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Determining soil moisture and soil properties in vegetated
areas by assimilating soil temperatures

Jianzhi Dong?, Susan C. Steele-Dunne’, Tyson E. Ochsner?, and Nick van de Giesen'

'Water Resources Section, Faculty of Civil Engineering and Geosciences, Delft University of Technology, Delft,
Netherlands, 2Department of Plant and Soil Sciences, Oklahoma State University, Stillwater, Oklahoma, USA

Abstract This study addresses two critical barriers to the use of Passive Distributed Temperature Sensing
(DTS) for large-scale, high-resolution monitoring of soil moisture. In recent research, a particle batch
smoother (PBS) was developed to assimilate sequences of temperature data at two depths into Hydrus-1D
to estimate soil moisture as well as soil thermal and hydraulic properties. However, this approach was lim-
ited to bare soil and assumed that the cable depths were perfectly known. In order for Passive DTS to be
more broadly applicable as a soil hydrology research and remote sensing soil moisture product validation
tool, it must be applicable in vegetated areas. To address this first limitation, the forward model (Hydrus-1D)
was improved through the inclusion of a canopy energy balance scheme. Synthetic tests were used to
demonstrate that without the canopy energy balance scheme, the PBS estimated soil moisture could be
even worse than the open loop case (no assimilation). When the improved Hydrus-1D model was used as
the forward model in the PBS, vegetation impacts on the soil heat and water transfer were well accounted
for. This led to accurate and robust estimates of soil moisture and soil properties. The second limitation is
that, cable depths can be highly uncertain in DTS installations. As Passive DTS uses the downward propaga-
tion of heat to extract moisture-related variations in thermal properties, accurate estimates of cable depths
are essential. Here synthetic tests were used to demonstrate that observation depths can be jointly esti-
mated with other model states and parameters. The state and parameter results were only slightly poorer
than those obtained when the cable depths were perfectly known. Finally, in situ temperature data from
four soil profiles with different, but known, soil textures were used to test the proposed approach. Results
show good agreement between the observed and estimated soil moisture, hydraulic properties, thermal
properties, and observation depths at all locations. The proposed method resulted in soil moisture estimates
in the top 10 cm with RMSE values typically <0.04 m3/m3. This demonstrates the potential of detecting the
spatial variability of soil moisture and properties in vegetated areas from Passive DTS data.

1. Introduction

Interactions between the land surface and the atmosphere are strongly influenced by soil moisture [Entekhabi
et al.,, 1996]. Thus, development of global, remotely sensed soil moisture products has been a major research
focus in recent years [e.g., Wagner et al., 1999; Entekhabi et al., 2010; Kerr et al,, 2001; Owe et al., 2008]. In order
to calibrate and validate these remote sensing products, large-scale in situ soil moisture measurements are
needed [Crow et al.,, 2012; Ochsner et al., 2013]. In situ soil moisture measurement at the scale of a satellite
footprint is challenging using traditional point-scale measurement methods, and several novel methods have
been proposed to circumvent the need for intensive point-scale measurements [Ochsner et al., 2013]. Exam-
ples include cosmic ray probes [Zreda et al., 2008], GPS reflectometry [Larson et al., 2008], and Distributed Tem-
perature Sensing (DTS) [Steele-Dunne et al., 2010; Sayde et al., 2010]. DTS is an advanced environmental
temperature measurement technique using fiber-optic cables. It can provide continuous temperature meas-
urements at high resolutions (temporal resolution <1 min and spatial resolution <1 m), and cables can easily
extend to kilometers in length [Selker et al.,, 2006]. DTS may have the potential to provide submeter resolution
soil moisture measurements up to kilometers. Hence, it may provide insights about soil moisture variability
across different scales [Ochsner et al., 2013].

The key to DTS methods is to link the measured soil temperature or thermal responses to soil moisture. One
category of DTS techniques is Active DTS, in which electrically generated heat pulses are applied to the
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fiber-optic cables. The temperature change during and after the heat pulse can be related to soil moisture
using either empirically calibrated or physically based equations [Sayde et al., 2010; Striegl et al., 2012; Ciocca
et al.,, 2012]. The Active DTS method has been shown to be accurate, particularly when soil moisture is low.
However, the large energy requirement for heat pulses is a logistical obstacle for some field experiments.
To circumvent this problem, Steele-Dunne et al. [2010] investigated the feasibility of using DTS measured
soil thermal responses to the net radiation (Passive DTS). In their study, soil heat transfer between two mea-
surement depths was assumed to be due to heat diffusion. An “inversion method” was used to determine
the value of soil thermal diffusivity that provides the best fit to the observed soil temperatures. Provided
the thermal diffusivity-soil moisture relationship is known, soil moisture can be estimated every meter along
the fiber-optic cables. Their study also highlighted several key challenges in applying an inversion method
to DTS. First, the uncertainties in the thermal diffusivity-soil moisture relationship may significantly affect
the accuracy of the estimated soil moisture. Second, thermal diffusivity is relatively insensitive to soil mois-
ture for wet soils, which means the estimates are not reliable when soil moisture is high. Third, the inversion
method may fail to converge to a reasonable value when solar radiation is low. Finally, the approach is very
sensitive to the uncertainties of the cable depths.

Recently, Dong et al. [2015a] demonstrated that data assimilation could be used to address several chal-
lenges in estimating soil moisture using passively measured soil temperatures. Data assimilation can opti-
mally combine model estimates and observations [Reichle, 2008], in which different source of uncertainties
can be considered [Liu and Gupta, 2007]. The Ensemble Kalman Filter (EnKF) is one of the most popular data
assimilation techniques, it assumes the prior distribution and the observation error are normally distributed
[Evensen, 1994]. The posterior distribution is then solved analytically. The EnKF is shown to be a robust data
assimilation technique, which can be easily implemented in complex systems [Evensen, 2009]. The EnKF is
capable of constraining hydrologic estimates when remote sensing observations are assimilated, e.g., in
improving footprint scale soil moisture estimates [e.g., Margulis et al., 2002; Reichle et al., 2004; Reichle and
Koster, 2005; Crow et al., 2008; Draper et al., 2012; Qin et al., 2009; Yu et al., 2012], terrestrial water storage
[e.g., Zaitchik et al., 2008; Forman et al., 2012; Forman and Reichle, 2013], and stream flow estimates [e.g.,
Clark et al., 2008; Crow and Ryu, 2009; Rafieeinasab et al., 2014; Rakovec et al., 2012].

