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Abstract

Soil moisture (SM) spatiotemporal variability critically influences water resources, agriculture,
and climate. However, besides site-specific studies, little is known about how SM varies locally (1–100-m
scale). Consequently, quantifying the SM variability and its impact on the Earth system remains a
long-standing challenge in hydrology. We reveal the striking variability of local-scale SM across the United
States using SMAP-HydroBlocks — a novel satellite-based surface SM data set at 30-m resolution. Results
show how the complex interplay of SM with landscape characteristics and hydroclimate is primarily driven
by local variations in soil properties. This local-scale complexity yields a remarkable and unique multi-scale
behavior at each location. However, very little of this complexity persists across spatial scales. Experiments
reveal that on average 48% and up to 80% of the SM spatial information is lost at the 1-km resolution, with
complete loss expected at the scale of current state-of-the-art SM monitoring and modeling systems (1–25 km
resolution).

Plain Language Summary Soil moisture (SM) widely varies in space and time. This variability
critically influences freshwater availability, agriculture, ecosystem dynamics, climate and land-atmosphere
interactions, and it can also trigger hazards such as droughts, floods, landslides, and aggravate wildfires.
Limited SM observational data constrained our understanding of this variability and its impact on the
Earth system. Here, we present the first continental assessment of how SM varies at the local scales using
SMAP-HydroBlocks – the first 30-m surface SM data set over the United States. This study maps the SM
spatial variability, characterizes the landscape drivers, and quantifies how this variability persists across larger
spatial scales. Results revealed striking SM spatial variability across the United States, mainly driven by
local spatial variations in soil properties and less so by vegetation and topography. However, this SM variability
does not persist at coarser spatial scales resulting in extensive information loss. This information loss implicates
inaccuracies when predicting non-linear SM-dependent hydrological, ecological, and biogeochemical processes
using coarse-scale models and satellite estimates. By mapping the SM spatial variability locally and its scaling
behavior, we provide a pathway toward understanding SM-dependent hydrological, biogeochemical, and
ecological processes at local (and so far unresolved) spatial scales.
1. Introduction
Soil moisture (SM) plays a key role in modulating water, energy, and carbon interactions between the land and
atmosphere. As such, detailed information is essential for water resources management, natural hazards risk
assessment, and understanding ecosystem dynamics, among others. However, SM varies strongly in space, with
characteristic length scales ranging from a few centimeters to several kilometers depending on the landscape. SM
hotspots that emerge from this spatial variability have significant implications for the scientific understanding and
prediction of many hydrological and biogeochemical processes and applications. For instance, SM hotspots influence freshwater sources and agricultural management, as wet and dry conditions require different irrigation and
fertilizer interventions for optimal crop growth (Franz et al., 2020; Sadri et al., 2020; Vergopolan et al., 2021).
SM spatial variability leads to changes in surface temperature and evapotranspiration (Rouholahnejad Freund
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et al., 2020), altering drought impacts (Vergopolan et al., 2021) as well as the formation of clouds and convective storms (Simon et al., 2021; Zheng et al., 2021). SM hotspots can alter runoff generation, resulting in faster
and peakier flood events (Zhu et al., 2018), and trigger wildfires (Holden et al., 2019; Taufik et al., 2017) and
landslides (Brocca et al., 2016; Wang et al., 2020). SM spatial variability influences the distribution of soil fauna
and flora, by controlling its habitats, food sources, and dynamics (He et al., 2015; Mathys et al., 2014; Sylvain
et al., 2014; Youngquist & Boone, 2014). Depending on landscape characteristics (i.e., soils, topography, and
vegetation), such SM-driven processes and hazards can occur at local spatial scales (1–100 m). Capturing the SM
variability at local scales is critical to further our understanding of these processes and improve our modeling and
prediction capabilities.
