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Abstract: At radar frequencies below 2 GHz, the mismatch between the 5 to 15 cm sensing depth
of classical time domain reflectometry (TDR) probe soil moisture measurements and the radar
penetration depth can easily lead to unreliable in situ data. Accurate quantitative measurements
of soil water contents at various depths by classical methods are cumbersome and usually highly
invasive. We propose an improved method for the estimation of vertical soil moisture profiles from
multi-offset ground penetrating radar (GPR) data. A semi-automated data acquisition technique
allows for very fast and robust measurements in the field. Advanced common mid-point (CMP)
processing is applied to obtain quantitative estimates of the permittivity and depth of the reflecting
soil layers. The method is validated against TDR measurements using data acquired in different
environments. Depth and soil moisture contents of the reflecting layers were estimated with root mean
square errors (RMSE) on the order of 5 cm and 1.9 Vol.-%, respectively. Application of the proposed
technique for the validation of synthetic aperture radar (SAR) soil moisture estimates is demonstrated
based on a case study using airborne L-band data and ground-based P-band data. For the L-band case
we found good agreement between the near-surface GPR estimates and extended integral equation
model (I’EM) based SAR retrievals, comparable to those obtained by TDR. At the P-band, the GPR
based method significantly outperformed the TDR method when using soil moisture estimates at
depths below 30 cm.

Keywords: BIOMASS; CMP; L-band; P-band; permittivity; Pi-SAR-L2; soil moisture; vadose zone

1. Introduction

In situ measurements of soil permittivity (i.e., soil moisture content) are a prerequisite for
the calibration and validation of synthetic aperture radar (SAR) soil moisture retrieval algorithms.
Despite the difficulties arising from different sensing depths of ground-based sensors and incoming
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SAR signals (Figure 1), the standard approach for in situ soil moisture measurements is the use of
time domain reflectometry (TDR) or frequency domain reflectometry (FDR) probes. Depending on the
sensor type and length of the rods, the measurement depth usually varies between 5 cm and 15 cm.
Most studies ignore the problems of mismatching measuring depths and utilize this kind of in situ data
from low frequency L-band [1-3] to high frequency C- [4-6] and even X-band SAR data [7-9]. While the
obtained information is generally not fully suitable for high frequency SAR data due to the limited
penetration into the soil, in some cases it might also be misleading for L-band data when the soil is dry
and the penetration depth exceeds the sensor depth. However, with the advent of the European Space
Agency (ESA) BIOMASS mission [10], the first ever P-band SAR earth observation satellite, the classical
methods to determine “ground truth” soil moisture will become completely unsuitable. Considering
the much higher penetration capabilities at the 435 MHz center frequency, information about the
vertical soil moisture distribution, rather than the surface soil moisture information alone, becomes
crucial. Especially the knowledge of both the permittivity and depth of wet soil layers will be of great
value for future calibration and validation studies at the P-band. Figure 1 shows the theoretical relation
between the radar frequency and penetration depth for a one-way path 4, as calculated approximately by
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where A is the wavelength in free space and ¢ = ¢’ — je” is the relative complex permittivity, for a range
of soil moisture values. As can be seen, the theoretical penetration depth exceeds the measuring depth
of the soil moisture probes for water contents below 20 Vol.-% at L-band and for all moisture conditions
at P-band.
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Figure 1. Frequency dependency of the synthetic aperture radar (SAR) penetration depth &, for different
soil moisture states ranging from 1 to 30 Vol.-%.

Measuring soil moisture at various depths by means of classical methods (i.e., gravimetry, FDR,
TDR, and capacitance measurements) is cumbersome and not feasible in a spatially distributed manner
in coordination with satellite passes. At best, only very limited point information is available from
continuous monitoring stations with sensors installed at several fixed depths. To overcome this
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problem, we propose an improved method for the fast and robust quantitative estimation of vertical
soil moisture profiles by using ground penetrating radar (GPR). The method, based on the well-known
common mid-point (CMP) technique [11], allows for acquiring a vertical permittivity profile, taking
into account the real subsurface soil layer structure, in just under 2 min.

Within the last two decades, GPR has matured to one of the standard methods to investigate
geological and pedological subsurface structures. In principal, GPR records electromagnetic (EM)
waves reflected from the boundaries of subsurface materials having different dielectric properties.
Usually, GPR data is collected in a common-offset configuration in which the spacing between the
transmitting (Tx) and receiving (Rx) antenna is fixed for all the recorded traces [12]. In low attenuation
media, this method allows for high-resolution imaging of the shallow subsurface, where the imaging
depth and resolution depends on the antenna frequencies. In the literature, GPR has been widely
discussed as a non-destructive measurement technique for soil moisture data [13-17]. However,
it is a highly intricate task to calculate the permittivity by using common-offset data alone, and even
with the use of a priori knowledge, e.g., the reflector depth, the results are usually rather of a qualitative
nature [18-20], and hence far from being suitable for serving as a “ground truth” for SAR data.

