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Abstract Land subsidence caused by groundwater extraction has numerous negative consequences,
such as loss of groundwater storage and damage to infrastructure. Understanding the magnitude, timing,
and locations of land subsidence, as well as the mechanisms driving it, is crucial to implementing mitigation
strategies, yet the complex, nonlinear processes causing subsidence are difﬁcult to quantify. Physical
models relating groundwater ﬂux to aquifer compaction exist but require substantial hydrological data sets
and are time consuming to calibrate. Land deformation can be measured using interferometric synthetic
aperture radar (InSAR) and GPS, but the former is computationally expensive to estimate at scale and is
subject to tropospheric and ionospheric errors, and the latter leaves many temporal and spatial gaps. In this
study, we apply for the ﬁrst time a machine learning approach that quantiﬁes the relationships of various
widely available input data, including evapotranspiration, land use, and sediment thickness, with land
subsidence. We apply this method over the Western United States and estimate that from 2015 to 2016,
~2.0 km3/yr of groundwater storage was lost due to groundwater pumping‐induced compaction of
sediments. Subsidence is concentrated in the Central Valley of California, and the state of California
accounts for 75% of total subsidence in the Western United States. Other signiﬁcant areas of subsidence
occur in cultivated regions of the Basin and Range province. This study demonstrates that widely available
ancillary data can be used to estimate subsidence at a larger scale than has been previously possible.
1. Introduction
Water resources are a critical need for sustainable supplies of food. However, these resources are being
stressed at an accelerated rate. Increasing temperatures and changing precipitation patterns due to climate
change result in more frequent and extreme droughts, as well as ﬂooding events that reduce the ability to
capture and store water. Population growth and industrialization has and will continue to put stress on
water resources, as increasing amounts of water are required to sustain communities. In the face of growing
demand for freshwater, groundwater is a critical resource that is used to meet agricultural and drinking
water demands. Groundwater stores roughly 23.4 × 106 km3 of freshwater, more than every other freshwater
resource excluding glaciers (Oki & Kanae, 2006), and roughly 900 km3 of groundwater is extracted annually
(Margat & van der Gun, 2013).
Increasing water demand has led to groundwater declines in many regions of the world and the United
States. One region that is particularly stressed is the western United States, where there is limited surface
water availability, rapidly growing populations and many high value crops requiring large amounts of water.
In many regions this has led to land subsidence, which causes a permanent loss of groundwater storage
(Smith et al., 2017), damage to infrastructure and, in many cases, arsenic contamination (Erban et al.,
2013; Smith et al., 2018).
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Subsidence can be mapped using interferometric synthetic aperture radar (InSAR) with millimeter‐ to
centimeter‐scale accuracy, and a spatial resolution of ~20 to 100 m. InSAR has been used by many researchers to improve understanding of actively monitored groundwater systems (Chaussard et al., 2014; Hoffmann
et al., 2001; Reeves et al., 2011; Smith et al., 2017; Smith & Knight, 2019). The traditional approach is either to
build a groundwater model that simulates subsidence or to empirically relate InSAR data to groundwater
levels measured in wells. Both of these approaches require a data‐rich region with many groundwater level
measurements to calibrate either the groundwater model or empirical relationship. However, very little
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Figure 1. Conceptual graphic showing how aquifer compaction causes land subsidence. (a) is the initial condition, (b) is
the elastic scenario, and (c) is the inelastic scenario. The total subsidence is shown as Δb.

research has been done to understand how InSAR data could be used in areas with little or no in situ
groundwater monitoring. An additional challenge of using InSAR to monitor groundwater changes is that
processing the InSAR data is computationally very expensive, and validation of the InSAR time series, as
well as removal of errors after processing, require a signiﬁcant investment of time. Thus, using InSAR to
cover large regions of the globe is prohibitively expensive in its current state. Here, we present a new
method to estimate land subsidence over large areas, using existing gridded climate, aquifer and sediment
data in a machine learning framework. This is the largest estimate of land subsidence produced to date
and allows us to put land subsidence in a broader context and better understand how groundwater
demand as well as sediment properties drive land subsidence.

2. Background
Land subsidence is caused when groundwater pumping reduces the pore pressure of aquifer sediments,
including sand and clay. This pressure reduction increases effective stress, resulting in compaction of the
sedimentary layer. This is shown conceptually in Figure 1. Geomechanically weak layers, such as clays, compact much more than stronger sediments, such as sands. Hard rock aquifers, such as granite or limestone,
have very little compaction relative to unconsolidated sedimentary aquifers. The compressibility of these
Δb
layers is described by the skeletal speciﬁc storage (Ssk), deﬁned as Ssk ¼
, where h is the change in head
Δhb0
(or potentiometric surface), and b0 is the thickness of the material experiencing a change in head, and Δb is
the change in thickness. Higher values of Ssk represent weaker, more compressible sediments. The relationship between pressure reduction (equivalent to a change in hydraulic head, Δh) and aquifer deformation
(Δb) is given in Equation 1 below:
Δb ¼ ΔhSsk b

