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Abstract Root zone soil moisture (RZSM) is important in sustaining terrestrial ecosystems and water
cycling. However, noninvasive mapping of RZSM remains challenging in the ﬁeld, especially its spatial
variability at local scales. We propose a novel method of applying ground‐penetrating radar (GPR) for
noninvasive determination of RZSM. First, this method identiﬁed coarse root reﬂections in GPR images to
obtain the reﬂected wave velocity and soil water storage at various locations. Then, the horizontal
distributions of soil water storage to different depths were reconstructed using the inverse distance weighted
interpolation. The difference in soil water storage between two depths was converted into 2D RZSM
distribution for a speciﬁc depth interval. Finally, 2D RZSM distributions from a range of depths were
combined to produce a 3D visualization of RZSM. The proposed method was validated in two ﬁeld plots
(30 m by 30 m) in shrublands. The comparisons with 2D RZSM distributions from soil cores sampled at
0.2‐m depth intervals suggested a reasonable correspondence in both spatial patterns and absolute values,
with the average root‐mean‐square error less than 0.017 m3·m−3 and correlation coefﬁcients ranging from
0.502 to 0.798 in both plots. Furthermore, 3D visualizations of RZSM were generated based on GPR
estimates to demonstrate the spatial variability of soil moisture at the study scale. The proposed method
enhances noninvasive characterization of soil moisture down to the root zone, which contributes to a better
understanding of the local‐scale variability of soil moisture in the subsoil as well as the ecohydrological
processes in the soil‐plant‐atmosphere continuum.
1. Introduction
Root zone soil moisture (RZSM) is an important component of water cycling through the Critical Zone (Cho
et al., 2015; Guo & Lin, 2016; Seneviratne et al., 2010). It inﬂuences a variety of Critical Zone processes,
including the rates of plant transpiration, photosynthesis, and root water uptake. It also affects biogeochemical cycles (Collins & Bras, 2007; Daly et al., 2004; Jonard et al., 2011; Sonkar et al., 2019), plant‐soil moisture
relations (Asbjornsen et al., 2011; He et al., 2019), and energy and water balances at the land surface (Huang
et al., 2017), along with many other land‐atmosphere interactions (Ford et al., 2014; Vereecken et al., 2014).
In addition, it informs agricultural water management, such as suitable irrigation schemes (Polak &
Wallach, 2001). A detailed grasp of the spatial distribution of RZSM is not only key to a better understanding
of the complex plant‐soil‐water interactions (Collins & Bras, 2007; Vereecken et al., 2008) but also improving
the hydrological and meteorological models (Babaeian et al., 2019; Das et al., 2008) that provide the foundation for practical recommendations for agricultural and ecosystem management.
Despite advances in ﬁeld measurements of RZSM at the point scale via soil moisture sensors (e.g., Guo &
Lin, 2018; Raffelli et al., 2017; Robinson et al., 2008) and at the regional or continental scales via satellite
remote sensing (e.g., the Soil Moisture Active Passive mission; Das et al., 2018), reliable mapping of RZSM
at the intermediate scale (e.g., plot or hillslope scales) remains challenging, especially in a noninvasive and
repeatable way (Babaeian et al., 2019; Baldwin et al., 2017). Point‐based measurements are often laborious
and destructive to the soil environment (Liu, Cui, et al., 2019), and satellite remote sensing only measures
the top few centimeters of the soil (Li, Tang, et al., 2013). In addition, the limited measured volume of a buried
soil moisture sensor and the coarse resolution of satellite data limit their application in depicting the spatial
variability of soil moisture at the intermediate scale (Peng et al., 2017; Petropoulos et al., 2013).
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Near‐surface geophysical methods, such as ground‐penetrating radar (GPR), electromagnetic induction
(EMI), and electrical resistivity tomography (ERT), have opened new possibilities for intermediate‐scale
RZSM data collection (Huisman et al., 2002; Robinson et al., 2008). These tools bridge the gaps between
point‐based measurements and large‐scale remote sensing of soil moisture (Babaeian et al., 2019; Serbin &
Or, 2005). Compared with EMI that measures the apparent bulk electrical conductivity of the soil and is susceptible to temperature variations, GPR determines soil moisture by dielectric permittivity and is less sensitive to temperature ﬂuctuations (Robinson, Campbell, et al., 2008). Besides, EMI usually produces results as
a depth‐weighted average (e.g., Robinson et al., 2012), whereas GPR can depict soil moisture patterns at different soil depths (e.g., Allroggen et al., 2015; Steelman et al., 2012). Compared with ERT, GPR has a faster
rate of data collection, thereby allowing a broader spatial coverage and a shorter time interval between successive surveys (Robinson, Binley, et al., 2008). Given the good combination of detection depth, spatial coverage, and spatiotemporal resolution, GPR becomes a promising geophysical method of measuring soil
moisture (Huisman et al., 2003; Klotzsche et al., 2018; Parsekian et al., 2015). The root‐mean‐square error
(RMSE) between the RZSM estimated with GPR and the true values measured with conventional techniques
can be as low as 0.010 m3·m−3 under controlled conditions (Grote et al., 2002; Stoffregen et al., 2002) and
0.018 m3·m−3 in natural settings (Liu, Cui, et al., 2019; Lunt et al., 2005).
To date, a series of GPR‐based methods, including the reﬂected wave, ground wave, surface reﬂection, full
waveform inversion, average envelope amplitude, and frequency shift methods, have been developed for
various GPR systems (e.g., ground‐coupled, air‐coupled, and borehole systems) to map soil moisture (e.g.,
Jonard et al., 2017; Klotzsche et al., 2018; Liu, Chen, et al., 2019; Tosti & Slob, 2015; Vereecken et al., 2014).
Borehole GPR requires the excavation of access tubes and has a limited survey area (Slob et al., 2010), while
air‐coupled GPR is most effective for measuring the soil moisture of the top few centimeters of the soil
(Huisman et al., 2003; Qin et al., 2013). Therefore, ground‐coupled GPR, which can be used to collect data
to a depth of several meters and does not disturb soil conditions (Benedetto et al., 2017; Vereecken
et al., 2014), is best‐suited for the noninvasive measurement of RZSM. In particular, ground‐coupled GPR
with a ﬁxed transmitter‐receiver offset system (i.e., GPR‐FO, also the most popular commercial GPR system)
allows ﬁeld measurements with broad coverage and a fast data collection speed (Huisman et al., 2003; Liu,
Chen, et al., 2019; Zajícová & Chuman, 2019).
The reﬂected wave method developed for GPR‐FO (hereinafter called the FO reﬂected wave method), which
uses the velocity of the GPR reﬂected wave to estimate soil moisture (see details in section 2.1), has been considered promising in the noninvasive mapping of RZSM at ﬁeld scales (Huisman et al., 2003; Lunt
et al., 2005). However, previous studies were limited to applying the FO reﬂected wave method to measure
the average RZSM under controlled conditions and at a single location (Liu, Cui, et al., 2019; Lunt et al., 2005;
Stoffregen et al., 2002). Using this method to map the spatial variability of RZSM under real‐world conditions at the ﬁeld scale has been largely impeded by the lack of natural reﬂectors and the estimation of soil
moisture at certain depths (see details in section 2.2).
The objective of this study is, therefore, to develop a new FO reﬂected wave method that can map the spatial
distribution of RZSM in both 2D and 3D. To this end, we developed a method that combines the automatic
identiﬁcation of coarse root (diameter > 5 mm) reﬂections in GPR images with the spatial interpolation techniques to map RZSM. The proposed method was then tested in two plots (each of 900 m2) in shrublands with
sandy soil. To the best of our knowledge, this is the ﬁrst study that applies GPR to map the spatial distribution of RZSM to the depths of approximately 1 m deep under real‐world conditions at the ﬁeld scale. This
study enhances the application of near‐surface geophysics for in situ measurement of soil moisture at intermediate scales, which complements the widely available point‐based and large‐scale remote sensing measurements of soil moisture, especially in the subsoil.

