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Global Shallow Groundwater Patterns From Soil
Moisture Satellite Retrievals
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Abstract—Groundwater is the most significant freshwater source
and plays a critical role in the earth’s water and energy balance.
The lack of groundwater observations with a high spatiotemporal
resolution at a global scale hinders our ability to study and model
the environment when shallow groundwater has a direct impact on
surface soil moisture. This study aims to estimate the spatial and
temporal distributions of shallow groundwater-influenced areas at
a global scale. We trained an ensemble machine learning algorithm,
using outputs from a variably saturated soil moisture flux model,
to identify the shallow groundwater occurrence. Model simulations
spanned various climate zones and soil types across the globe. The
overall accuracy of the algorithm in reproducing the soil moisture
flux model results was 95.5%. We applied the algorithm to space-
borne soil moisture observations retrieved by NASA’s SMAP satel-
lite and present a global-scale shallow groundwater map derived
from the SMAP observations. The derived global distribution of
shallow groundwater identifies wetlands, large riparian corridors,
and seasonally inundated lowlands. The results showed that 19% of
terrestrial land cover had been influenced by shallow groundwater
at some point in time during the period of interest (2015–2018).
Temporally, shallow groundwater follows an annual cyclic pattern
with 2% to 6% of the land surface being influenced globally. This
study shows that SMAP observations could be used in estimating
shallow groundwater in high spatiotemporal resolution at a global
scale, potentially providing invaluable inputs for modeling and
environmental monitoring studies.

Index Terms—Hydrology, image processing, machine learning,
shallow groundwater, soil moisture active passive (SMAP), soil
moisture.

I. INTRODUCTION

GROUNDWATER (GW) is a significant source of domes-
tic, agricultural, and industrial consumption. It impacts

the global hydrologic and energy cycles. Shallow GW, in par-
ticular, directly affects evaporation and evapotranspiration with
corresponding effects on the biosphere. It profoundly impacts
water, energy, and carbon cycles by providing additional water to
ecosystems and the land surface. Shallow GW influences global
food security [1], ecosystem services [2], flood regulation [3],
and climate [4].
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Modeling GW and shallow GW globally is hindered by com-
putational complexity and the lack of high-resolution informa-
tion on lithological boundaries, soil properties, and knowledge
of boundary and initial conditions. Some terrestrial water flux
models have tried to simulate the GW coupling with the at-
mosphere at the scales from the watershed [5] to global [6], but
they still lack the global datasets with a high spatial and temporal
resolution to calibrate and verify results.

GW interacts with the land surface fluxes only when the water
table is near the land surface. It influences the global land surface
by sustaining surface water features and elevating soil moisture
within the vadose zone (a layer between the land surface and
the water table). GW interacts with vegetation by altering the
soil moisture state within the unsaturated root zone. Elevated
root zone soil moisture due to exfiltration from shallow GW
may benefit the plants by contributing to root water uptake or
may be harmful by causing hypoxia if the root zone is at or near
saturation [7], [8].

GW is the least observed component of the global water
cycle. Monitoring GW levels requires installing GW wells or
piezometers. Although wells are the most direct and accurate
way of measuring water table depths (WTDs), they only pro-
vide WTD measurements at a point scale. At larger scales,
shallow GW may be estimated using various indicators such as
topography, vegetation type, soil salinity, and flood frequency.
However, these indicators only provide qualitative information
about shallow GW with considerable uncertainty. In order to
obtain quantitative information about GW beyond the point
scale, GW observation networks with multiple wells are needed
to monitor the distribution of GW levels due to the heteroge-
neous nature of the subsurface structure. Installing and main-
taining GW well networks is labor-intensive and expensive,
limiting the availability of GW data in many regions across the
world [9].

Remote sensing has been increasingly used to observe com-
ponents of the hydrologic cycle. GW was not a subject of
satellite remote sensing until the early 2000s when the Na-
tional Aeronautics and Space Administration’s (NASA) Grav-
ity Recovery and Climate Experiment (GRACE) mission was
launched [10]. The GRACE satellite can be used to estimate
changes in GW storage by monitoring the variations in sub-
surface mass via satellite orbit perturbations due to land grav-
itational anomalies [11]. Although GRACE observations are
instrumental in monitoring GW storage changes at a global scale,
its coarse spatial (∼150 000 km2 at midlatitudes) and temporal
(monthly) resolution make it less useful for hydrological studies
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Fig. 1. Comparison of the impact of shallow and deep water table conditions on surface soil moisture. Model simulations of surface soil moisture (top 5 cm)
variations under two WTD scenarios. (a) GW level is deep enough that it does not have any influence on surface soil moisture. (b) Water table is constant at 0.5
m from the surface increasing the overall average soil moisture and reducing its variation. Meteorological data to drive the Hydrus-1D model are obtained from a
weather station located at Aiken, SC for the year 2001.

focusing on smaller scales. Higher-resolution but less direct
remote sensing-based GW estimation methods are also avail-
able. Some of these methods include thermal remote sensing,
capturing shallow GW via thermal anomalies on the surface
[12], [13], [14]. Interferometric synthetic aperture radar can
also be used to estimate GW storage changes depending on
subtle surface elevation changes [15]. L-band microwave sen-
sors to monitor soil moisture via measuring the natural thermal
emission emanating from the soil surface have recently attracted
attention as a promising approach to estimate shallow GW more
accurately [16], [17].

