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Abstract

Spatiotemporal assessment of surface water inundation is fundamental to water resource management,
ecological monitoring, and flood risk characterization. Satellite remote sensing enables such
assessments at the regional scale, without the logistical expense associated with field surveys. While
assimilating data from multiple sources improves the performance of remote sensing-based
classification, it introduces substantial preprocessing complexity and computational overhead. This
study investigates the utility of AlphaEarth Foundations Embeddings (AFE) as an analysis-ready
alternative for regional-scale inundation mapping. AFE is a precomputed, 10 m resolution, 64-
dimensional annual dataset that reduces the need for multi-source data preprocessing and fusion. A
random forest classifier was applied to AFE within Google Earth Engine to delineate annual inundation
extents. The analysis covered 901 HydroLAKES surface water bodies in Nebraska, USA, from 2017 to
2025. This is one of the first large-scale inundation studies to use the complete AFE record.
Classification performance was assessed visually against Sentinel-2 imagery and quantitatively against
field-derived elevation-area relationships for five reservoirs (mean absolute difference 3.32%). At five
example lakes, Dynamic World mapped between 1.0% less and 39.6% more inundated area than random
forest. Mean inundated area showed no statistically significant trend. However, its year-to-year change
followed annual rainfall (r = 0.73, or 0.91 when each water body counted equally). Inundation frequency
analysis further revealed that smaller water bodies exhibit less persistent inundation than larger ones.
These findings indicate that AFE can support annual-scale regional inundation monitoring with reduced
preprocessing, with implications for water resource planning, wetland conservation, and flood hazard
assessment.

Highlights

e AFE enables annual-scale inundation mapping across 901 HydroLAKES surface water bodies in
Nebraska

e Random forest maps were compared with Dynamic World at five example lakes
¢ Year-to-year changes in inundated area follow annual rainfall

e Smaller water bodies exhibit less persistent inundation than larger counterparts

Introduction

The spatial extent of the surface water bodies can vary rapidly. Two types of factors primarily drive this
variation: natural phenomena, such as precipitation and evapotranspiration (Hall et al., 2019), and
anthropogenic activities, such as changes in land use and land cover and the construction of hydraulic
structures, such as dams and barrages (Cai et al., 2024). The variation caused by these factors can have
profound societal and ecological impacts (Pekel et al., 2016). A reduction in extent can reflect drought
conditions, which may diminish regional water resources. Furthermore, the resulting loss of wetlands
can lead to the loss of the ecological services they provide (Qi et al., 2009; Hall et al., 2019; Khare et al.,
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2025; Tesfaye & Breuer, 2025). On the other hand, an expansion in spatial extent can lead to flooding
(Huang et al., 2018), which may result in loss of life and assets.

These implications make it essential to monitor and assess the spatiotemporal dynamics of the surface
water bodies. These assessments are performed using two distinct approaches. The first involves
conducting field surveys and collecting in situ data. Although accurate, field surveys are cumbersome
and logistically expensive (Munasinghe et al., 2018) and may not be feasible in inaccessible or remote
areas. These limitations are overcome by the second approach, which utilizes remote sensing and
geographic information system (GIS) techniques. Satellites revisit a region at regular intervals, providing
temporally consistent observations of the Earth's surface that can be used to assess the spatiotemporal
dynamics of surface water bodies.