2. Principles of GPR‐Based Soil Moisture Measurement and a New Possibility
for Mapping RZSM
2.1. GPR‐Based Soil Moisture Mapping and Its Limitations
In principle, GPR detects contrasts in the dielectric permittivity of subsurface media (Huisman et al., 2003).
Because most geologic materials have dielectric permittivity in the range of 3 to 30, while the dielectric permittivity of water is 81 (Reynolds, 1997), even small changes in soil moisture, in space or time, will
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signiﬁcantly alter radar reﬂection patterns (both wave velocity and reﬂection amplitude). The FO reﬂected
wave method works by calculating the velocity of the reﬂected wave as it propagates through the soil and
using this to estimate soil moisture (Stoffregen et al., 2002). In low‐conductive, nonmagnetic, and nonsaline
soils, the propagation velocity of a GPR reﬂected wave, vsoil, can be approximated as
c
νsoil ≈ pﬃﬃﬃﬃﬃﬃﬃ ;
εsoil

(1)

where εsoil is the dielectric permittivity of the soil and c is the free space electromagnetic propagation velocity (i.e., 0.3 m·ns−1; Huisman et al., 2003). Topp et al. (1980) developed an empirical relationship between
volumetric soil moisture content (θsoil) and dielectric permittivity:
θsoil ¼ 4:3 × 10−6 × εsoil 3 − 5:5 × 10−4 × εsoil 2 þ 2:92 × 10−2 × εsoil − 5:3 × 10−2 :

(2)

Once the wave velocity is obtained, soil moisture can be calculated using equations (1) and (2).
Two aspects of this approach have impeded its application in mapping RZSM (Liu, Chen, et al., 2019): (1) It
relies on the existence of subsurface reﬂectors to generate the reﬂected wave (Stoffregen et al., 2002), so a
certain number of reﬂectors must be identiﬁed across the targeted area to ensure reliable measurements
of RZSM (Lunt et al., 2005); and (2) prior knowledge of the depths of subsurface reﬂectors is required, especially if a ﬂat reﬂector is used, such as a soil layer or the capillary fringe (e.g., Wollschläger & Roth, 2005).
The reﬂected wave velocity is calculated as the ratio between the depth of a given reﬂector and the travel
time from the antenna to the reﬂector (Vereecken et al., 2014; Zajícová & Chuman, 2019). Therefore, the
depths of the reﬂectors must be determined, either by excavating them after the measurements are made
or by burying reﬂectors at known depths under controlled conditions (e.g., Lunt et al., 2005). Either way,
the process is destructive to the soil environment, time consuming, and inconvenient for mapping RZSM
in the ﬁeld. Additionally, because the obtained velocity is the average value of the reﬂected wave traveling
from the reﬂector to the ground surface, the common FO reﬂected wave method provides the average soil
moisture from the surface to a given depth, that is, the proﬁle soil moisture (Huisman et al., 2003;
Steelman & Endres, 2012). Proﬁle soil moisture is meaningful for studying many ecohydrological processes,
such as plant available water and water budget in the terrestrial ecosystem, but provides limited information
on the spatial variability of soil moisture at different depths. Therefore, to delineate the spatial variability of
RZSM in 2D and 3D, much attention also should be paid to estimating the spatial distribution of interval soil
moisture of a given soil layer.
2.2. A New Possibility to Enhance the FO Reﬂected Wave Method
Recently, GPR has been used for noninvasive detection and quantiﬁcation of plant coarse roots under various ﬁeld conditions (Guo et al., 2013a). Some studies have successfully applied GPR for automatic positioning of roots (Li et al., 2016), mapping the extent of the root zone (Hruška et al., 1999), identifying root
branching patterns (Guo et al., 2015; Zhu et al., 2014), reconstructing root system architectures and proﬁles
(Cui et al., 2020; Wu et al., 2014), and measuring root biomass (Butnor et al., 2003; Guo et al., 2013b; Molon
et al., 2017). When measuring coarse roots, a GPR antenna transmits electromagnetic pulses into the subsurface and receives echoes that are backscattered from root reﬂectors (Figure 1a). Because the GPR energy propagates as a wide beam through the subsurface, a coarse root can be detected even if the antenna is not
directly above it. The travel time of reﬂected wave from the antenna to the root reaches its minimum when
the GPR antenna is right above the root (Guo et al., 2013a). This phenomenon causes a coarse root to form a
hyperbolic reﬂection in GPR images (Figures 1a and 1c). The geometric relationship of such a hyperbolic
reﬂection can be described as (Huisman et al., 2003)


tw 2

2×hroot
νsoil

2 −

x2
hroot 2

¼ 1;

(3)

where vsoil is the velocity of the reﬂected wave, x is the horizontal distance of the GPR antenna relative to
the coarse root, tw is the two‐way travel time from GPR antenna to the coarse root, and hroot is the depth of
a coarse root. Therefore, the moisture of the intervening soil, which determines its dielectric permittivity
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Figure 1. (a) A scheme of the survey lines and the process of GPR‐FO detection of coarse roots. (b) A raw GPR image collected by a 900‐MHz antenna, including a
blurry hyperbolic reﬂection formed by a coarse root. (c) After preprocessing, a clear image of the coarse root reﬂection was produced. (d) An illustration
of the automatic hyperbola identiﬁcation algorithm implemented on the GPR image. Both the root location (indicated by the yellow dot) and the velocity of the
reﬂected wave propagating through the soil were obtained after the coarse root reﬂection was automatically identiﬁed (indicated by the yellow dash hyperbolic
curve). The shape of a hyperbola, that is, its opening angle, is closely related to wave velocity, which can be determined by solving equation 3.

and the velocity of the reﬂected wave (equations 1 and 2), is the key control of the shape of a coarse root
reﬂection in GPR images. The higher the soil moisture, the tighter the angle between the two limbs of a
hyperbolic reﬂection produced by a coarse root (Li et al., 2016). Based on this principle, Liu, Cui,
et al. (2019) recently veriﬁed that plant coarse roots could be employed as natural reﬂectors for use in
the FO reﬂected wave method to measure RZSM.
An algorithm for the noninvasive determination of the velocity of a reﬂected wave from a single coarse root
reﬂection in GPR images, or “automatic hyperbola identiﬁcation algorithm,” has already been established
(Li et al., 2016; Liu, Cui, et al., 2019). This algorithm obtains the reﬂected wave velocity in three steps:
1. Raw GPR images are preprocessed to highlight coarse root reﬂections, such as the removal of the direct
current component by detrending, the removal of low‐frequency and high‐frequency noise by dewow ﬁltering and low‐pass ﬁltering, respectively, suppressing the banding noise due to antenna reverberation by
background removal, and compensating GPR energy attenuation by amplitude gain (Guo et al., 2013a;
Liu, Cui, et al., 2019). Examples of coarse root reﬂections before and after preprocessing are compared
in Figures 1b and 1c.
2. Regions of interest (ROIs) of a hyperbola in GPR images are generated by the Sobel ﬁlter (Dim &
Takamura, 2013), an image edge extraction operator that aims to facilitate the automatic identiﬁcation
of hyperbolas.
3. Randomized Hough Transform method is applied to seek hyperbolic patterns within each ROI. In each
iteration, three points from a ROI edge will be randomly selected to solve the unknown parameters (i.e.,
vsoil, hroot, and x) of equation (3). Then, the occurrence frequency of the solved set of parameters is
recorded. This process repeats until the number of the iteration reaches a pre‐set threshold. The parameter set with the highest occurrence frequency is considered the parameters for the identiﬁed hyperbola
curve. By doing this, the velocity of the reﬂected wave and root depth are determined. More detailed
descriptions of hyperbola identiﬁcation and velocity estimation can be found in Li et al. (2016), Liu,
Cui, et al. (2019), and Xu and Oja (1993).
With this approach, prior knowledge of root depth is no longer required, and the reﬂected wave velocity is
calculated without disturbing the soil environment. By considering coarse roots as natural reﬂectors that are
widely distributed throughout the root zone, the automatic hyperbola identiﬁcation algorithm is promising
in enhancing the FO reﬂected wave method to map RZSM at the ﬁeld scales.