Soil moisture at the vadose zone is a strong proxy for GW.
GW influence may be captured from the surface soil moisture
signals in areas where GW is shallow enough to couple with
surface fluxes. Remote sensing of soil moisture, therefore, can
be a viable option to detect shallow GW. NASA’s Soil Moisture
Active Passive (SMAP) mission monitors global soil moisture
by measuring the natural thermal emission of the surface. The
sensors use L-band microwave emissions, focusing on the top 5
cm of the soil column. The SMAP mission L-band microwave
satellite images have been recently used to capture the signals
of shallow GW at a global scale with high temporal (3 days) and
spatial (∼9 km) resolution when the level 2 enhanced passive
soil moisture (L2_SM_P_E) product is used [17]. L2_SM_P_E
data are derived from lower resolution (36 km) SMAP passive
microwave radiometer L-band brightness temperatures by ap-
plying the Backus-Gilbert optimal interpolation technique to the
antenna temperature measurements in the original SMAP prod-
uct. The main advantage of using the enhanced high-resolution
product is to obtain a less pixelated representation of the soil
moisture distributions, which can reveal more detailed spatial
features that are not immediately obvious from the native res-
olution product. To identify the areas under the influence of
shallow GW and their temporal fractions during a year, Soylu
and Bras [17] used an empirical-based shallow GW detection

algorithm that processes the moving average and the variation
of the surface soil moisture from the SMAP retrievals. They
showed that both the monthly moving average of soil moisture
observations and their coefficient of variation are sensitive to
shallow GW regardless of the prevailing climate. Fig. 1 shows
how GW influences the mean surface soil moisture and its
variation based on soil moisture flux simulations. Although [17]
have tested their algorithm in locations across three different
continents, using this novel approach to detect shallow GW
from soil moisture signals across the globe would require a
larger-scale data sampling and algorithm training to properly
represent an extensive range of climate, soils, and ecosystems.
A machine learning approach may be a viable option to process
the large amount of data collected from SMAP soil moisture
retrievals at a global scale and to analyze shallow GW patterns
more accurately and more widely under various climate and soil
conditions.

Adopting machine learning algorithms for exploring complex
quantitative relationships between hydrological and meteoro-
logical components and their feedback dynamics is becoming
widely used by Earth scientists [18]. Ensemble machine learning
(EML) methods are among the most popular machine learning
methods in Earth sciences. Such methods have been successfully
used to solve various problems in hydrology, including stream-
flow prediction [19], [20], drought monitoring [21], generating
GW potential maps [22], soil moisture estimation [23], and
GW contamination risk assessment [24], among other areas of
research in water resources, climate, and ecology. Zounemat-
Kermani et al. [25] provided an extensive review of the EML
methods employed in the hydrological sciences.

Our main objective is to estimate shallow GW-influenced
terrestrial land surfaces by processing SMAP soil moisture
retrievals at a global scale with high spatial and temporal reso-
lution. To achieve this objective, we used results from a variably
saturated soil moisture flow model to train a tree EML method.
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The resulting model is then used to detect shallow GW signatures
using SMAP soil moisture retrievals at the global scale as input.
We focused on analyzing SMAP soil moisture retrievals for four
years between 2015 and 2018 and compared our findings with
multiple shallow GW indicators, including baseflow estimations
inferred from the USGS’ streamflow observations across the
southeastern US watersheds, global wetland datasets, and global
clay horizon distributions for potential perched aquifer forma-
tions.

We explain our approach and describe the tools we used,
including the variably saturated soil moisture flow model, its
atmospheric forcing data, the EML method, and its verification
specifics in the following Section II. Section III discusses the
method performance, the spatiotemporal distribution of shallow
GW patterns at a global scale, and the EML model verifica-
tion. We provide a comparison between the outputs from the
EML model and baseflow contributions of some streamflow
observations and global wetland and clay horizon distribution
data. Finally, we discuss the implications of the findings, some
restrictions of the proposed approach, and its potential use from
a broader perspective.

II. METHODS

We applied a supervised EML algorithm to process SMAP
soil moisture retrievals to detect areas under the influence of
shallow GW. Simulations mimicking SMAP observations under
controlled lower boundary conditions representing various GW
depth scenarios are used to train a supervised EML model. The
simulations covered various soil textures, climate regimes, and
GW depths scenarios. Below, we describe the model, simula-
tions, settings, and details of the EML approach that is adopted.

A. Soil Moisture Model Simulations

1) Variably Saturated Water Flow Model: The Hydrus-1D
model was used to simulate the surface soil moisture in a wide
range of climate and soil conditions in response to shallow GW
influence. Hydrus-1D numerically solves the Richards equation
to simulate variably saturated flow within a soil profile [26]. The
Richards equation in the vertical dimension is
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where Es(h) is effective saturation [–], θr and θs are the residual
and saturated volumetric water contents, respectively, [L3 L–3],
Ks is the saturated hydraulic conductivity [LT–1],α is the inverse
of the air-entry value [L–1], n is the pore size distribution index
[–], l [–] is a pore-connectivity parameter, which was taken to be
0.5 as an average [28], and m is a function of n, which is equal
to 1–1/n [–]. The sink term in the Hydrus-1D model represents
actual transpiration, which is calculated based on a step-wise
limiting factor proposed by [29] as

S (h) = μ (h)Tp (3)

whereμ(h) is a prescribed stress factor, a function of the pressure
head that changes between 0 and 1, Tp is the transpiration rate
representing the potential volume of water removed by plant’s
root uptake from soil. Plant roots are distributed within the soil
profile by following an asymptotic equation proposed by [30],
which is

Y = 1− βd (4)

where Y is the cumulative root fraction, β is the extinction
coefficient, and d is the soil depth (cm). β is a function of
biomes. In our simulations, we adopted a β value of 0.96, which
is considered as the value corresponding to the globally averaged
root distribution for all ecosystems [31].