Satellite remote sensing based assessments have been performed since the 1970s (Shastry et al., 2023)
with satellite data sourced from Earth Resources Technology Satellite (Rango & Anderson, 1974;
Deutsch & Ruggles, 1974; Reimold & Linthurst, 1975), Landsat (Qi et al., 2009; Wu & Liu, 2015; Tulbure et
al., 2016; Pekel et al., 2016; Rad et al., 2021; Cai et al., 2024), the Moderate Resolution Imaging
Spectroradiometer (MODIS; Di Vittorio & Georgakakos, 2018), Sentinel-1 (Torres et al., 2012; DeVries et
al., 2020; Vanderhoof et al., 2023), Sentinel-2 (Drusch et al., 2012), WorldView-1 and WorldView-2
(Maglione et al., 2014). The classification of the inundated areas has been performed using the simple
index-based threshold method (Gao, 1996; McFeeters, 1996; Xu, 2006; Munasinghe et al., 2018). Simple
classification procedures use either optical datasets, such as Sentinel-2, or synthetic aperture radar data,
such as Sentinel-1. In contrast, machine learning-based classification methods, such as random forests
(Nguyen et al., 2018; Tikuye et al., 2023), support vector machines (Burges, 1998; Singh et al., 2014, Aryal
et al., 2023), and classification and regression trees (CART; Breiman et al., 2017; Pande et al., 2024;
Tesfaye et al., 2024; Bayable et al., 2025), can combine multiple bands and water indices to map surface
water with high accuracy (Tulbure et al., 2016). On the other hand, multi-source classification can
incorporate multiple satellite products and auxiliary data, such as precipitation and topography (Birkett,
1995; Qi et al., 2009; Rossi & Vervoort, 2025). Such multi-source classifications can exhibit better
performance, but often at the cost of extensive querying of input data and complex data fusion
workflows. Furthermore, for large regional analysis, these workflows incur significant computational
expenses (Xue et al., 2011; Gorelick et al., 2017; Tesfaye & Breuer, 2025) and may be infeasible on
decentralized, single-node systems and are better processed using distributed computing systems (Wu
et al., 2024).

While foundation models such as Prithvi have been applied to flood inundation mapping through fine-
tuning on labeled datasets (Li et al., 2023; Kaushik et al., 2026), the use of precomputed foundation
model embedding fields as analysis-ready inputs for long-term, regional-scale inundation monitoring of
surface water bodies is still in its infancy (Ryan et al., 2026; Kapoor, 2026a). This work addresses this
gap by proposing a framework based on the recently launched AlphaEarth Foundations Embeddings
(AFE; The AlphaEarth Foundations team, 2025), to assess the inundation dynamics of water bodies in
Nebraska - a region characterized by semi-arid climate variability and dependence on the declining
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Ogallala Aquifer (Xu, 2023), making it particularly susceptible to long-term changes in surface water
availability. These water bodies are part of the HydroLAKES dataset (Messager et al., 2016), and the 901
such bodies that intersect Nebraska are depicted in Fig. 1. AFE is an annual, 10 m-resolution dataset that
provides a ready-to-use, unified digital representation of petabytes of Earth observation data from
multiple sources.

Inundation dynamics were characterized using inundation frequency (or water occurrence frequency),
which is the percentage of years in which a pixel is classified as inundated. Inundation frequency (IF)
reflects the persistence of mapped inundation across years and is an indicator of ecological functions
and processes (Millennium Ecosystem Assessment, 2005; Pekel et al., 2016). Specifically, this study
pursues the following objectives: i) to classify annual inundation extents across 901 HydroLAKES water
bodies in Nebraska using a random forest (supervised) classifier applied to AFE; ii) to compare the
classified inundation extents with the Dynamic World product at five example lakes and to evaluate the
mapped inundated areas against estimates from field-derived elevation-area relationships at five
reservoirs; iii) to compute inundation frequency across the study area to assess spatiotemporal
variability; and iv) to estimate trends in inundation extent and to relate the annual extent and its year-to-
year changes to rainfall over the 2017-2025 study period.

The workflow for generating the annual inundation layers and the resulting IF layer has been developed
and employed in Google Earth Engine (GEE), an online, cloud-based, distributed-computing powered
geospatial analysis platform that hosts this dataset. The details of this dataset and GEE are presented in
the next section.

Materials and methods

The water bodies were taken from HydroLAKES (Messager et al., 2016), which includes lakes and
reservoirs with a surface area of at least 10 ha. The polygons were read in GEE from the community
catalog asset projects/sat-io/open-datasets/HydroLakes/lake_poly_v10. All 901 polygons that intersect
the 2016 U.S. Census Bureau TIGER boundary of Nebraska were selected. They comprise 877 lakes and
24 reservoirs, according to the HydroLAKES Lake_type attribute, so they are referred to here as water
bodies. All 901 outlines come from the SRTM Water Body Data, derived from the Shuttle Radar
Topography Mission of February 2000. Polygons that extend beyond the state line, chiefly Lewis and
Clark Lake on the Missouri River, were measured only inside Nebraska. Water bodies smaller than 10 ha
are not included, so wetlands are underrepresented.