(1)

Compaction can be elastic (recoverable, Figure 1b), or inelastic (permanent, Figure 1c). Permanent compaction occurs when the hydraulic head drops below its previously lowest level, or preconsolidation head. This
causes the effective stress of the sediment grains to exceed the highest level previously experienced
(yield stress), which results in the pore spaces collapsing (Figure 1b). This typically only occurs in unconsolidated clays, which have weak geomechanical properties. Permanent compaction results in land subsidence
several orders of magnitude larger than elastic compaction (Sneed, 2001; Smith et al., 2017). The skeletal speciﬁc storage, Ssk, relating Δh to Δb changes (increasing by one to two orders of magnitude) when deformation goes from elastic to inelastic, with typical values for each of 1 × 10−5 and 1 × 10−3 m−1, respectively
SMITH AND MAJUMDAR
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(Sneed, 2001; Smith & Knight, 2019). The elastic skeletal storage coefﬁcient is referred to as Sske, with the “e”
denoting elastic compaction, and the inelastic skeletal storage coefﬁcient is referred to as Sskv, with the “v”
denoting virgin compaction. Areas with high water demand and low surface water supply that are not
actively managed and have thick, clay‐rich deposits typically undergo inelastic deformation, while all other
areas experience mainly elastic deformation at a much lower magnitude.
2.1. Loss of Groundwater Storage due to Aquifer Compaction
While land subsidence is often used as a proxy for groundwater withdrawals, it also provides a direct measure of change in water storage. Aquifers that are semiconﬁned (leaky conﬁned) or conﬁned account for the
majority of land subsidence, since deformation is linearly related to the change in head, and these aquifers
experience changes in head several orders of magnitude higher than unconﬁned aquifers (Fetter, 2001). In
this paper, we refer to a conﬁned aquifer system as the aggregate of clays and sands within a system that is
pressurized and is not directly connected to the land surface (although there may be partial connections in
localized areas due to well‐bore leakage; e.g., Faunt, 2009). These systems are sometimes divided into conﬁned and leaky‐conﬁned aquifers, but for this regional study we group them for simplicity. We also assume
in this paper that the aquifers experiencing measurable deformation are leaky‐conﬁned or conﬁned.
However, we recognize that unconﬁned aquifers may also subside when they undergo large water level
declines. In these aquifer systems, the change in head is related to the change in aquifer storage, or the
volume of water removed from the aquifer per unit area, deﬁned here as ΔS, by this equation:
ΔS ¼ ΔhSs b;

(2)

where Ss is the speciﬁc storage and b is the aquifer system thickness. Ss is the sum of two components,
one, previously deﬁned as Ssk, a function of compressibility of the aquifer system, and the other,
Ssw = ρwgnβ, where ρw is the density of water, g is gravitational acceleration, n is porosity, and β is the
compressibility of water (Freeze & Cherry, 1979; Jacob, 1940):
Ss ¼ Ssk þ Ssw :

(3)

This equation applies for both elastic and inelastic deformation. The term Ssk would be replaced with Sske or
Sskv for elastic and inelastic deformation, respectively. Thus, because conﬁned aquifers remain saturated
even while their volume of stored water decreases, any drop in storage in a conﬁned aquifer is accommodated through a combination of expansion of water and compression of the aquifer (Fetter, 2001; Freeze
& Cherry, 1979; Jacob, 1940; Kuang et al., 2020). While in some aquifer systems (i.e. hard rock) with low
Ssk, Ssw, which has values on the order of 1.35 × 10−6 m−1, could signiﬁcantly contribute to Ss, in aquifer systems with more compressible sediments it is overshadowed by Ssk, which can be 1 to 3 orders of magnitude
higher (roughly one order of magnitude higher during elastic deformation and two to three orders of magnitude higher during inelastic deformation; e.g., Smith et al., 2017). Aquifers with measurable subsidence
typically fall into the latter category, so we can assume for these aquifers that Ssw is negligible. Given this
assumption, we can rearrange Equations 1 and 3 we can solve for Ss:
Ss ¼

Δb
:
ðΔhÞb

(4)

Substituting Equation 4 into Equation 2, we now have
ΔS ¼ Δb;

(5)

Thus, assuming that Ssw is negligible, the deformation observed at the surface gives an estimate of the
change in storage of conﬁned aquifers for highly deforming aquifer systems. There is typically a time lag
between change in aquifer system storage and change in aquifer system thickness, as it can take years for
some low‐permeability clay layers to equilibrate to changes in head within an aquifer system. When an aquifer system is initially pumped from, the majority of the water is extracted from high‐permeability sands,
which experience little deformation relative to clays (Sneed, 2001). Thus, initially the ΔS of the aquifer system is associated with little deformation. After this change in aquifer system storage, the water in the
SMITH AND MAJUMDAR
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Table 1
Data Sets Used to Predict Land Subsidence
Variable
Evapotranspiration
Precipitation
GRACE
Land Use
Aquifer Type
Sediment Thickness

