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Abstract Surface soil moisture measurements are typically correlated to some degree with changes in
subsurface soil moisture. We calculate a hydrologic length scale, A, which represents (1) the mean-state
estimator of total column water changes from surface observations, (2) an e-folding length scale for
subsurface soil moisture profile covariance fall-off, and (3) the best second-moment mass-conserving surface
layer thickness for a simple bucket model, defined by the data streams of satellite soil moisture and
precipitation retrievals. Calculations are simple, based on three variables: the autocorrelation and variance
of surface soil moisture and the variance of the net flux into the column (precipitation minus estimated
losses), which can be estimated directly from the soil moisture and precipitation time series. We develop a
method to calculate the lag-one autocorrelation for irregularly observed time series and show global surface
soil moisture autocorrelation. A is driven in part by local hydroclimate conditions and is generally larger than
the 50-mm nominal radiometric length scale for the soil moisture retrievals, suggesting broad subsurface
correlation due to moisture drainage. In all but the most arid regions, radiometric soil moisture retrievals
provide more information about ecosystem-relevant water fluxes than satellite radiometers can explicitly
“see”; lower-frequency radiometers are expected to provide still more statistical information about
subsurface water dynamics.

1. Introduction

Surface soil moisture—a small constituent of the land surface and the global water cycle—plays an outsized
role in Earth system processes. It sits at the interface between the complex geological and atmospheric sys-
tems that comprise the terrestrial surface. Surface soil moisture couples the terrestrial water, energy, and car-
bon cycles (Green et al., 2019; Haghighi et al., 2018; Legates et al., 2011; Rigden et al., 2018; Short Gianotti et
al., 2019); integrates the effects of weather to drive both water resource distribution and climate feedbacks
(Jung et al., 2010; Koster et al., 2004; McColl et al., 2017; Taylor et al., 2012); drives the diffusive forces that
support vegetative ecosystems (Barichivich et al., 2014; Mufoz et al., 2014; Van der Molen et al., 2011); con-
strains geomorphology, biogeography, and groundwater transfers (Legates et al., 2011); and serves as the
bell-weather for drought and heatwaves (Bolten & Crow, 2012; Ciais et al., 2005; Hirschi et al., 2011,
Miralles et al., 2014; Mueller & Seneviratne, 2012; Musyimi, 2011). For these reasons, a number of remote
sensing projects have undertaken global measurement of the surface for soil moisture estimation, notably
with the recent L-band microwave Soil Moisture Active Passive (SMAP; Entekhabi et al., 2010) and Soil
Moisture and Ocean Salinity (Kerr et al., 2001) missions created specifically for this purpose. While these
missions report measurements integrating radiometric emissions over a thin layer of the terrestrial surface,
it is important to ask what, if anything, they can tell us about the hydrologic system beyond the upper few
centimeters of the land surface.

The surface is only part of the story. The existence of root systems (down to tens of meters) attests to the
water storage capacity of the soil subsurface. The deeper water volumes themselves are observable only
through sparse in situ sensor networks, observation wells, or very coarse gravimetric estimates (e.g.,
GRACE mission; S. C. Swenson, 2012); otherwise, they are scientifically invisible. An ecosystem modeler
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given satellite soil moisture retrievals may wonder if a specific drying event represents anything greater for
the system as a whole.

There is a case to be made that the surface may tell us about the subsurface (Calvet & Noilhan, 2000;
Entekhabi et al., 1994; Houser et al., 1998). Simple filtering of soil moisture time series from the upper few
centimeters of the soil column is commonly an effective estimate of meter-scale subsurface state (C.
Albergel et al., 2008; Ceballos et al., 2005) and can provide as much information for near-term vegetation
dynamics and energy fluxes as integrated meter-scale soil moisture measurements (Qiu et al., 2014, 2016).
This empirical evidence, along with a mature theory of flow in porous media, provides the scientific basis
for root-zone soil moisture products from remotely sensed instruments (Ford et al., 2014; Reichle et al., 2017).

The distinction between surface and subsurface is a matter of utility. The remote sensing community often
refers to “the surface” as whatever depth can be seen by a specific platform (typically tens of millimeters),
while hydrologic modelers define discretized surface layer thicknesses (less than a millimeter to multiple
meters or more) as appropriate for a given application. In this paper, we will think of the surface as a discrete
soil layer whose moisture state we can characterize by observations (in situ or remotely sensed) and the sub-
surface as a region requiring inference, although we will use in situ measurements of the subsurface as well.

Process-based models suffer at coarse horizontal scale, where observations may not map explicitly onto
model variables (consider a 9 km X 9 km X 5 cm uniform surface soil layer at the scale of satellite observa-
tions). Data assimilation approaches can ingest upscaled observations to circumvent this issue (Clément
Albergel et al., 2019; Kumar et al., 2009, 2019; Ragab, 1995; Reichle et al., 2007, 2008; Sabater et al., 2007;
Salvucci & Entekhabi, 2011), but some have argued that the theoretically fundamental relationships that
govern soil moisture dynamics may not even be transferable across scales (Kirchner, 2009; e.g., does a
watershed-scale soil integrated moisture observation follow Richards’ equation?). In this study, we will draw
on these ideas and focus on what data streams from the SMAP and Global Precipitation Measurement (GPM:
Hou et al., 2014) missions tell us about subsurface soil moisture, and we will focus on a physical model which
we expect to remain consistent at remote sensing scales, namely conservation of water mass.

The motivating question for this study is “What is the relationship between fluctuations in (satellite-obser-
vable) surface soil moisture and the larger pool of surface and subsurface water?” We will answer this in a
first-order sense, and we will find that the answer is a length scale that represents the correlation between
the surface and the greater soil moisture profile. We will refer to this length scale as the subsurface correla-
tion length, A. While we will define the scale through a simple regression equation which translates changes
in surface soil moisture into changes in total column water, we will show that it is equivalent to (1) the e-fold-
ing scale for an exponential covariance profile and (2) the thickness of a uniform surface soil moisture layer
for a bucket model which conserves water mass. Along the way, we will demonstrate a method for calculat-
ing the 1-day-lagged autocorrelation coefficient for time series data with missing observations and establish
a variance budget for surface water balance.