Dong et al. [2015a] used a fully coupled soil water, heat and vapor transfer model as the forward model
(Hydrus-1D) [Simunek et al., 2009] and then applied the EnKF was to update the prior estimated soil mois-
ture sequentially using soil temperatures. A series of synthetic experiments were used to demonstrate that
the data assimilation method could handle uncertainties in soil texture (soil thermal diffusivity-moisture
curve). Furthermore, even if net radiation was low and the soil temperature contains little information on
soil moisture, the EnKF produced a reasonable soil moisture value from the forward model.

Series of soil temperature measurements contain more information about the soil heating and cooling rate,
and therefore may contain more information about soil moisture [Boni et al., 2001; Bateni and Entekhabi, 2012;
Caparrini et al.,, 2003]. This implies that batch smoothing, rather than sequential filtering is more suitable for
soil moisture estimation using soil temperatures. The Ensemble Smoother (ES) is similar to the EnKF, except
that observations are assimilated in a batch to update all states within some window in time. This allows the
ES to consider observations beyond the estimation time. The ES has been shown to be suitable for estimating
land surface soil moisture states by assimilating microwave remote sensing observations [Dunne and Ente-
khabi, 2005]. However, the ES may be inaccurate when the system is highly nonlinear or the prior distribution
is not normally distributed [Van Leeuwen and Evensen, 1996]. Dong et al. [2015b] presented a so-called Particle
Batch Smoother (PBS) to overcome this problem. The PBS is an extension of the well-established particle filter
(PF) [Moradkhani et al., 2005a, 2012; Montzka et al., 2011, 2013a, 2013b; Dumedah and Coulibaly, 2013; Noh
et al.,, 2014]. Similar to the PF algorithm, the PBS maps the prior distribution using randomly sampled points,
rather than only preserve the mean and the standard deviation of the prior in the EnKF [Moradkhani et al.,
2005a; Dong et al., 2015b; Margulis et al., 2015]. Similar to the ES, the PBS state and observations are distrib-
uted in time so that observations within some window are used to update states in that window.

Dong et al. [2015b] used the PBS to update the soil moisture using the soil temperature evolution within a win-
dow of a fixed length. They showed that the PBS outperforms sequential filtering methods. Previous studies
[Yan et al,, 2015; Montzka et al, 2011] have demonstrated that updating soil moisture and properties jointly
using the PF leads to significantly improved estimates compared to the case that updates the model
states alone. Instead of using microwave remote sensing observations [Yan et al., 2015; Montzka et al., 2011],
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Dong et al. [2016] demonstrated that soil hydraulic properties could be accurately estimated by assimilating
soil temperature observations with the PBS. This results in an improved water retention curve compared to the
open loop, which benefits the performance of the forward model and in turn improves the soil moisture esti-
mates. Soil temperature estimates were also discussed in detail by Dong et al. [2016]. It was shown that the soil
temperature profile can already be well estimated when only model states are updated, since soil temperature
at two shallow depths are directly observed, and highly correlated at different depths. When the model param-
eters and states are jointly updated, the improved model parameters can significantly benefit the performance
of the forward model, which yields further improvements in soil temperature estimates at depth.

Though significant progress has been made in the Passive DTS method through the application of data assimila-
tion, two key challenges remain. First, the forward model (Hydrus-1D) cannot simulate energy balance processes
in vegetated areas. Hence, previous studies were limited to bare soils. This severely limits the usefulness of the
approach in hydrological sciences and as a validation tool for remote sensing. Further, the observation depths
were assumed to be perfectly known. This assumption is rarely valid in DTS applications [Steele-Dunne et al.,
2010]. To tackle these challenges, this study will first improve the existing forward model (Hydrus-1D) by includ-
ing a canopy energy balance scheme. Then, we will propose a method that can estimate the observation depths
as part of the data assimilation scheme. In the following sections, we will demonstrate the importance of includ-
ing the canopy energy balance scheme in the forward model using synthetic experiments. The performance of
the algorithm that jointly estimates the observation depth, model parameters and states will also be evaluated
using synthetic experiments. Finally, the new approach will be tested using real-world observations.

2. Method and Materials

2.1. Modified Hydrus-1D Model

2.1.1. Soil Water, Heat, and Vapor Transfer

In this study, the vertical soil water, heat and vapor transport processes in the unsaturated zone are simu-
lated using Hydrus-1D [Saito et al., 2006]. The governing equation for one-dimensional liquid and vapor
flow is expressed as

g:% KTh%+KLh+KTTg ) (M
where 6 is soil water content (m*> m~3) at time t (s), and z is the vertical coordinate (positive upward) (m).
Krn and K7 are the isothermal and thermal total hydraulic conductivities, respectively, and K;, is the isother-
mal unsaturated hydraulic conductivity. S is a sink term (m® m~3 s"), which in this case is the water taken
up by the roots. The integral of S is then the transpiration rate, which will be estimated in the next section.
K., and the soil retention curve are determined using van Genuchten’s model [Van Genuchten, 1980]:

K=K, [1-(1-52 "’]2

Lh s ( e) (2)
o+ 070 g

0(h)= [1+|oh]"] (3)
0, h>0

where K; is the saturated hydraulic conductivity (m s, S, is the effective saturation, /, m, n, and « are
empirical shape parameters and 6, and 6, are the residual and saturated soil water contents (m* m~3). The
governing equation for soil heat transport is

ac,T | 90,
o Tl T
0 {z(e) W} c, 20T

0z oz| Y oz
aqv_Cva(hT

~ho 0z 0z

—C, ST

where T is soil temperature (K), Cy, C,, and C, are the volumetric heat capacities of water, vapor, and moist
soil U m™3 K™"), Ly is the volumetric latent heat of vaporization of liquid water (J m™—3), g, and g, are the
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flux densities of liquid water and vapor (m s~ "), and A(0) is apparent soil thermal conductivity (W m~" K™ ).
A(0) is estimated from

A(0)="20(0)+ pCular| (5)

where f is the thermal dispersivity (m). In this modified Hydrus-1D model, thermal conductivity 4, is esti-
mated using the model proposed by Lu et al. [2007]. The Lu model is expressed as

7 (9) = (/lsat - ;Ldly) Ke+ j-dry (6)

where K. is the Kersten number, and A4y, and A, are soil thermal conductivities for dry and saturate soil,
respectively. The /4y, is approximated as

Jdry=—0.5605+0.51 (7)

Note that the soil porosity is assumed to be equal to the saturated water content in this study. The parame-

ter K, is estimated as
0 or—1.33
Ke =exp |:O('r —or (0*) :| (8)
s

where o7 is a soil texture dependent parameter ranging from 0.27 to 0.96.