To this end, in-situ SM observations provide detailed information. However, networks of sensors are costly to
deploy and maintain and, therefore, are not widely available over large areas. Microwave-based satellite measurements can provide global SM monitoring with 1–2 days revisit time (Chan et al., 2018; Gruber et al., 2019;
Kerr et al., 2012), but retrievals are too coarse (9–36 km) to capture local-scale SM hotspots. Consequently,
our current understanding of how SM varies locally is drawn primarily from site-specific studies using in-situ
observations (Brocca et al., 2007, 2012; Choi & Jacobs, 2010; Crow et al., 2005, 2012; Famiglietti et al., 2008),
airborne remote sensing imagery (Famiglietti et al., 2008; Garnaud et al., 2017) and hydrological modeling
(Crow et al., 2005; Garnaud et al., 2017), or at larger scales using coarse resolution hydrological modeling (Li
& Rodell, 2013; Manfreda et al., 2007) or satellite sensors (Das & Mohanty, 2006; Rötzer et al., 2015). These
studies have provided a foundational understanding of how hydroclimate and landscape characteristics contribute
to SM spatial variability and its underlining mechanisms (Vereecken et al., 2014). They characterize how SM
spatial variability is impacted by precipitation (acting as a large-scale driver of runoff (Rosenbaum et al., 2012;
Sivapalan et al., 1987)), topography (driving surface and subsurface water flow to the riparian zones (Famiglietti
et al., 2008)), soil properties (controlling soil water storage, hydraulic conductivity, infiltration, and drying rates
(Choi et al., 2007; Crow et al., 2012)), and vegetation (with time-varying physiological functioning influencing
soil-water retention, infiltration, and evapotranspiration rates (Joshi & Mohanty, 2010; Mohanty et al., 2000)).
However, SM interacts non-linearly with each of these hydroclimate and landscape drivers and as a result the
impact of their combined interactions is complex (Vereecken et al., 2014). Because previous local-scale studies tend to be site-specific and with different experiment designs, the transferability of SM spatial variability
across different hydroclimate and diverse landscapes is unknown. Consequently, there is no consensus on how
the SM spatial variability plays out across different hydroclimates and landscapes, and how it influences water,
energy, and carbon processes locally. Furthermore, little is known about how this variability persists across
spatial scales, and whether it can be captured at regional scale by, for example, physical models and microwave
satellite observations.
Here, we present the first characterization of local-scale SM spatial variability at a continental extent and we quantify the persistence of this variability across spatial scales. This assessment was enabled by SMAP-HydroBlocks
– a newly developed 30-m satellite-based surface SM data set for the conterminous United States (CONUS)
(Vergopolan et al., 2021a). SMAP-HydroBlocks’ detailed and accurate SM estimates leverage recent scientific
advances in the availability of data from in-situ SM networks, microwave-based satellite remote sensing, gridded
meteorological datasets, high-resolution landscape physiography data, and hyper-resolution land surface modeling. As such, SMAP-HydroBlocks provides a unique tool to investigate the SM variability across scales and
landscapes, and therefore can help elucidate the role of SM on water, energy, and carbon processes at spatial
scales that have so far been unresolved (Blöschl et al., 2019). Toward this aim, this work (a) maps the magnitude
of SM spatial variability across the CONUS, (b) quantifies the drivers and relationship with hydroclimate and
landscape characteristics, and (c) reveals the multi-scale properties and persistence of this spatial variability
across spatial scales. The SM spatial variability is striking in its complexity. We discuss the implications of this
newly resolved SM variability for quantifying and understanding land-atmosphere interactions and applications
in water resources, natural hazard risks, and ecosystem dynamics.

2. The Spatial Distribution of 30-m Soil Moisture Across the United States
SMAP-HydroBlocks (Vergopolan et al., 2021a) is the first hyper-resolution satellite-based surface SM product
at a 30-m resolution over the conterminous United States (2015–2019). It uses a scalable cluster-based merging scheme (Vergopolan et al., 2020) which combines microwave satellite remote sensing, high-resolution land
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surface model, radiative transfer modeling, machine learning, and in-situ observations to obtain hydrologically
consistent SM estimates of the top 5-cm of the soil. SMAP-HydroBlocks was built upon NASA's Soil Moisture
Active Passive L3 Enhanced Global 9-km satellite product (Chan et al., 2018; O’Neill et al., 2019) (SMAP L3E)
and HydroBlocks, a field-scale resolving land surface model (Chaney et al., 2021). Validation using independent in-situ observations demonstrated its temporal and spatial representativeness and accuracy, particularly in
capturing spatial extremes (Vergopolan et al., 2021a). SMAP-HydroBlocks details are available at Section S1 in
Supporting Information S1.
