tion of GWS variability, including long-term maxima, minima, and 
seasonal patterns. High σ values are found in regions where both 
natural (e.g., climate, lithology, and surface-subsurface connectivity) 
and anthropogenic factors (e.g., groundwater abstraction and land 
use) drive dynamic groundwater behavior. Notably, the highest GWS 
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variability occurs in more transmissive alluvial deposits of north-
western Brazil, within the Amazon basin (σ = 50 mm), and in the 
fractured crystalline basement of central Brazil (σ = 37 to 43 mm), 
where aquifers are typically shallower due to their lithological prop-
erties and enhanced surface-groundwater connectivity (10, 22, 23) 
(see fig. S1 for GWS variability of outcrop zones of selected aquifers 
and text S1 for their brief characterization).

Within the Amazon basin, particularly at the confluence of the 
Solimões and Negro Rivers, near Manaus, GWS anomalies range 
from +176 mm to −143 mm (Fig. 1, B and C). This location is char-
acterized by surface water level variations of 10 to 15 m (24), which 
likely exert strong influence on subsurface water storage due to in-
tense surface-aquifer coupling (25). Although the basin is predomi-
nantly composed of porous sedimentary aquifers, extensive crystalline 
bedrock regions—less favorable for groundwater retention—are 
also present (26, 27). These conditions, combined with the region’s 
flat topography, high hydrological seasonality, and strong river-
aquifer interactions, may contribute to recent drought episodes in 
the Amazon’s river systems (28). Our model captures these dynam-
ics, showing finer-resolution river patterns with substantially elevat-
ed GWS variability (σ = 57 mm), compared to the remainder of the 
basin (σ = 22 mm).

In contrast, lower GWS variability is observed across free and 
porous aquifers in central and northeastern Brazil, with aquifer-
averaged SDs ranging from 10 to 13 mm. This reduced variability is 
likely associated with deeper static groundwater levels (22), which 
confer a greater capacity to buffer seasonal or interannual hydro-
logical fluctuations compared to shallow alluvial or unconsolidated 
sedimentary systems that display greater ΔGWS amplitudes.

The AI-based modeling framework also reveals groundwater 
variability patterns linked to the South Atlantic Convergence Zone 
(SACZ) (29). SACZ plays a key role in transporting moisture from 

the Amazon basin toward central and southeastern Brazil, particu-
larly during the austral summer [December-January-February (DJF)] 
(30). This influence is evident in Fig. 1D, which highlights a pro-
nounced belt of wetter-than-average GWS conditions extending from 
the Amazon to southeastern Brazil during DJF months. Conversely, 
during June-July-August (JJA), widespread groundwater reduction 
occurs across central Brazil, driven by seasonal drought, baseflow 
discharge, and elevated evapotranspiration (ET) losses (31).

Groundwater recharge
Aquifer recharge, defined as the annual variation in GWS, was esti-
mated across Brazil using the water table fluctuation (WTF) method 
(32–35) for each hydrological year between 2002 and 2023, focusing 
on unconfined aquifer systems. The calculation was performed us-
ing modeled GWS. The output is continuous over time; however, 
2017 was excluded from the computation because it coincided with 
the data gap (~11 months) between the GRACE and GRACE-FO 
(Follow-On) missions. The national mean annual recharge during 
this period was 223 ± 16 mm year−1, corresponding to a total vol-
ume of approximately 1900 ± 136 km3 year−1. This volume repre-
sents roughly 12% of the country’s average annual precipitation.

Recharge rates exhibit significant spatial variability (Fig. 2A). For 
instance, the carbonate portion of the Bambuí karst aquifers dis-
plays relatively high recharge efficiency, capturing up to 18% of local 
precipitation (fig. S2). In contrast, fractured aquifers exhibit lower 
recharge rates, capturing approximately 5% of rainfall, while granu-
lar aquifers yield an average recharge rate of 12.5%.

Temporal variability in recharge is also pronounced. The lowest 
annual recharge was recorded in 2015, at 159  ±  16 mm year−1 
(1354 ± 136 km3 year−1), coinciding with a widespread drought that 
triggered a national water crisis (1). Conversely, the highest recharge 
occurred in 2021, reaching 274 ± 16 mm (2333 ± 136 km3 year−1). 
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Fig. 1. Spatial and seasonal variability of simulated groundwater storage anomalies (ΔGWS) in Brazil. (A) SD of monthly ΔGWS across the 2002–2023 simulation 
period. (B) Minimum and (C) maximum monthly ΔGWS values. (D to G), Seasonal ΔGWS anomalies for austral summer (DJF), autumn (MAM), winter (JJA), and spring 
[September-October-November (SON)], computed as the deviation from the long-term seasonal mean (2002–2023). The main zone of South Atlantic Convergence (SACZ) 
activity is outlined on the DJF map. Twelve major hydrographic basins are delineated in (A): (1) Amazon, (2) Tocantins-Araguaia, (3) Western North-East Atlantic, (4) 
Parnaíba, (5) North-East Atlantic, (6) São Francisco, (7) Eastern Southeast Atlantic, (8) Southeast Atlantic, (9) South Atlantic, (10) Uruguay, (11) Paraná, and (12) Paraguay.
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Although parts of the country were under severe drought condi-
tions that year (2), the Amazon basin—covering approximately 60% 
of Brazil’s territory—experienced anomalously high rainfall and his-
toric flooding, which significantly contributed to the observed peak 
in national recharge.