1.1. Soil Moisture Length Scales

Remotely sensed observations integrate information over pixel areas as well as over some sensing or emis-
sion depth. For the microwave radiometric emissions used in passive soil moisture retrievals, the observed
brightness temperature signal is a soil media-attenuated (and scattered/reflected/etc.) integral of the
Earth's thermal emission. The vertical integration of the signal depends on a soil moisture and tempera-
ture-dependent attenuation function, with drier soils leading to deeper soil representation (Raju et al.,
1995; Ulaby et al., 1986). Njoku and Entekhabi (1996) defined a commonly used representative emission
depth as the distance in the soil medium over which the intensity of propagating radiation decreases by e
~! (at a given microwave frequency). While this and other effective radiometric emission depths are based
on physical properties, any soil emission depth assigned to a particular soil moisture observation is inher-
ently nonphysical (Zhou et al., 2016); every satellite radiometer retrieval is an unevenly weighted integration
of emissions through the soil column and across heterogeneous areas, with the nearest depths contributing
the most signal. To make use of these observations, an explicit scale is required; SMAP observations are
assigned a nominal 50-mm depth (Entekhabi et al., 2014)—close to the range of e-folding penetration depths
for the 1.41-GHz SMAP radiometer—with the idea that (1) retrieved soil moisture values are appropriate for
a simple conceptual soil layer of 50 mm with uniform soil moisture throughout and (2) calibration and
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validation between SMAP retrievals and point measurements or other remotely sensed products should use
a corresponding depth for intercomparison.

The shallowness of this radiometric length scale has been at times criticized as a limitation for ecological and
land-atmosphere interaction studies (C. Albergel et al., 2008; Li & Islam, 1999), and some have argued (using
unlagged correlations between brightness temperatures and in situ soil moisture) that the nominal length
should be closer to 20 mm for L-band radiometers (Escorihuela et al., 2010), or possibly less for very wet soils
(Wang & Schmugge, 1980). In seeming contradiction, other studies have found that L-band surface soil
moisture data seems to represent soil moisture processes deeper than the sensing depth (Qiu et al., 2014,
2016), that surface soil moisture encodes much of the water balance information observed in gravimetric
water column retrievals (Crow et al., 2017), and that optimal model length scales for minimizing water bud-
get errors are both generally larger than 50 mm and increase with wetter hydroclimatological conditions
(Akbar et al., 2018a, 2019). This apparent contradiction, we argue, is due to greater physical and statistical
correlation across the soil profile under wetter conditions (due to increased hydraulic conductivity), which
is effectively independent of the notion of the radiometric depth.

2. Data

In this study, we use soil moisture data and precipitation data from two in situ sources—the United State
Climate Reference Network (Bell et al., 2013) and seven carefully instrumented sites for the Airborne
Microwave Observatory of Subcanopy and Subsurface (AirMOSS) campaign (Cuenca et al., 2016)—as well
as from satellite retrievals from the SMAP mission (Entekhabi et al., 2010) and the GPM mission (Hou et
al., 2014).

Our satellite soil moisture time series come from the SMAP Level 3 Passive Enhanced product (O'Neill et al.,
2016)—a 6 AM local time snapshot—and our precipitation time series come from the gauge-corrected 30-
min final run Level 3 GPM Integrated Multi-satellitE Retrievals for GPM product (Huffman et al., 2017),
accumulated to daily 6 AM—-6 AM local time totals. The precipitation data is regridded to the 9-km SMAP
EASE-Grid 2 grid (Brodzik et al., 2012) using (WGS 84) area-weighted accumulations to conserve total water
mass (all maps shown are equirectangular on the 9-km EASE-Grid 2 grid). The analysis window spans the
overlapping window of the two data products—from SMAP's earliest available data (31 March 2015) through
30 June 2018.

Much of the analysis in this study relies on regressions of daily-scale soil moisture processes or time series
variance estimates which can be strongly, spuriously influenced by both deterministic and stochastic low-
frequency variability. The effects of stochastic drifts are removed by taking temporal first differences, and
deterministic seasonality is removed through deseasoning. Prior to analysis, we remove the annual seasonal
cycle from both the soil moisture and precipitation data at each location by (1) calculating the 365 daily aver-
age values of the variable in question over all observed years, (2) concatenating three copies of the 365-day
annual climatology as a single time series to ensure exact periodicity, (3) smoothing the time series with a 61-
day box filter (61 days chosen to minimize the effects of synoptic variability), and (4) subtracting the
smoothed climatology from the original data to obtain anomaly series.

For SMAP soil moisture, any retrieval with more than 15% estimated surface water fraction or any frozen soil
or snow cover surface quality flags is removed from the analysis. Vegetation water content (VWC) can
impact microwave soil moisture retrieval quality, and seasonal maps of SMAP VWC greater than 5 kg/m?
are shown in Figure S1 in the supporting information.

3. Derivation of the Subsurface Coupling Length Scale

Consider a one-dimensional soil column with volumetric soil moisture profile 6(z)—the surface is at z = 0
and z increases positively with depth. The total soil moisture in this column is given by

vV = [6(z) dz, ¢))

with units of length, and this volume changes in time under the influences of infiltration, surface evapora-
tion, root system transport for transpiration, and deep drainage (depending on vertical extent of the
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integral). We will ignore the effects of horizontal moisture advection for grids with large (>80 km?) areas
throughout this study.

While we may be interested in these changes in total column storage, our vision of Earth's water is typically
limited by surface instrumentation or remotely sensed estimates of surface states. Given a data stream of sur-
face soil moisture estimates (whether in situ or remotely sensed), 6,(¢), we might try to estimate changes in V'
using changes in 6. This can be done using Richards' equation and any number of data assimilation
schemes, although issues of heterogeneity and sensitivity to nonlinear process can sometimes swamp the
information provided by boundary conditions. We may also be interested in the correlation structure of
the vertical soil moisture profile and how it varies across sites. To the extent that the surface is correlated
with the subsurface (through diffusion and gradient-induced fluxes, root-driven surface/subsurface cou-
pling, auto-correlation of precipitation, etc.), we can propose a simple linear model as follows:

dv dbs
— 2
dt 4 dt Ereg(t), @

where A is some scaling parameter (with units of length) and ¢, is a mean-zero error (unexplained variance)
term accounting for the error in assuming a linear, static model relating the surface and subsurface (the
errors are not assumed to be Gaussian and are almost certainly not in practice as evident from mixing wet-
ting and drying processes). This is a simple regression equation, and we can write the least-squares estimator
of 1 as a ratio of covariances and variances as follows:

PRAL (3)
Ua;

_ oy -‘o(V,, 6;) (3b)
GG;

(3o

with (-) brackets indicating covariances, o indicating variances, p(-) indicating correlation, and prime )
superscripts indicating time derivatives. It is worth noting that the least-squares estimate assumes exogene-
ity (no correlation between d6y/dt and ¢,g), which may introduce estimation errors in-situations with
extreme matric potential gradients, such as those driving capillary rise, particularly for small scale (e.g., in
situ) measurements.

Since 4 scales the surface observations to represent changes in volume beyond the surface, we will refer to it
as the “subsurface coupling length” associated with a given surface layer thickness.