CMP measurements have been widely used in both seismic and GPR surveys to investigate the
vertical velocity profiles [11,21-23]. In the CMP method, one antenna is used only for transmitting
the radar signal while another one is used as the receiver. The transmitter and receiver are moved
apart from their “common mid-point” and multiple traces are recorded synchronously at increasing
antenna offsets. The method was originally developed in the 1950s and first published by Mayne [24].
The CMP approach has many advantages over common-offset measurements in terms of more accurate,
quantitative parameter estimation from GPR data. The first of the two main advantages is probably
a significant improvement in the signal-to-noise ratio. By stacking the reflection signals recorded
from the same reflection point multiple times, the energy of the reflected signal can be increased.
This is because the reflected waves are coherent while at the same time the energy of the noise is
decreased due to its randomness or residual moveout. Coherent noise components like reflections
from objects on the surface can be reduced by two-dimensional f-k filtering prior to stacking because
of their distinct different velocity [25].

The second advantage is the possibility of calculating the root mean square (RMS) velocity.
Using the Dix formula [26], the interval velocities for multiple soil layers can subsequently be obtained
from the RMS velocities allowing for accurate estimation of the permittivity at the reflecting point.
In the presence of a water saturated layer, like a groundwater aquifer, it can easily be identified by its
RMS velocity due to the sharp contrast compared to the unsaturated zone [22,27]. Several studies have
discussed the effect of the velocity analysis on the stacked CMP gather for quantitative retrieval of the
subsurface soil water content [28-30].

In this study, we developed an advanced processing scheme for quantitative soil moisture
estimation from CMP gather to not only improve the understanding of the vertical soil moisture
distribution and groundwater conditions, but also to acquire in situ “ground truth” data for calibration
and validation of the soil moisture models and related remote sensing products. The rest of the paper is
organized as follows. After briefly reviewing the principles of microwave soil moisture measurements
in the next section, Section 3 addresses the materials used and elucidates in detail the advanced CMP
method for in situ soil permittivity measurements at various depths. The validation of the method
and demonstration of the application to the SAR data are discussed in Section 4. The conclusion of the
study is given in Section 5.

2. Principles of Soil Moisture Retrieval from Microwave Measurements

To set the foundation for the discussion of the advanced GPR processing in the following chapter,
we shall briefly review the foundations of microwave permittivity measurements in this section.
The determination of soil relative permittivity (apparent dielectric constant) and related volumetric
moisture content by GPR and TDR is based on the measurement of the traveling speed of a fast
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voltage pulse. While GPR measures the travel time between the Tx/Rx antennas and a reflector target,
TDR measures the travel time along a parallel transmission line inserted in the soil. The speed of
a voltage pulse (microwave) decreases with increasing dielectric constant of the material in contact
with the transmission line. Due to the significant difference between the dielectric constant of water
and of the other constituents of a soil texture, i.e., air and mineral particles, etc., the speed of travel
of the electromagnetic (EM) wave in the transmission lines in soils is essentially dependent on its
volumetric moisture content. The real-part of the permittivity of water in the microwave frequency range
is ~81, while that of air is 1. The permittivity of the soil particles usually range between 4 and 7 [12].
Thus, by evaluating the travel time of the pulse it is possible to compute the real part of the permittivity

of the soil from i

v = N )

where v is the velocity of the EM wave in the soil, ¢ is the velocity of the EM wave in free space, ¢, is the
relative permittivity of the soil, and y is the relative magnetic permeability of the soil.
Since for most soils y is nearly equal to 1, we can conveniently estimate ¢, from the measured v by

o= (&) 0

4

Volumetric soil moisture content 1, can then be estimated by the function m,(e,) as e.g., proposed
in the form of empirical polynomial relationships by [31]. However, it is important to note that the fact
that the EM waves in GPR are unguided as compared with the waves guided by a TDR sensor, renders
the accurate determination of the travel time much more complicated.