The SM heterogeneity is demonstrated by SMAP-HydroBlocks substantial spatial variability from local to continental scales (Figure 1). At the continental scale, the SM variability reflects the SM interactions with large-scale
hydroclimate and topographic features, with distinct drier conditions over the West and Southwest and wetter
conditions over the Midwest, Corn Belt, Mississippi River basin, and Northeast. At the regional and local scales
(Figure 1 insets), SMAP-HydroBlocks reveals detailed variations that emerge from the interactions between
hydroclimate, topography, soil properties, and land use heterogeneity across the landscape. In the White River
basin and the Appalachian Mountains, for example, we observe the imprint of small tributaries and wet riparian
corridors in valleys and wetter conditions over vegetated lowlands. In the Mississippi floodplain the topography,
historical meandric dunes, and agricultural fields modulate the SM spatial patterns. Over northern California in
the Sierra Nevada, the riparian zone contrasts with the dry climate and local aridity.

3. What Is and What Drives the Spatial Variability in Soil Moisture?
The SM spatial variability across the CONUS is diverse. Here, we quantified using the spatial standard deviation (σ) – which measures the deviation of local wet and dry SM hotspots from spatial average conditions over
a given domain. We calculated σ30 m using the SMAP-HydroBlocks 30-m SM climatology (2015–2019) at each
10-km box across the CONUS (details in Section S2 in the Supporting Information S1). Results in Figure 2a
show the largest SM spatial variability in the US Southern Coastal Plain, the lower Mississippi River, and the
Great Lakes region, followed by moderate variability in the Northwestern Pacific, the Appalachian Mountains,
and the Northeastern US. The magnitude of this variability is in agreement with the in-situ observational studies
(Famiglietti et al., 2008; Vergopolan et al., 2020). Regions of high SM variability (shown in orange to red) are
linked to wet locations with substantial precipitation, shallow water table depth (with abundant streams, ponds,
wetlands), variable soil characteristics and verdant vegetation, which can exhibit significant contrast with respect
to their surrounding environment. Low spatial variability is seen in most of the US Southwest (typically dry),
and at the Northern of the US Great Plains and the Corn Belt, likely due to flat terrain and cropland dominance
that reduces σ30 m.
To disentangle the relationships between SM spatial variability with the landscape and hydroclimate characteristics at each location, we performed a Principal Component Analysis (PCA) to identify associations with the
magnitude of local wet and dry SM hotspots. In this context, the PCA is particularly useful because it indicates
the data dominant modes of variation (i.e., the principal components) and quantifies how different physical characteristics co-vary, thus being particularly helpful for identifying strong patterns in big data. Here, in specific, the
PCA compared the SM spatial standard deviation (σ30 m, Figure 2a) with the spatial mean (μ) and spatial standard
deviation (σ) of high-resolution variables that modulate SM dynamics, such as soil properties (sand, clay, and silt
content), vegetation greenness (e.g., the Normalized Difference Vegetation Index) and land cover types, elevation
and topographic wetness, and climatologies of air temperature and precipitation at the same 10-km box. Section
S3 in Supporting Information S1 details the PCA, the characteristics of these physical drivers, and their spatial
distribution (Figures S1–S5 in Supporting Information S1).
SM variability tend to follow the dry to wet precipitation gradients (Figure 2a, Figure S5 in Supporting Information S1), this pattern is also evident in the PCA (Figure 2b). Results shows how the SM spatial variability
(points) follows the first principal component (PC1), which is dominated by the precipitation (μprecip) at locations
with wetlands and shallow water table depths (μwetland), the spatial variability in soil texture (σclay, σsand), mean
and variability in the topographic wetness index (μTWI, σTWI) while the second component (PC2) is dominated
by the soil texture content (μclay, μsand, μsilt). In the West coast and most of the East US, precipitation drives SM
spatial variability through the generation of runoff that is distributed differently across heterogeneous landscapes
(Sivapalan et al., 1987) and, along with the warm temperatures in the South, influences in the long-term the
VERGOPOLAN ET AL.
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Figure 1. The spatial distribution of surface soil moisture climatology across the CONUS, as shown by the SMAP-HydroBlocks data set at 30-m spatial resolution
(2015–2019). Insets highlight the spatial detail for selected locations with different hydroclimatic and topographical conditions. Water bodies are shown in blue, scale
bar is shown at each panel. Interactive visualization of the 30-m data is available at https://waterai.earth/smaphb.