Proxy for variable of interest

Water use/water stress (Δh)
Sediment compressibility (Ssk)
Sediment Thickness (b)

Resolution

Source

~100 m, 1 km
~2 km
~400 km
~100 m
~100 m
~1 km

Savoca et al. (2013)
Daly et al. (1997)
Swenson (2012)
Boryan et al. (2011)
Miller and Appel (1997)
Shah and Boyd (2018)

conﬁned aquifer system is redistributed, as water from clays gradually ﬂows into the depressurized sands.
This second step results in no net change in storage within the aquifer system but is associated with
deformation, since the clays deform signiﬁcantly when their pore pressure decreases. Thus, after an initial
step decrease in storage, there is a gradual decrease in clay thickness until it approaches the total ΔS of
the aquifer system. The time it takes for Δb to reach ΔS depends on the thickness of the clay layers
compacting, as well as the diffusivity, which is a function of the hydraulic conductivity and speciﬁc
storage of the clay layer, and typically ranges from several weeks to tens of years (Chen et al., 2016; Smith
et al., 2017; Smith & Knight, 2019). Given this time lag relationship, the ground deformation observed
relatively soon after a period of groundwater pumping can be considered a lower bound of the change in
storage in conﬁned aquifer systems.
2.2. Key Drivers of and Potential Proxies for Land Subsidence
Compaction is thus driven by changing water levels (Δh), sediment (including sand and clay) thickness (b),
sediment compressibility (Ssk), and the effective stress history of the aquifer that is compacting. These parameters are challenging to estimate over large geographic regions. Some estimates for sediment thickness and
aquifer type do exist over the western United States. In addition, there are many proxies for changing water
levels, such as water demand from evapotranspiration and land use, as well as and water availability from
precipitation and the total change in water storage at coarse resolution from the Gravity Recovery and
Climate Experiment (GRACE) satellite. Table 1 shows a nonexhaustive summary of existing gridded data
sets in the United States that could be used as a proxy for one or more of the key drivers of land subsidence.
These data sets are integrated in this study to estimate land subsidence due to groundwater extraction over
the western United States.

3. Methods and Data
In this study, we integrate gridded data sets over the western United States that can be used as proxies for the
main drivers of land subsidence as described in section 2. We deﬁne the western United States as the region
of the country west of 108°W. In this paper, we do not examine further east because the vast majority of the
training data is west of 108°W, and the geologic provinces change signiﬁcantly at roughly that boundary. The
gridded data sets used as predictors include those listed in Table 1, as well as an additional derived data set
related to water stress. These data sets are integrated using a machine learning method known as random
forests, which can learn multivariate, nonlinear relationships between the input variables and the prediction
of interest, subsidence. In order to build this model, we ﬁrst assimilated and reprojected the gridded data sets
related to subsidence (referred to as “input data sets”), as well as estimates of subsidence to train our model.
3.1. Processing of Input Data Sets
The data sets used in this analysis all had different resolutions and different coordinate reference systems. To
enable their conjunctive use, all data sets were projected and resampled to the same grid with the World
Geodetic Survey 84 datum at a 2‐km resolution. Some data sets, such as GRACE, were upsampled to the
2‐km resolution, while others were downsampled. When downsampling, the mean value of all pixels within
a 2‐km block was taken. When upsampling data sets of coarser resolution (such as GRACE) to 2 km, the
value of the coarse resolution pixel was regridded onto a ﬁner scale. Where interpolations were necessary
to reproject data sets, continuous data sets were interpolated using bilinear interpolation, while categorical
data were interpolated using nearest neighbor.
SMITH AND MAJUMDAR
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Figure 2. Input data sets used in analysis. (a) Sediment thickness, (b) agricultural density, and (c) precipitation.