The embeddings were taken from the Earth Engine collection
GOOGLE/SATELLITE_LEMBEDDING/V1/ANNUAL (Brown et al., 2025), and the classification was
performed in January 2026. Each image holds the 64 embedding bands, AOO to A63, at a pixel size of 10
m. For each year from 2017 to 2025, the images intersecting Nebraska, 19 per year, were combined into
one mosaic. The AlphaEarth Foundations Satellite Embedding dataset is produced by Google and
Google DeepMind.
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AlphaEarth Foundations Embeddings (AFE) and Google Earth Engine (GEE)

The embeddings have been derived from the AlphaEarth Foundations model, which is a member of the
foundation model class (Blumenfeld, 2023). Foundation models leverage self-supervised learning
techniques on massive amounts of unlabeled satellite data across a broad spectrum of applications
(Xiao et al., 2025). The AlphaEarth Foundations model assimilated petabytes of remotely sensed and
textual data from multiple sources, as presented in Fig. 2. It was trained on more than 3 billion
observations from nine gridded data sources and one text source (Brown et al., 2025). In its developers'
evaluations, AFE reduced error by 23.9% on average compared with the next-best featurization method
(Brown et al., 2025). Additionally, it offers finer resolution than its counterparts, such as Prithvi-EO-2.0,
which has a 30 m resolution (Szwarcman et al., 2026). Readers can refer to Brown et al. (2025) for
additional details regarding the data sources, data preprocessing, training architecture and procedure,
and validation of the AlphaEarth Foundations model.

The trained AlphaEarth Foundations model yields a global, annual embedding dataset at 10 m resolution,
where each pixel is represented by a 64-dimensional vector encoding the underlying spectral, temporal,
and spatial signatures of the multi-source input data (Brown et al., 2025). The embeddings are the
compact, high-level representations of the parent, multi-source data (Kimutai, 2025). These embeddings
offer multiple advantages. First, this embedding dataset provides analysis-ready data that does not
require standard preprocessing steps such as atmospheric corrections, cloud masking, or speckle
filtering (Ryan et al., 2026). Second, users can perform a similarity search by matching the 64-
dimensional digital signatures of two locations (spatialthoughts, 2025). For example, a maize field will
have a signature similar to that of another maize field but very different from that of an inundated or
built-up surface. This property is instrumental for both unsupervised and supervised classification.
Unsupervised classification (Cihlar et al., 2000) relies on clustering pixels based on the similarity of their
underlying signatures, and the embeddings dataset is ideal for it. On the other hand, supervised
classification (Maxwell et al., 2018) requires manual labeling of training data, and AFE was designed and
evaluated for mapping from sparse labels (Brown et al., 2025). Furthermore, AFE enables change
detection by comparing annual embedding datasets, facilitating hazard mitigation, environmental
monitoring, and the assessment of crop yields, surface water dynamics, and land-use changes. However,
the large-scale operation on this high-dimensional dataset requires distributed computing, as a single-
threaded approach can be computationally inefficient.

Google Earth Engine (Hasan et al.,, 2024) is a cloud-based, distributed-computing powered remote
sensing and GIS platform that hosts hundreds of datasets, including AFE. It also includes built-in
supervised classification functions, making it an ideal platform for leveraging the aforementioned
embedding capabilities. Furthermore, it allows the sharing of scripts, which makes collaboration easier,
and the community forum provides crowdsourced support for users. It is freely available for non-
commercial purposes, further lowering the barrier to large-scale geospatial analysis. GEE can be used in
its native JavaScript-based code editor. This code editor includes a code input window, a pixel inspector
to investigate the underlying bands and properties, and a layer visualizer. This code editor, with AFE for
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2017 and pixel-level signatures, is illustrated in Fig. 3. The GEE script can be accessed at
https://code.earthengine.google.com/bfaf1067b39eabb3ef8ad628b673921e. GEE can also be used via
its Python API (Amani et al., 2020), but this study used the native code editor.