It is noteworthy that certain regions in Brazil exhibit zero annual 
groundwater recharge, indicating an absence of replenishment during 
specific hydrological years. These conditions are observed in several 
key aquifer systems, including the Urucuia, Bauru-Caiuá, Serra Geral 
Formation, and the outcrop zone of the Guarani Aquifer (Botucatu 
Formation) (6, 8, 36). Additional zero-recharge zones include the 

Urucuia Aquifer, Serra Grande Formation, and areas underlain by 
the Crystalline Basement (Fig. 2A and fig. S2A). These patterns are 
primarily associated with reduced precipitation (37) and elevated 
ET rates (38–40), often exacerbated by intensive agricultural land 
use or water flow reaching the water table that may be in balance 
with groundwater runoff (41). Although some authors speculate 
that pasture insertion can increase recharge in areas, such as the 
Guarani or Bauru aquifers (42), our results suggest that land cover 
change may reduce GWS (fig. S3F and table S2).

Within the Paraguay River basin, a significant decline in recharge— 
particularly within the Pantanal aquifer (Fig. 2G and fig. S4, F and 
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Fig. 2. Groundwater recharge dynamics and storage anomalies across major Brazilian aquifers. (A) Mean annual groundwater recharge (mm year−1) from 2002 to 
2023. (B) Statistically significant recharge trends (mm year−2) over the same period, derived via linear regression. (C to H) Terrestrial water storage (TWS) time series, GWS 
anomalies for six representative aquifers in Brazil: (1) Alter do Chão, (2) Urucuia, (3) Bauru-Caiuá, (4) Guarani recharge zone (exposed portion), (5) Pantanal, and (6) Parecis. 
(I to N) Mean annual recharge for the same aquifers. Shaded regions indicate years corresponding to La Niña and El Niño events. Groundwater recharge estimates are 
based on the water table fluctuation (WTF) method. Trend values for recharge are indicated in the respective time series panels. GWS and TWS trend estimates are pro-
vided in table S1 for two time intervals: 2002–2015 and 2015–2023.
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L)—is likely driven by a combination of recent multi-year droughts 
(43, 44) and widespread land cover changes. The region, encompass-
ing one of the world’s largest tropical wetlands, has been increas-
ingly affected by seasonal wildfires and the encroachment of pasture 
lands over native vegetation (45).

It is important to emphasize that these estimates are subject to 
the influence of current groundwater extraction practices, which may 
suppress recharge signals, as observed in other global regions (46). 
In addition, the model captures the cumulative effects of land cover 
dynamics and aquifer evolution due to its regional scope and long-
term design.

ENSO impacts on GWS
Figure 2 (C to N) highlights the timing of major El Niño–Southern 
Oscillation (ENSO) events and their relationship with anomalies in 
GWS and terrestrial water storage (TWS), as well as estimated recharge 
rates. Sensitivity analysis of the model (text S2) identified precipita-
tion seasonality as the most influential predictor of groundwater 
recharge, based on SHAP (SHapley Additive exPlanations) value 
distributions. Sustained emerging trends in TWS are likely to reflect 
long-term changes in groundwater systems—particularly when hy-
drogeological processes, with their inherently slow response times, 
dominate (see fig. S6 for Mann-Kendall trend analysis of GWS across 
the country). For example, the consistent TWS decay observed 
between 2009 and 2019 (Fig. 2, E to H) is indicative of extended 
GWS decline.

