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Abstract.

Atmospheric moisture recycling is a key component of the hydrological cycle, linking evapotranspiration to downwind

precipitation. However, existing moisture tracking datasets are often limited by coarse spatial resolution, short temporal

coverage, or high computational demands, constraining their use for subnational-scale and short-term event analyses. Here,

we present AguaTrack-ARCO-SA, a 30-year (1990–2019), daily, 0.25◦ resolution atmospheric moisture backtracking dataset5

for South America, generated using the Eulerian WAM2layers v3 model driven by ERA5 reanalysis data. The dataset

independently tracks moisture sources for approximately 25,000 land grid cells, providing detailed source–sink relationships

at department to continental scales. The primary output variable, tracked evaporation, quantifies the contribution of each

source grid cell to precipitation at each target location, alongside diagnostic variables for moisture gains, losses, and tagged

precipitation. To facilitate efficient access, we compress the ∼230 TB of raw tracking output into an ∼8 TB Analysis-Ready,10

Cloud-Optimized (ARCO) product using Zarr storage. This structure enables scalable querying and analysis through

cloud-based or local workflows without requiring high-performance computing resources. The dataset is openly available on

Hugging Face (https://doi.org/10.57967/hf/8650) and the accompanying code and tutorials on GitHub

(https://github.com/NTU-CompHydroMet-Lab/AguaTrack-ARCO-SA-Tutorial), supporting reproducibility and reuse. This

dataset provides a high-resolution, long-term resource for analysing atmospheric moisture transport, precipitationsheds, and15

hydroclimatic variability across South America.

1 Introduction

Land-atmosphere interactions play a critical role in the hydrological cycle and are strongly coupled with regional climates

(Seneviratne et al., 2006; Van Der Ent et al., 2010). A primary behaviour of this coupling is continental moisture recycling –a

continuous process by which terrestrial evapotranspiration returns to the Earth’s surface as downwind precipitation (Eltahir20

and Bras, 1996; Van Der Ent et al., 2014). As human activities (such as widespread deforestation, agricultural expansion, and

irrigation) increasingly alter land surface fluxes, quantifying these atmospheric water flows has become critical for
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anticipating shifts in regional water availability (Zemp et al., 2017; Wang-Erlandsson et al., 2018). To uncover these invisible

atmospheric pathways, moisture tracking has been widely adopted in modern hydroclimatology (Kalverla et al., 2025). This

technique allows researchers to delineate precipitationsheds, the specific upwind oceanic and terrestrial regions that supply25

evaporation to a downwind location’s rainfall (Keys et al., 2012, 2014). Applying this concept reveals how geographically

remote ecosystems and human societies are inextricably linked, demonstrating that localised land management can exert

remote impacts on regional water security (Keys et al., 2018, 2024; Posada-Marín et al., 2024).

To explicitly map and quantify these intricate source-sink relationships, Eulerian numerical moisture tracking models,

specifically the Water Accounting Model-2layers (WAM2layers), have been extensively utilised across diverse global and30

regional applications (Guo et al., 2019; Tuinenburg et al., 2020; Shi et al., 2022; Kalverla et al., 2025). Operating directly on

fixed geographic grids driven by atmospheric reanalysis data, WAM2layers traces the flow of tagged moisture by strictly

closing the atmospheric water budget at every time step (Kalverla et al., 2025). By conceptualising the atmospheric column

into two vertical layers, the framework estimates vertical moisture exchange, ensuring a physically robust representation of

atmospheric moisture transport (Zhang, 2020; Chen et al., 2023). Because this Eulerian approach diagnoses evaporation and35

precipitation fluxes directly on the grid and continuously adheres to the regional mass balance, it has been deployed to

investigate the atmospheric drivers of severe droughts, extreme precipitation events, and remote moisture feedbacks (Benedict

et al., 2020; Zhang et al., 2023; Mu et al., 2021). The recent development of WAM2layers v3 (Kalverla et al., 2025) further

optimises this fundamental approach, providing the immense computational efficiency required to ingest decades of

high-resolution ERA5 data across massive continental domains.40

South America serves as a premier domain for applying atmospheric moisture tracking models due to its diverse

hydroclimate and profoundly uneven spatial distribution of water resources. The continent encompasses some of the most

extreme precipitation gradients on Earth, ranging from the hyper-arid Atacama Desert to the hyper-humid Pacific coast of

Colombia and the massive tropical expanses of the Amazon basin (Enciso et al., 2022; Lobos-Roco et al., 2022; Ampuero

et al., 2020; Zemp et al., 2017, 2014). As a result of this complex climatology, the region is highly susceptible to severe45

hydroclimatic extremes, frequently oscillating between devastating basin-wide floods and intensifying multi-year droughts

that threaten urban water security, hydropower generation, and agricultural productivity (Mu et al., 2021; Posada-Marín et al.,