2.1.2. Canopy Energy Balance

The soil surface energy balance scheme used in the modified Hydrus-1D is based on that presented by Ole-
son et al. [2010]. The surface energy balance equations for the vegetation and ground are as follows:

S,—L,=H,+JE, )

Sg—Lg=Hy+E,+G (10)

where S, is the solar radiation absorbed by the vegetation canopy, L, is the net longwave radiation for

the vegetation canopy (positive upward from the canopy), and §g and Eg are defined similarly such that

Sy—Lg is the net radiation at the ground surface. The radiation terms were estimated using the radiative

transfer model proposed by Sellers [1985]. H, and AE, are the sensible and latent heat fluxes from the

canopy, Hy and AE, are the sensible and latent heat fluxes from the ground, 4 ~ 2.501 X 10°J kg_1, and

G is the ground heat flux [Oleson et al., 2010]. All the energy fluxes have a unit of W m~2. The water

vapor flux from canopy (i.e., E, in kg s~' m~2) includes evaporation of intercepted water and
transpiration.

The sensible heat fluxes are calculated as follows:

Ts_Tv)

Hy==pamCp ( (Lieaf + Lstem) (an

T.—T.
Hg="PatmCp =Ty Sr, ) (12)
ah

where parm is the density of air (kg m ™), G, is the specific heat capacity of air at constant pressure (J kg™’

K™, T, T, and T, are the temperatures of canopy air (K), vegetation, and ground surface respectively, Ljeqr
and L., are the exposed leaf and stem area indices, r,, is the leaf boundary layer resistance (m s "), and h
is the aerodynamic resistance to the sensible heat transfer between the ground surface and canopy air.
Assuming the air within the vegetation canopy does not store heat, it gives

H=H,+H, (13)

(Hatm - Ts)
ran

H:_parmcp (14)
where O,y is the potential air temperature (K), and r,, is the aerodynamic resistance to the sensible heat
transfer from the atmosphere to the vegetated land surface. Combining equation (11) to equation (14), the
temperature of the canopy air (T;) can be estimated as
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B g +hT, -4-c’g1 T,

15
c+ch+ch 15)

s

where c2=1/rah7 c’v’z(L,eaf+L5,em)/rb and cg=1 /1, Water vapor fluxes from the vegetation and soil surface

are calculated using:

(as—ais)

EV:_parmT (16)
otai
_ (95—a9)
Eg__parmri (17)
gw

where g is the specific humidity of the canopy air, g4 is the specific humidity at the ground surface, qsrgt is
the saturation water vapor specific humidity at the vegetation temperature (kg kg™"), rroras and rgw are the
resistances of the vapor transfer from the canopy and the ground surface to the canopy air, in m s~ . Similar
to the sensible heat flux, the water vapor flux is given by

(qatm —%)

ra w

E:_patm (18)

E=E,+E, (19)

where g is the specific humidity of the atmosphere, and r,,, is the aerodynamic resistance to vapor trans-
fer in m s~ '. Combining equation (16) to equation (19), the specific humidity of the canopy air g is solved
as

.
G Gatm T €Y Qi TC4 qg

s W AW W (20)
Wty

where ¢=1/ray, c;"=1/rgw, and c¢'=1/rwta. All the resistance and conductance terms were estimated
using measured wind speed, relative humidity, air temperatures, and vegetation properties as outlined by
Bonan [1996]. The initial vegetation parameters (e.g., vegetation optical and structural properties) were
guessed to be the default values of “C3 grass” as prescribed in Bonan [1996].

To solve the energy fluxes (i.e., H,, Hg AE,, AE4, and G), iterations between the surface energy balance and
the soil water, heat and vapor transport equation was required. The iteration procedure will provide the
estimated T, resistances and the energy fluxes that satisfy the energy balance and the water balance at
each time step. The details of the numerical implementation of the algorithm are provided by Oleson et al.
[2010].

2.1.3. Boundary Condition and Model Settings

The upper boundary for the soil heat transfer is calculated using the energy balance equations as described
in the previous section, and “zero gradient” is used as the lower boundary. The upper boundary of soil water
movement is characterized by the liquid (precipitation) and vapor (evapotranspiration) water fluxes. During
precipitation events, interception was estimated using the procedure provided by Oleson et al. [2010]. The
lower boundary condition of the soil water movement model is set to “Free drainage” [Simunek et al., 2009].
The model step in Hydrus-1D was automatically adjusted by the numerical convergence, which is approxi-
mately 1 min in this study. The soil column to 1 m depth is simulated with a vertical resolution of 1 cm.

2.2. The Particle Batch Smoother (PBS)
The model states of interest are soil moisture and temperature from the surface (0 m) to 1 m. An ensemble
of model states is evolved in parallel using the forward model:

X, =f(x;_,, u},b})+w, (1)

where x’; is a vector of the model states (0 and T in this study) of the ith particle at time t, u’; is the perturbed
forcing data, b’; is a vector of model parameters, w! is the model error, and f is the forward model (Hydrus-
1D) [Moradkhani et al., 2012; DeChant and Moradkhani, 2012].

The model estimates are related to the observations by

DONG ET AL.

ESTIMATE SOIL MOISTURE AND PROPERTIES USING SOIL TEMPERATURE 4284



@AG U Water Resources Research 10.1002/2015WR018425

yi=h(x})+v; (22)

where )7’, is the simulated observation vector, h is an operator relating the prior estimated states (x}) to the
measured variable and V! is the observation error [Moradkhani et al., 2012]. The vector yi only contains soil
temperatures, while the state vector x; contains both soil simulated temperatures and moisture. The obser-
vation error is set to be 0.5°C. In this study, the observations are the temperatures at 5 and 10 cm.