3. A Novel Method that Uses GPR to Characterize RZSM
In this study, we propose a new FO reﬂected wave method to map RZSM by automatically identifying coarse
root reﬂections in GPR images (Li et al., 2016; Liu, Cui, et al., 2019) and the spatial interpolation of soil
LIU ET AL.
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Figure 2. (a) Deﬁnitions of ASM, ISM, PSWS, and ISWS. The average soil moisture (or soil water storage) from the ground surface to the three soil depths of H1,
H2, and H3 are deﬁned as ASM1 (or PSWS1), ASM2 (or PSWS2), and ASM3 (or PSWS3), respectively. The average soil moisture (or soil water storage) for
the soil layers of H2 − H1 and H3 − H2 are deﬁned as ISM2 (or ISWS2) and ISM3 (or ISWS3), respectively. (b) A ﬂowchart depicting the process of estimating 2D
and 3D distributions of ISM from a GPR data set of coarse root reﬂections collected at various depths and horizontal locations over a root zone.

moisture derived from each identiﬁed root reﬂection. The newly established protocol aims to enhance the
method presented in Liu, Cui, et al. (2019) in three aspects: (1) extending the application scope from
controlled conditions at a single location to real‐world conditions at ﬁeld scales, (2) extending the results
from average proﬁle soil moisture at a single location to 2D horizontal distributions of soil moisture at
different soil depths, and (3) 3D visualization of the spatial distribution of soil moisture in the root zone.
Before we can articulate this method, we need to deﬁne four soil moisture‐related parameters (Figure 2a): (1)
average soil moisture (ASM) from the ground surface to a given depth; (2) average interval soil moisture
(ISM) of a given soil layer; (3) soil water storage from the surface to a given depth, or proﬁle soil water storage
(PSWS); and (4) soil water storage of a given soil layer, or interval soil water storage (ISWS). Here, soil moisture (m3·m−3) estimated by the proposed method refers to the volumetric soil water content, which is the
volume of liquid water per volume of soil, and soil water storage (mm) estimated by the proposed method
refers to the amount of water stored in the soil, and it can be calculated as the sum of volumetric soil water
content within a certain depth range.
The proposed method consists of four primary steps (Figure 2b): (1) retrieving the ASM and root depth from
coarse root reﬂections in GPR images; (2) generating a data set of PSWS scatters; (3) interpolating these
PSWS scatters into 2D distributions of PSWS to different soil depths; and (4) 2D and 3D visualization of
ISM. Each step is detailed below.

3.1. Retrieving ASM and Root Depth
The automatic hyperbola identiﬁcation algorithm (Li et al., 2016; Liu, Cui, et al., 2019; also see section 2.2) is
performed on GPR images to recognize coarse root reﬂections and obtain the average velocity of the reﬂected
wave between the surface and the root reﬂector as well as the root depth for each identiﬁed coarse root
reﬂection (Figures 1 and 3). The average velocity is then used to calculate the average soil dielectric permittivity with equation (1), which is further converted into the ASM above the coarse root using the empirical
(e.g., Topp's equation) or an in situ calibrated relationship between soil moisture and dielectric permittivity.

3.2. Generating a Data Set of PSWS Scatters
After ASM and root depth are obtained for an identiﬁed coarse root, the corresponding PSWS (mm) to the
root depth, hroot (m), is calculated as
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Figure 3. (a) An example of the automatic hyperbola identiﬁcation algorithm applied to GPR images collected on three parallel survey lines. Numerous coarse
root reﬂections were identiﬁed, and the corresponding root depth and wave velocity were obtained for each coarse root reﬂection. These velocities and root
depths were used to compute PSWSs by equations (1), (2), and (4), yielding a data set of PSWS scatters. (b) Performing the IDW interpolation on the data set of
PSWS scatters to generate a 2D distribution of PSWS at the soil depth of Hp.

PSWS ¼ ASM × hroot × 1; 000;

(4)

where 1,000 is the conversion coefﬁcient from m to mm. For n identiﬁed coarse root reﬂections (Figure 3a), n
discrete PSWSs are generated at various locations throughout the root zone, leading to a data set of PSWS
scatters in the (x, y, H) space, PSWS(x, y, H), where x and y indicate the horizontal location coordinates
and H indicate the soil depth (Figure 3b). The ith scatter of PSWS was denoted as PSWS (xi, yi, Hi), referring
to the PSWS from the surface to soil depth of Hi and at the horizontal location of (xi, yi).
3.3. Mapping 2D Distributions of PSWS
We propose to use the inverse distance weighted (IDW) interpolation with the trend model to reconstruct the
2D distributions of PSWS at a predicted soil depth, Hp. The IDW interpolation method sets the attribute value
at a given predicted location as the weighted average of the known values, with the weights inversely related
to the distances between the predicted location and the sampled locations. Moreover, the IDW method
assumes that the inﬂuence of sampled locations on the predicted location is isotropic (Lu & Wong, 2008).
Given the nature of PSWS that always increases with soil depth, we perform detrending on it before spatial
interpolation. The purpose of detrending is to remove the directional bias caused by the trend of the predicted
variable (PSWS in our case). Previous studies conﬁrmed an improved performance of spatial interpolation
with the trend being considered (e.g., Jost et al., 2005; Snepvangers et al., 2003; Yang et al., 2015). In this
study, the spatial variable of PSWS(x, y, H) is assumed to have the decomposition of
PSWSðx; y; H Þ ¼ T ðH Þ þ Rðx; y; H Þ;

(5)

where the spatial variable of PSWS(x, y, H) has two components, including a mean component representing the general trend of the accumulation of soil water with soil depth, denoted as T(H) and a residual
component of soil water storage that deviates from the trend to account for local variations, denoted as
R(x, y, H). Then, the IDW interpolation will be performed on the residuals, and the trend will be added
back to the IDW prediction to produce the ﬁnal interpolation maps. Nevertheless, the proposed method
does not reject the use of other methods (e.g., the ordinary Kriging) for spatial interpolation. A comparison
between different interpolation methods is beyond the scope of the current study.
LIU ET AL.
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The spatial interpolation of PSWS scatters takes four steps:
Step 1: Fitting the trend model of PSWS against soil depth to obtain T(H). We use a linear model to deﬁne
the trend,
T ðH Þ ¼ a × H þ b;