2024; Boisier et al., 2025; Garreaud et al., 2025; Weng et al., 2020; Magrin et al., 2014; Tian et al., 2016). Governing this

volatile distribution of water resources is a deeply interconnected continental atmospheric network. The Amazon rainforest

acts as a massive terrestrial "water pump," evaporating vast quantities of moisture that prevailing winds, the "Aerial River",50

transport westward against the steep topographic barrier of the Andes, which then channel the moisture southward into the

highly populated and agriculturally vital La Plata basin (Arraut et al., 2012; Zemp et al., 2014; Ampuero et al., 2020; Weng

et al., 2018). This transcontinental transport drives a remote moisture recycling effect, establishing complex

precipitationsheds where evaporation from one distinct ecological zone sustains the rainfall of another (Keys et al.,

2012, 2014). Because of this deep spatial connectivity, localised land activities, such as rapid deforestation or large-scale55

agricultural expansion, act as multipliers on regional hydrology. They are capable of triggering profound hydroclimatic
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disruptions that exacerbate drought conditions and threaten ecosystem resilience thousands of kilometres downwind (Erfanian

et al., 2017; Wang-Erlandsson et al., 2018; Mu et al., 2023).

Despite the critical need to understand these atmospheric teleconnections, current open-source moisture tracking datasets

often lack the spatio-temporal granularity required for multi-scale analysis in South America. While pioneering global datasets60

provide foundational insights into moisture recycling networks (Tuinenburg and Staal, 2020; Link et al., 2020), their immense

computational demands often necessitate heavy data aggregation. Consequently, these products frequently provide data at

monthly timescales or spatial resolutions exceeding 1.0◦ (Berger et al., 2025; Zan et al., 2024), while lumping moisture sinks

into coarse grids. This spatial and temporal coarsening process obscures the regional, daily weather extremes, such as flash

droughts and rapid-onset intense storm systems, that dictate regional water security, leaving a significant literature gap for65

localised environmental, ecological, and agricultural research.

To bridge this critical gap, we present a novel, open-access dataset designed to directly overcome these existing limitations

through three core contributions. First, to capture both long-term climatology and daily weather extremes, we introduce a

30-year, high-resolution (0.25◦, daily) atmospheric moisture backtrack dataset specifically tailored to the South American

continent (tracking domain: 90◦W–25◦W, 60◦S–15◦N). Second, to resolve the issue of coarse spatial lumping, we implement70

a "finest tagging area" methodology, independently tracking the evaporative sources for ∼25,000 individual 0.25◦ land grid

cells. This high-density grid empowers users to perform seamless, bottom-up spatial aggregations, scaling from local

departments to trans-boundary basins. Finally, the immense computational cost and hardware barriers associated with running

these models and manipulating a 230 TB+ tracking dataset typically prevent researchers and water managers, particularly

those in developing countries, from utilising such advanced tools. To explicitly solve this bottleneck, we engineered this75

product using an Analysis-Ready, Cloud-Optimized (ARCO) architecture. Paired with comprehensive, open-source coding

tutorials, this infrastructure democratises access to Earth system big data. It allows researchers and decision-makers to

efficiently query and visualise decades of high-resolution atmospheric flows without the prohibitive need for localised

high-performance computing clusters.

2 Material and methods80

2.1 Moisture Tracking Model (WAM2layers v3)

The dataset was generated using the recently updated Water Accounting Model-2layers (WAM2layers v3) (Kalverla et al.,

2025), a highly efficient Eulerian moisture tracking model. WAM2layers solves a prognostic atmospheric water balance

equation over a fixed geographic grid. To adequately account for vertical moisture exchange where moisture may be

transported in different directions at different altitudes, the model compresses the atmospheric column into two functional85

layers (an upper and a lower layer). The governing moisture mass balance is defined as:

∆tS

∆t
+

1

A
(∆xFx +∆yFy +∆pFp) = E−P (1)
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where S represents the atmospheric moisture storage (precipitable water), t is time, A is Area, Fx and Fy are the zonal and

meridional moisture fluxes, E is evaporation entering the layer, P is precipitation removed from the atmosphere, and Fp

represents the vertical moisture exchange driven by vertical wind velocity and turbulence (Kalverla et al., 2025).90

For the purposes of this dataset, WAM2layers was configured in backtracking (receptor-oriented) mode. In this configuration,

precipitation (P ) falling within a specified target grid cell is labelled as "tagged precip." As the model steps backward in time, it

advects this tagged water through the two atmospheric layers using reversed wind fields, systematically allocating the moisture

back to the geographic locations and specific quantities of surface evaporation (E) that originally supplied the precipitation

event.95

2.2 Atmospheric Forcing Data and Preprocessing

To drive the Eulerian water balance described above, WAM2layers requires continuous, physically consistent atmospheric

boundary conditions. We utilised historical atmospheric data from the fifth-generation European Centre for Medium-Range

Weather Forecasts (ECMWF) atmospheric reanalysis (ERA5) (Hersbach et al., 2020; Carver and Merose, 2023). ERA5 offers

an improved representation of the global hydrological cycle relative to earlier reanalysis products and is now widely used for100

atmospheric moisture tracking.