To evaluate the hydrological impact of the 2015/2016 El Niño event 
on Brazil’s major unconfined aquifer systems, GWS inclinations 
were analyzed across three periods: 2002–2023, 2002–2014 (pre-El 
Niño), and 2015–2023 (post-El Niño)—linear regressions for each 
period are shown in Fig. 2 and figs. S4 and S5, with corresponding 
trend values summarized in table S1. The analysis focuses on six 
major unconfined aquifers: Alter do Chão, Urucuia, Bauru-Caiuá, 
the outcrop zone of the Guarani Aquifer, Pantanal, and Parecis. Re-
sults reveal that the El Niño event exerts considerable influence on 
GWS variability. Strong signals of hydrological response were ob-
served in the Amazon (Alter do Chão), Tocantins-Araguaia, Paraná 
(Bauru-Caiuá and Guarani), Paraguay (Pantanal), São Francisco 
(Urucuia), and Uruguay basins. These regions, which lie away from 
coastal climatic moderation, appear more sensitive to the precipita-
tion anomalies associated with these climate oscillations. A marked 
shift in groundwater behavior is evident following the 2015/2016 El 
Niño event. The transition from weakly positive or neutral trends to 
widespread negative trends in GWS across several basins highlights 
the capacity of extreme seasonal climate events to alter long-term 
groundwater dynamics.

In contrast, coastal basins along the Atlantic exhibit positive trends 
in GWS (see figs. S4 and S5). This increase may be linked to La Niña 
events, which are associated with enhanced precipitation along 
Brazil’s eastern and southeastern coastal regions (47–49). Elevated 
groundwater levels in these basins can reduce the sub-surface’s ca-
pacity to absorb excess rainfall, thereby increasing surface runoff 
and the likelihood of flooding (50). Additionally, saturated soils can 
promote mass movement processes such as landslides, which have 
been documented during intense rainfall events in Brazil (51). For 
example, in the South Atlantic basin, GWS increased during the study 
period, particularly leading into 2023–2024. This rise in subsurface 
saturation may have limited infiltration capacity and exacerbated 
the severity of the flooding events that struck southern Brazil during 

this period (52, 53). These findings are consistent with previous 
studies (28, 54–56) that underscore the substantial influence of El 
Niño and La Niña events on hydrological processes in the Amazon 
and broader South American region.

Emerging trends and attributions
Spatial patterns of emerging GWS trends were identified using a 
support vector machine (SVM) clustering approach (57), resulting 
in seven distinct regions (Fig. 3A). Region 1 exhibited a strong posi-
tive storage trend, regions 2 and 4 showed moderate storage de-
clines, and region 3 was characterized by severe storage depletion. 
No statistically significant trends were detected in regions 5 and 6. 
Region 7 shows a positive storage trend.

Focusing on northern Brazil, particularly the Amazon River ba-
sin (fig. S4C), a positive precipitation trend is observed (fig. S3B), 
which corresponds with modest gains in groundwater recharge and 
storage in localized areas, such as the Alter do Chão aquifer (Fig. 2, 
region 1, and fig. S3A). TWS variation in the region may reflect 
broader climate-driven processes, with some studies predicting sig-
nificant impacts on GWS in the Southern Hemisphere (58), particu-
larly in high-storage regions like the Amazon basin (59).

These findings raise an important question: Can distinct recharge 
and storage behaviors coexist within the same aquifer system or 
river basin? Comparing results presented in Figs. 2 and 3A confirms 
this possibility, showing that aggregate basin-scale trends may indi-
cate net losses even when substantial subregions experience storage 
gains. This divergence is particularly evident in the Alter do Chão, 
Bauru-Caiuá, Guarani, and Parecis aquifers (Fig. 2), as well as in 
major basins, such as the Tocantins-Araguaia, Amazon, and Paraná 
(figs. S4 and S5).

In region 1, which exhibits strong positive GWS trends, increases 
are likely influenced by interannual climate variability, particularly 
El Niño and La Niña events, which modulate precipitation patterns 
in southern Brazil (60). These events contribute to elevated recharge 
during wetter periods, reinforcing storage gains. Region 7 exhibits 
positive groundwater trends—not as strong as those in region 1—
mostly driven by increased precipitation rates (see fig. S3B).

In region 2, encompassing the southern Amazon River basin and 
much of the Tocantins-Araguaia basin, extensive conversion of 
tropical forest and Cerrado to agricultural land has intensified (61–
63), coinciding with significant declines in observed precipitation 
(37, 38, 63). These combined land cover and climate shifts (see fig. S3, 
B and F) are linked to reduced groundwater recharge (Fig. 3B) and 
the resulting storage losses evident in our SVM-based regional clus-
tering. This area also represents Brazil’s new agricultural frontier, 
where escalating groundwater abstraction is documented (23, 64–
66). Climate projections further predict decreasing recharge rates in 
northern Brazil under future warming scenarios (67), while ampli-
fied seasonality (7, 68) and large-scale deforestation (69, 70) contin-
ue to alter the hydrological cycle. Thus, storage declines in region 2 
arise from the synergistic impact of intensified extraction, altered 
hydrological processes, and land-use change, rather than abstrac-
tion alone.