Classification and IF analysis

The inundated pixels were obtained by classifying the annual embeddings in GEE using the built-in
supervised classification functions. First, the embeddings dataset was filtered to retain tiles within the
study area. Then, supervised classification was performed using random forests (RFs; Breiman, 2001)
with 150 trees, as used by Yue et al. (2023). All 64 dimensions (bands) were used as input features for
classification. Three distinct classes comprising i) inundation, ii) vegetation and iii) built-up area
(constructed area) were considered. Mutually exclusive labeled data were prepared for training the
classifiers. Then, an independent validation dataset was prepared for assessing the accuracy of the
trained classifiers. True-color Sentinel-2 composites, high-resolution Google basemaps and the 10 m
ESA WorldCover map (Zanaga et al., 2021) were used as references for this purpose. The training set
comprised 30,000 data points, and the validation set comprised 7,500 points, with an equal number of
data points per class. Separate training and validation polygons were delineated to keep the two sets
independent. Training and validation polygons were separated by a minimum distance of 17 km for
inundation, 38 km for vegetation, and 80 km for built-up area. The built-up validation points were derived
from ESA WorldCover built-up areas in seven cities not used for training: Grand Island, Kearney, Hastings,
North Platte, Scottsbluff, Norfolk and Columbus. The number of data points was selected with
consideration for GEE's computational limits. The training was performed on the 2017 annual
embedding data, and validation on the 2018 annual embedding data. The trained classifier was
subsequently applied to all annual embedding datasets from 2017 to 2025. Its applicability to other
years was evaluated by the 2018 validation and by the 2017-2025 comparison with elevation-area
relationships at five reservoirs. The RF classifier achieved a training accuracy of 99.94%. Evaluation on
the separate 2018 validation set of 7,500 points yielded an overall accuracy of 94.33% and a Kappa
coefficient of 0.915. Both producer’s and user’s accuracies for the inundation class were 100% within
this validation sample. In a Landsat-based random forest study, Yue et al. (2023) also reported near-
perfect accuracy for permanent water in the centers of large lakes and reservoirs (average producer's
accuracy of 99.8%), but 93.6% for seasonal water at the edges of water bodies. However, the high
agreement for the inundation class may partly reflect the selection of lake-interior reference points and
the use of three broad land-cover classes. These estimates apply to the selected reference polygons and
do not establish classification accuracy at lake margins or across Nebraska as a whole. The other
classification settings were three variables per split, a bag fraction of 0.1, at most 100 leaf nodes per
tree, a minimum leaf population of 1 and a seed of 0 ( smileRandomForest in GEE); none was tuned.
Detailed confusion and error matrices are presented in Table S1 in the supplementary information.

The IF was calculated by classifying annual raster embeddings to identify submerged pixels, which were
then aggregated over the study period. Each annual classified raster was converted to a binary raster,
with inundated pixels set to 1 and non-inundated pixels to 0. A summing operation was performed on
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these rasters, which gave the number of years in which a pixel was classified as inundated. Finally, this
layer was divided by the number of years and multiplied by 100 to obtain the IF raster, in percent. This
formulation is mathematically presented in the following equation.

NY
voISiy

IFi = NY

x 100 (1)

Where IF; is the IF (in percent) at the ith pixel over the study period, and NY is the number of years (nine,

from 2017 to 2025). IS,y is the inundation status for the ith pixel in the Y year. It is 1 for pixels classified
as inundated and 0O for valid pixels classified as non-inundated. Pixels without a valid classification in all
nine years were excluded from IF. An IF of 0% means the pixel was not classified as inundated in any of
the nine annual layers, and an IF of 100% means it was classified as inundated in all nine. A value of
100% does not mean the pixel was under water all year.