For the data preprocessing, we downloaded single-level variables, including total precipitation (tp), evaporation (e),

surface pressure (sp), and total column water (tcw), alongside multi-level variables such as specific humidity (q) and the

eastward (u) and northward (v) wind components. To capture the vertical profile necessary for the two-layer separation, the

multi-level variables were extracted on 22 specific terrain-following model levels. During preprocessing, ERA5 data were105

spatially cropped to our predefined South American tracking domain (90◦W–25◦W, 60◦S–15◦N). Specifically, all ERA5 input

data were obtained at a 1-h temporal resolution at their native 0.25◦ × 0.25◦ spatial grid (Table 1). This represents a

substantial advancement in spatial and temporal granularity compared to previous continental tracking efforts, allowing for a

vastly improved representation of complex topographical influences, such as the Andes mountains, and the diurnal convective

cycles of the Amazon basin.110

2.2.1 Mass Conservation and Vertical Integration

Since the core tracking algorithm of WAM2layers operates on two functional vertical layers (an upper and a lower layer),

its built-in pre-processing module must first rigorously integrate the complex 3D atmospheric input to ensure strict mass

conservation. Specifically, the WAM2layers pre-processor ingests 3D atmospheric variables across a selected subset of 22

ERA5 vertical model levels (see Table 1). To compress this high-resolution vertical structure into two layers without violating115

the regional water balance, the specific humidity (q) across all 22 input levels is first vertically integrated to compute the

preliminary column water vapour. This integrated value is then scaled by a dynamic correction factor to exactly match the 2D

total column water (tcw) provided directly by the single-level ERA5 surface level dataset. Once scaled, the corrected moisture

and wind fields are aggregated into their respective upper and lower layers. By explicitly forcing the vertically integrated

moisture field to align with the 2D total column water, this WAM2layers pre-processing step guarantees strict closure of the120
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Table 1. Summary of ERA5 atmospheric forcing variables utilised to drive the WAM2layers v3 model.

Variable Name Short Name Type / Model Level Usage in WAM2layers

Total precipitation tp

Surface level

Prescribes the moisture sink removed from the

atmosphere.

Evaporation e Prescribes the moisture source entering the lower

atmospheric layer.

Surface pressure sp Computes exact model level pressures and the

two-layer separation boundary.

Total column water tcw Corrects the vertically integrated specific

humidity to close the water budget.

Specific humidity q Upper layer: 20, 40, 60, 80, 90, 95, 100,

105, 110

Lower layer: 115, 120, 123, 125, 128,

130, 131, 132, 133, 134, 135, 136, 137

Provides the specific humidity field required

to quantify atmospheric moisture mass and

calculate moisture storage over time.

Wind components u, v Drives the advection scheme by providing zonal

and meridional velocities, dictating the direction

and magnitude of horizontal moisture transport

fluxes.

Note: All variables have a temporal resolution of 1-Hourly and a spatial resolution of 0.25◦ × 0.25◦.

water budget before the actual tracking begins, a procedure critical for minimising the accumulation of numerical moisture loss

over a continuous 30-year simulation.

2.3 Tracking Execution and Parameters

To maintain the integrity of the Eulerian grid and avoid numerical instability, the tracking time step should satisfy the

Courant–Friedrichs–Lewy (CFL) condition (Kalverla et al., 2025). This condition dictates that moisture fluxes must not125

completely cross a grid cell within a single computational timestep. To ensure stability, the ERA5 forcing data were linearly

interpolated to a tracking timestep of 10 min. This high-frequency integration ensures that moisture fluxes moving rapidly

across the 0.25◦ grid boundaries are captured without computational loss.

Furthermore, a critical consideration in backward moisture tracking is the atmospheric residence time of water vapor.

Moisture evaporated from a source region may travel through the atmosphere from 8 to 10 days before precipitating over a130

target region (Van Der Ent and Tuinenburg, 2017; Van Der Ent et al., 2014). To account for this time lag, we implemented a

30-day "prewarming" (or spin-up) period. For example, to accurately map the evaporative sources of precipitation occurring

in January 2019, the backward tracking process continuously ran backward through December 2018. Over this 1-month

traceback duration, more than 95% of the tagged precipitation moisture is successfully allocated to its original surface

5

https://doi.org/10.5194/essd-2026-547
Preprint. Discussion started: 5 August 2026
c© Author(s) 2026. CC BY 4.0 License.



evaporative sources, leaving a negligible fraction of "untracked" atmospheric moisture at the end of the simulation (Van135

Der Ent and Tuinenburg, 2017).

2.4 High-Resolution Tagging Strategy and Data Structure

The most computationally demanding and unique aspect of this dataset is the parallelised tagging strategy. Instead of defining

large, predefined macro-regions (e.g., tracking moisture for the entire Amazon basin simultaneously), we treated every single

0.25◦ land grid cell across the South American continent (approximately 25,000 independent cells) as a fully separate140

precipitation sink (receptor).