3.1.1. Input Data Sets
Data sets used for predicting subsidence are shown in Table 1. Because subsidence has a signiﬁcant time lag
resulting in a delayed response to hydrologic stresses in aquifers (Smith et al., 2017), we used input data
spanning a time period that started several years before the start date of our subsidence data sets. All temporal input data sets were summarized over a 7‐yr period from 1 January 2010 to 31 December 2016, hereafter referred to as the forcings period. These data sets were used to predict mean annual subsidence
occurring from 1 January 2015 to 31 December 2016. To demonstrate the resolution and spatial trends of
the data sets used in this analysis, Figure 2 shows a sample of the input data sets used (sediment thickness,
agricultural density and precipitation in Figures 2a–2c, respectively). The remaining input data sets are
included in the supporting information for brevity.
Evapotranspiration was estimated using the SSEBop model. This model uses an energy balance to
estimate evapotranspiration by comparing land surface temperature from remote sensing data with air
temperature obtained from climate models. A detailed explanation of the model is given by
Savoca et al. (2013). We computed the average evapotranspiration estimated by this model over the
forcings period. The average evapotranspiration over the forcings period is shown in supporting information Figure S1.
Total water storage changes estimated from the GRACE satellite and processed by CSR (UT Austin/Center
for Space Research) were obtained through Google Earth Engine (Landerer & Swenson, 2012;
Swenson, 2012; Swenson & Wahr, 2006). To estimate the change in total water storage over the forcings
period at each cell, we computed the rate of change in millimeters per year using the least squares method.
The rate of change of total water storage computed from GRACE over the forcings period is shown in
supporting information Figure S2.
An index representing watershed water stress was developed for this study. The index was computed within
each HUC8 watershed in the United States. The watershed shapeﬁles were obtained from the National
Watershed Boundary Dataset (U.S. Geological Survey and U.S. Department of Agriculture, Natural
Resources Conservation Service, 2013). This stress index was meant to be an indication of surface water
availability per area of developed land, where developed land included agricultural and urban use. It is
assumed that developed land represents higher water demand, either through drinking water demands in
urban areas or evapotranspiration demands in agricultural areas. This index was computed with the following formula:

SMITH AND MAJUMDAR
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P=1000 − LU
;
P=1000 þ LU
where P is the average monthly precipitation in millimeters over the forcings period within each watershed, estimated using PRISM (Daly
U
et al., 1997) and LU is the land use. The land use is deﬁned as C þ
2
where C is the number of cropland pixels within the watershed and U
is the number of urban pixels within the watershed. The number of
urban pixels was divided by two to reduce their emphasis, as urban areas
tend to demand less water than agricultural areas (Dieter et al., 2018).
Precipitation was divided by 1,000 so that its values were on the same
order as LU. The urban and agricultural areas were identiﬁed using
the NASS Cropland Data Layer (Boryan et al., 2011). The watershed
water stress index is shown in supporting information Figure S3.
Positive values correspond to less water stress and negative values correspond to more water stress.
While the watershed water stress index provided a course‐resolution estimate of surface water availability, we used land use data sets to produce
higher‐resolution agricultural and urban land use rasters. For our urban
land use raster, we used the NASS Cropland Data Layer to classify every
pixel as either urban or not urban. For the agricultural land use raster,
we classiﬁed every pixel as either agricultural or not agricultural, then applied a ﬁlter to estimate agricultural
density, or the fraction of neighboring pixels that are classiﬁed as agricultural. This was done to account for
the increased groundwater usage in areas where most of the land cover is agricultural. Pixels identiﬁed as
agricultural were initially assigned a value of 1, and all other pixels were assigned a value of 0. We calculated
this using a moving average circular ﬁlter with a radius of ~15 km. The agricultural and urban rasters produced are shown in supporting information Figures S4a and S4b, respectively.

Figure 3. Locations of InSAR and GPS data. Polygons indicate regions
where InSAR data were available, and points indicate locations where
GPS data were available over the study period.