formation of topographic landscapes and soils through climate and chemical weathering (Breemen et al., 2002).
Soil spatial heterogeneity and variations in its characteristics (e.g., texture, organic matter content, porosity, and
structure) are largely observed in the US southeast and near the US Great lakes, and drive local variations in soil
drying rates, hydraulic conductivity, and lateral water distribution (Choi et al., 2007; Crow et al., 2012), which
in turn generates more spatially variable SM content. This spatial heterogeneity in soils (Figure S1 in Supporting Information S1) plays a particular role the SM variability in places with shallow water table depth, such as
the US Southeast, lower and upper Mississippi River valleys (Figure 1a). Vegetation characteristics (e.g., type,
density, and uniformity) and their changes in time (i.e., seasonal growth and decay) can dynamically influence
VERGOPOLAN ET AL.
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Figure 2. The spatial variability of local-scale soil moisture and its relationship with physical drivers. (a) As a proxy for soil moisture spatial variability, we calculated
the spatial standard deviation of the 30-m resolution SMAP-HydroBlocks climatological SM (2015–2019) at each 10-km box across CONUS. Locations in red show
where soil moisture spatial variability is highest. (b) The PCA biplot compares the first two components of the relationship between the spatial standard deviation of the
30-m SM (points) with physical characteristics' spatial mean (μ) and spatial standard deviation (σ) within the same 10-km box (arrows). Similarly, (c) shows the map
of the spatial coefficient of variation of SM (as the ratio between spatial standard deviation and the spatial mean), also calculated at each 10-km box, and (d) shows the
correspondent Principal Component Analysis (PCA) biplot. Figures S1–S5 in Supporting Information S1 shows the spatial variation of the physical drivers. In the PCA
biplots, each arrow represents the loading of a physical driver and its direction of variation represents how strongly each driver influences a principal component. The
angles between the arrows indicate how the physical characteristics correlate with one another. Arrows pointing toward red (blue) dots show the drivers' direction of
high (low) SM spatial variability.
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SM variability as its physiological functioning and distribution and density of roots can affect soil-water retention, infiltration, and evapotranspiration rates (Mohanty et al., 2000). Results show high vegetation greenness
(μNDVI) and its spatial variability (σNDVI), correspond to wet locations of high SM spatial variability (e.g., at the
East and West coast). In contrast, in the West the dry conditions and dominant μshrubland and μgrassland types leads
to lower SM spatial variability.
Topographic characteristics (e.g., surface elevation, slope, topographic wetness index, aspect, and curvature)
drive SM convergence to riparian zones via surface and subsurface lateral flow (Crow et al., 2012). Results show
high SM variability linked to high topographic wetness index (μTWI) and its spatial variability (σTWI), demonstrating the role of topography in driving SM spatial patterns, particularly at the US Southeast coast, lower and
upper Mississippi basins. However, topographic control on surface SM tends to happen mostly during and after
rainfall events (Western et al., 2003). In contrast, during drydown and typical conditions, the influence of soil
properties and vegetation will dominate (Chang & Islam, 2003; Ryu & Famiglietti, 2005). In fact, the results also
show locations of high elevation (μelevation) and spatially variable topography (σelevation), as in most of the US West,
linked to low SM spatial variability (Figure 2b) because most of the locations of high elevation gradients in the
West tend to be climatologically drier (Figure S6 in Supporting Information S1). In contrast, at climatologically
wet locations, such as over the Appalachian mountains (Figures 1 and 2a), substantial SM spatial variability is
shown. SM spatial variability is known to be higher at wetter soils (Famiglietti et al., 2008). To isolate the contribution of other physical drivers from the influence of dry/wet conditions, we computed the SM spatial coefficient
of variation (CV30 m), which represents the SM spatial variability normalized by the soil wetness (Figure 2c).