While treating ∼25,000 grids as independent receptors provides unparalleled spatial flexibility for end-users, it inherently

results in an exceptionally dense data structure. The output of this tracking strategy is a four-dimensional array with the axes:

[time, source_latitude, source_longitude, tagging_mask]. For 30 years of daily tracking across the

continent, this 4D tensor inflates to over 230 Terabytes of raw output data. However, because the tracking is resolved down145

to this "finest possible tagging area," users are no longer restricted by predefined boundaries set by the dataset creators. Users

can query the tagging_mask axis to isolate individual department-scale agricultural townships, or aggregate thousands of

receptors to evaluate transboundary river basins. To make querying a dataset of this magnitude feasible for the broader scientific

community, the raw output was subsequently transformed into an Analysis-Ready, Cloud-Optimized (ARCO) architecture,

detailed in Sect. 3.3.150

3 Results

3.1 Data Variables and Dimensions

The resulting dataset contains a comprehensive suite of moisture tracking variables resolved at daily intervals for the entire

30-year period (1990–2019). The primary output variable is tracked evaporation (e_track), which represents the explicit

volume of evaporation from any source grid cell within the tracking area that eventually contributed to precipitation in the155

target receptor grids. The data variables are stored in a multi-dimensional array spanning time, the target receptor index

(tagging_mask), and the source latitude and longitude. Each tagging_mask index corresponds to one tagged

0.25◦ land cell, whose geographic position is given by the accompanying tag_lat and tag_lon coordinate arrays; a user

therefore maps a city or basin to its receptor index by a nearest-neighbour search over (tag_lat, tag_lon). Note that the

latitude coordinate is stored in descending order (from +15◦ to −60◦). Additional diagnostic variables, including160

moisture gains, losses, and tagged_precip, are also provided to allow for complete regional water balance

assessments (see Table 2).
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Table 2. Dataset Variables and Dimensions. A comprehensive list of the data variables provided in the primary dataset, including their

descriptions, units, and array shapes.

Variable Description Units Dimensions (Shape)

e_track Tracked evaporation that will end up as tagged precipitation mm day−1 (time, tagging_mask, latitude,

longitude)

gains Moisture gained during the tracking mm day−1 (time, tagging_mask, latitude,

longitude)

losses Moisture lost during the tracking mm day−1 (time, tagging_mask, latitude,

longitude)

tagged_precip Precipitation falling on the tagged receptor mm day−1 (time, tagging_mask)

Note: Values are per-day accumulations. Spatial resolution for source coordinates is 0.25◦ × 0.25◦; temporal resolution is daily.

Array dimensions per annual file: time = 365/366, tagging_mask = 25,186, latitude = 301, longitude = 261.

3.2 Tracking Stability and Mass Conservation

As a commitment to data transparency and to satisfy rigorous quality control standards, tracking stability and debug metrics

generated by WAM2layers are included alongside the main dataset. Because Eulerian tracking requires strict numerical165

stability, supplementary debug files are provided in NetCDF (.nc) format. These debug files record the specific correction

factors applied whenever numerical limits, such as the Courant–Friedrichs–Lewy (CFL) criterion, are reached (i.e., when the

model time step is not sufficiently small for the local wind speed).

Specifically, these debug logs are saved when boundary limits are triggered to enforce mass conservation: the first limit

ensures that the combined meridional and zonal fluxes can at most empty the grid cell, preventing the creation of any artificial170

numerical water gains. The second limit guarantees that the gross vertical flux also cannot exceed the total moisture available

to empty the grid cell (Kalverla et al., 2025). Continuous evaluation of these stability metrics demonstrates that unexplained

water loss errors (e.g., moisture lost due to numerical dispersion or domain boundary crossings) are limited to approximately

0.002% across the 30-year period. This confirms that the tracking maintained strict numerical mass conservation across the

30-year simulation, with only a negligible residual water-balance error.175

3.3 Analysis-Ready, Cloud-Optimized (ARCO) Architecture

Given that the raw output of independently tracking ∼25,000 grids over 30 years totals roughly 230 Terabytes, traditional

flat-file data distribution (e.g., distributing thousands of standard NetCDF files) would severely hinder data accessibility and

usability. To democratise access to this massive hydroclimatic resource, we structured the dataset using an Analysis-Ready,

Cloud-Optimized (ARCO) architecture based on the Zarr storage format, which compresses the archive to approximately 8180

TB.

7

https://doi.org/10.5194/essd-2026-547
Preprint. Discussion started: 5 August 2026
c© Author(s) 2026. CC BY 4.0 License.



This ARCO structure employs an advanced chunking strategy optimised for rapid spatio-temporal querying. By chunking

the data strategically along the tagging_mask dimension while preserving the full length of the temporal and spatial

dimensions within each chunk (chunk shape ≈ (365, 10, 301, 261), stored as Zarr v3 with blosc/zstd compression), users

leveraging lazy-loading libraries (such as Xarray in Python) can extract a 30-year temporal profile for a single micro-basin or185

generate a single-day spatial map across the entire continent. This cloud-native architecture allows users to perform

computations directly in the cloud and download only the specific megabytes of data they actually need, bypassing the

requirement for local High-Performance Computing (HPC) clusters. In addition to the native daily store, we provide

calendar-month and calendar-year aggregates (summed e_track and tagged_precip, together with an explicit land–sea

mask lsm) as separate consolidated Zarr stores for analyses that do not require daily resolution.190

3.4 Comparison with Existing Literature

To benchmark the physical consistency of our dataset and demonstrate the profound value of its fine spatial granularity, we

compared our aggregated continental statistics against established datasets. Specifically, because our record spans 30 years,

we averaged our 0.25◦ output over the common 2001–2018 period covered by the baseline estimates — the WAM2layers v2

dataset (Link et al., 2020) and the 3D Quasi-Isentropic Back-Trajectory (3DQIBT) method (Dirmeyer et al., 2009), as compiled195

and reported by Link et al. (2020) — so that all datasets are compared over an identical period.