This layer has also been used to perform zonal statistics. With nine annual layers, IF can take only ten
values, from 0% to 100% in steps of one year (about 11.1%). The IF raster was reclassified into four IF
categories: i) > 0-<25%, ii) 25-<50%, iii) 50-<75% and iv) 75—-100% (pixels classified as inundated in 1-2,
3-4, 5-6 and 7-9 of the nine years, respectively), and a zonal statistics operation was performed to find
the share of each category in the area inundated in at least one year. Pixels never classified as inundated
(IF of 0%) were left out. The 901 water bodies were classified by their HydroLAKES area (the Lake_area
attribute) into three size groups to assess the effects of size on inundation: small (< 1 km?, 806 water
bodies), medium (1 to < 10 km?, 88) and large (= 10 km?, 7). Inundated area was measured within a 250
m buffer around each HydroLAKES polygon, because the polygons can miss water when the water levels
are high. The buffers were clipped at the state line, and areas were computed on a 10 m equal-area grid
(EPSG:5070). The unbuffered polygons were also measured for comparison. A buffer can include nearby
ponds or river reaches, and water shared by overlapping buffers is counted for each water body.

Validation and performance comparison with Dynamic World

Validation was performed in two ways. The first involved visually comparing the 2017 classified
inundation extents of five example lakes with true- and false-color Sentinel-2 composites of the same
year (Fig. 4). Since Sentinel-2 is among the source datasets used to generate AFE, this comparison is not
fully independent and should be interpreted as a qualitative check rather than a rigorous validation.
Furthermore, the classified inundation for five reservoirs was validated against the inundation obtained
from their elevation-area relationships. These relationships take the water surface elevation as input and
return the corresponding inundated area as output. In addition, the 2017 random forest map was
compared with Dynamic World ( GOOGLE/DYNAMICWORLD/V1 ; Brown et al., 2022), a Sentinel-2 based
product that labels the land cover in each image. A pixel was mapped as inundated where the median of
its 2017 Dynamic World labels was water (class 0). The two maps were compared at five example lakes,
within the same 250 m buffers.

Trend analysis
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A trend analysis was performed to assess variation in the mean inundation of water bodies and in
average rainfall, which is one of the most important driving factors of inundation dynamics (Huang et al.,
2022; Tesfaye & Breuer, 2025). The trend analysis used the mean inundated area per water body for each
year, calculated by dividing the summed inundated area of the 901 water bodies by 901. The five largest
water bodies accounted for 32% of the area summed across the nine years, highlighting the potential
influence of large water bodies on this aggregate. This metric is not normalized by water-body size and
represents only the selected inventory, rather than all surface water in Nebraska. Zonal statistics were
applied to the annual inundation layers to first calculate the area inundated at each lake each year.
Annual rainfall was the mean calendar-year rainfall over Nebraska from the Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS; Funk et al., 2015). Sen'’s slope technique (Sen, 1968;
Gocic & Trajkovic, 2013) was applied to estimate the rate of change (overall trend) in inundation and
rainfall. This is a non-parametric technique that is robust to outliers and thus preferred over the standard
regression analysis. The Mann-Kendall test (Gocic & Trajkovic, 2013) was used to test whether each
trend was statistically significant. A normalized area gave each water body equal weight: each water
body’s annual area was expressed as a percent departure from its 2017-2025 mean, and the departures
were averaged. The year-to-year changes in the mean and normalized areas were compared with the
rainfall of the same year, and the mean area with the rainfall of one and two years before, using the
Pearson correlation coefficient (Machiwal & Jha, 2012).

Results and discussion

Comparison with Dynamic World

The classified inundated areas are sparsely distributed across Nebraska and are harder to discern at a
large spatial and temporal scale in an article. Inundation maps for five lakes representing different sizes
and locations are presented for 2017, the year used to train the random forest classifier. Three of these
lakes (Lake McConaughy, Babcock Lake, and Mother Lake) contain water training polygons. These
examples therefore illustrate the classification results and do not constitute an independent assessment
of accuracy. The classified inundation extents and associated false-color composites for all 9 years are
available via this web app: https://adityain2003.users.earthengine.app/view/comparison.