The aquifer type was determined using the Groundwater Atlas of the United States (Miller, 2000). This database classiﬁed aquifers by type of rock or sediment. We grouped these classiﬁcations into two categories
based upon their geomechanical properties: basin ﬁll (weakest) and hard rock or no aquifer (strongest). A
map of these aquifer groupings is shown in supporting information Figure S5.
Sediment thickness estimates were obtained from Shah and Boyd (2018), who produced a map of sediment
thickness for the western United States. This map is shown in Figure 2a.
3.2. Processing of Subsidence Data Sets
Our subsidence data used to train our model were obtained from a combination of InSAR and GPS networks.
The InSAR data were processed with an average velocity solution over the southern Central Valley in
California (Farr, 2016) and southern Arizona (Conway, 2016). The California data set provided the average
velocity for the time period spanning from 30 June 2015 to 30 June 2016. The southern Arizona data set provided the average velocity for the time period spanning from 15 April 2015 to 15 April 2016. These data sets
were converted from line of sight to vertical by dividing by the cosine of the incidence angle, assuming that
the majority of deformation was vertical as is commonly assumed in groundwater basins with no signiﬁcant
tectonic activity (e.g., Galloway et al., 1998).
GPS data were obtained from UNAVCO. Stations with duplicate locations and with fewer than 500 measurements over the time span from 1 January 2015 to 31 December 2016 were excluded in the analysis, resulting
in a total of 1,225 stations. The average vertical velocity was computed over this time period for each of the
stations included in our analysis using the least squares method. A map showing the location of the InSAR
and GPS data sets is shown in Figure 3.
3.3. Predicting Land Subsidence With Random Forests
Land subsidence is principally a function of groundwater pumping, sediment type, thickness, and how conﬁned the aquifer is. Our input data described earlier provide proxies for these properties and conditions, but
SMITH AND MAJUMDAR
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have complex interrelationships that are difﬁcult to model physically. In
order to account for these various mechanisms, as well as the interplay
between them, we employed the random forest model. Random forest
models can account for nonlinear relationships between multiple variables and handle outliers well (Breiman, 2001). The random forest model
creates ntree number of decision trees. Each decision tree makes an independent prediction of the variable of interest, in our case subsidence. The
best estimate is the average of the estimates from all decision trees. A simplistic conceptual diagram of the random forest model is shown in
Figure 4.
Each decision tree is built using a subset of the total data. The subset is
selected using random sampling without replacement, or bagging. At each
Figure 4. Conceptual diagram of random forests (IU Digital Science
split (node), the variables to be considered for that node are also randomly
Center, 2013).
sampled from the list of total variables. The values of the split are chosen
to maximize the variance reduction, deﬁned as the difference between the
variance prior to the split and the sum of the variance of the points for which the split is true, and the variance of the points for which the split is false. The bagging technique automatically prevents overﬁtting,
reduces the training error variance, and typically only has one main hyperparameter, ntree, that needs tuning (Breiman, 2001). Therefore, we do not need to further split the training data into separate training and
validation sets to minimize variance and overﬁtting as the random forest algorithm inherently performs this
task (Breiman, 2001).
We calibrated our model with a training data set and tested the accuracy of our model with a data set that we
held out of the analysis and used as a test of the model's performance. The training and testing data sets were
formed as a combination of all processed GPS and InSAR data described in section 3.2. The InSAR data were
sampled as points within the processed regions, with approximately the same number of sample points as
the GPS time series available. The full data set consisted of 1,124 InSAR data points and 1,101 GPS data
points. This data set was randomly sampled so that 25% of the points were used for testing, and 75% were
used for training. The testing data set was used to determine the accuracy of the model.
The number of variables to be considered at each node is described by the variable mtry. The variables ntree
and mtry are known as tuning parameters. The overall ﬁt of the model is dependent on these tuning
parameters.
In practice, increasing ntree both improves the accuracy of the results and increases the computational cost
of the algorithm. Typically increasing ntree does not signiﬁcantly improve the results after roughly 100. To be
conservative we chose a value of 500 for ntree. We determined the optimal value for mtry using a test data set.
We randomly selected 75% of the data set to calibrate the random forest model, and used the remaining 25%
as the test data set to observe the model accuracy. We chose the value for mtry that minimized the mean
squared error (MSE) in the test data set. We used these calibrated, tuned random forest models to predict
subsidence and establish relationships between the variables used in the model and subsidence.
With random forests, the impact of each variable in the outcome can be assessed in multiple ways. One way
is to randomly shufﬂe (permute) each variable and observe the increase in MSE between predicted and
observed subsidence. The higher the MSE, the more important that variable is to the outcome. Another
way to assess variable importance is to use partial dependence plots.
3.3.1. Partial Dependence Plots
Partial dependence plots are a common way to visualize random forest models. The goal of a partial dependence plot is to show how varying one variable impacts the outcome of the prediction, while accounting for
all possible values from the other variables. The partial dependence plot is calculated as shown below:
ef ðx Þ ¼ 1 ∑n f ðx; x ic Þ;
n i¼1
where ef ðx Þ is the partial dependence, n is the number of rows of the data set, x is the predictor variable of
interest, xic are the values of all other variables, and f is a function representing the random forest model.
SMITH AND MAJUMDAR
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Figure 5. (a) predicted subsidence over the western United States and (b) predicted subsidence over California.

4. Results and Discussion
Figure 5a shows the land subsidence over the western United States in centimeters per year, predicted using
random forests. Our model predicted land subsidence with a root mean squared error of 0.76 cm/yr for our
test data set, which was held out from the training of the random forest model. This value is skewed higher
for areas with higher subsidence, which tend to have more error because an equivalent percentage accuracy
results in higher error for higher estimated values. Additionally, regions with inelastic deformation are more
likely to experience higher subsidence, however, inelastic deformation is difﬁcult to predict without extensive knowledge of the pore pressure history of a region (Chaussard & Farr, 2019; Smith et al., 2017). This
makes it more difﬁcult to predict subsidence magnitudes in rapidly subsiding areas. The mean absolute error
is 0.45 cm/yr, and the median absolute error is 0.24 cm/yr, well below the measurement error for InSAR studies. Typical InSAR errors are estimated with a variety of methods, including comparison with GPS or survey measurements and analysis of time series or spatial variance, and are on the order of 5 mm to 1 cm
(Chaussard et al., 2013; Fujiwara et al., 1998; Zebker et al., 1997). The Central Valley InSAR data used in this
study have an estimated error ranging from 5 mm to 2 cm, computed by systematically removing SAR scenes
from the SBAS analysis (Farr et al., 2016). The Arizona InSAR subsidence data used in this study have an
estimated error of ~1 cm (B. Conway, personal communication, Jan 21, 2020).
Our model estimates that ~2.0 km3/yr of groundwater storage was removed through subsidence from 2015 to
2016. California's Central Valley has the highest magnitude of subsidence with 1.0 km3/yr, and California
itself accounts for 75% of the total subsidence in the western United States. The signiﬁcant portion of subsidence that occurred in California is likely impacted by climate change. Recent droughts over the past decade
in California exacerbated already declining water levels (Faunt et al., 2016). These droughts have been
linked to climate change (Diffenbaugh et al., 2015). This highlights how a changing climate can result in
a changing landscape from subsidence, as well as a substantial loss of groundwater storage.
Our model's subsidence estimates in California's Central Valley show high subsidence in the San Joaquin
Valley near the city of Corcoran, CA, with limited subsidence in the Sacramento Valley. This is generally
in agreement with the groundwater model of Faunt (2009), who found that the majority of the subsidence
occurs in the San Joaquin Valley with some small pockets of subsidence in the Sacramento Valley. The subsiding regions within the San Joaquin Valley from their study, which computed subsidence from 1962 to
2003, differ from the present study, however. The main reason for this is changes in surface water availability
and land use patterns affecting groundwater demand, as many studies have observed the main subsiding
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Figure 6. Variable importance plot. Variable importance is measured by the percent the mean squared error increases if
the variable is removed from the prediction. Sediment thickness, agricultural density, and precipitation are the most
important variables for predicting subsidence rates.