We first compared the mean Terrestrial Evaporative Source (TES, defined as the fraction of precipitation that originated

as evaporation from terrestrial sources by Dirmeyer et al. (2009)) and Country Internal Evaporative Source (CIES, defined

as the fraction of precipitation that originated as evaporation from within the same country by Dirmeyer et al. (2009)) over

major South American countries. As detailed in Table 3, the macro-scale evaporative source fractions derived from our dataset200

exhibit strong spatial pattern consistency with the baseline estimates reported by Link et al. (2020). For example, all models

correctly identify Brazil as having the highest reliance on internal precipitation sources (CIES) due to its massive land area,

while landlocked nations such as Paraguay and Bolivia exhibit the highest overall dependence on terrestrial moisture recycling

(TES).

Notably, for the majority of countries our 0.25◦ dataset produces lower (more conservative) source fractions than the coarser205

models (e.g., Brazil TES: 30.9% compared to 36.7% in WAM2layers v2 and 56.7% in the 3D QIBT estimates); a minority

of cases (e.g., Ecuador and Peru TES, and several CIES values) instead show slightly higher fractions, consistent with the

bidirectional nature of the resolution-induced offset described below. The spatial distribution of these differences is illustrated

in Fig. 1. These variations highlight the inherent advantage of utilising high-resolution atmospheric forcing. Coarse atmospheric

data (such as 1.5◦ grids) are inherently susceptible to numerical diffusion. While conventional tracking studies apply land-sea210

masks to mitigate this, the sheer size of coarse grids inevitably blurs sharp coastal boundaries, acting as a bidirectional offset

that can either artificially inflate or arbitrarily reduce terrestrial mixing depending on how the grid aligns with the mask (Li

et al., 2024). This resolution-induced variance is especially pronounced in smaller or geographically narrow countries, such as

Chile, where a single coarse grid cell may simultaneously straddle the open ocean, the coastline, and the steep topography of
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the Andes. By adequately resolving these fine-scale spatial gradients, the hourly, 0.25◦ ERA5 forcing data effectively curtails215

these numerical artifacts, resulting in a more constrained and physically realistic representation of continental water balances.

The primary advantage of this new dataset emerges most clearly at the regional and sub-regional scales, where spatial

resolution becomes the limiting factor in assessing topographically complex domains. While coarse datasets adequately capture

bulk continental averages, their large spatial granularity limits the refinement of regional variations. As shown in Fig. 2, a

spatial comparison of the 2001–2018 average precipitationshed for the La Plata basin reveals stark differences between the220

datasets. Our 0.25◦ dataset provides a much-needed spatial refinement, better aligning with the sharp topographic boundary of

the Andes Mountains. In contrast, the massive grid cells of the 1.5◦ WAM2layers v2 data (Link et al., 2020) inevitably blur

these physical boundaries. While no reanalysis data can perfectly resolve the complex microphysics of mountain atmospheric

interactions, the critical advantage of the 0.25◦ resolution lies in spatial representation. Finer-scale geographic features, most

notably the exceptionally narrow terrestrial extent of Chile along the western coastline, are frequently subsumed by single grid225

cells in coarse models, merging ocean, coast, and mountain into one data point. By explicitly resolving these narrow coastal

geometries, the 0.25◦ dataset allows for localised moisture attribution that is geometrically difficult at the 1.5◦ scale.

(a) (b)

Figure 1. Spatial distribution of the differences between our high-resolution (0.25◦) dataset and the coarser (1.5◦) WAM2layers v2 baseline.

Differences are calculated as WAM2layers v3 minus WAM2layers v2 for (a) Terrestrial Evaporative Source (TES) and (b) Country Internal

Evaporative Source (CIES).

9

https://doi.org/10.5194/essd-2026-547
Preprint. Discussion started: 5 August 2026
c© Author(s) 2026. CC BY 4.0 License.



(a) (b)

Figure 2. Comparison of the continental precipitationshed for the La Plata basin (2001–2018 average). (a) The 0.25◦ dataset explicitly

resolves the topographical blocking effect of the Andes Mountains on moisture transport, whereas (b) the coarser 1.5◦ WAM2layers v2

dataset (Link et al., 2020) artificially smooths and blurs this critical climatic boundary.

4 Discussion

4.1 Usage Showcase

To demonstrate the scientific value and analytical flexibility of the new 30-year (1990–2019), daily, 0.25◦ resolution230

WAM2layers moisture backtrack dataset, we present five illustrative applications. These examples illustrate how the dataset’s

unprecedented spatial and temporal granularity can be leveraged to address diverse, pressing eco-hydrological and

climatological questions across South America.