The upper boundary condition of the Hydrus-1D is specified
as atmospheric boundary conditions controlled by evaporative
demand and rainfall input without any surface ponding. Surface
runoff is immediately removed if rainfall exceeds infiltration
capacity or soil reaches saturation conditions.

2) Atmospheric Forcing, Soil Data, and Simulation Setup:
Hydrus-1D model simulations were driven by the US Geolog-
ical Survey (USGS) Famine Early Warning System Network
daily global potential evapotranspiration (ETp) dataset.1 In this
dataset, the Penman-Monteith equation is used to calculate ETp

data based on atmospheric forcing input data, including air tem-
perature, atmospheric pressure, wind speed, relative humidity,
and solar radiation generated by the Global Data Assimilation
System analysis fields. ETp is calculated for every 6 h and
accumulated into daily temporal resolution. The data is provided
on a 1° spatial resolution globally.

The Hydrus-1D model uses potential evaporation (Ep) and
potential transpiration (Tp) separately to calculate actual evapo-
transpiration. Ep is used to calculate actual water loss from the
soil surface as part of an upper boundary condition, and Tp is
used to calculate the sink term as given in (3). In order to partition
the ETp data into Ep and Tp, we used enhanced vegetation
index (EVI) estimations obtained from MODIS vegetation index
products (MOD13C2). MODIS EVI data are calculated as

EVI = 2.5
ρNIR − ρRed

ρNIR + 6.0ρRed − 7.5ρBlue + 1.0
(5)

where ρ is the surface reflectance in the wavelength band,
coefficients represent adjustment and scaling factors [32]. EVI
provides information about the intensity of vegetation coverage

1[Online]. Available: https://earlywarning.usgs.gov/fews/product/81

https://earlywarning.usgs.gov/fews/product/81
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Fig. 2. Global distribution of sampled soil moisture model simulation loca-
tions (red dots).

on the land surface. Following [33], Tp is given by

Tp = ETp (EVI∗)η (6)

the exponent η, which is expected to be close to 1 [33], is
determined based on the relationship between transpiration and
the vegetation index [34]. EVI∗ is an enhanced vegetation index
stretched between no vegetation and fully covered unstressed
vegetation and calculated by

EVI∗ = 1− EVImax − EVI

EVImax − EVImin
(7)

where EVImax and EVImin were determined by using MODIS
EVI retrieval statistics for each pixel.

The Global Precipitation Measurement (GPM) mission pre-
cipitation data (GPM IMERG Final Precipitation L3, [35]) was
used to drive the model. The GPM mission was designed to unify
precipitation measurements from a constellation of microwave
sensors and deployed by NASA and the Japan Aerospace and
Exploration Agency (JAXA) in 2014. Since then, the mission
has been collecting global precipitation data with high spatial
and temporal resolution [36].

Finally, soil hydraulic parameters for the van Genuchten soil
retention function (2), including θr, θs, α, n, and Ksat were ob-
tained from a dataset of soil hydraulic properties derived by [37].
This dataset has global coverage with a 0.25° spatial resolution
and is available for seven soil layers extending from the land
surface down to 2 meters depth in the soil profile. Soil hydraulic
parameters were estimated based on the ROSETTA pedotransfer
function of [38] applied to the SoilGrids1km dataset generated
by [39].

3) Lower Boundary Conditions and Simulation Locations:
The Hydrus-1D model was used to simulate surface soil moisture
for six different GW level scenarios across the globe. We kept the
water pressure head values constant at the lower boundary of the
model domain to represent fixed WTDs for each scenario. Depth
to water table was varied between 0.5 and 2.5 m, in increments
of 50 cm, with an additional no GW scenario for which the
lower boundary condition was assumed to be free drainage. In
order to ensure that the model simulations represent as many
distinct climate and soil conditions as possible, we distributed
the sampling points uniformly across the globe. We simulated
with the Hydrus-1D model in 226 locations (see Fig. 2). The
simulations extended over five years between 2015 and 2019

for each location and each scenario. To obtain a realistic initial-
ization of soil moisture distribution across the soil profile for
specified constant WTDs, the simulation of the first year was
used as a spin-up run which was not included in the training or
the testing of the EML model. Each simulation was conducted
using a 3 meters soil profile and 700 discretization nodes across
the soil profile. Soil hydraulic parameters for van Genuchten’s
soil retention function for each location (as seven different soil
layers) were assigned based on [37]’s dataset. To mimic SMAP
observations, we used the top 5 cm average soil moisture model
results in our analysis, similar to [17]’s approach.

B. EML Method

We adopted an EML algorithm to classify surface soil mois-
ture signals based on GW influence. The adaptive boosting
(AdaBoost) method is an iterative boosting EML algorithm in-
troduced by [40]. The boosting algorithms combine a set of weak
classifiers into a strong unique classifier through a weighted
linear combination. The accuracy of classification increases as
more weak classifiers are sequentially added. AdaBoost is con-
sidered one of the best statistical classifiers due to its accuracy,
simplicity, and solid theoretical foundations [41].

The GentleBoost (gentle adaptive boosting) method, a variant
of the AdaBoost technique, was used in this study. GentleBoost
is used for binary classifications. It minimizes the exponential
loss function of AdaBoost at each iteration by using weighted
least-squares regression [42]. MATLAB R2018b was used for
building the ensemble classifier. To develop the EML model,
we used 1.98 million data points from the Hydrus-1D model
simulations. Sixty percent of the data points were used to train
and the rest of them to test the EML model. We used the top
5 cm average soil moisture simulation results in our analysis,
similar to Soylu and Bras’s [17] approach to replicate SMAP
soil moisture observations. The predictors to train the EML algo-
rithm were the daily values of coefficient of variation, minimum,
maximum, and average of soil moisture. Each predictor was
calculated based on a 30-day moving window for four years.
Only surface soil moisture data statistics were used to train
the EML model. Auxiliary predictors, such as soil properties,
atmospheric variables, land use/land cover data, or topography
data, were not used. However, we trained the algorithm to detect
shallow GW occurrences for a wide variety of climate and soil
conditions across the globe, as shown in Fig. 2.