The amplitude of the radar reflection is a function of the contrast in € across the reflecting boundary
which is given by the reflection coefficient I" as

JE-VEm
I'= e @)

where €1 and ¢ depict the permittivity of the upper and lower soil layer, respectively. Since water has
the highest permittivity of all the components commonly found in a soil, the received GPR reflections
can largely be attributed to vertical contrasts in soil moisture content [13,28]. In fact, variations in soil
texture alone are usually not sufficient to give rise to a large reflection coefficient [32], while they may
well be associated to vertical changes in the soil water distribution due to the different water retention
properties in different soil horizons.

Despite the immense increase in GPR applications, TDR is still the standard approach for in situ
soil moisture measurements. Among the main advantages of the well-established TDR technique
are the simple operation and its high mobility as compared to the GPR equipment. However,
it is important to note that the TDR probes cannot be used under many conditions of natural surfaces
when e.g., the rods cannot penetrate the soil properly because the matrix is too hard or because stones
and/or roots hinder accurate measurements. Even under relatively favorable conditions the rods can
bend easily and break eventually. The existence of macro pores can hamper the accuracy significantly
due to insufficient contact of the rods to the soil matrix. Moreover, and most importantly, measuring
vertical soil moisture distributions by TDR is a cumbersome exercise requiring highly invasive and
labor-intensive excavations.

3. Materials and Methods

In this section, the advanced GPR processing will be discussed in detail followed by the
SAR related parameter estimation issues. First, an overview of the experimental strategy, location
corresponding sensors, and instruments used shall be provided. Most of the GPR measurements were
conducted in the frame of in situ surface parameter measurements for airborne Synthetic Aperture
Radar acquisitions on bare agricultural fields (Arahama, Japan) and sand beaches (Yuriage, Japan)
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close to Sendai city in the Miyagi Prefecture, Japan [2,33]. These measurements were carried out
shortly before and shortly after the overflights of the Japanese Polarimetric Interferometric Synthetic
Aperture Radar type L-band 2 (Pi-SAR-L2) operated by the Japanese Aerospace Exploration Agency
(JAXA). Four to six CMP data sets were acquired on each day using the 500 MHz antennas. After these
measurements, the vertical soil moisture distribution was measured by TDR to compare CMP estimates
with the TDR measured water content at respective depths. A pit was dug at the CMP location and the
TDR soil moisture values were taken at 5 cm intervals. In addition to these campaign measurements,
we use GPR/CMP measurements carried out in (i) Iwanuma close the southern border of Miyagi,
(ii) at the arid land research center of Tottori University at the Japanese Sea coast, as well as (iii) in
the Bulgan region in Mongolia that is approximately 300 km west of Ulaanbaatar. The latter was
conducted in the frame of an ALOS-2 Cal/Val measurement campaign in August 2014. However,
due to the very strong ionospheric disturbance, the dual polarization ALOS-2 data acquired at that
time was rendered unsuitable for quantitative parameter estimation. Consequently, no space borne
SAR data is considered in this paper.

The microwave measurement equipment used in this study were TRIME Pico64 TDR probes
(IMKO GmbH, Ettlingen, Germany) and shielded 500 MHz RAMAC GPR antennas (MALA Geosciences,
Mala, Sweden). The surface roughness was measured by using a pin-meter with a sampling spacing
of 5 mm. For validation of the reflecting layer depth, we used in situ information obtained from
the drilling cores, Piirkhauer samples, and pits. The various types of measurements are summarized
in Figure 2.

Figure 2. Various ground measurements used in this study including: (a) surface roughness measurement
by pin-meter; (b) time domain reflectometry (TDR) soil moisture measurements; (c¢) depth measurement
in a pit; (d) common mid-point (CMP) measurement in Mongolia, and (e) depth measurement
using Piirkhauer.

3.1. GPR Soil Moisture Estimation by Means of CMP Velocity Analysis

As discussed in the introduction, CMP can improve the benefit of GPR for hydrological research
tremendously by allowing for quantitative estimations of hydraulic soil parameters. Figure 3 shows
a schematic representation of the CMP method with transmitting and receiving antennas located
symmetrically about a CMP position while measuring their common mid-point at different
antenna offsets.
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Figure 3. Sketch of the CMP method for soil moisture estimation at multiple depths.