(6)

where a and b are model parameters determined by ﬁtting the linear model with all obtained PSWS
scatters.
Step 2: Detrending. The trend component of PSWS at the soil depth of Hi, T (Hi), is removed from each of
the PSWS scatters, PSWS(xi, yi, Hi), to obtain the local residual of soil water storage, R(xi, yi, Hi)
Rðx i ; yi ; H i Þ ¼ PSWSðx i ; yi ; H i Þ − T ðH i Þ; i ¼ 1; 2; ⋯; n;

(7)

where n is the number of the scatters obtained.
Step 3: Spatial interpolation. The scatters of R(xi, yi, Hi) are spatially interpolated into 2D distributions of the
residual of soil water storage to different predicted locations (xp, yp, Hp) by adopting the IDW
method (Li et al., 2014),


m
R x p ; yp ; H p ¼ ∑ ðwi × Rðx i ; yi ; H i ÞÞ;
(8)
i¼1

wi ¼

1
di
m

∑

n¼1

;

(9)

1
dn

where R(xp, yp, Hp) indicates the residual at the predicted locations (xp, yp, Hp); R(xi, yi, Hi) is the residual
of ith input scatter at the sampled locations (xi, yi, Hi); wi is the weight for the ith input scatter, which is
determined by the Euclidean distance, di, between the predicted location (xp, yp, Hp) and the sampled
location (xi, yi, Hi); and m is the total number of input scatters with the closest distance to the predicted
location (xp, yp, Hp), that is, m < n, which are used to predict R(xp, yp, Hp), as shown in Figure 3b.
Step 4: Retrending. We add T(Hp) back to the interpolated residuals of soil water storage at each predicted
location as




 
PSWS x p ; yp ; H p ¼ T H p þ R x p ; yp ; H p ;
(10)
where PSWS (xp, yp, Hp) is the proﬁle soil water storage corresponding to the predicted location (xp, yp,
Hp). After the values of PSWS for all pixels at the prediction depth of Hp are interpolated, the 2D distribution of PSWS to Hp, P(Hp), is reconstructed (Figure 3b). By changing the value of Hp, the 2D distributions
of PSWS to different soil depths are calculated.
3.4. Reconstructing 2D and 3D Distributions of ISM
After the 2D distributions of PSWS to different soil depths, such as H1 and H2, are obtained, we are able to
calculate of the difference in proﬁle soil water storage to those depths, for example, P(H2) − P(H1). This
difference represents the soil water storage of the soil layer from H1 to H2 (Figure 4). By dividing this soil
water storage by the thickness of this soil layer, H2 − H1, we generate the 2D distribution of the average soil
moisture for this soil layer, for example, ISM(H2 − H1), by
ISM ðH 2 − H 1 Þ ¼

ðPðH 2 Þ − PðH 1 ÞÞ
;
1; 000 × ðH 2 − H 1 Þ

(11)

ISM ðH 3 − H 2 Þ ¼

ðPðH 3 Þ − PðH 2 ÞÞ
;
1; 000 × ðH 3 − H 2 Þ

(12)

or

where P(H1), P(H2), and P(H3) are the 2D distributions of PSWS at the soil depths of H1, H2, and H3,
respectively (Figure 4); ISM(H2 − H1) and ISM(H3 − H2) are the 2D distributions of ISM for the soil
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Figure 4. An illustration of constructing 2D and 3D distributions of ISM based on the 2D distribution of PSWS to different soil depths. The 2D distribution of
PSWS to multiple soil depths (e.g., 0.0–0.2, 0.0–0.4, and 0.0–0.6 m) were ﬁrst calculated as 2D distributions of ISM for the corresponding soil layers (e.g., 0.0–
0.2, 0.2–0.4, and 0.4–0.6 m) by equations (11) and (12). Then, all 2D distributions of ISM were combined into a 3D volume of ISM for the 3D visualization of RZSM.

layers of H2 − H1 and H3 − H2, respectively (Figure 4); 1,000 is the conversion coefﬁcient from m to mm.
In this way, every pixel on a 2D distribution of ISM is computed from the corresponding pixels on the 2D
distributions of PSWS at two soil depths by equations (11) and (12). Finally, we combine the 2D
distributions of ISM for a series of soil layers into a 3D volume of ISM for a 3D visualization (Figure 4).

4. Field Validation
4.1. Site Description
The study site (43°55′01″N, 116°12′17″E, 1,082 m a.s.l.) is located in the Xilinguol of Inner Mongolia in
northern China (Figure 5). This semiarid region has a temperate continental climate (Cao et al., 2018).
Most of the 300 mm of mean annual precipitation falls during the growing season, from May through
September (Zhao et al., 2011). The annual potential evapotranspiration is about 1,750 mm, and the mean
annual air temperature is about 2.6°C (Chi et al., 2018; Yiruhan et al., 2014).
Caragana microphylla Lam is one of the dominant shrub species in this region (Cao et al., 2019). This species
has a well‐developed lateral root system that can spread 3.0 m away from the stem, with a rooting depth ranging from 0.2 to 1.5 m and the greatest root density at the depth of 0.4 to 0.6 m (Cui et al., 2020; Wang
et al., 2017; Wu et al., 2014). Such a root system provides a large number of natural reﬂectors for applying
the proposed method to map RZSM. Intershrub spaces are often occupied by perennial grasses, including
Stipa krylovii Roshev., Leymus chinensis (Trin.) Tzvel., Cleistogenes squarrosa (Trin. ex Ledeb.) Keng, and
Artemisia frigida Willd (Figure 6a). The roots of these grass species are dominated by ﬁne roots
(diameter < 5 mm), which are mainly distributed in the near‐surface soil (<10 cm).
Previous in situ soil sampling indicated that the local soil texture types were sand and sandy loam. The average particle‐size distribution of the soil was 62.20 ± 6.21% sand, 35.66 ± 6.04% silt, and 2.14 ± 0.99% clay. The
soil bulk density was 1.63 ± 0.15 g·cm−3. The local soil was relatively uniform and dry (with soil moisture
usually <0.15 m3·m−3). Soil organic content and clay content were low. These conditions favor the performance of GPR‐based coarse root detection and quantiﬁcation (Guo, Lin, et al., 2013b), which has been conﬁrmed in previous studies in this area (e.g., Cui et al., 2013, 2020; Guo et al., 2015; Li et al., 2016;
Wu et al., 2014).
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Figure 5. (a) The study site is located in Xilinguol, Inner Mongolia, northern China. This area is experiencing shrub encroachment, with Caragana microphylla
Lam as the dominant shrub species. The well‐developed lateral roots of Caragana m. provide natural reﬂectors for GPR measurements. (b, c) Satellite images
(from Google Earth) collected on 3 May 2012 and 28 May 2017, respectively, demonstrate the increase in shrub coverage over the past ﬁve years. Two plots,
namely, Plot 1 and Plot 2 (indicated by the yellow squares), were selected for GPR scanning.