After the initial classification was completed, we adopted
the data correction scheme recommended by [17] to prevent
potential misclassifications due to data uncertainties originating
from satellite observations. The central assumption was that
the seasonal GW influence on soil moisture can not frequently
switch between GW-influenced and GW-free states within short
time intervals because the temporal changes in GW storage are
usually slow. The number of consecutive data points within each
state was calculated. If the time span of any GW state is shorter
than a certain threshold, the sequence of points is reclassified
as being the complementary GW state within that period. In
summary, to be classified as a shallow or deep GW period, the
system must remain in that state for a minimum amount of
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time. We used a 30-day threshold to ensure that the temporal
variations of GW impact on land surfaces were realistically
represented and applied this data correction scheme at a global
scale for the four years of interest. It is important to note that
we selected an average threshold value. Still, this threshold
might vary depending on the rate of recharge (a function of
rainfall regime, hydraulic conductivity, preferential flows, etc.)
and discharge (a function of vegetation type, climate, etc.) of
specific aquifers and their size and geometrical characteristics.

C. Method Tests

One of the direct impacts of shallow GW on surface hydrology
is to sustain river flows by providing baseflow. We can assume
that the high baseflow rates can be directly related to shallow
GW at a watershed scale. This assumption is used to evaluate
the findings of the EML model over the Southeastern US, where
the EML model detected shallow GW impacts and streamflow
observations collected by the USGS2 are readily available. Al-
though the EML model does not provide any direct streamflow
estimations, a comparison of the baseflow estimations derived
from the streamflow data with the EML identification of shallow
GW provides a reality check on the model’s ability to detect
shallow GW impact in time and space.

We analyzed watersheds that were under shallow GW influ-
ence for at least five months and those that were not under
shallow GW influence for, again, at least five months. In this
way, we only accounted for the USGS stream gauges with their
drainage areas partially influenced by shallow GW for some
time during the evaluated period. One hundred and forty three
USGS stream gauges across the Southeastern US were used to
compare their baseflow and the EML shallow GW detection
findings. Monthly baseflow averages for each watershed were
calculated using the recursive digital filter technique [48].

III. RESULTS AND DISCUSSION

A. Prediction Performance of the EML Model

We have tested multiple ML approaches with a wide range of
complexities, including nearest neighbor, discriminant analyses,
logistic regression, ensemble, and support vector machine ap-
proaches to conduct the binary classification of GW-influenced
and GW-free states. We adopted the GentleBoost ensemble ML
algorithm because it performed slightly better than the other
methods. On the other hand, all tested methods performed
satisfactorily with most of them exceeding 95% accuracy.

The overall accuracy in estimating shallow GW for the trained
EML algorithm was 95.5%. However, the prediction accuracy
was not homogeneously distributed across the globe. It varied
based on the prevailing climate and WTD of the location of
interest. The AI was used to represent the dryness of the climate
at a given location. AI is a simple numerical indicator of aridity
based on climatic water deficit. It is calculated as a ratio of
precipitation (P) over potential evapotranspiration (ETp), which
is a drying power of the atmosphere. Higher (lower) AI values
represent wetter (dryer) environments.

2[Online]. Available: http://waterdata.usgs.gov

Fig. 3 shows the relation between aridity and the estimation
accuracy across different shallow GW depths. Overall estimation
accuracy reaches its highest value when the AI is around 0.8.
As the AI deviates from this value, the overall EML estimation
accuracy reduces slightly [see Fig. 3(a)]. We found that WTDs
play a role in estimation accuracy. For example, the EML model
can estimate shallow GW in arid environments with very high
accuracy if the GW level is close to the surface [Fig. 3(b)].
The EML model can easily distinguish the statistical signal of
the shallow GW on surface soil moisture on an otherwise dry
surface. However, as AI increases (climate becomes wetter), the
detection accuracy of the EML model decreases (though the
accuracy is still over 0.8), even if GW levels are very near the
surface. This is due to the increased climate-induced wetness
in the surrounding area regardless of the shallow GW influence
[see Fig. 3(b)].

If the WTD is deeper but still coupled with the surface (i.e.,
WTD = 2.5 m for this scenario), the EML estimation accuracy
reduces by 20%, especially for the arid and wet environments.
Fig. 3(c) shows that the EML model detection ability reduces
with deeper water tables. The leading cause for this reduction
in estimation accuracy stems from the fading influence of the
shallow GW on surface soil moisture. The main reason causing
the fading GW impact is that the rate of capillary upward flux
from the water table to the land surface is inversely related to
WTD. As the water table becomes deeper, the impact of GW on
surface soil moisture reduces its significance. Model estimation
accuracies were reduced even further for the wet and dry end of
the AI range in the deeper WTD scenario [see Fig. 3(c)]. It is
challenging to differentiate the source of elevated soil moisture
from climate-induced to shallow GW-influenced in the wet end
of the AI. It is also challenging to capture the shallow GW-
influenced soil moisture signals in the dry end of the AI due
to the limited moisture supply from GW and enhanced climatic
water deficit, and increased demand from the vegetation.