4.1.1 Intra-annual Seasonality and the South American Low-Level Jet

The South American Monsoon System and the South American Low-Level Jet (SALLJ) drive intense seasonal redistributions235

of atmospheric moisture across the continent (Marengo et al., 2004; Garreaud, 2009; Espinoza Villar et al., 2009). Using the

dataset’s monthly aggregated trajectories across all twelve calendar months of 2019, researchers can visualise how moisture

sources expand and contract intra-annually (Fig. 3). For instance, focusing on a single 0.25◦ receptor grid over Viedma in

northern Patagonia (63.00◦W, 40.75◦S), the data reveals the seasonal footprint of the South American Low-Level Jet (SALLJ).

During the austral autumn and early winter (April to June), a distinct continental moisture corridor extends northward into240
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Table 3. Inter-comparison of mean Terrestrial Evaporative Source (TES) and Country Internal Evaporative Source (CIES) across South

American countries, all averaged over the common 2001–2018 period. The comparison highlights the differences between our high-resolution

(0.25◦) dataset, the older WAM2layers v2 dataset (1.5◦; Link et al. 2020), and a 3D QIBT model (Dirmeyer et al., 2009) as reported by Link

et al. (2020).

Terrestrial Evaporative Source (TES, %) Country Internal Evap. Source (CIES, %)

Country This Dataset WAM2layers v2 3D QIBT This Dataset WAM2layers v2 3D QIBT

Argentina 40.4 50.6 59.5 15.1 19.0 27.9

Bolivia 54.9 59.4 82.7 15.0 16.0 24.2

Brazil 30.9 36.7 56.7 26.9 28.9 46.3

Chile 2.7 4.3 8.1 1.6 1.4 5.4

Colombia 33.5 37.1 49.9 13.6 11.6 10.9

Ecuador 42.4 38.5 62.7 9.7 7.6 4.9

French Guiana 3.4 12.0 14.5 2.3 2.3 2.6

Guyana 7.8 16.4 19.1 2.8 3.2 3.2

Paraguay 55.5 61.9 90.0 6.1 6.5 13.0

Peru 49.8 49.2 71.8 19.1 16.5 25.9

Suriname 6.7 14.8 18.2 3.3 3.0 2.8

Uruguay 51.1 55.3 75.1 2.5 2.8 8.1

Venezuela 18.2 27.0 29.4 9.5 9.8 9.1

the Amazon basin, explicitly capturing how the SALLJ channels equatorial moisture poleward to feed semi-arid Patagonian

environments (Salio et al., 2007).

4.1.2 Tracking Moisture Origins of Synoptic Extreme Events

Heavy rainfall and deadly landslides frequently devastate the steep coastal topography of southeastern Brazil, largely driven by

the South Atlantic Convergence Zone (SACZ) and localised convective triggering (Carvalho et al., 2004; Seluchi et al., 2011).245

By utilising the dataset’s daily temporal resolution, researchers can track the precise oceanic and terrestrial moisture sources

feeding fast-moving, extreme synoptic events, such as the catastrophic rainfall that struck the Serra do Mar region in January

2011 (Fig. 4). Because the dataset avoids the smoothing effect of monthly averages, users can isolate the exact days of extreme

precipitation (e.g., January 11 to 16, peaking at 30.7 kg m−2 day−1) and calculate backward trajectories to differentiate the

advective contributions of the SALLJ versus direct Atlantic oceanic influx during the event’s lifecycle.250
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Figure 3. Monthly evolution of the precipitationshed for a 0.25◦ target grid over Viedma, Patagonia (63.00◦W, 40.75◦S; red star), during

2019. Each panel is a per-panel spatial cumulative distribution of the tracked-evaporation source field, ranked so that 0% marks the single

strongest source cell and 100% the diffuse tail.

4.1.3 Multi-Decadal Anomalies During the Central Chile Megadrought

Since 2010, central Chile (30◦S–40◦S) has experienced an uninterrupted sequence of dry years, widely known as the

"Megadrought," driven by a combination of natural oceanic forcing and anthropogenic climate change (Boisier et al., 2016;

Garreaud et al., 2017). Leveraging the continuous 30-year span of this dataset, the megadrought can be characterised as a

departure from the full-record (1990–2019) climatological precipitationshed (Fig. 5a). Whereas the 1990–2009 baseline sits255

slightly above the long-term mean, the 2010–2019 drought decade exhibits a coherent below-normal moisture-source

anomaly concentrated around the central-Chile receptor. Partitioning the annual supply into continental and oceanic

components (Fig. 5b) shows that the Pacific Ocean dominates the budget throughout, and that the continental recycling ratio

remains essentially unchanged (∼28%) between the two periods, indicating that the drought reflects a reduction in the total

moisture supply rather than a shift in the balance between oceanic advection and continental recycling.260