The subset of lakes discussed here consists of i) Lake McConaughy (Lat: 41.2505, Long: -101.8158), ii)
School Lake (Lat: 42.52707, Long: -100.61059), iii) Babcock Lake (Lat: 41.48498, Long: -97.36052), iv)
Mother Lake (Lat: 42.14951, Long: -101.84197) and v) Pawnee Lake (Lat: 40.84741, Long: -96.87407).
The RGB (column 1) and false color composite (column 2) derived from Sentinel-2 imagery are shown in
Fig. 4, providing visual reference for comparison, as in previous studies (Li et al., 2023; Kaushik et al.,
2026). Table 1 gives each difference as a percentage of the random forest area; the random forest
serves as the comparator, not as a reference of known accuracy.

The classified inundations from the random forest were compared with those from the Dynamic World
classification product for the same five water bodies. Columns 3 and 4 of Fig. 4 show the random forest-
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and Dynamic World derived classified inundation regions, respectively. Dynamic World mapped more
inundated area than the random forest at four of the five lakes (white pixels in column 5), but 1.0% less
at Lake McConaughy. At the inflow end of the lake, shown in Fig. 4, Dynamic World mapped 20.5% less.
This end slopes gently, so its shoreline shifts most as the water level changes, which likely explains the
larger difference. The percentage differences for the five water bodies are provided in Table 1, with an
average absolute difference of 15.31%. Especially for Babcock Lake (row 3), Dynamic World maps
substantially more inundated area, classifying the centrally passing road (marked by a thin line) and the
central region, which appears vegetated in the false-color composite, as inundated.

Table 1

Difference in 2017 inundated area within each lake's 250 m
buffer: Dynamic World minus random forest, as a percentage
of the random forest area

No. Water body % Difference Dynamic World

1 Lake McConaughy -1.0%

2 School Lake +19.7%
3 Babcock Lake +39.6%
4 Mother Lake +5.8%

5 Pawnee Lake +10.4%

Validation with the field data

A more rigorous method of validating the classified inundations is to compare them against the
inundated area estimated from the elevation-area relationship. The elevation-area relationship links the
elevation of a water body's water level to its area and is obtained from rigorous field surveys. Such
relationships, from surveys dating from the 1980s to 2003, were available for five reservoirs: Lake
McConaughy (Kress et al., 2005), Harlan County Lake, Swanson Lake, Hugh Butler Lake and Enders
Reservoir. Daily water-level elevations were obtained from the Central Nebraska Public Power & Irrigation
District (CNPPID) for Lake McConaughy and from the U.S. Bureau of Reclamation for the other four
reservoirs, and converted to annual average elevations for the years 2017 to 2025. Then the inundated
area corresponding to these elevations was computed from the elevation-area relationship. The
classified inundated area for these years was computed within the 250 m buffer by using the zonal
statistics function. The inundated areas obtained from the elevation-area relationship and classification
are presented in Fig. 5. Over the 45 reservoir-years, the classified area was on average 2.73% lower than
the elevation-area value, with a mean absolute percentage difference of 3.32% and a root mean square
error of 1.85 km?, indicating close agreement. The mean difference ranged from + 0.02% at Swanson
Lake to - 5.38% at Hugh Butler Lake, and R? from 0.794 at Swanson Lake to 0.995 at Lake McConaughy.
An earlier analysis of the same five reservoirs within the HydroLAKES polygons found a mean difference
of - 3.9% (Kapoor, 2026a). It may be noted that the elevation-area relationship-derived inundated areas
are slightly higher than the classified inundation at four of the five reservoirs, especially in the high-water
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year of 2019. Closer investigation revealed that the inundated area extends beyond the HydroLAKES
boundary in such years, so measuring within the polygons alone underestimates the classified inundated
area; within the polygons, the mean difference was - 3.95%. Another possible reason for the mismatch is
that the elevation-area relationships may be old and have changed over the last two decades due to
sediment deposition (Kress et al., 2005; Gebregiorgis & Hossain, 2012). A third possible reason is the
position of the water training points, which were placed in lake interiors; placing training points explicitly
along the shorelines may better capture the characteristics of shallow shoreline water and improve its
classification. With five reservoirs, the contributions of these three causes cannot be separated.