The posterior distribution of interest is the joint distribution of the model states (i.e., soil temperature and
moisture) and model parameters (i.e., soil thermal, hydraulic properties, and LAIl) over a certain time interval
(window length). The posterior distribution is mapped using particles with associated weights:

N
P(Xe—r+1:ts Be—r+1:¢[¥1.¢) :Z WO (Xe—1+1:4—Xt_ 1., De—b}) (23)
i=1
where {x_,,,,b}} denotes the ith particle, w] is its weight, and ¢ is Dirac delta function [Moradkhani et al.,
2005b], and L is the window length. The impact of window length and observation interval has already
been discussed in a previous study [Dong et al., 2015b]. Because only hourly data are available, L is set to be
12 h in this study to ensure that there are sufficient observations for each batch window to estimate both
the states and parameters. The parameters were assumed to be constant within each batch window, i.e.,
b;_, .1..=b}. Similar to the particle filter algorithm, the PBS estimates the particle weights using importance
sampling:

W Wi,*L P(XQ—L+1:r|Xq :t—L)p(yt—L-H:t|xi—L+1:t) (24)
A * . 8
! o[ SR ) S N

where w}" is the unnormalized 4partic|e weight, q(X_, 1. [Xi,_1, Yi.e—) IS Fhe proposal distribution for
importance sampling, p(X;_; ,;.|X}.._,) is the transition prior, and p(y,_;.1.[%;_,,1..) is the likelihood func-
tion, which is calculated as

‘ _
' ! (0580 -)"R " (y,-,)]
PVerereXiorr)= |1 I (25)
t=L+T1:t 1™t =L+ 12t il (2n)"°/2det(R)1/2

where R is the error covariance of the observations, and n, is the number depths being observed, e.g.,
n, = 2 in this case (temperatures at 5 and 10 cm were assimilated), f is a tuning factor that prevents severe
weight degeneracy in the PBS [Dong et al., 2016]. As this experimental setup is similar to that used by Dong
et al. [2016], a value of 0.25 is used for f5. If the transition prior distribution is used as the proposal distribu-
tion, equation (24) is reduced to

W;* x WitLp(Yt—L+1:r|xi—L+1:t) (26)

The normalized weight (w/) is calculated as

W= ——— (27)

N .
S
w,
Zi=1 t

The resampling method described by Moradkhani et al. [2005b] is used in this study. After resampling, all par-
ticle weights will be set to 1/N. A detailed derivation of the PBS algorithm is provided in Dong et al. [2016].

Perturbing the estimated parameter set is usually required to avoid parameter impoverishment [Moradkhani
et al., 2005a,b; Montzka et al., 2011]:

b=b!+e¢, (28)
where ¢, is normally distributed noise with zero mean, and standard deviation (Std) of s. In this study, s is
determined as follows:

s=max(0, Qo—Std(by)) (29)

where Qq is a prescribed threshold, which was discussed in Su et al. [2011]. The parameter estimates are
usually insensitive to Qo. Using large Qq values allows the prior guesses to better encompass the optimal
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parameter sets. However, when Qq is too large, the prior guesses may contain physically unreasonable com-
binations of model parameters, which can lead to numerical instability of the forward model. Similar to
Dong et al. [2016], Q, is set to be 10% of the initial parameter standard deviation. This perturbation tech-
nique guarantees the parameter distribution has a minimum amount of spread, and this spread cannot
grow uncontrollably through perturbation [Aksoy et al., 2006].

For the case in which only soil moisture and temperature are updated, Dong et al. [2015b] showed that 100
particles are adequate. Jointly estimating soil properties and soil states increases the dimension of the prob-
lem and so more particles are required to capture the prior distribution. Synthetic experiments reported by
Dong et al. [2016] showed that 300 particles were sufficient to estimate model parameters and states. Since
the experiment settings and dimension of this study are similar to those of Dong et al. [2016], 300 particles
are also used here.

2.3. Online Estimation of Observation Depth

In previous studies, it was assumed that the depths of the temperature measurements were perfectly
known [Dong et al., 2015a,b 2016]. While this is a reasonable assumption for carefully installed point sensors,
cable depths in DTS installations can vary considerably due to ground roughness, stones, etc.

Here a version of the PBS algorithm (denoted PBS-D) includes the observation depths as free parameters.
The observation depths are randomly sampled from a prior distribution for each particle.

The observation depths are updated jointly with other parameters. Once the observation depths are
updated, the measurement operator (h in equation (22)) will be modified to ensure that the simulated
observations are at depths consistent with the estimated cable depths.

2.4. Data Collection

The soil temperature and moisture data and soil properties used in this study were collected from the Soil
Moisture Active Passive (SMAP) Marena Oklahoma In-Situ Sensor Testbed (MOISST). This is a field site
designed for cross-validation of different soil moisture measurement techniques, with the goal of facilitating
the validation of remote sensing measurements from SMAP with in situ sensors distributed around the
globe [Cosh et al.,, 2010]. The soil moisture and temperature data were collected using Hydra probe (Hydra
Probe Il, Stevens Water Inc., Portland, OR, USA) from 25 June to 8 October 2010. Data were collected at four
sites within a field approximately 0.16 km? in area. The soil properties profiles are quite distinct across the
four sites (Figure 1).

Hourly soil temperature and moisture data were measured at 2.5, 5, 10, 20, and 50 cm at sites A, B, and D.
Site C has similar soil moisture and temperature measurement depths, but the deepest sensor is located at
40 cm. Meteorological forcing data including 5 min precipitation, solar radiation, humidity, air temperature,
and wind speed were obtained from the Oklahoma Mesonet site at Marena [McPherson et al., 2007].

For real-world experiments, additional soil property data were collected at the four sites for validation. Field
capacity (033), approximated by the soil water content at a matric potential of —33 kPa, was considered as
an indicator of the accuracy of the estimated soil hydraulic properties. Soil thermal properties from 5 to
10 cm were measured at different soil water contents using a dual-probe heat-pulse sensor (KD2Pro, Deca-
gon Devices, Pullman, WA) at sites A, B, and C. The measured soil thermal properties will be used to evaluate
the estimated soil thermal conductivity curve.

2.5. Data Assimilation Experiments

First, we quantified the improvement due to the inclusion of the canopy energy balance scheme in the for-
ward model using synthetic tests. Two open loop runs were performed, i.e., the particles were run in parallel
without any data assimilation. The open loop for vegetated areas (OL-V) uses Hydrus-V, the version of
Hydrus-1D that includes the new canopy energy balance scheme. The open loop for bare soil (OL-B) uses
the original Hydrus-1D model. Results from both open loop runs will be compared to a truth generated
using Hydrus-V with perturbed parameters and model forcing. Similarly, the PBS scheme will be imple-
mented using both versions of the forward model. PBS-V and PBS-B denote the cases where Hydrus-V and
Hydrus-1D are used. Both PBS schemes assimilate synthetic soil temperature observations generated by
adding white noise with a standard deviation of 0.5°C to the synthetic true temperatures at 5 and 10 cm. In
both PBS schemes, the soil temperature and moisture profiles, soil hydraulic properties (0,, 0, o, n, and K),
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Figure 1. (a, b) The measured soil texture and (c) soil bulk density at different depths. Each thin gray line represents the prior guessed soil
texture/bulk density profile for one particle.

and soil thermal property (L) are jointly updated. A priori soil hydraulic properties were generated using
ROSETTA [Schaap et al., 2001] with randomly sampled soil texture and bulk density (Table 1). The randomly
sampled soil texture and bulk density were also used to provide the initial guesses of the Ay, [Lu et al,
2007] for each particle. In PBS-V, LAl is also estimated. To test the robustness of the approach, this experi-
ment will be repeated 10 times, where each of the 10 synthetic truths are generated using randomly
sampled parameters covering a wide range of soil and vegetation properties. Hence, this multiple truths
tests will provide more comprehensive comparisons of the performances of the PBS-V and PBS-B.