4.1.4 High-Resolution Precipitationsheds and Continental Aerial Rivers

Deforestation in the Amazon basin threatens the stability of "aerial rivers" that supply precipitation to downwind,

moisture-dependent regions (Zemp et al., 2014; Weng et al., 2019). Thanks to the ultra-fine 0.25◦ tagging of this dataset, users

are not restricted to large, pre-defined river basins; any single 0.25◦ grid cell can be treated as a localised target sink and its
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Figure 4. Daily evolution and spatial origins of moisture feeding the extreme precipitation event in the Serra do Mar region, Brazil (January

5–16, 2011). Each panel shows the precipitation- and area-weighted daily tracked-evaporation source field; the red box marks the Serra do

Mar receptor region.

full 30-year climatological precipitationshed reconstructed. Figure 6 contrasts the 1990–2019 mean precipitationsheds of six265

such receptor cells spanning distinct climate regimes: the Amazon-fed sinks — Manaus, Santa Cruz de la Sierra, and São

Paulo — expose the continental aerial rivers of Amazonian evapotranspiration that sustain downwind rainfall, whereas the

Pacific-facing sink of Santiago draws almost entirely on oceanic, westerly-transported moisture, and the eastern-slope sinks of

Buenos Aires and Viedma depend on the continental La Plata/SALLJ corridor — with Viedma receiving a more mixed

continental, Atlantic, and trans-Andean Pacific supply. This high-resolution traceability provides the necessary foundation for270

evaluating urban water security (Keys et al., 2018) and designing targeted, cross-border forest conservation strategies.

4.1.5 ENSO-Driven Interannual Variability in Central-South Chile

The El Niño-Southern Oscillation (ENSO) is a dominant driver of interannual hydroclimatic variability in South America,

particularly altering the position and intensity of extratropical storm tracks making landfall in Chile (Cai et al., 2020;

Montecinos and Aceituno, 2003). By compositing the four seasons of the 1997/98 El Niño (JJA 1997 through MAM 1998)275

against those of the subsequent 1998/99 La Niña (JJA 1998 through MAM 1999), the dataset illustrates drastic shifts in
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Figure 5. Climatological moisture sources of a central-Chile receptor box (red box) and their megadrought departure. (a) The 30-year

mean precipitationshed (1990–2019; left), and the departures of the historical baseline (1990–2009; middle) and the megadrought decade

(2010–2019; right) from that climatology, where blue denotes a below-normal moisture source. (b) Annual moisture supply partitioned into

continental (land, green) and oceanic (Pacific, blue) sources (stacked bars, mm yr−1), overlaid with the interannual continental recycling

ratio (dark-red line); dotted lines mark the baseline and drought-period means.
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Figure 6. Thirty-year mean (1990–2019) precipitationsheds for six individually tagged 0.25◦ receptor cells (red stars): Manaus, Santa Cruz

de la Sierra, and São Paulo (top row); Santiago, Buenos Aires, and Viedma (bottom row). Each panel is a per-panel spatial cumulative

distribution of the tracked-evaporation source field (0% = the single strongest source cell; 100% = the diffuse tail), so that the dark core

traces the region supplying most of each location’s rainfall.
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moisture delivery to central-southern Chile (35◦S–38◦S) (Fig. 7). During the El Niño phase, enhanced subtropical moisture

transport significantly increases the oceanic contribution to the austral winter and spring wet season — with box-mean tagged

precipitation reaching 270 versus 68 mm month−1 in JJA — leading to markedly wetter winters (Poveda et al., 2001; Campos

and Rondanelli, 2023). Conversely, the La Niña phase exhibits a stark reduction in moisture convergence, emphasising the280

dataset’s utility in quantifying the spatial footprint of ENSO-driven water stress.

Figure 7. Seasonal evolution of moisture transport into central-south Chile (35◦S–38◦S; red box) through two contrasting ENSO events.

Columns follow the ENSO life cycle (JJA, SON, DJF, MAM; DJF spans the year boundary): the top row composites the 1997/98 El

Niño (JJA 1997 through MAM 1998) and the bottom row the subsequent 1998/99 La Niña (JJA 1998 through MAM 1999). Maps show

the seasonal-mean tracked-evaporation source integrated over the receptor box; the value in the bottom-right corner of each panel is the

area-weighted mean precipitation per grid cell (mm month−1) within that box.

4.2 Democratising Big Data: ARCO and Lazy Loading

Traditionally, performing multi-decadal, high-resolution moisture tracking analyses required local access to massive storage

arrays and High-Performance Computing (HPC) clusters. A major contribution of this work is the structural engineering of

the dataset into an Analysis-Ready, Cloud-Optimized (ARCO) format. By hosting the compressed (∼8 TB) Zarr archive on285

a public cloud, we leverage the power of "lazy loading." Libraries such as Xarray allow users to virtually map the entire

multi-terabyte dataset into their local Python environment without downloading the underlying arrays. Computations (such as

temporal averaging or spatial subsetting) are deferred until the exact result is requested, at which point the code automatically
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downloads only the specific data chunks required for the analysis. Consequently, a researcher using a standard laptop with a

basic internet connection can query 30 years of daily moisture flow data for a specific agricultural township in seconds. Paired290

with our open-source tutorial repositories, this infrastructure completely removes the computational barrier to entry.