4.2. Data Collection
Two 30 m by 30 m plots (spaced 30 m apart) were selected (Figure 5b). Plot 1 was located on a relatively ﬂat
area, while Plot 2 was located on a gently sloping area with a slope inclination of ~10°, dipping from northeast to southwest. Both plots had the same vegetation types, mainly including Caragana microphylla Lam
and perennial grasses. Due to the different stages of the growing season, the vegetation cover presented different growth statuses between two plots (Figure 6a). Biometric parameter measurements, GPR surveys, and
ground truthing data collection were conducted on 12 July 2017 for Plot 1 and 17 August 2018 for Plot 2
(Figure 6). The experimental procedures were identical for both plots.
4.2.1. Biometric Parameter Measurements
The number, location, and canopy area of each shrub in the study plot were recorded (Figure S1 in the supporting information). There were 58 shrubs with an average canopy area of 1.45 m2 per shrub in Plot 1 and
46 shrubs with an average canopy area of 1.80 m2 per shrub in Plot 2. The distribution patterns of shrubs
were used to compare with the spatial variability of RZSM derived by GPR surveys.
4.2.2. GPR Surveys
After biometric parameter measurements were taken, the ground surface was cleaned of surface debris, and
the above‐ground parts of the shrubs were removed to allow GPR scanning of the entire plot and adequate
comparisons with results from soil augering. The GPR images were collected in each plot along 121 parallel
survey lines (each 30 m long, spaced 0.25 m apart; Figure 6b). The dense spacing between survey lines
ensured complete coverage over the entire plot, which maximized the detection frequency of coarse roots
by GPR. We used a ground‐coupled GPR system (RIS MF HI‐MOD, Ingegneria Dei Sistemi Inc., Pisa,
Italy) with a ﬁxed constant offset of 0.15 m between the transmitter and the receiver. The central frequency
of the GPR system was 900 MHz, which provided the best combination of detection resolution (i.e., image
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Figure 6. (a) Field photographs of the two shrub plots on the experiment dates, 12 July 2017 (in the middle of the growing season) for Plot 1 and 17 August 2018
(near the end of the growing season) for Plot 2. (b) A diagram of the layout of GPR survey lines (indicated by the dashed lines) and the auger sampling grid
(indicated by the triangles) for both plots. The interval between neighboring GPR survey lines was 0.25 m, and the interval between adjacent auger holes was 3 m.

quality), depth penetration, and operational convenience according to previous GPR studies under similar
site conditions (e.g., Guo et al., 2013c; Guo, Lin, et al., 2013b; Wu et al., 2014). The GPR data set was
acquired with a time window of 30 ns and a sampling interval of 0.0586 ns per trace, which yielded 512
samples per trace. A survey wheel triggered GPR data collection every 1.6 cm along the survey line. It
required approximately 2.5 hr for GPR scanning all 121 survey lines. It is worthwhile to mention that the
removal of the vegetation cover, which was done in this study to facilitate the validation of the method, is
not a requirement of the proposed method. Especially for long‐term, repeated GPR surveys, it is
recommended to keep the vegetation cover to explore the dynamics of vegetation‐soil moisture feedback
over time (e.g., Cui et al., 2020).
4.2.3. Ground Truth Data
Soil cores were augured on a 3‐m grid across the entire plot to obtain actual measurements of RZSM to compare with our GPR survey estimates, yielding a total of 100 evenly distributed augering locations in each plot
(Figure 6b). At each augering location, gravimetric soil moisture content was measured at depth intervals of
0.0–0.2, 0.2–0.4, 0.4–0.6, and 0.6–0.8 m in Plot 1, and 0.0–0.1, 0.1–0.3, 0.3–0.5, and 0.5–0.7 m in Plot 2 by oven
drying the soil cores until a constant weight was reached. Additionally, soil cores were collected to measure
the soil bulk density at each soil layer interval, which were used to covert the gravimetric soil moisture content into volumetric soil moisture content to calculate PSWS (mm)
N

PSWSauger ¼ ∑ ðISM k × T k × 1; 000Þ;

(13)

k¼1

where k is the kth sampled soil layer, N is the total number of sampled soil layers, PSWSauger (mm) is the
proﬁle soil water storage obtained from augering data, ISMk (m3 m−3) is the measured volumetric soil
moisture content of the kth soil layer, and Tk (m) is the thickness of the kth soil layer; 1,000 is the conversion coefﬁcient from m to mm. Point‐based soil moisture and soil water storage measurements obtained by
augering were interpolated into 2D distributions using the IDW interpolation as well, so that they were
comparable with the GPR‐derived maps.
4.3. Application of the Proposed Method
First, the raw GPR data set collected in the ﬁeld was preprocessed by several standard procedures: Zero‐time
correction adjusted the radar signal to start from the ground surface, background removal eliminated noise,
and amplitude compensation corrected for GPR energy attenuation with penetrating depth (Guo
et al., 2013a). After the preprocessing, the depth and horizontal locations of each identiﬁed coarse root in
the GPR images, as well as the average velocity of the reﬂected wave between the surface and root depth,
were determined by the automatic hyperbola identiﬁcation algorithm. Then, ASM was computed at the location of each root. Here, we employed Topp's equation (equation 2) to rapidly determine ASM in
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Figure 7. Distributions of PSWS scatters in both plots are displayed in a 3D view (a,d), as histograms with the depth (b,e), and in a top‐down view (c,f). (a–c) are
for Plot 1, and (d–f) for Plot 2.

consideration of its successful application at the study site (Liu, Cui, et al., 2019). See details of these
processes in Figure S2.
Second, scatters of PSWS for two plots were generated from the obtained ASM values using equation (4). The
total number of PSWS scatters was 1,391 in Plot 1 and 546 in Plot 2. The relative frequency of PSWS scatters
with soil depth demonstrates a unimodal distribution. Most PSWS scatters were distributed at depths from
0.2 to 0.7 m in both plots (Figures 7b and 7e). Moreover, PSWS scatters were evenly distributed across the
horizontal projection plane (Figures 7c and 7f), ensuring reliable spatial interpolation from discrete PSWS
scatters to the 2D distribution of PSWS.
Third, the scatters of PSWS in both plots were interpolated into the 2D horizontal distributions of PSWS to
various soil depths. To determine the PSWS trend model parameters of a and b, all PSWS scatters in each plot
were grouped at the depth intervals of 0.1 m, which matched the soil layers for which ISM was subsequently
estimated and provided enough scatters to calculated their average for a depth interval. Then, the average
values of PSWS scatters within every depth interval were computed and ﬁtted by the trend model (equation 6). The model parameters, a and b, were respectively determined to be 68.01 and −4.90 for Plot 1 and
77.66 and −4.78 for Plot 2 (Figure S3). For the spatial interpolation of R(xp, yp, Hp), the horizontal location
coordinates, xp and yp, were set to the range of 0 to 30 m for both plots, and the predicted soil depth, Hp, was
set to the range of 0.1 to 0.9 m for Plot 1 and 0.1 to 0.8 for Plot 2, respectively, to account for the vertical distribution range of PSWS scatters (Figure 7). Because the vertical resolution of the selected 900‐MHz GPR system at the study site was about 0.08 m (Liu, Cui, et al., 2019), the depth increment of Hp used to reconstruct
the 2D distribution of PSWS to a certain depth was set to 0.1 m, given that the vertical resolution declined
with soil depth due to the dispersion of antenna center frequency (Rial et al., 2009). In this way, the 2D horizontal distributions of PSWS were reconstructed at nine depths in Plot 1 and eight depths in Plot 2. The horizontal resolution of the 2D distributions of PSWS, that is, the size of a pixel for spatial interpolation
(Figure 3b), was set to 0.1 × 0.1 m in both plots. It should be noted that the selection of the depth interval
to group PSWS scatters to determine the trend model (equation 6) and for spatial interpolation is
site‐speciﬁc, which is inﬂuenced by the vertical resolution of the selected GPR at a given site and the number
of the detected roots.
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Finally, the 2D distributions of ISM for soil layers of 0–0.2, 0.2–0.4, 0.4–0.6, and 0.6–0.8 m deep in Plot 1 and
0.1–0.3, 0.3–0.5, and 0.5–0.7 m deep in Plot 2 were computed using equations (11) and (12) to compare with
augering results. For a high‐resolution visualization of the 3D distribution of ISM, the 2D distributions of
ISM in consecutive soil layers, with an interval of 0.1 m, were stacked to generate a 3D data cube using
MATLAB (The MathWorks, Inc., Natick, MA, USA).
4.4. Comparisons Between Augering Measurements and GPR‐Derived Results
Different statistic metrics were calculated to compare 2D distributions of GPR‐derived PSWS and ISM to
results from augering measurement. The Pearson correlation coefﬁcient (r) and RMSE were used to evaluate
the degree of agreement and prediction precision between GPR‐derived and augering results, respectively.
Given the difference in the magnitude of PSWS and ISM value with depth, the relative RMSE (RRMSE)
was calculated to enable an intercomparison of GPR‐derived results among different soil depths. In addition,
standard deviation (STD) was employed to characterize the spatial variability of RZSM at a certain soil
depth.
N 
 