The PCA of CV30 m (Figure 2d) shows that spatial variability in soil texture (σclay, σsand) still dominates with the
SM variability, followed by air temperature (μtair) and sand content (μsand). This is particularly evident over the
US Southeast where high spatially variable and quick drying sandy soils at the surface interact with low water
table depths and wetlands and results in distinct wet and dry SM hotpots. Figure 2d also shows the topographic
drivers (μelevation, σelevation, μTWI, and σTWI), vegetation characteristics (μNDVI, σNDVI, μshrubland, μforest), and precipitation (μprecip) shifted toward PC2, highlighting their secondary role in driving the SM CV30 m. As shown here, the
strength of SM hotspots and their local spatial variability emerges from the combined and non-linear hydrological
processes and their interactions with climatic conditions, topography, soils, and vegetation dynamics. However, at
each location, different characteristics and physical processes will contribute differently and lead to patterns that
cannot be generalized by the independent contribution of a few key drivers.

4. Where and How Does Soil Moisture Variability Persists Across Spatial Scales?
Depending on the landscape complexity, the SM spatial variability at the local scale may not persist at regional
scales and therefore cannot be represented by coarse resolution data (e.g., from models or microwave satellite
observations). The inability to represent this variability dampens the strength of local SM hotspots and could
hamper the utility of SM information for water resources management and understanding of land-atmosphere
interactions at local scales. In fact, quantifying how SM spatial variability changes across scales and its impact on
the Earth system remains a critical unsolved problem in hydrology (Blöschl et al., 2019; Crow et al., 2012). Here,
we characterize the scaling properties of SM spatial variability by mapping how this variability changes across
spatial scales and where it persists. This also helps to identify where high-resolution data is critical to capture
local-scale variability.
To this end, we performed a synthetic spatial scaling analysis, which involves upscaling the 30-m
SMAP-HydroBlocks data to coarser spatial scales (λscale: 60 m, 90 m, …, 1 km) and calculating the change in
spatial standard deviation (i.e., change in variability) at each scale with respect to the 30-m data (σscale/σ30 m).
Observational studies at a few sites have shown that this change in SM spatial variability with data supporting
scale and spacing follows a power-law relationship (Rodriguez-Iturbe et al., 1995). This behavior turned out to
be the same observed when comparing SM correlation length and distance, and it often characterizes complex
hydrological fractal nature (Famiglietti et al., 2008). As illustrated in Figure 3, the log relationship between
the spatial standard deviation ratio and data scale indicates the strength of the SM spatial scale dependency
through β, and it can be interpreted as an indicator of SM variability persistence across scales (Hu et al., 1997).
The more negative the β, the larger is the dependency of the SM spatial variability on the data scale. Consequently, higher information loss (herein defined as 1 − σscale/σ30 m) and lower variability persistence are expected
at coarser spatial resolutions. Although SM spatial patterns can change over time, its spatial signature persists
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(Mälicke et al., 2020). As a result, β does not change significantly over
time (e.g., during SM drydown) making it a stable metric for characterizing
multi-scaling SM properties (Oldak et al., 2002).
The scaling relationship for selected sites of varying landscape complexity are illustrate in Figures 3 and 4a. The small β value of −0.06 (Location
1, Figure 3) indicates little change in spatial standard deviation with scale
and persistence of local-scale SM hotspots across scales. At 1-km resolution, only 21% of the spatial variability is lost with respect to the 30-m data
(Figure 4a, first row). In contrast, the scaling relationship at Location 7 shows
a large β (−0.37) associated with a 74% reduction in spatial variability. In
fact, the imprint of the riparian zone within this site vanishes at 1-km resolution (Figure 4a last row), exemplifying the high spatial scale dependency
and lack of spatial variability persistence. Figure 4b maps the information
loss (as a percentage) when the 30-m SM data is averaged to 1-km resolution (Figure S7 in Supporting Information S1 maps the β coefficient) across
CONUS. Overall, there is little persistence of SM spatial variability across
Figure 3. The scaling of soil moisture spatial variability. Illustration shows
scales, with an average information loss of 48 ± 10%, and a maximum loss of
how soil spatial scaling follows a power-law relationship. The graph compares
the soil moisture spatial standard deviation ratio of data at a coarse spatial
80%. Importantly, this information loss (and the associated β) strongly varies
scale with respect to the 30-m data (σscale/σ30 m). As the spatial scale increases
by location, revealing complex context-dependent multi-scale properties
(decreasing spatial resolution), the spatial standard deviation ratio decreases.