Computation of IF and zonal statistics

The computed IF raster layer for the study area is hosted as an interactive GEE web app at
https://adityain2003.users.earthengine.app/view/inundation-frequency-webapp. It allows users to
explore annual inundation status at any location. Figure 6a shows the IF for Lake McConaughy extracted
from this web app. It may be noted that the core (central) region of the lake shows 100% IF, meaning that
it was classified as inundated in all nine years, while the peripheral regions show lower IF on account of
fluctuating inundated extent of the lake.

Figure 6b shows how the area classified as inundated in at least one year is distributed among the four
IF categories. Areas were pooled across the water bodies within each size group. Seventeen small water
bodies had no mapped inundation in any year, so they had no inundated area to divide among the
categories and were therefore excluded. The 75-100% IF category, comprising pixels classified as
inundated in at least seven of the nine years, accounts for the largest share in every size group. This
category covers 73.4% of the pooled inundated area in small water bodies (< 1 km?), compared with
86.9% in medium (1 to < 10 km?) and 85.6% in large (= 10 km?) water bodies. Small water bodies have a
greater share of area classified as inundated in only a few years. For example, the lowest IF category (>
0-25%), representing inundation in one or two years, accounts for 10.8% of this area in small water
bodies, compared with 5.4% in medium and 2.8% in large water bodies. Each intermediate category (25—
50% and 50-75% IF) accounts for less than 10% in every size group. These patterns indicate that
inundation is less persistent in small water bodies than in medium and large ones, consistent with the
higher inter-annual variability of small reservoirs reported by Donchyts et al. (2022).

Annual trend analysis

The temporal analysis of 901 water bodies in Nebraska from 2017 to 2025 shows no statistically
significant trend in regional surface water extent or rainfall (Mann—Kendall test; Table S2 in the
supplementary information). The application of the non-parametric Sen’s slope estimator, chosen for its
robustness against outliers, indicates a decline in both surface water extent and rainfall as presented in
Fig. 7a, b.

Specifically, the Sen’s slope analysis estimates a reduction in the annual mean inundation area of 7,073
m?2/year, or 2,895 m?/year without Lake McConaughy. This estimated reduction in surface water extent
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coincides with an estimated decline in mean annual rainfall of 14.80 mm/year over the same period. The
year-to-year change in inundation area followed the rainfall of the same year (Fig. 7c, d), with a
correlation of 0.73 for the mean inundation area and 0.91 for the normalized area. This suggests that the
regional hydrological footprint of the water bodies is sensitive to precipitation patterns. However, the
relationship between these two variables is not always perfectly linear. In some years, the opposite trend
is observed: the inundation area remains stable or even increases despite lower-than-average
precipitation. This may reflect hydrological lag effects (Berghuijs et al., 2025), wherein surface water
extent is influenced by cumulative storage from prior high-rainfall years. The mean inundation area
correlated more closely with the rainfall of one and two years before (r = 0.50 and 0.72) than with that of
the same year (r = 0.13), which is consistent with such lag effects.

The stronger response of the normalized area, together with the higher percentage of area in lower IF
categories for smaller water bodies (Fig. 6b), suggests that smaller, more volatile water bodies respond
more directly to wet and dry years than larger, more stable ones. By utilizing the AFE within GEE, this
study quantified these year-to-year changes across 901 water bodies with minimal preprocessing.

Conclusions

This study demonstrates the utility of the AFE as an analysis-ready dataset for monitoring inundation
dynamics across the HydroLAKES dataset, which consists of 901 water bodies in Nebraska. By
leveraging the distributed computing power of Google Earth Engine, the research provides a scalable
framework for assessing large-scale hydrological changes with less preprocessing and data fusion than
typical multi-source remote sensing workflows.

Dynamic World mapped a larger inundated area than random forest at four of the five example lakes and
a smaller area at Lake McConaughy. These differences indicate disagreement between the two maps; a
common independent reference would be needed to establish their relative accuracy. Random forest
also allows the target water class to be defined explicitly through labeled training samples. Validation
against field-derived elevation-area relationships for five reservoirs showed a mean difference of - 2.73%
and a mean absolute percentage difference of 3.32%, providing quantitative accuracy estimates for
reservoirs spanning 2 to 116 km2in area.