Also in region 2, the decline in the Pantanal aquifer (see Fig. 2, G 
and M) is intensified during the 2019–2020 drought (71) and may 
reflect a shift in the recharge regime based on modeled trends. In this 
area, groundwater recharge is likely affected by both agricultural 
and hydrological droughts, often compounded by widespread fire 
activity (43, 44). Wildfires alter soil properties, reduce infiltration 
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capacity, and disrupt recharge processes (72, 73). Moreover, drought 
conditions driven or intensified by fires (45, 74) may exacerbate stor-
age losses. Given these complex interactions, this region warrants fur-
ther investigation to better understand the controls on groundwater 
behavior and resilience under compounding environmental stressors.

In northeastern Brazil (region 2), declining GWS is primarily at-
tributed to increased groundwater abstraction (23, 65, 66, 75) and 
the occurrence of prolonged droughts (1, 76, 77). Rodell et al. (78) 
report a mean groundwater loss of −16.7 ± 2.9 km3 year−1 in the re-
gion, with anomalously low rainfall observed in 2012, 2014, and 2015 

(1). Climate projections suggest that recharge in this semi-arid re-
gion may decrease by up to 70% due to climate change impacts (67).

The most severe GWS declines are observed in central Brazil 
(region 3), with notable losses in the São Francisco, Paraná, Southeast 
Atlantic, and East Atlantic basins (figs. S4 and S5). These trends re-
sult from a compounding set of drivers, including intensive ground-
water use (23, 65, 75, 79), severe droughts (1, 2, 78), anthropogenic 
climate change (28, 37, 58, 80), and shifts in the regional hydrological 
cycle (7, 68). Collectively, these factors contribute to substantial and 
sustained depletion of groundwater resources across the region.
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In region 4, storage losses are likely associated with localized 
groundwater abstraction (5, 65) and natural hydrological variability. 
Although less pronounced than in other regions, the observed decline 
suggests a combination of climatic and anthropogenic influences.

DISCUSSION
Many global aquifer systems are increasingly threatened by a com-
bination of anthropogenic pressures and environmental change, with 
several regions approaching critical thresholds of physical sustain-
ability (81)—where groundwater withdrawal rates exceed natural and 
artificial recharge. In Brazil, similar pressures are emerging, particu-
larly in large aquifers (6, 8, 9, 36), mirroring patterns already docu-
mented in highly exploited systems such as the Central Valley (82) 
and High Plains (83) aquifers, in the US, the Lower Zayandeh-Rud, 
in Iran (84), and aquifers in northern India and Bangladesh (85), all 
of which exhibit severe GWS declines.

In this context, careful consideration is essential when evalu-
ating the groundwater use potential of unconfined aquifers. Re-
source assessments that focus solely on extraction capacity, without 
incorporating regional hydrogeological behavior and the effects 
of climate variability, risk triggering long-term storage depletion. 
Such unsustainable practices have already led to persistent ground-
water losses in central Brazil (86), underscoring the need for inte-
grated, climate-sensitive management strategies that go beyond 
volumetric availability.

This study provides the first nationwide, observation-based assess-
ment of groundwater dynamics across Brazil. We integrated local well 
data, socioeconomic information, and satellite-based hydrological 
measurements [e.g., GRACE’s TWS, global precipitation measure-
ment’s (GPM) precipitation, and moderate resolution imaging spec-
troradiometer’s (MODIS) leaf area index (LAI) and ET], and LAI 
(MODIS) within a machine learning framework to estimate month-
ly recharge over a 0.1° spatial grid between 2002 and 2023. Extensive 
sensitivity analyses were conducted on both model architecture and 
input features to ensure robustness. The final dataset encompasses 
nearly 20 million values for recharge estimates across 87,367 grid cells, 
enabling a fine-scale characterization of recharge variability and long-
term changes across diverse climatic, geological, and socioeconomic 
settings—from individual unconfined aquifers to major river basins.

Our findings indicate that average groundwater recharge in Brazil 
is approximately 12% of annual precipitation, although spatial vari-
ability is considerable. Certain aquifers, particularly in northeastern 
and southeastern Brazil—including the Urucuia (8), Guarani, and 
Serra Geral (87), experience zero recharge in some years, highlight-
ing their vulnerability to interannual climate variability. The Pantanal 
aquifer presents a particularly critical case, with recharge decline 
attributed to a combination of land-use change (88), precipitation 
anomalies, climate variability (89), and recurrent wildfires (43). These 
disturbances alter soil structure and reduce infiltration, compound-
ing the effects of drought and further impairing recharge processes.