(Figure 4b). A PCA in Figure 4d compares the strength of this information
The decrease in spatial variability follows a power-law relationship. β
loss with the mean and spatial variability of landscape and climate characterquantifies the strength of the inverse relationship between data scale and
istics. Results showed a tendency for high information loss at locations with
spatial variability. The larger the β slope, the larger is the spatial-scale
dependency, meaning that the SM spatial variability does not persist and
strong topographic gradients (such as over the Rocky Mountains, Appalathere is a larger information loss at coarser spatial scales. We selected seven
chian Mountains, Northwestern Cascade Range, and the Sierra Nevada) and
locations across the CONUS (shown in Figure 4b) that illustrate a range of
dominant forest coverage (e.g., most of the Northeast). However, for infordifferent scaling behaviors (lines).
mation loss below 60% the results shows no clear or generalizable relationship with climatic and physiographic characteristics. We also compared the
relationship between information loss and SM spatial standard deviation (Figure 5a). High and low information
loss can emerge from either high or low SM spatial variability, but with zero correlation. This demonstrates how
the complex and non-linear hydrological, ecohydrological, and biogeochemical processes that occur at local
scales yield such unique SM scaling behavior locally that can hardly be transferred to different hydroclimates
and landscapes.
Mapping where SM spatial variability and information loss are highest is critical to identify where high-resolution
data is needed. Figure 5b shows low SM spatial variability with high information loss (dark blue) in most of the US
Corn Belt and the Missouri River basin, driven mainly by cropland dominance and flat terrain. These small-scale
variations vanish at the 1-km resolution but are critical to capturing intra-field scale irrigation water demands
(Franz et al., 2020). Low variability with high information loss is also observed in parts of the Rocky Mountains and the West, where dry conditions lead to low SM variability. However, topographic gradients enhance
information loss, hampering the monitoring of (already scarce) freshwater resources. High SM variability and
information loss (dark orange) are present on the US West coast (e.g., Sierras Nevada and the Cascade Range) and
most of the Northeastern US (including the Appalachians), driven by precipitation interactions with topography
that replenishes the riparian zones. High SM variability and information loss are also evident near the US Great
Lakes, lower Mississippi River, and the Southeast coast, driven by heterogeneity in soils driving spatially variable SM dry-down rates contrasting with wetlands and shallow water table depths. Given the high SM variability
and information loss, further allocating in-situ monitoring resources at these locations is thus critical for better
monitoring and quantifying non-linear SM-dependent hydrological, ecological, and biogeochemical processes.

5. Implications
5.1. Understanding and Modeling Land-Atmosphere Feedbacks
Studies have shown how neglecting the SM spatial variability at local scales dampens extremes and introduces
errors when quantifying scale-dependent water, energy, and carbon interactions between the land and the atmosphere. For example, the relationship between SM and evapotranspiration under different water and energy
VERGOPOLAN ET AL.
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Figure 4. The information loss of soil moisture across spatial scales. (a) Comparison of the soil moisture data at different spatial resolutions: each panel shows SM
at a 10-km box with its climatological spatial variability (measured by the spatial standard deviation, σ), and information loss (measured as the percentage change in
spatial standard deviation with respect to the 30-m data). Each row shows a different location (subsetted from the 7 locations in Figure 3) and each column shows data at
different resolutions. (b) We mapped the information loss of the 1-km resolution data for each 10-km box across the CONUS. Locations in orange to yellow show where
coarser spatial resolution data fail to capture 60%–80% of the spatial variability observed at 30-m resolution. Subplot (c) shows the distribution of this information loss
in the US. (d) PCA biplot compares the first two components of the relationship between the information loss (points) with physical characteristics' spatial mean (μ) and
spatial standard deviation (σ) within the same 10-km boxes (arrows). Figures S1–S5 in Supporting Information S1 shows the spatial variation of the physical drivers.
Each arrow represents the loading of a physical driver and its direction of variation represents how strongly each driver influences a principal component. The angles
between the arrows indicate how the physical characteristics correlate with one another. Arrows pointing toward yellow (blue) dots show the drivers' direction of high
(low) soil moisture information loss.