3.1. A Two-Layer Model

Figure 1 shows a simple representation of the soil column. The surface layer has thickness h;, defined by the
characteristics of in situ sensors or the radiometric sensing depth of a satellite-based sensor. The (depth-aver-
aged) volumetric soil moisture in the surface layer is given by

hy
6 = {6) &z, @
10

and we assume that observations (from in situ or satellite-based sensors) are representative of this value. In
the case of remotely sensed radiometric observations, h; is the radiometric sensing depth.

The subsurface consists of the soils below z = h;, which we allow to extend to some arbitrary, large static
thickness h,. At the lower extents of the subsurface layer, we might expect volumetric soil moisture to be
more slowly variable than at the surface and perhaps totally uncorrelated with surface observations. We
do not assume constant soil moisture with depth in the subsurface, nor constant correlation with the
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h1 \95

Figure 1. A one-dimensional soil columr}lmodel. The (observed) surface layer is defined by thickness h; and mean volu-
metric soil moisture is given by 65 = hil -fol 6(z) dz. The subsurface is represented by a column extending to an arbitrary,
large depth h;+h,, with variable soil moisture profile.

surface layer with depth. The mean subsurface volumetric soil moisture at any time (without assuming that
soil moisture behaves as its mean value) is given by

hy+-hy

| 6z 1) dz. 5

esub(t) = ]’l_z i

We can write the changes in total column storage as

dv . .
dr - hy@s + hz'esubv (6)

and write equations (3a) and (3b) as

hy-6. + hy-6, 6.
:_1 S 022’ sub’ s (78.)
6

s

A

o, (6.6
—hy + hz'w’ (7b)
)

s

which shows that A is greater than h; and less than h;+h, whenever the surface and subsurface layers posi-
tively covary. Additionally, when 6, and 6, , are uncorrelated, the lower bound A = h, applies, and our best
statistical estimate for dV'is A - d6; = h; - db,.

Equations (7a) and (7b) are exact in terms of representing A in equations (3a) and (3b) and do not rely on any
assumptions about truly linear relationships between soil layers or on Gaussian errors. However, they are of
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Table 1
Site Characteristics for in Situ AirMOSS Sites

Site Observation period

Mean annual precipitation (cm)

Total observed column depth (cm)

A (cm; hqy = 3.5 cm)

Chamela, JA (MX)

Duke Forest, NC (USA)
Harvard Forest, MA (USA)
Metolius, OR (USA)

BERMS Old Aspen, SK (CA)
BERMS Old Jack Pine, SK (CA)
Tonzi Ranch, CA (USA)

2013-2015 67.2 57.5 18.0
2011-2015 69.1 80 25.0
2011-2015 90.0 80 22.8
2011-2015 71.9 90 19.2
2013-2015 11.8 90 28.1
2012-2015 37.5 90 20.5
2012-2015 49.5 90 13.5

Chamela, JA, MX

0 15 30 45

hy [cm)]

60

125 BERMS Old Aspen, SK, CA

100

75

A [em]

50

25

0 25 50 75

hy [cm)]

100

75

125

limited utility in estimating a length scale or anything about surface-subsurface correlation as they depend
on (1) second-order subsurface statistics (which are typically unobserved), (2) the surface-subsurface
correlation itself, and (3) h,, which we have only defined thus far as arbitrary and large.

We can, however, explore the relationships in equations (7a) and (7b) at sites with available soil moisture
profile measurements. Table 1 shows characteristics for seven in situ sites with sensors at multiple depths
and replicate sensor profiles installed for the AirMOSS P-band soil moisture investigation
(Tabatabaeenejad et al., 2015). These are high-quality calibration sites, with shallow sensors at 2 cm down
to multiple tens of centimeters. The subsurface coupling lengths A using the uppermost sensor
(hy = 3.5 cm) as “surface observations” are shown in the last column of Table 1 calculated using equation
(7a) and soil moisture measurements.

Moisture profiles are estimated as M layers of uniform soil moisture around the M sensors at a given site,
with uniform soil moisture within the layers (rather than interpolated). h; can be defined, then, using the
uppermost sensor (as in Table 1), or a depth-weighted average of the two uppermost sensors, and so forth.

Duke Forest, NC, USA Harvard Forest, MA, USA Metolius, OR, USA

100 100 100
80 80 80
— 60 —. 60 —. 60
g g g
L. L. L.
< 40 ~ 40 ~ 40
20 20 20
0 0 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
hy [cm)] hy [cm)] hy [em)]
100 BERMS Old Jack Pine, SK, CA Tonzi Ranch, CA, USA
75
80
60
g 8 T 45
L. .
~< ~<
40 30
20 15
0 0
0 20 40 60 80 100 0 15 30 45 60 75
hy [cm)] hy [cm)]

Figure 2. Regression coefficients, A, versus the surface layer depth, h, at seven in situ sites (June—August). Blue circles show A estimated directly from regression of
the change in measured root zone soil moisture against changes in surface soil moisture to depth hy, following equation (2). Red x-es show 1 as estimated from
equation (A2), assuming an exponential correlation length. Correlation lengths (on the order of tens of centimeters) are shown in Figure S2.
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Figure 2 shows 4 as a function of h,, the surface layer thickness, again using equation (7a) and soil moisture
measurements. Daily snapshots of soil moisture from 3-5 years from 2011-2015 are deseasoned prior to
regression, although the effect of deseasoning is minimal on A using equation (2) directly. The blue circles
in each subplot show A calculated by regressing changes in total column storage (to a depth h,+h, between
50 and 90 cm, depending on the deepest sensor at each site) on changes in the surface soil moisture for dif-
ferent surface layer thicknesses, ;.

3.2. Dependence on Surface Layer Thickness

The subsurface coupling length, 4, generally increases with increased surface layer thickness, as seen in the
positive slopes of the blue lines in Figure 2; the exception around h; = 10 cm at Tonzi Ranch is due to antic-
orrelation between two layers/sensors in the shallow subsurface. 4 is also above the one-to-one (1 = hy; no
correlation between surface and subsurface) line, which demonstrates that the profile is statistically coupled
in the z-direction. The fact that 4 > h; tells us that the surface has predictive power for the subsurface, and
the distance 4 — h; tells us how much additional information the surface contains about the soil
column below.

When h; reaches the depth of the deepest measured soil layer, the surface is a perfect predictor of the total
column water to that depth, and so 1 = h;. At Chamela and Tonzi Ranch, 4 reaches the depth of the deepest
sensor before h,, which suggests that the last 15-20 cm are static in volumetric water content. At the other
extreme, the overshoot at the BERMS Old Aspen site suggests that there may be substantially more active,
correlated soil moisture below a meter which we are unable to regress against due to the limit of the
sensor depth.