∑ Dj GPR − D¯GPR × Dj Auger − D¯Auger
j¼1
r ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ;
N 
N 
2
2
∑ Dj GPR −D¯GPR × ∑ Dj Auger −D¯Auger
j¼1

(14)

j¼1

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N 
2
1
× ∑ Dj GPR −Dj Auger ;
RMSE ¼
N
j¼1
RMSE

RRMSE ¼

× 100%;
GPR
D
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

N 
1
GPR 2
× ∑ Dj GPR −D
STD ¼
;
N −1 j−1

(15)

(16)

(17)

where DjGPR and DjAuger are the value of each pixel in the 2D distribution of PSWS (or ISM) derived by
GPR and augering measurements at the same soil depth, respectively; N is the number of pixels in the
2D distribution of PSWS or ISM; and D

GPR

Auger

and D

represent the mean value of N pixels.

5. Results
5.1. Two‐Dimensional Distributions of PSWS
The 2D distributions of PSWS derived by the proposed GPR method were compared with the actual measurements by augering in Figure 8 for Plot 1 and Figure 9 for Plot 2. Overall, the two methods resulted in
comparable spatial patterns of PSWS in both plots for all investigated thicknesses of the soil proﬁle, including 0.0–0.2, 0.0–0.4, 0.0–0.6, and 0.0–0.8 m in Plot 1 (Figure 8) and 0.0–0.3, 0.0–0.5, and 0.0–0.7 m in Plot 2
(Figure 9), respectively. The correlation coefﬁcients between the PSWS obtained by the two methods ranged
from 0.402 to 0.826 at different depths. For the topsoil (0.2 m depth in Plot 1 and 0.3 m depth in Plot 2),
GPR‐derived PSWS underestimated the true values (Figures 8a–8c and 9a–9c). The limited number of
PSWS scatters upon which the spatial interpolation was performed (Figure 7) likely led to the discrepancy
between estimation and actual measurement in the topsoil. Nevertheless, the general spatial distribution
of GPR‐derived PSWS matched the augering data in both plots. For example, both methods revealed a relatively dry area in the center of Plot 1 (Figures 8a and 8b) and a relatively wet area in the lower right corner of
Plot 2 (Figures 9a and 9b).
As the thickness of the investigated soil proﬁle increased, the GPR‐derived PSWS and the augering measurements were distributed evenly on both sides of the 1:1 line (Figures 8c, 8f, 8i, 8l and 9c, 9f, 9i), indicating a
good match between the estimation and observation in both plots. The correlation coefﬁcients between
GPR‐derived PSWS and the augering data were all greater than 0.772 for thick soil proﬁles (i.e., >0.4 m in
Plot 1 and >0.5 m in Plot 2), with RRMSE values lower than 7.4%. The spatial variation in the
GPR‐derived PSWS closely resembled that of the augering data (Figures 8d–8e, 8g–8h, 8j–8k and 9d–9e,
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Figure 8. Comparisons of PSWS distributions estimated from the GPR method (a,d,g,j) and auger sampling (b,e,h,k) to different soil depths in Plot 1. The
distribution and size of the above‐ground shrub canopies are indicated by the open ovals. (c,f,i,l) Density scatter plots of PSWSs estimated from GPR and
augers to soil depths of 0.2, 0.4, 0.6, and 0.8 m, respectively. The red dashed line indicates the linear regression model between estimates from GPR and
measurements from augering. The black line is the 1:1 relationship. The color bar indicates the density of scatters.
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Figure 9. Comparisons of PSWS distributions estimated from the GPR method (a,d,g) and auger sampling (b,e,h) to different soil depths in Plot 2. The distribution
and size of the above‐ground shrub canopies are indicated by the open ovals. (c,f,i) Density scatter plots of PSWSs estimated from GPR and augers at soil
depths of 0.3, 0.5, and 0.7 m, respectively. The red dashed line indicates the linear regression model between estimates from GPR and measurements from
augering. The black line is the 1:1 relationship. The color bar indicates the density of scatters.

9g–9h). All localized wet spots and dry spots that were identiﬁed by augering were captured in the 2D
distributions of GPR‐derived PSWS, such as the dry area in the center of Plot 1 (Figures 8d–8e, 8g–8h, and
8j–8k), three dry spots spreading from the top to the center and to the right of Plot 2, and a wet area in
the lower‐left corner in Plot 2 (Figures 9d–9e and 9g–9h).
The accuracy of GPR‐derived PSWS peaked at soil proﬁle thicknesses of 0.4 to 0.6 m for Plot 1 and 0.5 m for
Plot 2. With further increases in the thickness of the investigated soil proﬁle, the accuracy of PSWS estimation declined, as indicated by the larger RRMSE. The relationship between the accuracy of PSWS estimation
and soil depth was consistent with the vertical distribution of the PSWS scatters (Figure 7), which also
showed a unimodal distribution against soil depth (Figure S4). In addition, the accuracy of the PSWS
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estimates was higher in Plot 1 than in Plot 2, as shown by lower RRMSE values and higher correlation coefﬁcients. This could be explained by the higher distribution density of PSWS scatters in Plot 1 (Figure 7).
5.2. Two‐Dimensional Distributions of ISM
The 2D distributions of ISM derived by the proposed GPR method were compared with the augering results
for various soil layers in Figures 10 and 11. To facilitate the comparison between the two plots and different
soil depths, the thicknesses of all soil layers used to calculate ISM were ﬁxed at 0.2 m. The RRMSEs between
the GPR‐derived ISM values and the corresponding augering measurements were all lower than 22.2%,
whereas RMSEs were lower than 0.017 m3·m−3, regardless of the study plot and soil depth (Figures 10c,
10f, 10i, 10l and 11c, 11f, 11i), indicating a good estimation accuracy of ISM by the proposed method.
Soil depth inﬂuenced the accuracy of the ISM estimates. In Plot 1, the correlation coefﬁcient between ISM
estimates and augering measurements was much lower in the near‐surface soil layer (0.0–0.2 m depth) than
in the subsoil (0.2–0.4, 0.4–0.6, and 0.6–0.8 m depths). In Plot 2, the deepest investigated soil layer (0.5–0.7 m
depth) showed a lower correlation coefﬁcient between ISM estimates and augering measurements than did
the shallower layers (0.1–0.3 and 0.3–0.5 m depth). The apparent dependence of the accuracy of ISM estimates on soil depth was also likely related to the vertical distribution of PSWS scatters (Figure 7), which
determined the accuracy of the estimation of PSWS (Figures 8 and 9).
In addition to the good accuracy in terms of absolute values, the GPR‐derived 2D distributions of ISM closely
resembled the spatial variation suggested by the augering data (Figures 10 and 11). With exceptions of the
soil layers of 0.2–0.4 m in Plot 1 and 0.5–0.7 m in Plot 2, where the GPR results overestimated the ISM
obtained by augering, the GPR estimation and augering measurements were distributed along both sides
of the 1:1 line. Moreover, the general patterns of the transition from relatively wet spots to dry spots at each
investigated depth were very similar between the GPR results and augering results.
5.3. Three‐Dimensional Visualization of RZSM
The 3D visualizations of ISM for both plots, as generated by the proposed GPR method, were illustrated in
Figure 12. The RZSM in Plot 1 showed an overall increase with soil depth (Figures 12a–12c), whereas the
general trend of RZSM against soil depth was not noticeable in Plot 2 (Figures 12e and 12f). The spatial variability of RZSM at different soil depths between two study plots was compared in Figure 13. In line with the
higher degree of the heterogeneity of 3D distribution of RZSM in Plot 2 than Plot 1 visually (Figure 12), the
value of STD of RZSM in Plot 2 was greater than that in Plot 1 overall. Moreover, the STDs of RZSM in both
Plot 1 and Plot 2 presented a unimodal distribution against soil depth and peaked around 0.5 m depth, which
agreed with the root distribution in study plots (Figure S5).