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Figure 5. Comparison between the spatial variability of SM data at 30-m resolution and information loss of the 1-km resolution SM data. Panel (a) compares the joint
distribution of the SM spatial standard deviation (x-axis) and the information loss (y-axis) of all 10-km boxes across CONUS. To identify locations with low or high SM
spatial variability and information loss, the data space was partitioned in 4 domains, based on the average SM spatial standard deviation (0.02) and average information
loss (48%). Adjacent top and lateral graphs show the histograms and cumulative functions of the SM spatial standard deviation and information loss, respectively. Panel
(b) maps each of the 4 domains with the same color scheme: blue (orange) colors show areas of low (high) SM spatial variability, whereas light (dark) colors show areas
of low (high) information loss. In panel b, orange colors emphasize the high SM variability patterns (observed in Figure 2a), while the dark (blue and orange) colors
emphasize the high information loss patterns (observed in Figure 4b).

constraints is highly non-linear (Rouholahnejad Freund & Kirchner, 2017). When wet SM hotspots are resolved at
spatial scales closer to their true spatial variability, they enhance evapotranspiration to the atmosphere in comparison to spatially homogeneous drier conditions (Crow & Wood, 2002; Rouholahnejad Freund et al., 2020). This
higher evapotranspiration further cools the ground surface, and can enhance horizontal atmospheric humidity and
temperature gradients that drive variable boundary layer dynamics, development of large-scale eddies, potentially
triggering of local convective rainfall (Ford et al., 2015; Simon et al., 2021; Vergopolan & Fisher, 2016; Zheng
et al., 2021). Spatially variable SM also controls plant photosynthesis rates and nutrient cycling, yielding
non-linear changes of 40%–80% in carbon uptake (Green et al., 2019; Trugman et al., 2018) and 78% nitrogen
cycling (Paul et al., 2003). For instance, optimal crop nitrogen uptake is inhibited by both very dry and wet SM
conditions. While dry SM inhibits mineralization, extreme wet SM lead to denitrification and N2O release (Paul
et al., 2003) — a greenhouse gas 298 times more effective at trapping heat in the atmosphere than CO2 (Denman
et al., 2007). As such, the spatial variability in SM critically changes the flux response of highly non-linear and
local-scale processes, while grid-average conditions can lead to inaccurate assessment and process interpretation. Limited observations have historically constrained understanding of the impact of SM variability on these
processes. The spatial variability of SMAP-HydroBlocks allows quantifying these processes' dependencies and
identifying where fine-scale data is critical for improving our understanding of the land-atmosphere and biogeochemical processes that drive changes in weather and climate and our ability to model them.
5.2. Supporting Water Resources Decision-Making and Natural Hazards Risks
Local scale SM spatial variability also impacts management of freshwater resources and water-dependent risks.
For instance, when local dry or wet SM hotspots are averaged by coarse-resolution SM data, the perceived
intensity of drought conditions or extent of waterlogging is reduced. The related underestimation (or overestimation) of crop water demands limits farmer decision making on when and where to irrigate (Franz et al., 2020;
Vergopolan et al., 2021). Capturing SM dynamics at the field scale is thus critical to quantify irrigation (Dari
et al., 2020; Jalilvand et al., 2019). SM spatial variability also impacts on wildfires by controlling the spatial
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distribution of vegetation fuel load and flammability through vegetation water content (O et al., 2020; Taufik
et al., 2017). As such, the inability to represent wet and dry SM hotspots at sub-kilometer scales results in
underestimated risks of propagating wildfires (Holden et al., 2019). Similarly, local wet hotspots lead to conditions that trigger landslides and local flash floods. Landslides tends to happen at small-scale (e.g., ∼10–100-m 2,
Zhang et al. (2019)) and occur when soil water saturation increases soil-column weight, reduces soil cohesion,
and leads to gravity-driven mass movements. Wet hotspots that trigger these events are mostly averaged out by
coarser-resolution data, critically limiting monitoring of slope stability and landslide detection accuracy (Wang
et al., 2020). Spatially variable SM also drives spatial variability rainfall infiltration rates which influence the
timing and spatial structure of runoff generation and flooding, leading to earlier and more intense floods (Zhu
et al., 2018).