4. Covariance e-Folding Equivalency

A common simplified soil moisture model for an unobserved subsurface profile is that the covariance or cor-
relation falls off exponentially with depth, which we explore here. If rather than the proposed model of Vin
equation (2), we instead linearly model changes in volumetric soil moisture at a depth z using the
surface, then

0'(z,t) = 7(2)-0,(t) + w(z,t) ®)
As in equation (3),
6,6,
y(@) = U—éf (9a)

R LANCINY (9b)

where 6; is used for convenience in place of Gl(z,t).

If we assume that the covariance between the surface layer and any arbitrary subsurface layer falls

off exponentially,
a5 z
0,6, = Ue;~exp<—E)7 (10)
then
hy+hy
Vi= | 61 d an
0
hy+h;
= [ @60 + w0 dz (12)
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Figure 3. Time series of soil moisture, precipitation, and losses at BERMS Old Jack Pine in autumn 2012. The upper panel shows daily in situ volumetric soil moist-
ure in light blue dots and precipitation in dark blue bars. The lower panel shows daily total profile losses in light blue and estimated total profile losses, Lg, in red. Lg
is estimated as a function of soil moisture as in equation (21), as shown in the right panel. Gray dots in the right panel are coincident precipitation/soil moisture
pairs, background coloring is a 2-D histogram of observation density, and the black line is the estimated function form of Lg calculated as the conditional average
precipitation for a given soil moisture value.

mihg g
= | 260 +wzt)dz (13)
0 Ue;
hy+h; z hy+h;
= | ew(—) 60zt | wlzid 4)
0 x 0
— (1) [exp (-@) —1] + Q) (15)

where Q(t) is the integrated error term. For a true asymptotic exponential covariance profile, we let covar-
iance approach zero with depth by letting h, — oo and find that

V' =16, +Q(t), (16)

which is exactly equation (2) with a different notation. In fact, least-squares constraints on equations (2) and
(8) require that Q(t) = &(t) and x = A, which mean that the subsurface coupling length A is also the covariance
e-folding depth linking the surface and subsurface.

Appendix A contains further details of exponential covariance and correlation functions in the subsurface as
well as bounds on the correlation length scale (h; <1<o0, /o, <20p/0, ). Global maps of the upper bounds

are shown in Figure S9.

5. Approximating A with only Surface Soil Moisture and Precipitation

Until this point, we have used in situ soil moisture at multiple depths in the column to determine surface/
subsurface coupling length scales. While useful as a summary statistic or site characteristic, 4 is of limited
application use when full information about the subsurface is already known. In most locations, we do
not have measurements of subsurface dynamics, although global surface soil moisture time series are avail-
able as retrievals from radiometric remote sensing platforms such as SMAP (Entekhabi et al., 2010), Soil
Moisture and Ocean Salinity (Kerr et al., 2010), Advanced Scatterometer (Bartalis et al., 2007), and
Advanced Microwave Scanning Radiometer (Imaoka et al., 2012; Kawanishi et al., 2003). Estimation of 1
at sites without subsurface observations would (1) allow us to estimate first-order changes in landscape
water storage behavior from these remotely sensed time series globally and (2) demonstrate the degree to
which surface observations represent landscape-level changes more applicable to ecosystem analysis and
drought definitions.
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We can write the water balance (conservation of mass) equation as

av
i P(t)—L(t), a7

where P(t) is the precipitation rate and L(f) is an unobserved loss function incorporating soil evaporation,
root uptake for transpiration, vertical drainage, interception losses, horizontal advection, and surface runoff.
Although we hypothesize that at the scale of microwave satellite retrievals, (1) horizontal advection is mini-
mal compared to vertical fluxes and (2) surface runoff is almost entirely reinfiltrated within the pixel, these
assumptions are not necessary for our applications of equation (17).

5.1. A Variance Budget

Using our mean state estimator of dV/dt, we can write a variance budget form of the water balance equation
as follows:

var{/l-e;} = var{P,—L.}, (18)
and solve for 1 as
2
Op_
A= ;2 L (19)

from which we will determine subsurface coupling lengths globally from satellite data. While (gauge-cor-
rected) precipitation (P) data are available from the GPM satellite, outflow losses (L) from the surface layer
are not and will need to be estimated. Additionally, while surface soil moisture time series 6, are available,
their daily derivative is not from the SMAP satellite directly (as overpass intervals vary from 1-3 days), and so

care will be needed to calculate aj as well.

5.2. Estimated Subsurface Losses

Salvucci (2001) offers an estimate of soil moisture losses from stationary surface soil moisture time series
based on the derived theorem that the expected value E{@;|QS} = 0; that is, conditioned on any soil moisture
state, changes in soil moisture are mean zero (upcrossings of 6; must be balanced by downcrossings). This
holds true at any time scale with sufficient observations to estimate the expectation. The first moment loss
function conditioned on soil moisture state can then be written as

E{6,|6,} = E{P-L|6;}
= E{P|es}_E{L|es}
-0 (20)

so that
E{L|6,} = E{P|6;}. (21)

This relation provides a means of producing time series estimates of daily soil moisture losses from observed
surface soil moisture and precipitation time series (see Figure 3), and we will denote this estimated loss as Le.

To estimate Ly from equation (21), we fit a spline function to observed precipitation versus soil moisture
pairs as shown in Figure 3. We use a spline toolbox (the Shape Language Modeling Toolbox in MATLAB)
with six “knots” (spline breakpoints) and an increasing monotonicity constraint (Lg increases with increas-
ing soil moisture due to increasing hydraulic conductivity). To meet the stationarity constraints of the con-
ditional averaging method, accumulated precipitation between soil moisture observations is paired with
mean soil moisture from the two observations. Lg(f) is determined by then evaluating the value of the fit
spline function at the midpoint between soil moisture observations so that one loss value is calculated for
each window between observations.