B. Global Coverage of Shallow GW Influenced Land Surfaces

We applied the trained EML model to the terrestrial land
surface using SMAP data retrievals from the date when the
SMAP mission was launched in 2015 until 2019 (between
04/2015 and 03/2019) to estimate the spatial distribution and
length of temporal influence of shallow GW at the global scale.
The duration of the GW influence on soil moisture ranges
from days to the entire year, depending on the region. The
EML model output showed that 19% of terrestrial land cover
had been influenced by shallow GW at some point in time
during the four years of the period of interest [see Fig. 4(a)].
While 23% of the detected areas were under the influence of
shallow GW less than one month, only 2.3% of them were
under continuous influence of shallow GW representing regions
such as floodplains, wetlands, and large riparian areas [see
Fig. 4(b)]. We examined the temporal patterns of shallow GW
connection to the surface soil moisture at the global scale and
for various climate zones, including subarctic (latitudes between
50° and 70°), temperate (35° and 50°), subtropical (23.43°
and 35°), tropics (−23.43° and 23.43°), and south of tropics

http://waterdata.usgs.gov
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Fig. 3. Relationships between shallow GW detection accuracy and aridity (described as P/ETp). Plots represent average EML model prediction accuracy for each
aridity index bin, in intervals of 0.1. The size of each dot represents the number of samples. The graph in (a) shows overall shallow GW detection accuracy against
aridity index (AI); (b) represents GW detection accuracy when GW is relatively shallower (WTD is at 1 m from the surface), and (c) represents GW detection
accuracy when GW is relatively deeper (WTD is at 2.5 m from the surface).

Fig. 4. (a) Spatial and temporal coverage of shallow GW over the globe based on SMAP data. Temporal fractions of shallow GW are shown in different colors,
which are assigned depending on the persistence of the shallow GW for the specific SMAP cells over 4 years of time between 04/2015 and 03/2019 (bin sizes
are approximately equal to a month). (b) Histogram of the relative probability of shallow GW influenced areas’ temporal persistence detected by the EML model.
(c) Average temporal fractional changes of shallow GW areas through time for various climate zones.

(−60° and −23.43°). We found that shallow GW influenced the
surface soil moisture in an annual cyclic pattern, as illustrated
in Fig. 4(c). The shallow GW areas reached their peak coverage
(6%) during the northern hemisphere summers and regressed to
2.2% during the northern winters. Amplitudes and the cyclicity

of the shallow GW impact varied depending on the climate
zones.

SMAP soil moisture data are scarce at high latitudes and
high elevations due to permafrost conditions and snow cover.
However, the EML model still captures lowlands and riparian
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corridors in the subarctic zone with infrequent SMAP soil
moisture observations. For example, the EML model captured
the lowlands of Canadian and Scandinavian boreal forests as
areas under shallow GW influence. Similarly, shallow GW areas
were identified in the riparian areas of large rivers such as
the Lena, the Yenisei, and Ob Rivers in Northern Russia and
downstream riparian areas of the Amur River in Eastern Russia
as expected [see Fig. 4(a)]. Temporally, shallow GW influence
can reach up to 8.3% of the total area of the subarctic zone during
the summer months and regress down to 0.7% during the winter
months periodically [see Fig. 4(c)].

We found that shallow GW primarily influenced low elevation
plains and flat coastal areas in temperate and subtropical zones
[illustrated as Temperate, Subtropics, and the South of Tropics
in Fig. 4(a)]. On the southern hemisphere, shallow GW season-
ally influences the Pampas Plains in Argentina and Uruguay,
the southeast and southwest Australia coastline, most of
Tasmania, North Island, and the south agricultural lowlands of
New Zealand. In the temperate zone of the northern hemisphere,
the northern margins of Western Europe, especially northern
parts of France, Belgium, and The Netherlands, were found to
be influenced seasonally. Vast plains of Southeast US, primarily
downstream of the Lower Mississippi River basin, southern parts
of the Yangtze River basin, China, and the vast riparian corridor
of the Brahmaputra River and its tributaries at Bangladesh and
Northeastern India were influenced by shallow GW.

In the tropics, shallow GW-influenced areas mostly corre-
spond to forest-covered wetlands and riparian corridors, in-
cluding Amazonia, the central part of the Congo River basin,
the Indochinese peninsula, and the Indonesia islands’ margins,
especially the southern part of Papua Island. We found a more
persistent impact of shallow GW along the river corridors of
the Amazon River and its tributaries and floodplains close to
the Amazon River basin’s south and west upstream margins.
Similarly, corridors of the Congo River and its tributaries, es-
pecially the Uele River located in the north of Congo River,
are identified as areas influenced by shallow GW. We found
a seasonal or temporary impact of shallow GW in riparian
zones of Zambia, coastal lowlands of West Africa, especially
around Guinea, and the Sudd, a vast wetland in South Sudan
and northeastern India and Bangladesh. Coverage of shallow
GW-influenced areas reached up to 8.1% of the total area of
the tropics during the late summer and reduced to a minimum
of 3.5% during the early winter months. Tropical areas receive
frequent and large rainfall amounts that may cause wet bias in
soil moisture and may over-estimate shallow GW areas in the
tropics due to the nature of the EML model, which picks up areas
with sustaining wet soil conditions. Nevertheless, shallow GW
areas detected in this study aligned with the previous efforts of
wetland delineations in the tropics [3], [49], [45].

South of the tropics, shallow GW seasonally influences the
Pampas Plains in Argentina and its northern areas, including
some parts of Uruguay and Paraguay. The coastlines of southeast
and southwest Australia, including most of Tasmania, North
Island, and the southern lowlands of New Zealand, were also
classified as shallow GW-influenced regions. Shallow GW im-
pacted area coverages in the south of the tropics fluctuate

between 1.7% and 7.3% of their total area annually [see
Fig. 4(c)]. Interestingly, shallow GW-influenced area coverage
reached its maximums during winters, unlike the temporal fluc-
tuation pattern of the northern hemisphere.