4.3 Uncertainties and Limitations

While WAM2layers v3 provides highly efficient and mass-conserving Eulerian tracking, users must be aware of the inherent

limitations associated with both the tracking algorithm and the atmospheric forcing data.

First, the accuracy of the tracking is entirely dependent on the quality of the underlying ERA5 reanalysis data. Reanalysis295

products do not perfectly close the terrestrial water budget; evaporation and precipitation are model-derived rather than

directly assimilated from observations. Over topographically complex regions like the Andes or densely vegetated areas like

the Amazon, ERA5 may struggle to accurately resolve localised convective precipitation or extreme topographic uplift, which

may propagate into the moisture tracking results.

Second, Eulerian models fundamentally rely on the "well-mixed" assumption within their designated atmospheric layers.300

While the two-layer configuration of WAM2layers mitigates the vertical wind transport errors commonly found in older

single-layer models, it remains an approximation of the highly complex, three-dimensional vertical mixing processes of the

real atmosphere. Unlike Lagrangian trajectory models, Eulerian grid-based tracking cannot provide the exact, individual 3D

path of an air parcel, but rather a statistical distribution of moisture fluxes across the grid boundaries. Furthermore, despite

high-frequency temporal interpolation (10-min tracking timesteps), Eulerian models remain subject to minor numerical305

dispersion errors at the grid interfaces. Despite these limitations, the Eulerian approach remains a highly efficient and

effective method for large-scale spatial analyses, but does not resolve the trajectory of any individual air parcel.

Third, because the tracking domain is spatially bounded, the exact geographic origin of moisture advected from far outside

the South American continent cannot be explicitly resolved. While the Eulerian framework strictly closes the atmospheric

water budget by recording moisture entering the tracking area as boundary fluxes (provided as gains in our dataset), it310

inherently truncates the far-field evaporative sources originating from the wider Pacific and Atlantic Oceans. Consequently,

this product is exceptionally well-suited for identifying and analysing terrestrial moisture recycling and atmospheric transport

within the continent itself. However, as emphasised by Kalverla et al. (2025), users must carefully consider the extent of the

tracking domain. If a specific research question requires mapping the explicit spatial oceanic source origin for the vast majority

(e.g., > 80%) of a region’s total precipitation, the aggregation of distant oceanic sources into domain boundary fluxes must be315

explicitly factored into the analysis.

4.4 Future Directions and Contributions to Open Science

The generation and publication of this dataset represent a significant step forward in hydroclimatology, serving not only as a

regional resource but as a blueprint for future global atmospheric analyses. We highlight several broader impacts and future

possibilities stemming from this work:320
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– A Pathway to a Global 0.25◦ Dataset: By successfully parallelising and tracking ∼25,000 independent target grids

across a continent as massive and climatologically complex as South America, we have proven the computational

feasibility of ultra-high-resolution tracking. The methodologies and chunking strategies developed here provide a direct

roadmap for expanding this effort into a seamless, global 0.25◦ moisture tracking dataset in the future.

– Interdisciplinary Accessibility: Because the ARCO architecture allows researchers to bypass the command-line325

intricacies of HPC systems, this dataset becomes highly accessible to interdisciplinary fields. Ecologists, agricultural

scientists, and environmental policymakers with basic Python knowledge can now easily investigate how atmospheric

moisture constraints impact forest resilience or crop yields, bridging the gap between atmospheric physics and applied

environmental sciences.

5 Conclusions330

In summary, this dataset represents an unprecedented leap in the scale, resolution, and accessibility of atmospheric moisture

tracking data for South America. By providing a comprehensive 30-year record of daily moisture fluxes across ∼25,000

independent 0.25◦ grid cells, we deliver a foundational resource capable of capturing continental climatic shifts to highly

localised eco-hydrological extremes.

Furthermore, by deploying this massive dataset via an Analysis-Ready, Cloud-Optimized architecture alongside335

comprehensive tutorials, we have effectively removed the steep computational barriers typically associated with moisture

tracking. This empowers a much broader community of meteorologists, hydrologists, and ecologists to incorporate

atmospheric water cycle dynamics into their research, directly advancing Earth system science in one of the planet’s most

critical regions.

6 Code and data availability340

Dataset: The atmospheric moisture tracking dataset — an ∼8 TB Analysis-Ready, Cloud-Optimized (ARCO/Zarr) product

derived from ∼230 TB of raw tracking output — is openly available on Hugging Face at https://doi.org/10.57967/hf/8650

(Hung and Lin, 2026), under the Creative Commons Attribution 4.0 licence. Calendar-month and calendar-year aggregates of

the same dataset are provided at https://huggingface.co/datasets/AguaTrackSA/AguaTrack-ARCO-SA-Aggregated.

Code: The source code demonstrating how to query the cloud-optimised data and reproduce the analyses in this manuscript345

is openly available under the MIT License at github.com/NTU-CompHydroMet-Lab/AguaTrack-ARCO-SA-Tutorial, and

archived on Zenodo at https://doi.org/10.5281/zenodo.20036507 (Lin and Hung, 2026).
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