6. Discussion
6.1. Advantages of the Proposed Method in Characterizing RZSM
The method established in this study extends the FO reﬂected wave method to determine the 2D and 3D distributions of RZSM noninvasively. First, instead of burying reﬂectors in the root zone as required by the traditional applications of the FO reﬂected wave method (e.g., Lunt et al., 2005), coarse roots are employed as
natural reﬂectors in the proposed method, making this method truly noninvasive and, thus, repeatable. The
wide distribution of coarse roots through the root zone (e.g., Figure 7) is favorable for the proposed method
to quantify and map RZSM in both 2D and 3D. Second, the proposed method adopts the automatic hyperbola identiﬁcation algorithm to estimate GPR wave velocities from numerous coarse root reﬂections in
GPR images (Figure 3), which has been proven efﬁcient and accurate and allows GPR‐based root detection
at larger areas (Li et al., 2016; Liu, Cui, et al., 2019). Therefore, the proposed method greatly boosts the speed
of mapping soil moisture of the ﬁeld scale compared with traditional methods, such as the point‐based measurements by augering and drying soil samples in the lab.
The proposed method characterizes RZSM of the deep subsoil, for example, up to 0.9 m deep in this
study (Figure 12), whereas previous GPR‐based methods commonly obtain the average soil moisture
only to the depth of 0.2 m (e.g., Qin et al., 2013; Weihermüller et al., 2007; Wu et al., 2019). The proposed method is effective in quantifying RZSM to the depth of the deepest coarse roots that can be
detected in GPR images. In addition, through comparing the difference in PSWS at two different soil
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Figure 10. Comparisons of ISM distributions estimated from the GPR method (a,d,g,j) and auger sampling (b,e,h,k) for different soil layers in Plot 1.
(c,f,i,l) Density scatter plots of ISMs estimated from GPR and augers for soil layers of 0–0.2, 0.2–0.4, 0.4–0.6, and 0.6–0.8 m, respectively. The red dashed line
indicates the linear regression model between estimates from GPR and measurements from augering. The black line is the 1:1 relationship. The color bar indicates
the density of scatters.
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Figure 11. Comparisons of ISM distributions estimated from the GPR method (a,d,g) and auger sampling (b,e,h) for different soil layers in Plot 2. (c,f,i) Density
scatter plot of ISMs estimated from GPR and augers for soil layers of 0.1–0.3, 0.3–0.5, and 0.5–0.7 m, respectively. The red dashed line indicates the linear
regression model between estimates from GPR and measurements from augering. The black line is the 1:1 relationship. The color bar indicates the density of
scatters.

depths (equations 11 and 12), the proposed method captures the variation of soil moisture along the
depth, which extends the application of GPR to map the 2D distribution of surface soil moisture to
the 3D distribution of RZSM (e.g., Figure 12).
In recent years, GPR has been successfully adopted in many ﬁeld root studies (Guo et al., 2013a). The proposed method further enhances the application of GPR in studying roots in the ﬁeld by simultaneously providing information on the distribution patterns of coarse roots, PSWS, and ISM (e.g., Figures 8–11). As the
traditional method of measuring PSWS is via invasive sampling of ASM at different soil depths (e.g., Liu
& Shao, 2014), the proposed method provides a noninvasive way to determine PSWS, which allows
repeated monitoring.
To the best of our knowledge, this is the ﬁrst study using ground‐coupled GPR with a ﬁxed‐offset antenna
conﬁguration to examine the 2D and 3D distributions of RZSM. The ground‐coupled GPR with a
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Figure 12. The 3D visualization of RZSM estimated by GPR for Plot 1 (a–c) and Plot 2 (d–f), respectively. Open ovals on the surface indicate the distribution and
size of shrub canopies.

ﬁxed‐offset antenna conﬁguration is the most popular commercial GPR because of its easy operation and
rapid data collection (Jol, 2009). However, only a few efforts have been pursued to test and reﬁne the
application of the GPR‐FO conﬁguration in the noninvasive mapping of subsoil moisture (e.g., Huisman
et al., 2003; Liu, Chen, et al., 2019; Liu, Cui, et al., 2019). The proposed method establishes a standard
protocol to work with the GPR‐FO conﬁguration to map soil moisture down to the deep root zone.