Temporal change in coverage of shallow GW impacts on the
land surface in all different climate zones follows a similar
pattern, regardless of their geographical location. The basic
pattern illustrates that the coverage of shallow GW-influenced
areas reaches its peak value during the northern hemisphere
summer months and then gradually decreases until the winter
months. However, this pattern is different in the subtropical
climate zone, where two peaks of shallow GW-influenced area
coverage exist. We found that temporal variation of shallow
GW influences follows a different pattern in the Southeast US,
where the coverage of shallow GW areas reaches their peak
value during late winter to spring months. This is consistent
with the rainfall pattern of the Southeastern Coastal Plain of
the US, where a significant fraction of the annual rainfall is
received during the winter months. Another potential contributor
may be the extensive distribution of clay horizons across the
Southeastern US, which may operate as perched aquifers during
the winter and spring months when rainfall is usually high, and
evapotranspiration is relatively lower.

C. Tests for Consistency With Other Datasets

The output of the EML approach is the spatiotemporal distri-
bution of the shallow GW-influenced areas during the 45 months
between 2015 and 2018 at a global scale. We evaluated our
findings against three datasets, namely:

1) baseflow estimations collected by the USGS stream
gauges across the southeast US, where shallow GW impact
was detected, especially during winter months;

2) global wetland distributions, where GW is the dominant
source of elevated soil moisture states or saturated condi-
tions; and

3) distributions of clay-enriched horizons potentially form-
ing perched aquifers resulting in shallow GW.

1) Baseflow Comparisons: The streamflow data were ob-
tained from the USGS water data website.3 Stream gages were
selected to have drainage areas corresponding to SMAP cells
where shallow GW influence was detected. We analyzed USGS
stream gages only located at the Southeast of the US with
drainage areas partially or entirely influenced by shallow GW
spatially, and at least for 5 months and at most 40 months during
the analyzed 45 months of period temporally. Ultimately, 143
USGS stream gages in the region were used [see Fig. 5(a)].
We compared the average monthly baseflows during the periods
of no shallow GW influence and periods with at least partially
shallow GW influence detected within the catchment area of
given stream gages. The baseflows were estimated by using the
recursive digital filter technique [48].

If the EML model detected any GW influence within the
boundaries of a given watershed on a given month, we classified
it as “shallow GW month”; otherwise, as “no shallow GW

3[Online]. Available: https://waterdata.usgs.gov/

https://waterdata.usgs.gov/
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Fig. 5. Comparisons of monthly mean baseflow (mm/day) estimations from the Southeast US watersheds with USGS Gages, which were under at least 5 months
(and at most 40 months out of 45 months of interest) of shallow GW influence (or no GW influence) as detected by the SMAP-based EML model. (a) Each
catchment area of the USGS stream gage locations is shown in a map with colors representing the duration of shallow GW influence on a given area captured by
the EML model. (b) The monthly mean baseflow estimation distributions for both “shallow GW months” and “No GW months” are represented in a box plot.

month.” We compared the EML model-based GW classifica-
tions against monthly baseflow estimations. The boxplot illus-
trated in Fig. 5(b) represents the data variability characteristics
for both cases. The figure shows that the estimated baseflows
during periods with shallow GW influence within the drainage
area of a given watershed were more than twice (0.93 mm/day)
as high as the baseflows generated from the watersheds with no
shallow GW influence (0.45 mm/day) on average for a given
month.

The result shows that river baseflows tend to contribute more
to the total streamflow discharge when GW is shallow enough to
influence the surface soil moisture directly, as expected. Base-
flow varies seasonally as a function of changes in GW storage.
As GW recharge increases, the water table nears the surface
increases the baseflow contribution to streamflow. However,
this mechanism takes some time, and this time depends on the
hydrological system. For example, the deeper the vadose zone,
the longer time needed for rainfall to impact the baseflow.

The streamflow from December to April in watersheds
throughout the Southeastern Coastal Plain is usually much
greater than the remainder of a given year [43], [44]. Sheridan
[43] found that 54% of the rainfall received during the first
four months of a given year end up in streamflow, while only
12% becomes streamflow throughout the other eight months of
a year. The coincidence of the peak rainfall season and the peak
streamflow discharge illustrates that streamflow responds to the
incoming rainfall quickly in the Southeastern Coastal Plain.
This statement was further tested statistically. We found that
high cross-correlation between the monthly rainfall averages
and the EML detected shallow GW distributions throughout
the Southeastern US (not shown here). The quick response
can be explained by the shallow aquifer systems feeding the
rivers across the region. The wide distribution of shallow clay-
enriched horizons throughout the region causes water to perch,
contributing to the fast transport of the incoming rainfall to the
streams.

2) Global Wetland Distribution and Clay-Enriched
Horizons: A significant challenge in validating our shallow GW
detection model findings is the lack of an observation-based
dataset at the global scale. We used two different datasets to get
a sense of the performance of our approach at the global scale.
First, we used global wetland data, assuming that wetlands
are GW-driven saturated areas and captured with our model.
Second, we used subsurface clay horizon distributions as a
proxy for the tendency to form perched pockets of water due to
the low permeability of shallow high clay fraction soil layers
that inhibit the water percolation to deeper soil layers. Perched
aquifers formed as a result of accumulating water above the
clay horizons may directly impact surface soil moisture by
elevating and sustaining the surface soil moisture.