See Appendix A for full validation of loss function terms.
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5.3. The Denominator of Equation (19)
The denominators— O'é —of equations (3), (9a), and (19) are calculated from snapshot observations of

soil moisture (either from in situ sensors or remotely sensed retrievals). For in situ networks, these
observations are available daily, and the variance terms are easily calculated by (1) taking a time series of
(midnight) soil moisture snapshots, (2) calculating daily differences, and (3) taking the variance of the
resulting difference time series. For remotely sensed observations, soil moisture may not be available
daily and overpasses may not be spaced at regular time intervals. For the SMAP mission, retrievals are
at 6 AM local time, and subsequent overpasses are 1-3 days apart, varying in an exact repeating 8-day
pattern at each location. Since back-to-back observations are rare, a more robust method for estimating
0 is desired.

s

For an arbitrary time-step At, note that

Ab 1
ar{ AL } = (At)zvar{es(t)—es(t—m)}

Alt)z[var{es(t)} +var{6y(t—Af)}—2 6y(¢), 6(t—A1)]. (22)

For a stationary soil moisture process, the variances of 64t) and 6y(t — At) are identical and the covariance
(by definition) is just that variance times the lag-1 autocorrelation (AR(1)) coefficient, ¢, as follows:

= 20-¢) var{6;}. (23)

(An)?*

For a daily time-scale, At = 1 day and
oy =2(1-¢):05 . (24)

Despite involving an AR(1) coefficient, equation (24) is exact and does not require soil moisture to be well
represented by an AR(1) model. In contrast to the variance of surface soil moisture differences, the variance
of the surface soil moisture itself on the right-hand side of equation (24) is easily calculated from irregularly
sampled time series (simply the variance of all observations). For the stationarity assumption to hold, soil
moisture time series must be deseasoned prior to analysis.

5.3.1. Estimating the AR(1) Coefficient From Irregularly Spaced Observations

One method to calculate ¢ from a time series with missing data is to use a Kalman filter with no observation
error term and AR(1) latent variable model. As a more analytical alternative, if the largest gap between daily
observations is, say, 3 days, one can estimate ¢ as the positive root of

nvy + Npvy + N3v
M myg? o mpgt = 25)
0

where n; is the number of pairs of 1-day-lagged observations, n, is the number of 2-day-lagged observations,
ns is the number of 3-day-lagged observations, vy is the variance of all nonmissing observations, v, is the cov-
ariance between all 1-day-lagged pairs ({6,,6,41) for all nonmissing observations on days t, t+1), v, is the cov-
ariance between all 2-day-lagged pairs, and v; is the covariance between all 3-day-lagged pairs. This can be
expressed more generally as
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Znicbi = VlOZHiVi (26)

for data sets with gaps longer than 3 days. With no missing data, equation (26) collapses to the common
least-squares estimator for the AR(1) coefficient as follows:

~ 6,6
¢: t t+1. (27)

2
O

These analytical estimates require sufficient data length for proper estimates. In this study, for computa-
tional efficiency, we use the analytical estimates whenever equation (25) has a single root 0 < ¢ < 1, and
the Kalman filter otherwise (differences in estimates are negligible when both are feasible).

Global maps of the 9-km AR(1) coefficient, ¢, for SMAP surface soil moisture are shown in Figure 4a. Even
after deseasoning (which removes much of the integrated nature of the nonstationary storage processes),
autocorrelation is high globally, typically above 0.5 and often above 0.9 (patterns in Figure 4 look similar
with not-deseasoned soil moisture, with somewhat higher ¢ values). Soil moisture (and particularly surface
soil moisture) is not expected to be well modeled by a simple autoregressive model with Gaussian errors at
daily time scales due to the very non-Gaussian effect of precipitation forcing (although it does become more
like an AR(1) process as the spatial scale increases). The magnitude of ¢, nonetheless, tells us about the per-
sistence of 65 over time, either through the variability of rainfall or through the magnitude of surface soil
moisture response to variable rainfall events (e.g., we would expect well-drained, coarse soils to have low
autocorrelation, particularly in areas with irregular, intense storms). Contrast the strongly intermittent
hydroclimate of the Sahel with the neighboring tropical Sudanian Savanna.

Beyond this, we would expect the inherent noise in soil moisture retrievals (0.04 mm®/mm? or less for
SMAP, as per mission requirements) to lead to lower values of ¢ in arid areas with lower signal-to-noise
ratios. This appears possible in Figure 4a as well, with low values in the Sahara and Gobi deserts.
Stochastic simulations (see Figure S3) suggest that while retrievals of ¢ are less accurate when ¢ is lower,
errors in ¢ estimation are almost always less than 10% or less of the true value, and usually less than 5%.

Figure 4b shows the same ¢ values over the Contiguous United States (ConUS), with overlain ¢ values from
the 81 United State Climate Reference Network stations. We argue that these are well-estimated values for
both remotely sensed and in situ observations and that differences are due to spatial representation rather
than estimation method. While we would not expect ¢ to match across spatial aggregation scales (and spatial
correlations between ¢yscry and ¢sazap are low, ~0.3), the in situ and remotely sensed surface AR(1) coeffi-
cients are close in magnitude (RMSE ~0.1). In situ ¢ values are generally higher, which helps explain the lar-
ger in situ A values shown in Figure A2c. Figure 4c shows the joint distribution of ¢ and mean surface soil
moisture, which are positively correlated across climate conditions, at least up to a mean 6, value of
0.25 cm?/cm®. The lag-one autocorrelation is estimated separately by season in Figure S4.

6. Global A from Satellite Retrievals

Combining equations (19) and (24) gives us the ability to estimate the subsurface coupling length (estimates

denoted as I) from irregularly observed remotely sensed data as follows:

2= _ Orly (28)

o6 /201=9)

Equation (28) suggests that increases with the variance of P — L, the net inflow to the system, and decreases

with increasing var{6}. This makes intuitive sense; a large 2 corresponds to large correlations with the sub-
surface which serve to buffer 6, from large infiltration shocks. Equivalently, if 6; changes substantially with
small precipitation inputs, it is unlikely to represent correlated storage changes across the profile. The stan-
dard deviation ratio op_; /05, can be thought of as an “inertia to shocks,” and is discussed in greater detail in
Figure S5.
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Figure 4. Daily-scale lag-one autocorrelation, ¢, for deseasoned surface soil moisture. (a) ¢ from 9 km Soil Moisture Active Passive (SMAP) surface soil moisture.
(b) Background same as (a) over ConUS; the markers show ¢ from in situ United State Climate Reference Network sites using surface layer hy = 7.5 cm. (c) Joint

distribution of pixel-by-pixel ¢ and mean SMAP surface soil moisture showing positive correlation across arid/semiarid climate conditions. ConUS = Contiguous
United States.
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Figure 5. Estimated subsurface coupling length)t, as calculated from equation (28) using Soil Moisture Active Passive surface soil moisture and Global Precipitation

Measurement precipitation.

Combining these standard deviation ratios with the autocorrelation term 1/+/2(1—¢) gives us 4, as shown in
Figure 5. The subsurface coupling length scale is nearly always larger than the nominal sensing depth of
SMAP (50 mm) and exceeds half a meter in many locations, particularly wet regions (Southeastern
ConUS, Northern South America, Central Africa, Southeast Asia, and the Malay Archipelago).