GWS estimates derived from our model are consistent with val-
ues previously reported in the literature (table S3), although training 
and validation were constrained by the limited availability of data 
from carbonate and fractured aquifers. While comparisons with es-
timates from indirect methods must be interpreted with caution, they 
nonetheless provide valuable benchmarks for large-scale valida-
tion. Overall, these results demonstrate the model’s robustness and 
applicability across diverse hydrogeological contexts, showing strong 

agreement with earlier studies despite the scarcity of detailed, aquifer-
scale assessments.

Our analysis reveals pronounced spatial heterogeneity in GWS vari-
ability across Brazil. The Amazon basin exhibits the largest seasonal fluc-
tuations, a pattern linked to the region’s porous sedimentary aquifers 
and extensive alluvial deposits, combined with high rainfall seasonality 
and strong river-aquifer interactions (9). In contrast, aquifers in cen-
tral and northeastern Brazil display markedly lower seasonal vari-
ability, likely due to their lower transmissivity, limited surface water 
connectivity, and deeper static water levels relative to alluvial systems.

SACZ plays a pivotal role in modulating recharge dynamics, par-
ticularly during the austral summer (DJF), when enhanced moisture 
flux supports widespread infiltration and recharge in central and 
southeastern Brazil (36). During the dry season [March-April-May 
(MAM)], GWS declines are prevalent, driven by minimal recharge 
and elevated ET. These patterns are consistent with previous GRACE- 
based assessments (1, 77, 78, 90) but offer enhanced spatial granu-
larity, enabling the detection of localized GWS responses to seasonal 
and interannual climate forcing (28, 37, 71, 87, 91).

El Niño and La Niña events exert a significant influence on Brazil’s 
groundwater dynamics by modulating precipitation patterns and, 
consequently, aquifer recharge. The 2015–2016 El Niño event re-
sulted in pronounced GWS declines across the country (1), with the 
most substantial impacts observed in the Amazon (92) and Paraná 
basins. In contrast, La Niña episodes have been associated with en-
hanced recharge in coastal systems, particularly in the South Atlantic 
basin, due to increased precipitation (49).

Despite the Amazon basin’s vast hydrological reserves, it experi-
enced record-low river levels during the 2023–2024 hydrological year, 
coinciding with a strong El Niño and persistent long-term climate 
trends. Our model captures this hydroclimatic sensitivity, highlight-
ing how both extreme droughts and floods disrupt the regional 
groundwater equilibrium. Similarly, the Urucuia Aquifer continues 
to exhibit sustained GWS losses (6), largely attributable to recurrent 
drought conditions and intensive irrigation (93).

Together, these findings emphasize the importance of integrating 
local-scale observational data into national groundwater assess-
ments, especially in regions facing increasing hydrological stress 
under climate change.

Groundwater use and depletion
Groundwater depletion is a complex and increasingly global concern, 
with far-reaching implications for water security, land subsidence (94), 
reductions in river discharge and surface water availability discharge 
(84, 85), salt water intrusion in coastal zones, increased pumping 
costs, and even potential perturbations in Earth’s rotational dynamics 
(95). In Brazil, recent studies have linked groundwater losses primar-
ily to meteorological droughts (1, 2). While this study does not estab-
lish causality between groundwater depletion and extraction rates, 
the spatial overlap between emerging negative GWS trends and areas 
of high socioeconomic demand suggests a likely correlation.

Currently, groundwater serves as the sole source of water supply 
for approximately 40% of Brazilian municipalities (5) and meets a 
significant portion of the country’s agricultural irrigation demand 
(8). The growing reliance on groundwater for irrigation has already 
exerted pressure on large aquifer systems (5).

Mining activities further exacerbate groundwater stress, par-
ticularly in regions where aquifer dewatering is required for min-
eral extraction (fig. S3E). Both open-pit and underground mining 
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operations can dramatically alter groundwater dynamics by func-
tioning as hydraulic sinks, necessitating continuous dewatering. 
These processes not only deplete groundwater reserves but also dis-
rupt natural flow regimes and may diminish surface water contribu-
tions to rivers and wetlands (96, 97). The long operational life span 
and vertical extent of many mining projects compound these effects. 
For instance, in the eastern portion of the Moeda Syncline (Minas 
Gerais state), groundwater extraction exceeds 150% of estimated 
recharge—amounting to 0.04 km3 per year over a 305 km2 area 
(98). This imbalance results in an average annual storage decline of 
134 mm, measurable even by satellite gravimetry. Such hydrological 
disturbances are already apparent in the São Francisco River basin 
and may extend into the Southeast and East Atlantic basins (see figs. S4 
and S5), where groundwater–surface water interactions are increas-
ingly altered.