First, we compared our findings with a global composite
wetland map developed by [45], as shown in Fig. 6(a). They
delineated the wetland areas where the water table is shallower
than 20 cm by using a global scale GW model [45] based on the
assumption that these areas are persistently at or near saturation
due to shallow GW or regular flooding. The figure shows that the
overall extent of the wetlands [see Fig. 6(a)] and the shallow GW
areas [see Fig. 6(b)] are generally consistent at a global scale.
However, estimated shallow GW areas by our SMAP-based
EML model are more extensive than the wetlands. This may
be explained as we trained the algorithm to detect regions with
ranges of WTDs from 50 cm to 2.5 m, which does not necessarily
cause persistent near saturation at the surface, unlike wetlands.
The differences in area coverage between the maps can also be
attributed to the steady-state assumption in the global GW model
by [46]. While the global wetland map was developed based on
steady-state GW model outputs, our map also captures transient
GW conditions based on SMAP observations. Fig. 6(b) depicts
all the areas influenced by shallow GW; even if this influence
prevailed for a short time period. The discrepancy between the
spatial resolutions might also contribute to the differences in
maps. While our shallow GW map has the same grid size as the
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Fig. 6. Global distributions of (a) shallow GW detected by SMAP-based EML model, (b) GW driven-wetlands estimated by [48] based on a global GW model
of [49], (c) subsurface clay fractions larger than 0.35 based on a dataset by [45].

SMAP enhanced resolution product (∼9 km), the wetland map
has a finer spatial resolution (∼500 m), capturing the wetlands
in smaller scales.

Second, we used the global subsurface distribution of clay-
sized minerals to compare our findings. Forming clay-sized
particles via physical or chemical processes in the subsurface
creates clay-enriched horizons, usually found at 0.1 to 3 m
depths from the surface across at least 25% of the Earth’s surface
[50]. Clay horizons may play an essential role in sustaining high
soil moisture levels at the land surface [51]. They may form
perched water bodies with limited storage capacity. Fig. 6(c)
represents soils with high subsurface clay fraction (>%35)
content at a global scale. The figure shows that the clay horizons
tend to be formed across tropical and subtropical climate zones
due to climate-related favorable pedogenetic processes. The

distribution of clay horizons can further help to explain some
of the differences between shallow GW areas and the wetlands
coverage. For example, relatively extensive shallow GW cov-
erage on the Southeastern US may not be explained solely by
the existence of wetlands, concentrated mainly in the Missis-
sippi alluvial plain. Moreover, spatial dissimilarities between
wetlands coverage and shallow GW coverage due to relatively
extensive coverage of shallow GW-influenced areas in Africa,
southeastern Asia, and South America may be explained by
the altered soil drainage characteristics caused by clay-enriched
horizons. We compared the subsurface clay fractions between
the EML-detected shallow GW areas and the areas free from any
detected GW influence (see Table I). The table shows that the
average subsurface clay fractions are 12% higher in the South
of Tropics and about 7% higher in Tropical and Subtropical
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TABLE I
SUBSURFACE CLAY FRACTIONS

Subsurface clay fraction percentages of areas influenced by shallow GW and areas with no GW influence. Values represent average percentages for each climate zone and their
standard deviations given in parenthesis.

regions for the shallow GW areas. This finding implies that some
shallow GW-influenced areas may be linked to the clay-enriched
horizons, especially at the Tropics and Subtropics.

D. Broader Implications and Method Limitations

High-resolution spatial and temporal distribution of shallow
GW data based on observations can be utilized in global
scale flux models either by providing the model with lower
boundary conditions or calibrating the models as discussed
in detail in [17]. Besides, monitoring shallow GW may also
provide critical information to the global change research from
water resources to ecology. For example, GW depletion, due to
excessive irrigation and climate change, has become a vital issue
threatening global food production [1], [52], [53]. Unsustainable
water table depletion due to excessive GW abstraction may
induce irreversible loss of GW storage, causing partial loss or the
entire disappearance of wetlands and shrinking in riparian zones.
The method presented here may be a valuable tool to monitor
the temporal changes in global shallow GW coverages, possibly
linked to excessive GW use. Another area of research where the
results might be helpful is in studying the thawing of permafrost
areas. Shallow GW systems form in arctic and subarctic regions
due to climate-induced lowering of permafrost table [54].
Progressive lowering of the permafrost table results in a shallow
GW flow system [55]. As climate warming continues, deeper
GW systems will eventually establish. However, monitoring the
coverage of shallow GW-influenced areas during the transition
period may provide important information about the climate
change impacts on sensitive permafrost systems. It is important
to note that the SMAP data is scarce at high latitudes due to pro-
longed snow cover periods. Although this scarcity of data may
restrict the EML model from estimating shallow GW-influenced
periods accurately, observation-based shallow GW data may
still be helpful to monitor the changes in the permafrost areas.

The developed model may be improved by introducing more
data points, more extended observations as SMAP data collec-
tion continues, and adding more auxiliary predictors to the train-
ing. We simulated 226 randomly selected data points across the
globe and used the model outputs to train the EML model for the
four years’ worth of data points. Adding more points by spatially
increasing the number of simulation points or temporally extend-
ing the data period might help improve the overall accuracy of
the EML model. In addition, different sampling strategies, such
as using more data from the areas representing steeper climate
gradient and higher soil heterogeneity, might also improve the
accuracy. Rather than training the EML model for the global

scale, training it for smaller regions with more homogeneous
geophysical and hydroclimatic characteristics might also en-
hance the accuracy of the EML model for the specific regions
of interest. Moreover, we used only the predictors statistically
derived from the Hydrus-1D model simulations mimicking the
SMAP observations, including daily values of coefficient of
variation, minimum, maximum, and averages of soil moisture to
train the EML algorithm. Training the algorithm with different
predictors such as soil properties, atmospheric variables, land
use/land cover data, or topography data might also improve the
shallow GW detection accuracy.