The estimated decline in surface water extent over the study period, with water bodies cataloged as
losing an average of 7,073 m? annually, was not statistically significant. However, the year-to-year change
in inundated area followed annual rainfall (r = 0.73, or 0.91 when each water body counted equally),
highlighting the sensitivity of Nebraska's water bodies to wet and dry years. Furthermore, zonal statistics
on IF underscored that smaller water bodies (< 1 km?) are less persistently inundated than larger, more
stable water bodies.

This work shows how the AFE embeddings can be classified to monitor inundation across a regional

inventory of water bodies at an annual scale. However, this study has several limitations. First, the

temporal coverage of this analysis is constrained by the availability of AFE, which currently spans 2017
Page 11/27



to 2025; as AFE is updated with additional years, the framework developed here can be directly extended
to support longer-term trend assessments without modification. Second, visual comparison against
Sentinel-2 composites is not fully independent, since Sentinel-2 is among the source datasets used to
generate AFE; this is partially mitigated by the quantitative field validation using elevation-area
relationships, which uses independent reference data, although the gauged reservoirs also contain water
training polygons. Third, quantitative field validation was limited to five reservoirs due to the
unavailability of elevation-area relationships for other water bodies; these reservoirs span 2 to 116 km?,
whereas 806 of the 901 water bodies are smaller than 1 km?, so the accuracy of the framework for small
water bodies remains untested. Fourth, the random forest classifier was trained on 2017 embedding
data and applied across all years; temporal shifts in land cover could therefore introduce classification
uncertainty, and apart from the 2018 validation and the comparison at the five gauged reservoirs, no
years were held out to test this applicability.

Future research should extend the temporal coverage as AFE data becomes available for additional
years, implement in-field validation using drone-based imagery, expand the analysis to a seasonal scale
to capture intra-annual inundation dynamics, apply the framework to other regions with contrasting
hydrological regimes, and integrate in-situ data to quantify the societal and ecological impacts of
changing surface water availability. Other classification techniques, such as unsupervised clustering (for
example, K-means) and other supervised classifiers (for example, support vector machines and
classification and regression trees), could also be compared against a common independent reference.
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Geographical setting of Nebraska and locations of the 901 HydroLAKES water bodies
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Figure 2

Steps involved in the development of the AFE data and its applications
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Figure 3

Different elements of the Google Earth Engine worksheet. The code editor window is labeled 1, the
embeddings dataset for the year 2017 for the state of Nebraska is labeled 2, and label 3 shows the 64-
dimensional signature values obtained by inspecting a pixel from the embeddings dataset.
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Difference

a) Lake McConaughy: RGB

b) School Lake: RGB

c) Babcock Lake: RGE

d) Mother Lake: RGB
ol gileny

Figure 4

Comparison of classified inundation resulting from random forest (column 3) and Dynamic World
(column 4) with RGB data (Column 1) and false color composite (column 2). Pixels classified as
inundated by Dynamic World but not by random forest are shown in white in column 5. All maps are for
2017. The first row shows only the inflow end of Lake McConaughy.
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Figure 5

Comparison of the annual inundated areas obtained from the elevation-area relationship and random
forest based supervised classification for the five gauged reservoirs, with the classification measured
within the 250 m buffer.
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Figure 6
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Figure 6a. Random forest derived IF distribution of Lake McConaughy. This figure has been extracted
from the GEE-based web app (https://adityain2003.users.earthengine.app/view/inundation-frequency-
webapp).

Figure 6b. Share of each IF category in the area inundated in at least one year, by size group, within the
250 m buffers. Area is pooled across the water bodies in each group, and n is the number of water
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bodies shown.
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Figure 7

Comparison of annual mean inundation area (m?) of 901 water bodies, measured within the 250 m
buffers, and mean rainfall (mm) across Nebraska (2017-2025). Trend magnitudes (a, b) were calculated
using the non-parametric Sen’s slope estimator, with estimated rates of change of -7,073 m?/year for
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inundation area (-2,895 m?/year without Lake McConaughy) and -14.80 mm/year for rainfall. The change
from the previous year is plotted against that year’s rainfall for the mean inundation area (c) and for the
normalized area, in which each water body counts equally (d). The legends give the Pearson correlation
coefficient (r).
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