To assess the multifactorial pressures on Brazil’s groundwater 
systems, we evaluated a suite of spatial indicators, including the dis-
tribution of pivot irrigation points (65), well density from Brazil’s 
Groundwater Information System (SIAGAS), areas of natural vege-
tation loss (70), mining footprints (99) (with emphasis on metallic 
mineral extraction), ET and LAI trends from NASA’s MODIS, pre-
cipitation trends from NASA’s GPM, and TWS trends from NASA’s 
GRACE missions (fig. S3). This integrated analysis highlights the 
intersection of anthropogenic drivers and climate variability in shap-
ing the country’s evolving groundwater landscape.

Limitations
Limitations must be acknowledged. Aquifers with limited historical 
monitoring pose challenges due to reduced data representativeness. 
Additionally, regions with high variability in physical characteristics—
such as geology, land use, climate, and extraction intensity—may 
reduce model accuracy. The model resolution (0.1°, monthly) is 
inherently constrained by the spatial and temporal availability of 
satellite data. In carbonate and crystalline terrains, although model 
performance is promising, further observational datasets are re-
quired to validate simulations and differentiate between regolith and 
bedrock contributions to storage. Moreover, although many statisti-
cal trends are attributable to human and climate forces, the 22-year 
study period (2002–2023) is shorter than the conventional climato-
logical baseline of 30 years; therefore, some observed “trends” may in-
stead reflect emerging signals influenced by interannual or decadal 
climate variability. Finally, as with many current AI models, the meth-
odology is data-driven and does not explicitly incorporate physical 
process representations. The model’s applicability to other regions 
or aquifers will depend on the availability and quality of input data 
and adherence to the method’s assumptions and limitations.

Despite these constraints, the model demonstrates strong poten-
tial for capturing groundwater dynamics in diverse hydrogeological 
settings. The integration of satellite remote sensing and machine 
learning offers a scalable and transferable framework for large-scale 
groundwater monitoring. More broadly, this study provides new 
insights into the spatiotemporal behavior of Brazil’s groundwater 
systems and represents a milestone in advancing sustainable water 
resources management in the country.

MATERIALS AND METHODS
The methodology developed to simulate variations in GWS in Brazil 
integrates satellite observations, in situ well data, and hydrogeological 

attributes into a data-driven AI framework. The approach comprises 
four main steps:

1) Time series decomposition: Satellite datasets from GRACE, 
MODIS, and GPM were decomposed into seasonal and wavelet 
components to capture dominant temporal patterns. Discrete wave-
let transform components (D1, D2, D3) and seasonal (S) and trend 
(T) signals were extracted from each dataset.

2) Spline interpolation: The wavelet-decomposed components were 
resampled to their original temporal resolutions using spline interpo-
lation, ensuring alignment with in situ data from Brazil’s national 
groundwater monitoring network (RIMAS) (6).

3) Data integration and feature mapping: The interpolated satel-
lite signals were collocated with RIMAS well data in space and time 
(latitude, longitude, timestamp). Hydrogeological attributes, including 
stratigraphic units, aquifer turnover potential, and aquifer productiv-
ity, were obtained from the Hydrogeological Map of Brazil and inte-
grated through spatial matching with SIAGAS and Brazil’s Water 
Agency (ANA) datasets. Additional predictors included the num-
ber of SIAGAS wells per 0.1° grid cell and average groundwater ab-
straction rates from the ANA Water Atlas.

4) AI-based modeling: The final step involves simulating GWS 
using a decision-tree ensemble model architecture. Following an ex-
tensive sensitivity analysis, the model ensemble selected included 
extreme gradient boosting (XGBoost) (100), light gradient boosting 
machine (LGBM) (101), and CatBoost (CtB) (102), whose outputs 
were subsequently refined through linear regression. Feature im-
portance was assessed using SHAP (103) to quantify each input’s 
contribution to the model’s predictions. Figure 4 schematizes the 
AI-based modeling framework.