area has shifted from the western San Joaquin Valley to the central San Joaquin Valley (e.g., Chaussard &
Farr, 2019; Faunt et al., 2015; Murray & Lohman, 2018; Ojha et al., 2018; Smith et al., 2017). When
compared with these more recent subsidence studies, our model results match the spatial patterns of
subsidence in California's Central Valley.
In addition to California, some Basin and Range aquifers of Arizona, Nevada, and Utah have signiﬁcant
levels of subsidence (Figure 5a). Some subsidence features in the Basin and Range aquifers have been
mapped (e.g., Amelung et al., 1999; Inkenbrandt et al., 2013). However, these subsidence features have historically been mapped at local scales. This is the ﬁrst study to quantify subsidence at the scale of the western
United States, and is the largest‐scale estimate of subsidence produced to date. Mapping subsidence over
large scales allows us to put regional and local subsidence in context and understand the key drivers of
groundwater storage loss as it relates to compaction of sediments and land subsidence.
The most signiﬁcant basin and range subsidence that has received prior attention in the literature is in
southern Arizona, which has experienced substantial historical subsidence, with many basins that continue
to subside. The Arizona Department of Water Resources is actively monitoring the subsiding areas (Arizona
Department of Water Resources, 2019). Our modeled results accurately predict subsidence in the highest
measured subsiding areas in Arizona. However, our model also predicts subsidence in some parts of
Arizona where there is no measured subsidence. Whether our model found subsiding areas that had not
been previously identiﬁed, or was incorrectly overestimating subsidence, would require additional ground
validation.
Subsidence is highly dependent upon land use. Of the total subsidence observed, 1.3 km3/yr, or 63%, of subsidence occurs in agricultural areas. Roughly 0.56 km3/yr, or 28%, of subsidence occurs in urban areas. Both
agricultural and urban areas have similar average rates of subsidence, indicating that the vast quantity of
agricultural land, rather than water demand per area, accounts for the higher overall subsidence observed
in agricultural areas.
The importance of different variables in predicting land subsidence is shown in Figure 6. Sediment thickness
is the strongest predictor of land subsidence, followed by agricultural density and precipitation. Equation 1
demonstrates why these variables are such signiﬁcant predictors, as subsidence is directly proportional to
sediment thickness (b), and the skeletal storage coefﬁcient (Ssk), which is drastically higher in clay‐rich sediments. Since thick sedimentary packages tend to occur in basins with lacustrine, clay‐rich environments,
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sediment thickness is also a proxy to some extent for clay thickness.
Thus, sediment thickness is related to two components driving land
subsidence from Equation 1, b and Ssk. The other key component is
the change in head, Δh, which is controlled by groundwater pumping. Since dense agricultural areas and regions with low precipitation
tend to have high groundwater pumping, these two variables are also
signiﬁcant in predicting land subsidence. Other variables act as
weaker proxies for Δh, such as the change in total water storage from
GRACE. While this measurement is valuable, we interpret it as a
weaker predictor due to the coarse resolution of GRACE (~400 km)
relative to the resolution of our predictions (~2 km). In spite of this,
GRACE data still provide regional trends in droughts that improve
the estimates of subsidence.
While areas with thick sediments or high agricultural density are
both more likely to have land subsidence, both of these are needed
to experience signiﬁcant subsidence. For example, if a region has
high sedimentary thickness but is undeveloped, there is no signiﬁcant change in head and thus no subsidence. The interaction of these two variables estimated by the random
forest model is shown in Figure 7. Regions with high agricultural density but low sediment thickness, or high
sediment thickness but low agricultural density, have, on average, low (in most cases <1 cm/yr) rates of subsidence, while regions that have both high sediment thickness (greater than 500 m) and agricultural density
(greater than 0.3) have signiﬁcantly higher (>2 cm/yr) land subsidence on average. Thus, agricultural areas
with thick sediments have the highest risk of experiencing land subsidence due to groundwater extraction.
Note that while the partial dependence plot indicates that areas with high sediment thickness and low agricultural density have much lower subsidence than areas with high sediment thickness and agricultural density, it still predicts some amount of subsidence in these areas. This plot only shows two variables—
agricultural density and sediment thickness, when in reality the model considers several other factors such
as urban land use and evapotranspiration, which may cause groundwater demand and resulting subsidence.
However, we also note that our model may be slightly biased toward higher subsiding areas because much of
the training data exist over these areas. While our model did include signiﬁcant training data in areas with
little to no subsidence, future studies could target more such areas where signiﬁcant groundwater pumping
and thick sedimentary aquifers are observed, yet no signiﬁcant subsidence exists, to further reduce any
potential bias.