Mountainous regions with large 2 values—notably the Alps, Caucasus, and Southwestern Himalayas—dis-
play both large precipitation variability (due in part to orography-driven high mean precipitation rates) and
small soil moisture variability. In these regions, the impacts of lateral hillslope runoff may lead to larger dif-
ferences between precipitation and infiltration, which could lead to overestimation of the numerator of
equation (28).

The general spatial patterns in Figure 5 match the map of column water capacity obtained from a model
(Figure 1 in Koster & Suarez, 2001), with larger subsurface coupling length scales in wet areas. The
ConUS region during the summertime shows a high degree of similarity to estimates of a related length scale
in Akbar et al. (2018b) made using explicit time series models rather than a variance budget. As we might

expect, Lis strongly (positively) correlated with mean precipitation, mean soil moisture, ¢, and an indepen-
dent evapotranspiration data set (Moderate Resolution Imaging Spectroradiometer; Mu et al., 2013, see
Figure S6).

It is worth noting that geographical differences between hydrologic length scales are not reflecting differ-
ences in radiometric sensing depth/emission depth. This is apparent because—unlike the radiometric sen-
sing depth—the hydrologic length scale increases empirically with mean soil moisture (again, see Figure
S6). This demonstrates that regardless of how the radiometric sensing depth is defined (whether static as
50 mm or as a dynamic function of soil moisture), the scaling factor 1 is responding to fundamentally differ-
ent processes, namely coupling of moisture fluxes between the surface layer that is “seen” by the SMAP
radiometer and the deeper subsurface soil moisture.

The probability density function of A across space (Figure 5, inset) does have a mode somewhat above the
nominal 50-mm depth for the SMAP radiometer, suggesting many (arid) areas with minimal subsurface cou-
pling. Global mean values range from 185-200 mm seasonally (see Figure S7).

7. Discussion

Regions with large subsurface coupling lengths (Figure 5) are typically wet (implying typically larger
hydraulic conductivities; Figure S6) and display a high surface soil moisture autocorrelation (¢; Figure 4).
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We would intuitively think that in these regions—where fluxes of water are large, but changes in the surface
moisture state are small (Figure S5)—the landscape acts like a larger, more uniform “bucket,” and indeed we
find that the correlations between the surface and the subsurface are high. The surface encodes more infor-
mation about the subsurface in these areas, and the first-order changes in surface soil moisture represent
more movement of landscape water—volumes quantified by/l-G; instead just the observed iy GS This implies
greater utility for landscape or ecological applications.

Previous studies have estimated length scales from L-band soil moisture and precipitation data using a water
balance framework (Akbar et al., 2018a; Crow et al., 2017). We suggest that these relationships are both sta-
tistical and physical, with drainage fluxes providing the coupling link between the surface and the soil pro-
file as a whole. Greater drainage can lead to larger stores of column water, which seems to imply higher
water-holding capacities which are typically larger in wet areas with high moisture persistence/autocorrela-
tion (Koster & Suarez, 2001). Areas with large A values are of particular importance for vegetative ecosystem
modeling due to the link between precipitation storage capacity and root zone development (Milly, 1993,
1997), and larger surface soil moisture reservoir sizes lead to decreased runoff, increased evapotranspiration,
and changes in offshore advective water transport with a positive feedback through vapor pressure deficit
(Milly & Dunne, 1994).

The variance budget approach described in section 5 yields almost identical results to what can be obtained
by expressing the water budget directly in terms of an active, but unobservable (i.e., “latent state variable”)
storage volume (i.e., dV/dt = Inputs — Outputs). This latent variable model can be combined with a measure-
ment equation (i.e., V= A - 6) in a state-space framework, and a Kalman filter can be used to infer the value
of A as an unknown coefficient. Our variance budget method, however, is simpler and yields an explicit equa-

tion for A with similar results (not shown).

The fact that A is generally larger than SMAP's nominal radiative sensing depth of 50 mm, it shows that there
is often substantial subsurface correlation, which explains previous findings that surface soil moisture retrie-
vals demonstrate more explanatory power than might be physically expected (Crow et al., 2017; Qiu et al.,
2014, 2016). Surface soil moisture appears to represent processes deeper into the root zone than radiometry
allows us to explicitly see.

Throughout the derivations in sections 3-6, 4 serves multiple roles as (1) a regression coefficient linking
volumetric changes at the surface and integrated column storage (equation (2)), (2) as an e-folding length
scale for exponential covariance fall-off of the subsurface soil moisture profile (equation (10)), and (3) as a
variance budget ratio between surface shocks and state variable response (equation (28)). The link between
these simultaneous interpretations is both physical—through conservation of water mass—and statistical—
through the correlated nature of surface and subsurface dynamics.

The ways in which A is both a statistical and physical descriptor yield some counter-intuitive applications.
Our variance budget accounting implies that using 4 as the thickness of a surface layer for a simple bucket
model will lead to smaller conservation of mass errors than using the nominal 50-mm sensing depth (even
though SMAP likely sees something closer to 50 mm than 4). This is confirmed in previous physical model-
ing studies (Akbar et al., 2018b, 2019). This may be significant for many terrestrial ecological applications,
for example, rooting depth and vegetation/climate feedbacks (Gentine et al., 2012), vegetative reservoir
extents in global climate models (Koster & Suarez, 2001; Milly & Dunne, 1994), and irrigation estimation
(Lawston et al., 2017).

Estimation of 2 from daily surface soil moisture and precipitation is hindered by estimates of the regres-
sion error (unknowable without profile data) and estimates of evaporative/drainage losses (estimable,
but not observed). In situ data shows that the covariances between precipitation and losses are not
always what we would expect (Figure 3b), which adds uncertainty to our loss estimates and down-

stream 1 estimates (Figure 5b). This could perhaps be overcome by calibrating 1 estimates to either
gravimetric or in situ data (or even land surface model runs), which would then allow back calculation
of the loss function variability. Alternatively, loss function estimation could be improved by incorpora-
tion of evapotranspiration data, or even a potential evaporation proxy. Fortunately, relative estimation
errors diminish with thickness of the surface layer, and so we do not expect changes in biases with soil
moisture state.
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Comparisons of 1 estimates between point-scales and remotely sensed scales (see Figure A2c) suggest that
the best estimate of 1 is made at the scale of the application. This is, as previously mentioned, due to both
representativeness and the dampening of variances with aggregation scale. An additional consideration is
that the validity of a simple linear model may change with scale, effectively changing the magnitude of
cr?mg. This cannot be easily assessed without full profile data at multiple spatial scales, which could perhaps
be an avenue of future study within a multiscale physical modeling environment.