Next, we will consider the case where the observation depths are not perfectly known. In DTS installations,
cable depths can have an uncertainty of a few centimeters [Steele-Dunne et al., 2010]. Hence, it is more real-
istic to assume that the true cable depth is unknown which means that the a priori mean cable depth may
be biased with respect to the truth. In other words, we are interested in whether the PBS can draw the esti-
mated cable depths closer to the truth, even when the initial guesses are biased. In our synthetic experi-
ment, the “true” observation depths are known to be 5 and 10 cm. However, to simulate a scenario where
the actual depth is uncertain, the mean of the initial guess for the observation depths was drawn from a
uniform distribution between 3 and 7 cm, and 8 and 12 c¢m, respectively. The standard deviation of the ini-
tial guess is assumed to be 1 cm. This extension of the PBS-V, in which the observation depths are also esti-
mated, will be denoted “PBS-D.” In synthetic tests, using the same 10 truths as before, the PBS-D algorithm
will be benchmarked against the PBS-V. Finally, the PBS-D algorithm will be tested using real-world data
from four observed soil temperature and moisture profiles at the SMAP MOISST site.

3. Results and Discussion

3.1. The Canopy Energy Balance Scheme

Figure 2 shows an illustrative case that compares the estimated soil moisture using the OL-V, PBS-V, and
PBS-B. From 2.5 to 20 cm deep, the estimated soil moisture from the PBS-B is (dry) biased compared to the
truth. In the PBS-V estimates, the large errors in initial conditions persist for a few days, but the PBS-V tracks
the truth accurately from 1 July to the end of the simulation period. The soil moisture at 50 cm from the
PBS-V is significantly wetter than the truth and is worse than both the OL-V and PBS-B. This is because only
surface soil temperatures (5 and 10 cm) were assimilated, and these temperatures contain little information

Table 1. Generation of Perturbed Inputs (Soil and Vegetation Property and Forcing) for Each Particle

Variable Error Distribution Mean Std. Bound
Sand (%) Uniform 15,75
Silt (%) Uniform 0, 100 - Sand
pb (g/cm?) Uniform 11,17
Air temperature (°C) Gaussian, additive 0 +0.5

Precipitation (mm) Gaussian, multiplicative 1 X0.2

Radiation (W/m?) Gaussian, multiplicative 1 X0.075 -, 1350
Relative humidity (%) Gaussian, multiplicative 1 X0.05 -, 100

Wind speed (km/h) Gaussian, multiplicative 1 x0.2

Vegetation parameters Gaussian, multiplicative 1 X0.2
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Figure 2. Comparison of soil moisture estimated using different approaches at five depths.

on soil moisture at 50 cm [Dong et al., 2015a]. Furthermore, as the soil moisture at depth has little response
to meteorological forcing during this time period (Figure 2e), the soil moisture at depth is not correlated
with shallow soil moisture. Under these conditions, the primary impact of assimilating surface soil tempera-
tures on the soil moisture at depths is through model physics [Dong et al., 2015a], i.e., by adding or extract-
ing water at surface layers the PBS will draw the deeper layers toward a wetter or drier condition. In this
specific case, the true soil moisture is wetter than the OL-V at the surface and drier than the OL-V at 50 cm.
The PBS-V corrects the estimates from 2.5 to 20 cm toward a wetter condition, which leads to a higher
(incorrect) soil moisture at 50 cm. The bias at depth (e.g., Figure 2e) is largely an uncorrected bias in the
prior initial condition. In Figures 2a-2e, the OL-V, PBS-B, and PBS-V all start with the same prior initial condi-
tion, i.e,, initial soil moisture and temperature are assumed to be homogeneous with depth, and the values
randomly sampled from U [0.15 m3/m3, 0.4 m3/m3] and U[20°C, 40°C] for soil moisture and temperature,
respectively. It is clear from Figure 2a that assimilation of temperature observations and the impact of pre-
cipitation in “reinitializing” surface soil moisture are both effective in removing this initial bias at the surface.
The degree to which this occurs decreases with depth (see Figures 2b-2e). The root zone soil moisture has
little correlation to the surface soil moisture, and little response to meteorological forcing. Hence, as shown
by Dong et al. [2015a], the error in the prior guessed root zone soil moisture is difficult to correct using the
soil temperatures from the shallow subsurface. As shown in Figure 2d, the bias persists for approximately
4-5 weeks at 20 cm, until the soil moisture is gradually drawn to the truth at the end of the simulation. At
50 cm, it persists beyond the simulation period. The estimated soil moisture, particularly at depth, could be
improved by employing bias correction methods analogous to those employed by Ryu et al. [2009], De Lan-
noy et al. [2007], Dee and Da Silva [1998], and Monsivais-Huertero et al. [2016].

The soil hydraulic properties estimated using the PBS-B and PBS-V in this illustrative case are shown in Figure
3. The 0, and o estimates in the PBS-B converge to the truth during the simulation period. However, the PBS-B
draws the estimated n and K; toward a wrong value, which is significantly worse than the prior guess. As a
result, the estimated soil water retention curve is significantly biased compared to the truth (Figure 3h). The
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Figure 3. The convergence of (a-e) the estimated soil hydraulic properties, (f) /4., (g) LAl and (h) the soil water retention curve and (i) the
thermal conductivity curve using the estimated soil hydraulic and thermal parameters.

estimated soil hydraulic parameters from the PBS-V all converge to the true values after a few updates. The
estimates are nearly constant during the entire simulation period, which means the estimates are accurate
and robust. Because the parameters are correct, the soil water retention curve from the PBS-V fits the truth
accurately (Figure 3h). In this specific case, the true LAl is quite close to the mean of the prior guess. Hence, lit-
tle improvement is shown in the mean of the PBS-V estimates compared to the prior guess. For the thermal
properties, the estimated A, is shown in Figure 3f. Similar to the soil hydraulic properties, the PBS-B provides
an even worse estimate than the prior guess. The PBS-V quickly draws the initial guess closer to the truth,
which results in an improved soil thermal conductivity curve (Figure 3i). Consistent with a previous study
[Dong et al., 2016], the soil thermal conductivity curve is more difficult to estimate with this approach than the
water retention curve. This is because the soil hydraulic properties, through their impact on variations in soil
moisture, are the dominant control on soil temperature dynamics.