5.3. Monitoring and Understanding Biodiversity and Species Distribution
SM spatial variability plays a critical role in controlling land ecosystems (Rodríguez-Iturbe & Porporato, 2007),
particularly soil organisms and communities (Mathys et al., 2014; Sylvain et al., 2014), but also amphibian
movements (Youngquist & Boone, 2014), and species distributions more generally (Gardner et al., 2019). Soil
organisms that are closely coupled with SM are especially important as they comprise 25%–33% of Earth's biodiversity (Decaëns et al., 2006), providing vital ecosystem functions such as soil fertilization, nutrient recycling,
pest and disease regulation, and erosion control (Qiu & Turner, 2015; Wall, 2013). Variability in SM leads to
patchy and reduced distribution of suitable habitats for such soil organisms and influence their dynamics (Wall &
Virginia, 1999). Particularly in arid and degraded conditions, this leads to reduced local biodiversity and ecosystem function and to increased susceptibility to disturbances (Wall & Virginia, 1999). Therefore, characterization
of SM spatial variability and information loss provide insights on organisms' dynamics, behavior, biodiversity
richness, and ecosystem service provision (He et al., 2015). SM also plays a critical role in determining the
degree of drought stress of plants (Vergopolan et al., 2021); a failure to account for local variability can lead to
underestimates of the effects of climate change on future distributions (Midgley et al., 2002). In addition, SM play
a key role in enabling detailed monitoring of pest infestation food sources and reproduction pathways (Gómez
et al., 2020), and supporting the assessment and forecasting of infectious disease and pest risks such as West Nile
virus, malaria, and locust swarms (Escorihuela et al., 2018; Keyel et al., 2019). Understanding SM variability
and scaling at the local scale is therefore critical for improving understanding and monitoring of ecosystems
dynamics, pest infestations, and biodiversity loss in a spatially explicit manner. Furthermore, it supports the
development of adaptation pathways toward improving these ecosystems' resilience to climate variability and
climate change.

6. Conclusion
Understanding SM spatial variability, its scaling behavior, and effects on freshwater resources is a long-standing
grand challenge in hydrology. By mapping SM variability at unprecedented scales, our study reveals the unseen
and striking local-scale variability across CONUS. The magnitude of this variability and information loss across
scales varies widely across landscapes, highlighting how SM-dependent water, energy, and carbon processes
cannot be reduced to simplistic relations with hydroclimate or landscape characteristics. Yet, this local-scale
complexity demonstrated by SMAP-HydroBlocks is not represented by current SM monitoring and modeling
systems (1–25-km resolution) and hinders our ability to address a range of scientific questions and applications
on land-atmosphere feedbacks, water resources management, and biodiversity and species distributions. The
SM variability and information loss mapped here can critically aid resources allocation and design of in-situ
networks for improved monitoring of non-linear and SM-dependent hydrological, biogeochemical and ecological processes. Given recent advances in data availability and computing resources, the next generation of SM
products, land surface models, and Earth system models should also consider how to account for this local
scale variability to more realistically represent hydrological processes, natural hazards, and its interactions with
climate. By mapping the SM variability and its scaling behavior, this work provides a pathway toward improving
the understanding and quantification of hydrological, biogeochemical, and ecological processes at spatial scales
that have so far been unresolved.
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Data Availability Statement
The SMAP-HydroBlocks surface soil moisture data set at 30-m 6-h resolution (2015–2019) comprises a 62 TB
data set (with maximum compression). Due to the storage limitation of online repositories, we provide the raw
data at the Hydrologic Response Unit (HRU) level (time, hru) compressed to 33 GB. Python code and instructions for post-processing the data into geographic coordinates (time, latitude, longitude) is available at GitHub
(https://github.com/NoemiVergopolan/SMAP-HydroBlocks_postprocessing). Data are available for download at
Vergopolan et al. (2021b) (https://doi.org/10.5281/zenodo.5206725). The data are provided in netCDF-4 format
(https://www.unidata.ucar.edu/software/netcdf/), and referenced to the World Geodetic Reference System 1984
(WGS 84) ellipsoid. The netCDF-4 files can be viewed, edited, and analyzed using most Geographic Information
Systems (GIS) software packages, including ArcGIS, QGIS, and GRASS. As an illustration example, a 30-m map
of the SMAP-HydroBlocks annual and long-term climatology can be viewed through an interactive web interface
at https://waterai.earth/smaphb.
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