Model training and data structure
Groundwater level data were obtained from 398 monitoring wells of 
the Brazilian Geological Survey’s RIMAS network, which spans ma-
jor hydrogeological provinces across Brazil. The model was devel-
oped to predict GWS variation in the water column using a target 
dataset consisting of 34,145 observations from these wells, spanning 
January 2010 to October 2023 (metadata listing wells—including lo-
cation and average depth—are provided in table S4). For each obser-
vation, the model received 33 input features, totaling 1,126,785 values. 
These inputs comprised satellite observations (MODIS ET, MODIS 
LAI, GPM precipitation, and GRACE TWS), their wavelet and sea-
sonal decompositions, as well as hydrogeological and socioeconomic 
data from the Hydrogeological Map of Brazil, SIAGAS, and ANA 
databases. GRACE-derived TWS anomalies were assigned double 
weight (2×) due to their more comprehensive representation of ter-
restrial water dynamics, while all other predictors were assigned unit 
weight (1×). Input data were normalized, whereas the target (in situ) 
data were not. To remove outliers potentially associated with mea-
surement errors or automatic sensor installation, extreme target val-
ues above the 99th and below the 1st quantiles were excluded before 
training. For model calibration, the dataset was initially split into 80% 
for training and 20% for validation, with the training subset further 
divided (80% for training and 20% for internal testing). Groundwater 
monitoring data cover the 2010–2023 period, while GRACE data 
span 2002–2023. Once the model was trained over 2010–2023, simu-
lations were conducted for April 2002 through October 2023 (table S5 
summarizes the training and validation procedure and datasets).

Following the reconstruction of GWS anomalies, an SVM ap-
proach (57) was used as a supervised classification tool to delineate 
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hydroclimatically coherent regions. This clustering was based on a 
feature vector that included long-term mean precipitation, ET, and 
GWS trends. We utilized a radial basis function kernel, with hyper-
parameters (C = 1 and gamma = “scale”) optimized via grid search 
and fivefold cross-validation. This approach ensured that the identi-
fied clusters represent physically consistent zones of groundwater 
behavior rather than arbitrary spatial groupings, providing a robust 
framework for regional-scale interpretation.

Groundwater recharge estimation
To quantify groundwater recharge across Brazil, we applied the WTF 
method (32), recognized for its effectiveness in regional-scale assess-
ments of unconfined aquifers (34). The method assumes that rises in 
groundwater levels are predominantly due to recharge inputs reach-
ing the water table (35). Recharge was computed over the period 
from July 2003 to October 2023 based on the GWS predicted by the 
model, on a simulation grid with 87,367 spatial points, throughout 
Brazil, with a monthly time step, resulting in nearly 20 million indi-
vidual recharge simulations.

The analysis with the WTF method focused on temporal changes 
in groundwater level derived from the AI-based model simulations. 
A key advantage of this adaptation of the WTF method is that the 
estimated values ​​are provided in terms of water column height, re-
gardless of the depth or hydrogeological typology of the aquifer. 

This approach simplifies the analysis and extends its applicability to 
deep and fractured systems.

To enhance the robustness of the recharge estimates, we tested 
four different approaches for applying the WTF method: linear, 
power-law, bin mean, and bin median. The final recharge estimates 
were derived using the bin mean method, based on the computa-
tional framework introduced by Heppner and Nimmo (33). In this 
approach, the observed water table elevation range is divided into 20 
evenly spaced elevation bins. This value was selected after sensitivity 
tests of 5, 10, 15, 20, 25, 50, 100, 200, and 300 intervals. During the 
recharge calculation, the values present in the simulation grid, ex-
cluding the year 2017, were interpolated linearly to cover the time 
gaps between the data, and thus apply the WTF method. Water level 
declines are grouped into these elevation intervals (or “compart-
ments”), and the mean rate of decline for each bin is calculated. Re-
charge is then estimated by interpolating between these bin-based 
average decline rates to derive the recession constant for each time 
step. A sensitivity analysis to input data and model validation are 
described in texts S2 and S3.

The Monte Carlo method (104, 105) was used to estimate the 
uncertainty of groundwater recharge by propagating random varia-
tions in the input parameters through 10,000 simulations performed 
for each pixel of the model grid. Two approaches were executed. 
First, for each run, values were sampled from a normal distribution 
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with a minimum SD of 0.1 mm and an initial uncertainty of 10%. 
The variability among the simulated results provided the final un-
certainty distribution of the analyzed parameter at a 95% confidence 
level. The minimum SD was derived from the simulation outcomes 
(GWS), whereas the initial uncertainty of 10% corresponds to the 
model’s mean absolute error (MAE). We added a second round of 
Monte Carlo simulations incorporating spatial variation of the spe-
cific yield (Sy) of ±10% in each pixel of the grid. Thus, different re-
gions began to exhibit distinct Sy values ​​relative to the model’s 
baseline parameter (for example, reductions of ~8% in some pixels 
and increases of up to ~9% in others), reflecting plausible spatial 
heterogeneity. This new run resulted in an average uncertainty of 
12.9 mm, a value lower than the uncertainty estimated in the first 
Monte Carlo simulation, calculated from the recharge residues. The 
absolute magnitude of storage and recharge is sensitive to the ad-
opted Sy values; however, our sensitivity analysis (fig. S7) confirms 
that the relative spatial patterns and temporal trends remain robust. 
Uncertainty estimates represent lower-bound statistical uncertainty 
and do not account for potential structural model errors.