Box plots comparing the open loop and PBS soil moisture estimates for the 10 synthetic truths are given in
Figure 4. The median RMSE of soil moisture estimates using OL-V constantly is smaller than that estimated
using OL-B at all depths. In general, the differences between OL-B and OL-V increase with depth. This is
because the OL-B ignores the root water uptake processes in the root zone. The increased interquartile
range (IQR) of the RMSE of the PBS-B estimated soil moisture indicates that the PBS-B can be even worse
than the OL-B for some cases.

When the canopy energy balance scheme is included in the forward model (PBS-V), the soil moisture can
be robustly estimated across the entire profile, with RMSE values often <0.02 m® m~3. It is shown that the
performance of the PBS-B significantly depends on the temporal mean of the truth. Figure 4f shows the dif-
ference between the RMSE of soil moisture estimated using PBS-B and PBS-V at 5 cm as a function of true
soil moisture. In general, when the temporal mean of the true soil moisture is low, the performance of the
PBS-B and PBS-V is comparable. However, when the temporal mean of the truth is high, using PBS-B yields
significantly degraded soil moisture estimates compared to the PBS-V.

This can be explained by the fact that soil heat and water transfer processes are more tightly coupled under
dry soils. Soil heat transfer strongly depends on soil moisture when soil moisture is low [Steele-Dunne et al.,
2010]. Hence, heat transfer processes between two depths (i.e, 5 and 10 cm) contain more information
about soil moisture when the soil is dry. Furthermore, the energy lost through evaporative cooling is
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Figure 4. (a-e) The RMSE of soil moisture estimates using four different approaches at five depths and (f) the differences of the RMSE of the PBS-B and PBS-V estimated 5 cm soil mois-
ture as a function of the temporal mean of the true soil moisture at 5 cm. Each box plot contains results derived from synthetic tests using 10 randomly selected truths.

primarily controlled by the availability of soil moisture under dry soils. This means the cooling/heating rate
of the soil is a strong function of soil moisture. When the truth is dry, soil moisture can be relatively well esti-
mated using soil temperatures, even though the forward model has large structural errors (e.g., PBS-B).

The estimated model parameters are compared to the synthetic “true” values in Figure 5 and Table 2. As
expected, the estimated parameters from the PBS-V are closer to the 1:1 line than those estimated using
PBS-B. Several parameters estimated using the PBS-B are even negatively correlated to the truth (Table 2).
The large errors in estimated 033 (Figure 5g) from the PBS-B imply a poor agreement between the estimated
and true soil water retention curves.

In the PBS-V, o and K; are relatively poorly estimated. However, the other parameters suffice to ensure that
the 033 is well estimated (Figure 5g and Table 2), and hence that the estimated and true water retention
curves are similar.

LAl determines canopy extinction of the net radiation, which influences the amplitude of the simulated soil
temperatures. Hence, LAl can be accurately inferred from the soil temperature observations using PBS-V
(Figure 5h).

3.2. State-Parameter Estimation With Unknown Observation Depths

The illustrative case is revisited in Figures 6a and 6b which show the estimated sensor (observation) depths
using PBS-D. In this case, the prior guess for the depths is 4.3 and 10.7 cm. For the top sensor, the PBS-D
converges to the true sensor depth after a few updates. Though the estimated depth lower sensor is closer
to the true value than the prior, it is still 0.5 cm from of the true value by the final time step. Once the esti-
mated depths converge from the highly uncertain initial guess, the estimates of the depths remain con-
stant. The reduction of the uncertainties in the sensor depths is also quite noticeable.

Figure 6¢c shows box plots of the errors in estimated cable depths for 10 different truths. The median error
of the estimated cable depth is approximately 0.3 cm for the top sensor depth, and 0.5 cm for the lower
sensor depth. The amplitude of the temperature wave induced by the diurnal cycle of solar radiation is
damped with increasing depth [Steele-Dunne et al., 2010; Arya, 2001]. As a result, the error in the estimated
lower sensor depth may reach up to 1.2 cm, which is significantly larger than that of the top cable. It is
more challenging to correct the initial errors of the lower cable (Figure 6d). This is because the solar signals
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Figure 5. Comparison of (a—e) the estimated soil hydraulic properties, (f) Asqr, (9) 033, and (h) LAl using three different PBS strategies.

decrease exponentially with depth. Hence, little information is available to estimate the cable depth of the
lower cable. As for the upper cable, the depth can be well estimated regardless of whether the prior guess
is positively or negatively biased with respect to the truth.
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Table 2. Correlation Coefficient of the Estimated and the
True Parameters Using Three Different Data Assimilation

Approaches®

Par. PBS-B PBS-V PBS-D
0, 0.51 0.97 0.97
05 0.77 0.86 0.96
o —0.01 0.61 0.55
n 039 0.91 0.88
Ks —0.09 0.42 0.82
Jat ~038 063 057
033 0.49 0.95 0.90
LAI 0.87 0.94

“The values are calculated using the estimates from 10 ran-
domly selected truths.