Figure 7. Average expected subsidence for given agricultural density and
sediment thickness.

4.1. Potential Sources of Error
While the estimates produced with our method are reasonably accurate and demonstrate relationships
between input predictors and subsidence that align with existing theory, there are some discrepancies
between predicted and observed subsidence. One potential source of error is variation in the preconsolidation head, which controls whether deformation is elastic or inelastic. Estimating the preconsolidation head
is challenging even when signiﬁcant in situ measurements from wells are available, because it requires a
detailed history of water levels. In many water‐stressed areas, it is common that the water levels are at or
below the preconsolidation head (Smith et al., 2017; Steward et al., 2013). However, some regions with active
water management practices such as limiting groundwater pumping, managed aquifer recharge or surface
water imports, may be well above the preconsolidation head in spite of drought conditions. Our model
accounts for statistical relationships between physical properties and states, such as sediment thickness
and agricultural density, and subsidence. Because water resource management is complex and challenging
to quantify, especially over large areas, we have no predictor variables to explicitly account for water management. Water management practices are instead implicitly learned from the existing data. Thus, our
model is likely to overpredict subsidence in regions with above average water management practices, and
underpredict subsidence in regions with below average water management practices. In spite of high rainfall
in some regions, our model did not ﬁnd any signiﬁcant ground uplift. Focused local studies in areas with
active aquifer recharge or anomalously high precipitation may ﬁnd signiﬁcant uplift signals.
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Another source of error is the input data. Let us consider as an example
the most important input predictors: sediment thickness, agricultural
density, and precipitation. Each of these input data sets is subject to some
degree of error. Agricultural density is derived from estimates of cultivated land from Boryan et al. (2011) and is constrained by numerous
ground survey data points, yet relies on satellite data for the bulk of the
estimations and thus has some uncertainty. Precipitation patterns are
highly variable and constrained principally by spatially discrete gauge stations, and thus likely contain some errors as well, although because they
are averaged over a long time period, it is likely that many localized temporal errors average out over time. Because sediment thickness is a subsurface measurement that is very difﬁcult to make, regional estimates,
while capturing the general spatial trends, are likely to contain numerous
errors.
Quantifying the errors in each of the input data sets is outside the scope of
this paper. However, with random forests we can estimate the uncertainty
of subsidence predictions. The random forest prediction, presented in
Figure 5, is the mean value of all the predicted values from every decision
tree in the forest. If instead we take the standard deviation of all the predicted values, we have an estimate of uncertainty. Typically, areas with
higher predicted values also have higher standard deviations. To account
Figure 8. Coefﬁcient of variation for all areas with a predicted subsidence
of 5 mm/yr or greater.
for this, we normalized the standard deviation by the mean predicted
value. This is also known as the coefﬁcient of variation. The resulting normalized error is given below in Figure 8 for all areas with a predicted subsidence of at least 5 mm/yr. This
error metric accounts for potential errors in input data sets, as well as the underlying assumption that water
management practices do not vary spatially. This map can be used to investigate potential regional discrepancies between predicted and observed subsidence, and the underlying causes. However, the map cannot,
by itself, be used to identify what the exact source of error is. Note from Figure 8 that the southern Central
Valley, as well as parts of Arizona, Nevada and Central Utah, have relatively low normalized error, while
pockets of predicted subsidence in Arizona, Idaho, and Washington have higher normalized error. Some
of the higher error locations do not have signiﬁcant observed subsidence reported, indicating that there
are some key characteristics they share with subsiding areas, but there may be other characteristics in the
input data sets that distinguish them from highly subsiding areas, adding uncertainty to the estimate.
4.2. Comparing Storage Estimates From Subsidence with GRACE‐Based Estimates
Following the method outlined in section 2.1 and previously implemented by Smith et al. (2017), we can use
our regional map of subsidence to estimate the volume of groundwater storage lost from conﬁned aquifers as
~2.0 km3/yr, with 1.0 km3 of storage loss in the Central Valley of California. This number is arrived at by
multiplying each pixel value of subsidence by the area of each pixel, then summing all pixels. While this
is a staggeringly large number, it is signiﬁcantly lower than groundwater storage change estimates made
by the GRACE satellites and water balance methods. For instance, in California's Central Valley it is estimated that during the most recent drought from 2012–2016, which overlaps with the period that we are estimating subsidence, the annual rate of groundwater depletion was 10 and 11.2 km3/yr when estimated with
water balance methods and GRACE, respectively (Xiao et al., 2017), or roughly 10 times our estimate. These
rates were fairly constant from 2012–2016, so we consider comparing the annual rate of storage loss from
Xiao et al. (2017) with our estimate from 2015–2016 a valid assumption. The underlying cause for this difference is the fundamental difference in how GRACE and InSAR estimate changes in storage. As described in
the background, subsidence estimates from InSAR measures storage loss due to matrix compression, which
can be used as a lower bound on storage loss assuming a conﬁned aquifer system. GRACE data, by contrast,
directly measure the change in mass of the earth over time, which can be related to total water storage. After
accounting for other sources of water storage change, such as snow water, soil moisture, and surface water,
GRACE estimates the total change in mass due to groundwater extraction. Thus, our ﬁndings indicate that
conﬁned aquifer storage loss accounts for at least 10% of the total storage loss in the Central Valley,
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suggesting that the majority of water storage loss comes from speciﬁc yield
in unconﬁned aquifers. This is supported by work by Faunt (2009), who
similarly estimated that the majority of storage losses in the Central
Valley are due to speciﬁc yield, and Perrone and Jasechko (2017), who
found that the majority of wells in the Central Valley have depths
<100 m, which is above the main conﬁning unit of the Central Valley,
the Corcoran Clay (Page, 1986).
4.3. Potential Impacts of Land Use Change on Subsidence
As food demand increases due to population growth, some studies
have found agricultural expansion in the United States to be likely
(Lark et al., 2015). This could be especially pronounced as growers seek
to develop water resources that were traditionally avoided, such as brackish aquifers (Pang et al., 2010), or deeper aquifers with higher drilling
costs. Since our model estimates land subsidence as a function of land
use among other factors, we used it to estimate how land use change could
affect subsidence. Figure 9 shows regions that have high sediment thickness (greater than 500 m) and are not developed signiﬁcantly for agriculture (with an agricultural density less than 0.3), so that developing more
agricultural land on these areas has a risk of causing signiﬁcant land subFigure 9. Areas with highest potential for future subsidence under land use
sidence. Based on the data used in Figure 7, these areas would be expected
change.
to experience at least 2 cm/yr of subsidence if developed for agriculture.
This map is intended to be used as a tool to estimate where signiﬁcant subsidence could be expected if agricultural development occurred, rather than as a projection of land use
change. The Basin and Range aquifers, and undeveloped portions of the Central Valley would have the most
subsidence if developed. This prediction is consistent with observed subsidence in developed regions of the
Basin and Range aquifers including southern Arizona (Conway, 2016), Las Vegas (Amelung et al., 1999), and
southern Utah (Inkenbrandt et al., 2014).