Limitations of the method must be recognized. For example, the 
WTF does not consider a constant recharge rate or allow for the 
unequivocal identification of the causes of WTFs. Such fluctuations 
do not always directly represent aquifer recharge or discharge pro-
cesses, but may result from external factors, including groundwater 
pumping. The recharge uncertainty is directly related to that of the 
storage variation (ΔGWS) simulated by the model (text S3). Still, 
this approach provides a reasonably consistent and spatially scalable 
estimation of recharge, accounting for local variations in water table 
dynamics and allowing for application in both monitored and un-
monitored regions.

Datasets
GRACE terrestrial water storage
We used Release 06 (RL06) Mascon solutions from the GRACE and 
GRACE-FO missions, processed by the Center for Space Research 
(CSR). These data span April 2002 to October 2023 at a 0.25° spatial 
resolution and monthly temporal resolution (106). GRACE provides 
TWS anomalies with an estimated uncertainty of approximately 
1-cm water equivalent for regions ≥400,000 km2 (107). Advances in 
GRACE processing—including the use of mascon (mass concentra-
tion) solutions—have substantially improved spatial accuracy over 
traditional spherical harmonic products (108, 109). While the GRACE 
resolution remains constrained by the nature of satellite gravimetry, 
recent applications demonstrate the reliability of these data for hy-
drological assessments at sub-basin scales (6, 8, 110).
MODIS LAI and ET
LAI and ET were derived from the MODIS sensor aboard NASA’s 
Terra and Aqua satellites (111). LAI estimates have been validated 
against in situ field measurements. Resolution varies between 250 
and 500 m, depending on the specific MODIS product (112). ET es-
timates integrate surface temperature, vegetation indices, and solar 
radiation inputs into the Penman-Monteith equation, accounting for 
energy partitioning and environmental controls on transpiration, 
such as stomatal conductance and vapor pressure deficit (113).
GPM precipitation
Precipitation fields were obtained from the GPM mission via the 
Integrated Multi-satellite Retrievals for GPM (IMERG) algorithm 
(114). IMERG offers global coverage since 2000, with a spatial reso-
lution of 0.1° and a 30-min temporal resolution (115–117). Despite 

recognized challenges in complex terrain and during calibration, 
GPM data have shown strong performance in Brazil, particularly 
when validated against ground-based observations (118).
In situ data: Hydrogeological map, RIMAS, SIAGAS, and 
ANA datasets
Hydrogeological attributes were extracted from the Hydrogeological 
Map of Brazil (119), which characterizes the spatial distribution and 
productivity of groundwater-bearing formations. Key model inputs 
included the outcropping stratigraphic unit, aquifer turnover classi-
fication, and the productivity class of each hydrostratigraphic unit.

Groundwater well attributes were sourced from SIAGAS, Brazil’s 
Integrated Groundwater Information System (23), maintained by 
the Geological Survey of Brazil (SGB). SIAGAS includes well loca-
tion, depth, and construction details. For this study, well counts were 
aggregated to a 0.1° grid (aligned with GPM), with zero assigned to 
grid cells lacking observations.

Groundwater abstraction data were derived from the Atlas Águas 
platform, maintained by Brazil’s National Water and Sanitation Agency 
(ANA). We used maximum groundwater flow rates granted per 
municipality (in liter s−1), which were then spatially interpolated 
and averaged over a 0.1° grid to match the spatial resolution of other 
input datasets.

Measurements from 398 monitoring wells within the RIMAS 
network provided the foundational ground-truth for assessing ground-
water dynamics across approximately 2.84 million km2 of Brazil’s pri-
mary aquifer systems. These wells span porous, fractured, and karst 
environments, and serve as high-fidelity point constraints for the 
machine learning framework. Their spatial coverage is highly het-
erogeneous, ranging from 180 to 130,000 km2 per well. This vari-
ability reflects the prioritization of sedimentary basins and areas of 
high socioeconomic importance, public water supply dependence, 
and natural vulnerability.

To translate the water level variation observed in the wells into 
the water column (the effective volume of water added to or re-
moved from the aquifer), we multiplied the variation by the aquifer’s 
effective porosity [see Camacho et al. (6)]. The effective porosity val-
ues ​​applied ranged from 0.03 to 0.18, depending on the aquifer type. 
These water column data were crucial for optimizing the model’s use 
of GRACE data. It is important to emphasize, however, that the large 
spatial variability of effective porosity in aquifers and its limited rec-
ognition are a limiting factor for both hydrogeological studies in 
Brazil and the results presented here.
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The PDF file includes:
Supplementary Text S1 to S3
Figs. S1 to S10
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Legend for table S4
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