3.3. Real Data Application
The PBS-D algorithm was applied to four real, observed soil temperature profiles at the SMAP MOISST site.
First, the error of the estimated sensor depths for the four sites is shown in Table 4, and the convergence of
the estimated sensor depths at sites A and C is shown in Figure 7. The initial/prior sensor depths at site A
are approximately 2 cm biased for both the upper and the lower sensors (Figures 7a and 7b). The PBS-D
draws the estimates to the observed sensor depths, and the error of the final estimates is 0.15 and 0.69 cm
for the upper and lower sensor, respectively. The uncertainties of the sensor depths are considerably
reduced. The same prior sensor depths were assumed for site C, and again they are biased with respect to
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The parameters estimated using PBS-D can be com-
pared to those from PBS-V in Figure 5 and Table 2. In
general, the PBS-D provides very similar results to
the PBS-V. Consequently, the accuracy of the soil
moisture estimates using the PBS-V and the PBS-D
are also quite similar (Table 3). At 2.5-20 cm, the
maximum difference in RMSE is just 0.03 m3/m3. The
similar performance of PBS-D and PBS-V is remark-
able given that the sensor depths are perfectly
known in PBS-V, and unknown but estimated in PBS-
D. This means that in DTS applications, the PBS-D
can be used to estimate soil moisture even when
there is significant uncertainty in the cable depths.
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Figure 6. The convergence of (a, b) the two estimated observation depths in one illustrative example, (c) the error of the estimated obser-
vation depths tested by 10 randomly selected truths, and (d) a comparison of the PBS-D and the prior guessed cable depths error. In Fig-
ure 6a and 6b, each thin line represents one particle. The true observation depth is shown at the final estimation step.
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the measured values. It takes longer for the PBS-D esti-
Table 3. The RMSE of Soil Moisture Estimates (m*/m?) .
at Five Depths Using the PBS-V and the PBS-D® mate of the top sensor depth to converge. When it
Depth does, the estimate is closer to the truth but still has an
error of 0.66 and 1.58 cm for the upper and lower sen-
sor (Table 4). Similar to the synthetic tests, estimates
for the lower sensor are less robust (Table 4). As dis-
cussed in the previous section, the signal from solar
radiation is damped exponentially with depth. In addi-
tion, the time lag in the propagated soil temperature
fluctuations also increases with depth. Hence, soil temperature contains less information of the observation
depths for the lower sensor.

25cm 5cm 10 cm 20 cm 50 cm

PBS-V 0.013 0.015 0.016 0.018 0.025
PBS-D 0.016 0.017 0.018 0.021 0.031

“The RMSEs are averaged from 10 randomly selected
truths.

Figure 8 illustrates the convergence of the estimated model parameters using sites A and C as illustration.
The estimated 0,, 05, and o converged to similar values at the two sites. However, the PBS-D estimates show
that site C has a significantly larger n and K. The sand content of site C is approximately 22% higher than
that of site A on average (Figure 1). Saturated soil hydraulic conductivity and the van Genuchten parameter
n typically increase with sand content [Rawls et al., 1982]. This suggests that the differences in estimated K;
and n between the two sites are reasonable. The estimated 033 based on the estimated soil hydraulic prop-
erties at the two sites is shown in Figure 8f. The PBS-D draws the estimated 033 closer to the observed value
at site A. At site C, the 053 seems to be slightly overfitted, i.e., the value from PBS-D is further from the
observed value than the prior guess. Another parameter that clearly shows the difference between the two
sites is Asqr. This leads to different estimated soil thermal conductivity curves at the two sites, both of which
are closer to the observations (Figure 8i) than the prior. The evolution of the estimated parameters is slightly
more variable than in the synthetic tests (Figure 3). This may be due to increased model structural errors in
the real-world application. For example, the forward model assumes the soil property profile is uniform,
which is not true in reality (Figure 1).

In Figures 9 and 10, results are compared from the OL-V and PBS-D to show the benefit of assimilation in a
real DTS application. The forward model is the same in both OL-V and PBS-D. The PBS-V and PBS-B are not
included here as they require that the cable depths are perfectly known. The estimated soil moisture at site
A is shown in Figure 9. Compared with the OL-V, the main benefit of assimilating soil temperatures is
between the surface and 10 cm deep, i.e., the depth of the deepest soil temperature observation. The
reduction in RMSE at shallow depths is significant (Figure 9a and 9b and Table 5). By adjusting the shallow
soil moisture to a wetter condition, the soil moisture estimates at 20 and 50 cm were also improved through
the model. Similar findings were also shown in the estimates of sites B and D in the supporting information.

At site C, the OL-V provides reasonable estimates of soil moisture at all depths, despite the large particle
ranges (Figure 10). The PBS-D provides further improvement at depths from 5 to 40 cm. In general, the larg-
est errors in PBS-D estimated soil moisture occur in the first week of the simulation (i.e., before 9 July). This
is because soil temperature and not soil moisture is assimilated, and so the PBS-D adjusts the soil moisture
to compensate for errors in the initial guessed model states and parameters.

In general, the largest RMSE of the soil moisture estimates at depths above 10 cm is approximately 0.04 m3 /m?3

(Table 5). Improvements below 20 cm are primarily through model physics. Improving soil moisture esti-
mates at shallow depths will eventually lead to improved root zone soil moisture estimates. However, this
means errors in the initial deep soil moisture persist for a few months, since the correlation between the
surface and deep soil moisture is relative low and there are limited dynamics below 20 cm. Table 5 shows
the RMSE in the estimated soil moisture at all depths, at sites A-D. From the surface to a depth of 10 cm,
most RMSE values are around 0.02-0.04 m?/m?3, which is comparable in magnitude to the measurement
error associated with the “ground truth” soil moisture probe. Consistent with the synthetic tests, the best
assimilation results are obtained in the top 10 cm, i.e.,

at and above the cable depths. At depths greater than

Table 4. The Absolute Error (cm) of the Estimated Sensor 20 c¢m, the impact of solar radiation is reduced so

Depths at the Four Sites s . .
. ) ) ) ) there is limited variation in temperature and therefore
Prior Site A Site B Site C Site D . . .

little correlation with the temperatures observed and

simulated closer to the surface. Assimilation therefore
leads to a limited improvement at depth due to the

Depth 1 2117 0.153 0.086 0.659 0413
Depth 2 1.954 0.698 0.027 1578 0.255
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Figure 7. The convergence of the estimated sensor depths at (a, b) site A
and (¢, d) site C. The observed sensor depth is shown at the final time
step of the simulation.

persistence of bias from the initial condition.
With the exception of site C, the RMSE from
PBS-V is lower than that from OL-V, confirm-
ing that assimilation generally leads to an
improvement over the open loop. At site C,
the OL-V yields RMSE values that are compa-
rable to the measurement error of the soil
moisture probe at site C. Though assimilation
appears to worsen the estimate, the magni-
tude of these errors means that the esti-
mates have essentially the same accuracies.
The value of including the vegetation
scheme is clear from the reduction in RMSE
when PBS-V is used instead of PBS-B. The
reduction of RMSE is typically around 20-
30%. The most important result, in the con-
text of applying this approach to a real DTS
application, is that the PBS-D performance is
very similar to that of PBS-V. Recall that PBS-
V and PBS-D are identical in terms of model
physics. The only difference is that the cable
depths are unknown in PBS-D and are
included with the parameters to be esti-
mated. Though the performance of the PBS-
V is excellent, its value is limited by the need
to know the cable depths. The fact that the
PBS can estimate these depths and yield
comparable performance when the cable
depths are unknown removes the final bar-
rier to applying the PBS approach to real DTS
data. Finally, it is noteworthy that the relative
performance of the PBS implementations is
consistent with that observed in the syn-
thetic experiments.