8. Conclusions

In this study, we define the subsurface coupling length A as (1) a statistical mean-state estimator for changes
in total column water given changes in observed surface soil moisture, (2) the e-folding length scale for an
exponential covariance profile in the soil column, and (3) the appropriate length scale for a bucket model
of the surface to conserve water mass using a variance budget. We provide a formula for estimating 4 (equa-
tion (28)) using surface soil moisture and precipitation observations (either in situ or remotely sensed).

We show that the surface and subsurface are generally coupled globally, and that A is typically larger than
SMAP's radiometric sensing depth (sometimes by an order of magnitude), implying that satellite soil moist-
ure observations tell us about more of the soil profile than we can explicitly see. That said, since we also find
that 1 increases with the thickness of the observed surface layer (Figure 2), lower-frequency microwave
radiometric instruments will still provide additional benefit in probing the subsurface.

As a step in this process, we derive a method to estimate the lag-one autocorrelation for irregularly observed
data (equation (26)) and provide what is, to our knowledge, the first global map of the AR(1) coefficient for
surface soil moisture.

We conclude that, in all but the most arid areas, the surface actually tells us more about the total column
water than a 50-mm sensing depth would imply. This finding may allow users of microwave soil moisture
products to recognize where extrapolation to ecosystem-scale wetting and drying conditions is reasonable
and where it is not. The mixed statistical/physical nature of 1 allows us to explicitly discuss correlated moist-
ure fluxes in the subsurface, even in situations when physical models cannot be properly parameterized due
to lack of data or difficulty in representation of scale.

The subsurface coupling scale may be useful as a predictor of rooting depth (Rama, 1988; Schymanski et al.,
2008), which is determined not so much by maximum water extraction (except in arid climates), but by sup-
ply consistency. Beyond this, there is some evidence that spatial patterns of 1 may moderate soil moisture/
evapotranspiration and soil moisture/drainage fluxes (Akbar et al., 2019), which would allow us to translate
(unitless) volumetric changes into extrinsic fluxes.

The existence of subsurface coupling makes the unobserved profiles of soil moisture scientifically “visible”
from existing surface observations. This additional soil water information allows for more complete repre-
sentation of drought, land-atmosphere feedbacks, groundwater transfers, moisture availability for vegetated
ecosystems, and the coupling of the terrestrial water, energy, and carbon cycles.

Appendix A: Exponential Covariance and Correlation Profiles
Equation (10) from the main text gives an exponential relation for the soil moisture covariance function
in depth

EXP<—§) =3t =7(@).

We can plot the actual measured covariances (scaled by the surface variance) versus depth for each of the
Airborne Microwave Observatory of Subcanopy and Subsurface (AirMOSS) sites to see whether they fall
off exponentially and to determine the e-folding scale x. These relationships are shown in Figure Ala, with
red lines showing least-squares best exponential fits. The x values from those fits are plotted against A values
(from equation (2) directly), using the 2-cm sensors as 6, as well.
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Figure Al. Subsurface/surface variance relations, V variance partitioning, and upper bounds at seven in situ sites. (a) Blue circles show covariance between the
surface layer and subsurface layers (scaled by surface variance), which generally falls off with increasing depth. Red lines show an exponential fit; scatter plot

shows exponential fall-off length scale versus A from regression at each site clustered near a 1-to-1 line. (b) Partitioning of full-profile V term as in equation (A9);
precipitation variance does not always dominate, and precipitation/losses sometimes negatively covary. (c) An upper bound Ay as defined in equation (A11) versus
A directly from regression as a function of surface layer thickness hy (h; increases to the right in all cases). Ayp is always greater than A and often much greater.

While the equivalence is quite close for most of the sites, for all sites, ¥ < A4 (faster than exponential fall-off of
covariance), and proximity to the 1-to-1 line shows the degree to which the covariance between the surface
and subsurface falls off exponentially. Larger x (or 1) values mean that the covariance decreases more slowly
through the column, that is, the BERMS Old Aspen site has a shallow drop-off in covariance with the sur-
face, while Tonzi Ranch has a steep (and not quite exponential) drop-off in covariance with the surface.
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Figure A2. Estimation ofAat in situ sites using in situ (surface layer =7.5 cm) and remotely sensed data. (a) Histogram of the unestimatable terms from the numera-
tor in equation (A14), with mean and median near zero (despite outliers). (b) A as estimated from regression (equation (3)) versus 7 as estimated from equation (34)
at United State Climate Reference Network (USCRN) and AirMOSS in situ sites. Errors are the results only of neglecting the terms shown in (a). (c) A as estimated
from regression using in situ measurements versus 2 as estimated from equation (19) using remotely sensed estimates (Soil Moisture Active Passive [SMAP] soil
moisture and Global Precipitation Measurement [GPM] precipitation). Bias and errors are the result of both neglected terms from Figure 5a and spatial repre-
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A1l .Correlation Length Scale

If, instead of assuming an exponential covariance profile, we assume exponential correlation profiles,

p(6,,6) = exp(—g), (A1)

but make no assumptions about the variance of soil moisture with depth, then the subsurface coupling
length scale can be estimated as a function of the correlation length scale, «, as

A= hlfhzgexp (—E) dz (A2)
0 Oy al

This approximation is shown as red x-es in Figure 2 for each in situ site and is generally more accurate than
the exponential covariance profile assumption in equation (10) (the covariance assumption is more restric-
tive as it constrains the variability at all depths as well as the temporal correlations). If you build on this
assumption to assume that the standard deviations of changes in soil moisture fall off exponentially in the
soil column,

Og, = g -€Xp (—%) , (A3)
then
hy+h; z z
A= | exp (—a> -exp (_B> dz (Ad)
-1
)

for large values of h,. This hyperbolic mean relation implies that, with exponential correlation and standard
deviation length scales a and f3, respectively, the subsurface coupling length scale is

Ax~min(a, ). (A6)
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Assuming exponential variances rather than standard deviations rescales 8 by a factor of two. Without
resorting to direct empiricism (i.e., regression with site characteristics, soil texture, and meteorology), deter-
mination of any of the covariance, correlation, or standard deviation length scales still requires measure-
ments of the subsurface.

A2. Theoretical Bounds on 4

Returning to equation (3c),

we notice that the error term decreases the value of 4, such that an upper bound can be defined as

G .
A<
_Ge; (A7)

For perfect coupling between the surface and subsurface (a rigid, constant-shape soil moisture profile), the
error term and its standard deviation go to zero and A—o, /o, . For complete decorrelation between the sur-

face and subsurface, we have already seen that 1 — hy, the thickness of the observed surface layer, so h; <1
<oy /oy (negative daily-scale correlations between the surface and subsurface, giving rise to 4 < h; or even

A <0, do not occur at any of roughly 100 in situ sites we have available for this study).