Figure 13. The standard deviation (STD) of soil moisture at a certain depth is compared between Plot 1 (a) and Plot 2 (b) in the root zone. Data used to calculate
the STD of soil moisture are from the 3D RZSM estimated by GPR (i.e., Figure 12).
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6.2. Uncertainties and Possible Improvements of the Proposed Method
The presence of coarse roots is the prerequisite for the proposed method. The number and distribution of
coarse roots, as well as the factors inﬂuencing GPR‐based root detection, can introduce uncertainties during
the application of the proposed method in the ﬁeld.
First, root parameters, for example, gravimetric water content, diameter, depth, and interval length
(Hirano et al., 2009), soil conditions, for example, soil moisture content, soil texture, and heterogeneity
in soil structures (Butnor et al., 2001; Dannoura et al., 2008), the antenna frequency of a GPR system
(Hirano et al., 2012), and the layout of survey lines or the relative position of root branching direction
and survey line direction (Guo et al., 2015; Tanikawa et al., 2013) all possibly inﬂuence the efﬁciency
of GPR to detect coarse roots and the quality of coarse root reﬂections in GPR images. Coarse root reﬂections with poor quality, such as low signal‐to‐noise ratio, incomplete hyperbolic shape, signal interference, and noise clutter, can impair the performance of the automatic identiﬁcation of hyperbola
reﬂections in GPR images (Li et al., 2016) and further decrease the accuracy of the estimation of GPR
wave velocity and soil moisture.
Second, the number and distribution of identiﬁed coarse roots determine the performance of the spatial
interpolation of PSWS scatters to the 2D and 3D RZSM (Li et al., 2014; Lu & Wong, 2008; Zhang &
Shao, 2015). The distribution pattern of PSWS scatters affects the ﬁtting of a proper trend model (Figure
S3), which also introduces uncertainty into the generation of the 2D distributions of PSWS. As shown in
Figures 7, 8, and 9, the 2D distribution of the PSWS estimates had the highest accuracy at the soil depths with
the most abundant PSWS scatters (i.e., 0.4 m and 0.6 m in Plot 1 and 0.5 m in Plot 2). Insufﬁcient PSWS scatters at soil depths of approximately 0.3 and 0.7 m in Plot 2 led to a larger bias in the estimation of PSWS
(Figures 9c, 9f, and 9i). Moreover, due to the generally more abundant number of PSWS scatters along the
soil depth, the PSWS estimates in Plot 1 had a higher accuracy with augering data than Plot 2 (Figures 8
and 9). In addition, the lower estimation accuracy of soil moisture in the shallow subsurface, <0.2 m depth
in Plot 1 and <0.3 m depth in Plot 2 (Figures 8c and 9c), could be attributed to the joint inﬂuences of inadequate PSWS scatters and surface conditions.
Third, the uncertainty in ISM estimates might be attributed to errors in PSWS distribution, which could be
transferred by equations (11) and (12). As shown in Figures 10c and 11c, the GPR‐based ISM distribution for
0.0–0.2 m soil layer had a lower correlation coefﬁcient than that for other soil layers in Plot 1, which was
consistent with the results of the PSWS estimation (Figure 8c). The ISM distribution for the soil layer of
0.5–0.7 m in Plot 2 had a relatively high RRMSE due to the overestimate for PSWS distribution at a soil depth
of 0.7 m (Figure 9i). Therefore, the performance of PSWS estimation could further affect the ISM estimation
through equations (11) and (12).
Although results of this study validated the effectiveness of the proposed method in shrubland with dry
sandy soils and extensive lateral coarse roots, its performance should be tested in different environments
in the future. Thus far, successful applications of GPR‐based root detection and quantiﬁcation have been
reported in various biomes, such as the subtropical evergreen broad‐leaved forest in south China (Yan
et al., 2013), conifer forest with sandy soil in coastal regions in Japan (Hirano et al., 2012), agroforestry
systems with sandy loam in Africa (Isaac et al., 2014), oak‐grass savanna in the west coast of the United
States (Raz‐Yaseef et al., 2013), pine plantation on sandy soil in the east coast of the United States
(Butnor et al., 2001), shrubs in semiarid region in north China (Cui et al., 2020), and street trees on
anthropogenic soil under urban settings (Altdorff et al., 2019). These conditions and species can be chosen to further test the proposed method. However, given the limiting factors of GPR‐based root investigation that are discussed above, soils with high clay or water content and at sites with rolling
topography, which is the case for most forests, the efﬁciency of the proposed method is likely low.
Under ideal soil and site conditions, such as the shrubland studied here with abundant lateral roots distributing in dry sandy soil and ﬂat terrain, the proposed method can be most effective for augmenting
traditional soil moisture sampling.
In the future, the proposed method can be further improved in the following aspects. First, the linear trend
model of PSWS used in this study (equation 6) can be replaced by more sophisticated models (e.g.,
higher‐degree polynomial or exponential models), or combined with hydrological process models (e.g.,
Hydrus models; Tran et al., 2014), to better characterize the variation of PSWS with soil depth in
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environments with heterogeneous soil conditions. Second, this study employed the IDW method for spatial
interpolation due to its efﬁciency in computation and less requirement of additional parameters. Other more
sophisticated interpolation methods, for example, spatio‐temporal Kriging (Jost et al., 2005; Yang et al., 2015),
can be tested to further improve the overall performance of the proposed method. Third, while the current
method only depends on the hyperbolic reﬂections of coarse roots, other buried objects (e.g., small rocks)
can also be tested as reﬂectors, which also form hyperbolic reﬂections in GPR images (Guo et al., 2013a),
to implement the proposed methods in different soil landscapes. With continuous improvements in GPR system hardware (Lualdi & Lombardi, 2014; Sagnard & Tebchrany, 2015), data collection with nonperpendicular survey line setups (Guo et al., 2015), and the automatic hyperbola identiﬁcation algorithm, for example,
based on machine learning (Lei et al., 2019; Maas & Schmalzl, 2013), we believe that the application range of
the proposed method and other applications of GPR‐based root investigation can be further extended to
more environments.
6.3. Potential Applications of the Proposed Method in Ecohydrological Studies
In follow‐up studies, we will take advantage of the proposed method of the simultaneous measurements for
coarse roots, PSWS, and ISM to explore the interplay between coarse roots and soil moisture as well as the
subsurface ecohydrological processes in shrublands under shrub encroachment (Cao et al., 2018, 2019; Li,
Zhang, et al., 2013). For example, results in both plots of this study revealed a negative relationship between
PSWS and the distribution density of shrub canopies (Figures 8 and 9); that is, the higher shrub density
above‐ground was associated with lower PSWS below‐ground. Such a correspondence between above‐ and
below‐ground likely indicates the impact of vegetation transpiration on the spatial variation of soil water distribution (Guswa et al., 2002). However, previous studies frequently found that subcanopy soils are moister
than intercanopy areas, which facilitate shrub seedling establishment and growth beneath the canopy (e.g.,
D'Odorico et al., 2007).
Moreover, the discrepancies of RZSM distribution between plots can be explained by different distribution
patterns of both canopies and roots (Figure 7), microtopography, as well as meteorological conditions at different experiment dates (12 July 2017 for Plot 1 and 17 August 2018 for Plot 2). Because the growing season at
the study site is winding down in August, the shrubs consume less soil water than they do in July, and the
higher evapotranspiration rate in July results in drier soil in the shallow subsurface. The joint inﬂuence of
microtopography and meteorological conditions make the surface soil moisture in Plot 2 display more variations (Figure 12). It will be interesting to repeat GPR surveys for the same plot in different seasons to investigate the temporal stability of the spatial pattern of RZSM as well as the reproducibility of the proposed
method under different meteorological conditions. A recent study conducted in the same region indicated
that the winter condition is more favorable for GPR‐based root detection, with more roots identiﬁed in
the deeper subsoil (Cui et al., 2020). Therefore, at the study site, the maximum depth of measuring RZSM
by the proposed method can be further extended to the deeper in winter. The consistency between the
STD of RZSM and the number of coarse roots demonstrates the process that a shrub root system ampliﬁes
the heterogeneity in the spatial distribution of soil water (Figures 13 and S5). Therefore, the proposed
method can be used to explore the complex interactions between root and soil water and link the
above‐ground large‐scale patterns derived from remotely sensed data to the below‐ground
ecohydrological processes.
Recent studies have noted the signiﬁcance of GPR data assimilation in improving the accuracy of hydrodynamic model predictions and hydraulic parameter estimation (Robinson, Binley, et al., 2008; Tran
et al., 2014). Determining the best way to assimilate ﬁeld RZSM distributions estimated with our proposed
method into soil hydrodynamic model will contribute to obtaining accurate spatiotemporal variability and
responses of hydraulic parameters to climate changes, which facilitates the related studies of agriculture
water management.

7. Conclusions
This study employed coarse root reﬂections collected by GPR‐FO to estimate 2D and 3D distributions of
RZSM in a noninvasive manner. The proposed method was tested in two ﬁeld shrub plots (each of 900
m2) with different distribution densities of coarse roots. Compared with soil moisture measurement of
augered soil samples, the 2D distributions of RZSM derived from GPR achieved RMSE values less than
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0.017 m3·m−3 (even 0.010 m3·m−3 in most cases) and correlation coefﬁcients from 0.502 to 0.798 for diverse
soil layers in both plots. The 3D visualization of RZSM revealed the spatial variation of RZSM for 0 to 0.9 m
depths. The superior performance of our GPR‐based method demonstrated the feasibility of its use for the 2D
and 3D visualization of RZSM. Given the increasing accessibility of GPR ﬁeld data, we expect broader applications of our method to enhance the understanding of the complex plant‐soil‐water interactions by providing accurate information about the distributions of roots and soil moisture without destroying the
soil environment.
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