Figure 11 further demonstrates the potential
of using soil temperature observations to
detect the spatial variability of soil moisture
and soil properties. The OL-V uses the same
a priori model parameters and forcing data,
and hence it provides the same estimates
across all the four sites, i.e., no soil moisture
or soil property difference can be detected
by the OL-V. The temporal mean soil mois-
ture is most accurately estimated by PBS-D
at the depth of 2.5 cm. It correctly shows
that site C is drier than the other three sites.
Also, sites A, B, and D have similar temporal
mean soil moisture. The accuracy of the
PBS-D estimates decreases with increasing

depth and is significantly biased at sites A, B, and D at 20 cm. The variability of the temporal mean soil mois-
ture across the four sites is still well captured. Similar to the soil moisture estimates, the PBS-D correctly
shows the variability of the 033 across the four sites using soil temperature dynamics. The estimated 055 at
sites B-D are slightly biased (0.037 m3/m3 at sites B and D and 0.044 m3/m? for site C). However, given
the accuracy of the field measured 033, the PBS-D estimates are quite acceptable. PBS-V generally provides
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Figure 9. Comparison of estimated soil moisture using PBS-D and OL-V at five depths at site A. The shaded area represents the range of

the particles.
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similar results to PBS-D, which is consistent with the synthetic test. The PBS-B can also be reasonably esti-
mated the mean soil moisture and the 055 across the four sites. This may demonstrate the feasibility and

robustness of using soil temperatures from DTS for high-resolution soil moisture mapping.

4. Conclusions

In this study, we solved the two key remaining barriers to the application of Passive DTS for large-scale
high-resolution soil moisture monitoring. First, the inclusion of a new surface energy balance scheme in the

Table 5. The RMSE of Soil Moisture Estimates (m*/m?) at Five Depths Using the OL-V and the PBS-D at Four Sites®

Sites Appro. 25cm 5cm 10 cm 20 cm 40/50 cm
A OL-V 0.053 0.060 0.039 0.074 0.037
PBS-V 0.034 0.040 0.040 0.057 0.030
PBS-D 0.027 0.026 0.034 0.057 0.030
PBS-B 0.046 0.051 0.058 0.106 0.092
B OL-V 0.055 0.026 0.056 0.115 0.159
PBS-V 0.041 0.035 0.036 0.095 0.127
PBS-D 0.041 0.030 0.041 0.114 0.140
PBS-B 0.050 0.050 0.046 0.093 0.138
C OL-V 0.023 0.031 0.027 0.032 0.035
PBS-V 0.028 0.034 0.029 0.040 0.038
PBS-D 0.030 0.027 0.025 0.025 0.023
PBS-B 0.041 0.024 0.024 0.026 0.027
D OL-V 0.056 0.058 0.066 0.092 0.153
PBS-V 0.026 0.029 0.030 0.044 0.093
PBS-D 0.032 0.031 0.034 0.061 0.111
PBS-B 0.047 0.046 0.045 0.081 0.184

*The deepest measurement and estimated soil moisture depth being compared is 50 cm for sites A, B, and D, and 40 c¢m for site C.
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Figure 11. Comparison of (a-d) the estimated and observed temporal mean soil moisture and (e) the 033 at the four sites.

Hydrus-1D model extends the applicability of the PBS data assimilation approach to vegetated areas. This is
an essential development to enable the use of Passive DTS for soil hydrology research, and the validation of
remote sensing observations under agricultural and natural vegetation. Second, an algorithm was proposed
to estimate observation depths jointly with other model states and parameters. This is particularly relevant for
DTS applications, since measuring the cable depths every meter along the DTS cable is logistically impractical.
Requiring the cable depths to be measured everywhere would render the data assimilation scheme proposed
by Dong et al. [2015a,b 2016] useless in DTS applications. Therefore, estimating the cable depths is essential.

The new approach (PBS-D) was tested using both synthetic and real-world data. The synthetic experiments
were necessary because in real DTS installations, the cable depth is difficult to measure and therefore often
unknown. Synthetic tests, in which the cable depth is perfectly known, were used to demonstrate that the
proposed approach worked and to illustrate the value of being able to estimate the observation depth. The
“real” data were from four observation profiles from traditional sensors rather than DTS observations. These
profiles had very distinct soil texture profiles. Though the prior guesses for sensor depths, soil moisture, and
properties were identical for all profiles, the PBS-D approach was able to reproduce observed differences in
soil properties and soil moisture between the four sites. Hence, the results demonstrate that the PBS-D can
be used to assimilate in situ soil temperature observations to simultaneously estimate soil moisture dynam-
ics along with soil hydraulic and thermal properties. It is worth nothing that the cable depths could be cali-
brated off-line if they are time-invariant parameters. This would reduce the degree of freedom of the
estimation problem, potentially improving the estimates of the remaining states and parameters. However,
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the ability to estimate them is limited by the uncertainty and/or biases in the soil properties in the prior
guess. This would require an iterative procedure to allow both to converge.

This study was motivated by the potential use of DTS observed soil temperatures for submeter scale soil
moisture estimation in fiber-optic cables up to kilometers in length. Applying the approach presented here
to DTS data means that instead of four profiles, there are thousands whose soil properties are unknown.
The results presented here suggest that the PBS-D approach can be used to detect variations in soil proper-
ties and soil moisture across all the locations along the cable. This will be used to improve our knowledge
about soil moisture scaling between point and intermediate scales, high-resolution soil properties and mois-
ture mapping, and other related research areas. It is particularly important for bridging the observation gap
between point sensors and the satellite footprint scale.

Future research will focus on the integration of Active DTS into the PBS-D approach. Active DTS is a more
direct way of measuring soil moisture and may be particularly useful when net radiation is low or the esti-
mate uncertainty becomes very high. Smart strategies of combining Active and Passive DTS methods may
yield more robust soil moisture and property estimates at intermediate scales. In addition, including more
sophisticated parameter perturbation techniques (e.g., Variable Variance Multiplier, VVM approach) [Leisenr-
ing and Moradkhani, 2012], MCMC algorithms [e.g., Yan et al., 2015; Vrugt et al., 2013; Moradkhani et al.,
2012] may further improve the accuracy and the robustness of the presented algorithm.
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