Another essential point to note is that the shallow GW varies
in space and time depending on a given region’s topography,
lithology, and climate. The water table can vary significantly at
a finer spatial scale than the SMAP resolution causing subgrid
variability, a common but critical issue when working with
gridded datasets such as satellite images. Therefore, shallow
GW areas may partly fall into a given SMAP cell, resulting
in the machine learning algorithm capturing weaker signals
from the SMAP retrievals. As better downscaling methods for
SMAP retrievals or higher resolution soil moisture observations
become available, this limitation may further be relaxed, and
more realistic shallow GW distributions can be achieved. The
one-dimensional unsaturated flow model used in this work
served only to detect the impact of shallow GW on the surface
soil moisture signal. The behavior of the surface soil moisture,
under different assumptions of the GW depth, is what drives
the statistical approach. For the purposes of training the EML
algorithm, it does not matter how the GW came to be where
it is, whether by lateral fluxes or not. What matters is how the
GW at that level impacts the surface. Our interest is to capture
whether shallow GW exists at a certain location regardless of
the prevailing subsurface conditions that lead to the surface
conditions that the satellite sees at the satellite resolution. On the
other hand, once a shallow water table for a given SMAP pixel
is detected using the method proposed in this study, subgrid
variability of the GW depths can be estimated with 3-D models
during a post-processing effort. As long as a 3-D GW flow
model is fed with accurate model inputs such as topography,
lithostratigraphy, atmospheric forcing, boundary conditions,
and surface water and GW level and discharge measurements,
high-resolution WTD distributions are possible to
achieve.

It is also worth noting that we used gridded soil hydraulic
parameters [37]. However, they cannot realistically represent
pedogenic variability, especially in areas where soil textural
characteristics vary heterogeneously on a vertical or horizontal
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scale. Therefore, there is an associated difficulty representing
the variation of the soil hydraulic parameters in studies like this
one that uses gridded datasets.

IV. CONCLUSION

Shallow GW influences the land surface in several different
ways. For example, it increases latent heat fluxes, provides
additional water to the plants, and alters the components of
the hydrologic cycle by increasing the surface evaporation.
Monitoring shallow GW is limited by the scarcity of GW ob-
servations. Global GW products are largely based on large-scale
GW modeling efforts. However, the scarcity of data also hampers
the calibration and verification of such models.

For the first time, we estimated the high-resolution spatiotem-
poral distribution of shallow GW based on SMAP soil moisture
observations at a global scale. GW levels affect the land surface
only if the water table is close enough to the surface to be coupled
with surface processes (shallow GW). Our primary assumption
was that shallow GW levels could be captured by processing
the soil moisture signals. More specifically, shallow GW causes
lower variations and a higher average surface soil moisture [17],
and these statistical features can be attributed to the shallow
GW’s existence. We used an EML algorithm to process the
soil moisture signals to make a binary classification if a given
time series of soil moisture observations are either shallow
GW-influenced or GW-free. To classify the soil moisture data
series, we trained an EML model by using statistical features
of the SMAP data such as coefficient of variation, minimum,
maximum, and averages of soil moisture values. We found that
the performance of the EML model satisfactorily estimated
the shallow GW state after the model training with approxi-
mately 1.19 million data points obtained from the Hydrus-1D
simulations. The simulations represented various soil textures,
climate zones, and GW states across the globe. We tested the
performance of the EML model with about 0.79 million data
points and found that the model tends to perform better in drier
climates and shallow GW conditions with reaching the 95.5%
overall estimation accuracy.

We used the trained EML model with SMAP data retrievals
to estimate the spatial and temporal distribution of shallow GW
influence at the global scale. We found that 19% of terrestrial
land cover had been influenced by shallow GW at some point in
time during the four years of the period of interest (2015–2018).
While 23% of the detected areas were under the influence of
shallow GW less than one month, only 2.3% of them were under
continuous influence of shallow GW representing regions such
as floodplains, wetlands, and large riparian areas.

Our model revealed that shallow GW followed an annual
cyclic pattern during the examined four years period. The
shallow GW areas reached their peak coverage (6%) during the
northern hemisphere summers and regressed to 2.2% during the
northern winters. Amplitudes and the cyclicity of the shallow
GW impact varied depending on the climate zones. The highest
amplitude was observed in the subarctic, and the highest overall
mean shallow GW coverage was found in the tropics.

We compared the findings of the EML model against three
different datasets, including baseflow estimations across the

southeast US, global wetland distributions, and the global dis-
tributions of clay-enriched horizons. The results showed that the
derived global distribution of shallow GW identifies wetlands,
large riparian corridors, and seasonally inundated/influenced
lowlands. Moreover, we found that shallow GW occurrences
were detected in the watersheds during their baseflow dominated
periods and coincided with the subsurface clay-enriched horizon
distributions due to the impact of accumulated water above the
clay layers with low permeability on the surface soil moisture.

Our findings show that NASA’s SMAP soil moisture retrievals
can be used to estimate shallow GW with high spatiotemporal
resolution at a global scale, potentially providing invaluable
inputs for modeling and environmental change monitoring stud-
ies. While the relatively short observation period of the SMAP
mission, which has been collecting soil moisture data since
2015, preclude the study of impacts of climate change and
land use/land cover changes on water resources, we showed
that the SMAP-based shallow GW detection model like the one
we presented in this study might provide invaluable insights on
short-term GW dynamics. With more SMAP data in years to
come, we can hope for a better understanding of global changes
in shallow GW areas and their associated causes.
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