5. Conclusions
As demand for food increases, climate warms and extreme climate events increase in frequency, water scarcity is projected to become an increasingly challenging issue. Typically missing from assessments of the
impacts of water scarcity is the potential for land subsidence, which provides an estimate of how much storage is being lost from conﬁned aquifers, is often associated with a permanent loss of groundwater storage
(Smith et al., 2017), and poses signiﬁcant damage to infrastructure. Thus, methods to monitor and determine
the key drivers of land subsidence are of critical importance.
Here we develop a regionally extensive map of land subsidence over the western United States. To the
authors' knowledge, the method presented here is both the most extensive subsidence map produced to date,
and the ﬁrst to regionally estimate groundwater storage changes quantitatively using multiple remotely
sensed proxies and subsidence estimates. We estimate with this method that the western United States lost
roughly 2.0 km3/yr of groundwater storage over the period from 2015–2016. This value is signiﬁcantly lower
than the total loss of groundwater storage over the same time period estimated from water balance or
GRACE approaches, indicating that the majority of storage losses in the Western United States are from
unconﬁned aquifers. Our method can also be used to assess the impact of land use and climate change on
subsidence. Our analysis indicates that areas with thick sedimentary deposits (>500 m) and dense agricultural land use have the highest subsidence, and undeveloped regions with thick sediments have the highest
risk of future subsidence if developed. Regulating groundwater use in such regions as water demand grows
could help prevent potential damage to infrastructure, loss of groundwater storage and aquifer
contamination.

Data Availability Statement
The input data sets used in this study can be found online (https://sites.google.com/mst.edu/hydro). The
InSAR data sets are publicly available and can be found through contacting the California Department of
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Water Resources and Arizona Department of Water Resources. The GPS data sets were obtained from
unavco.org website.
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