The upper bound on 4 in equation (A7) depends on the standard deviation of v,

Oy =4/ G?P_L} (A8)
=./o% +o?—2P,L. (A9)

The last term in A9—the covariance between P and L—as determined from full profile measurements at the
AirMOSS sites, is nonnegligible, quite variable, often of the same order of magnitude as the individual var-
iance terms, and can be positive or negative (daily precipitation is observed and total column losses are cal-
culated daily from the water balance equation (17)). Figure Alb shows a variance budget for the terms in
equation (A9). The sum of the magnitudes of the three colored bars gives the variance of changes in total
column water for each site, o-f/,. Beyond the substantial range of values for the covariance term, it may be
surprising to see the relative magnitudes of the loss and precipitation terms, with o7 roughly equal to o2
at Tonzi Ranch, and o?>0% at the Old Aspen and Duke sites by factors of 2.5 and 3.4, respectively. This
may be due to variability in drivers of evapotranspiration (discussed below), measurement error, the
neglected effects of horizontal advection, or real subsurface process variability. Even as hydrologists, we
may sometimes forget that the soil is more than just a phase-shifted low-pass filter on precipitation; it is also,
of course, its own complex dynamic system with flows and sinks, actively controlled root systems, diurnal
cycles, and nonnegligible capillary rise. Some of these complexities may be reduced by the averaging which
necessarily occurs at the remotely sensed pixel scale.

Figure A1b shows that none of the terms in equation (A9) can be ignored—particularly for those sites which
are far from the 1-to-1 line in Figure Ala (Tonzi, Duke, Old Aspen)—but we can still write

O'V'S\/O'IZ; + 0% +20p01< \/4~max(al%, o?) = 2:max(op,0r), (A10)

where the first inequality comes from assuming a bounding case with perfect correlation between P and L.
While we can see that there are situations in which oy, is the dominant term, so long as op is of roughly the
same order(For a correlation ppy, between precipitation and losses, o, <20p if
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@>PPL + VPp, +12
ar 6

which ranges between 0.43 and 0.77 with pp; .) as o7, we can establish an upper bound using the (observable)

Op as

op
}LUB = 20— (All)
)

Figure Alc shows that this is always true at these sites and that this is not always a tight constraint (for exam-
ple when both op and (P,L) are large, as at Metolius). For each site, the markers show 1, using different
values of hy, the surface layer thickness (as in Figure 2) with larger A values again corresponding to larger
hy values. This simply shows the attenuation of surface layer variance with averaging to depth serving to
decrease the denominator in equation (A11). Because of its limited utility as a constraint for these in situ
sites, we do not explore Ay further in this study but do show global estimates in Figure S9.

A3. Loss Function Validation

To estimate A when in situ observations of subsurface losses are not available, we write our estimated loss
function from equation (21) as

L = E{P|6;} (A12)
and then write its relationship with the true losses in the soil column, L, as
L(t) = Lo(t) + e (0). (A13)

Lg captures variability in losses due to surface soil moisture state, and thus represents the variability in L,
which is encoded directly in time series of surface soil moisture and precipitation. The (mean-zero) errors,
€r, are due to variability in other processes, namely deep column moisture state and atmospheric drivers
of evaporative losses from the soil column. Deseasoning each of the soil moisture, precipitation, and (esti-
mated) loss time series can reduce components of €, due to seasonal dynamics (e.g., in vapor pressure deficit,
vegetation green-up, and evapotranspiration). To see the effects of estimating separate loss functions by sea-
son, see Figures S4, S5, and S7.

Using the conditionally averaged loss estimates, we can rewrite equation (3c) as follows:

(A14)

In the numerator, we can calculate the first three terms 012,, a%s, and (P, Lg) from time series of P and 6, alone.
The remaining three terms, a?L, (P — Lg,€.), and crfmg require the full integrated profile time series of V, ren-
dering them unestimable from satellite surface soil moisture and precipitation.

To assess the impact of neglecting the contributions of the three unestimatable terms, we can calculate them
at in situ sites with full profile V time series. Figure A2a shows a histogram of the three terms at 81 sites from

the USCRN. Despite the fact that both €7 and €., are on the same order as o3, the sum of the three is typically
near zero (Figure 5a). This leads us to define
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(A15)

as a tractable estimator of A.

This estimate will depend on the observed surface layer depth (as demonstrated in Figure 2), as well as on
the spatial scale of aggregation of the input variables, P and 0 (temporal variances decrease with increased
spatial aggregation). Although we cannot directly validate this approximation at the scale of remotely sensed
P and 6 observations, we can with the in situ data, as shown in Figure A2b. Neglecting the unestimatable
terms does introduce some significant bias suggesting that 1 estimates from equation (A15) may (on average)
slightly overestimate the “true” subsurface coupling length (by ~29%). It is worth noting here that even the
“true” estimates of A from regression are of course least-squares estimations and subject to sampling varia-
bility themselves.

Fortunately, the biases appear to diminish with increasing surface layer thickness h,, at least in a relative

sense. The mean \/ 0% —2P—Lg, €L—U§mg when h; = 125 cm is only 1.1336 cm at the USCRN sites, roughly

twice as large as when h; = 7.5 cm, while 4 increases much more rapidly (see Figure 2a). This implies that
errors in A estimation should not increase simply due to dry soil conditions (which serve to increase the
radiometric emission depth, h, for satellite retrievals). Additionally, lower frequency sensors would be sub-
ject to smaller relative estimation errors.

A4. In Situ versus Satellite Intercomparison

Values of A from the USCRN and AirMOSS in situ sites are shown versus estimates of A from SMAP and GPM
in Figure A2c. Significantly, the observational time periods do not overlap between the SMAP/GPM record
and the AirMOSS observations, while they do for SMAP/GPM and the USCRN data. For the in situ observa-

tions, the surface soil layer is defined as the top 7.5 cm. 2 from remotely sensed observations is on average
lower than the in situ regression 4 in Figure A2c. This is opposite of the response in Figure A2b, and we
would assume that spatial scaling and representativeness play a large role in determining the subsurface
coupling scale length (i.e., that the variance of fluxes decreases more rapidly with increasing spatial scale
than does the variance of the changes in volumetric soil moisture—a bounded variable). From the perspec-
tive of equation (28), this makes sense; the variance terms decrease and the lag-one autocorrelation increases
when aggregated to the pixel-scale, but it is not clear that they would scale similarly. At a more conceptual
level, both the statistical and physical coupling between the surface and the subsurface may behave quite
differently for a point-scale measurement versus for a 9 km X 9 km landscape; we would not necessarily
expect a 1-to-1 equivalence between the in situ and remotely sensed length scales. While A does represent
a physical correlation scale, we expect it to have scale dependence, and so a particular length scale may
be primarily representative of a particular data set or spatial extent.
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