Traditionally this is performed by stepwise movement of the Tx and Rx antennas away from each
other manually [28,29,34,35]. Today, with the increasing availability of arrayed antenna GPR systems,
such CMP gather can in principal be acquired without having to move the GPR system at all. One such
advanced multi-channel GPR is the “Yakumo” operated exclusively by our group [36]. The system
was developed by Tohoku University in cooperation with Mitsui Shipbuilding and Engineering
(Okayama, Japan) and has eight Tx and eight Rx antennas with a maximum antenna separation of
approximately 2 m. However, in such a setup the number of observable traces as well as the length of
the profile length is limited by the array configuration. To improve the acquisition speed of classical
CMP using two separated antennas, we developed a method in which the antennas are placed at their
maximum separation at the start of the measurement. The traces are then recorded automatically,
triggered by a hip chain encoder, while the antennas are pulled simultaneously towards the mid-point.
The sketch of this method is shown in Figure 4. In this fashion, a full CMP measurement with 2 cm
trace intervals and 10 m profile length can be achieved in just under 2 min. In principal, only one
person is needed to carry out the procedure. Compare this to the time and effort required by the
manual step-by-step movement, which moreover increases the risk of errors in the antenna positioning,
especially when the intervals are very small.

Pole

Hip chain

GPR antenna l GPR antenna

Figure 4. Sketch of the semi-automated CMP acquisition procedure.

Based on the assumption that the soil medium is virtually homogeneous and horizontally layered,
the two-way traveling time of the reflection signal from the subsurface boundary allows for computing
the radar velocity with

2/(3) +
Hx) = ————— ®)

0

where t is the travel time, x; is the antenna offset in the i-th channel, d is the depth of the reflector, and v
is the radar velocity.
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The travel time of a reflection in a CMP gather, thereby, can be expressed as a function of the
antenna offset and RMS velocities. This allows for obtaining a vertical velocity profile of the subsurface
media from a CMP dataset by means of velocity analysis. The velocity spectrum has been commonly
used to estimate the propagation velocity in both seismic and GPR data processing. It is a robust
method that displays the stacked coherency of the received signals in different channels along the
hyperbolic curves defined by a range of trial velocities [11]. One of the common approaches to measure
the coherency in CMP processing is semblance [37] which is computed from the real amplitude of the
radar signal. Semblance S is a function of the two-way zero-offset travel time and the trial velocity as

given by .
(iil f (ti))

S = n
n'glfl?(ti)

(6)

where fi(t;) is the amplitude of the radar signal acquired in the i-th channel at the two-way travel time ;.

As a GPR signal usually exhibits oscillating characteristics due to the limited frequency
bandwidth, each reflection event will result in several responses in the corresponding velocity
spectrum. This phenomenon significantly hampers the determination of the correct arrival times [38,39].
To overcome this problem, we convert the radar signal to the analytical signal by using the Hilbert
transform. Subsequently, the fact that the envelope of the radar signal has only one peak makes it
simple to pick the arrival of the reflection signal. Thus, we can use the semblance of the analytical
signal to calculate the velocity spectrum with

n 2

X f(t) +7j8&i(t)
Sa= - 7)
n LIf(t) +jgilt)l

where f(t) and j g(t) denote the real and imaginary part of the analytical signal, respectively. This can
be interpreted as the ratio of the output total power to the input total power.

It is important to note that the semblance analysis uses normalization. Hence the semblance is
powerful if the analysis is focused on the correlation of the individual phases and also small amplitude
reflections shall be adapted. However, at the same time this causes additional uncertainty in the velocity
analysis because a given reflection may generate a series of semblance peaks. To compensate for this
effect and to make the soil moisture estimation more robust, next we calculate the non-normalized
cross-correlation sum within a time gate following the semblance stacking across the CMP gather.
The non-normalized cross-correlation is given by

n 2 n n
CC(t(0),vst) = ;; lZ fz‘,t(i)] - ;fft(i) = ;; [S%;fz%t(i)] (8)

i=1

where vg; is the semblance stacking velocity and CC can be interpreted as half the difference between
the output energy of the stack and the input energy. It should be emphasized that the non-normalized
cross-correlation takes into account the true amplitudes and thus adapts only high amplitude
reflections [29]. In this way, the chance of picking up unwanted multiple reflections is greatly reduced.

Figure 5 shows an example of a velocity spectrum of a CMP gather with 500 MHz antennas
obtained by using the combined semblance and non-normalized cross-correlation sum. In most natural
situations, the EM wave velocity decreases with increasing depth in a soil as a result of an increase
in the water content. However, inverted conditions are not that uncommon and can be observed
especially in soils with low water retention capability after precipitation events. Also, sandwich-like
structures where wetter soil layers are interrupted by a dryer layer or vice versa can be found in
many places.
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Figure 5. (a) Stacked CMP gather acquired on an agricultural field in Miyagi prefecture; (b) The resulting
velocity spectrum with four distinct reflection layers.

Dielectric Constant Retrieval at Various Depths

The main advantages of the CMP method compared to the TDR method is probably the fact that it
allows for estimating the water content for multiple reflecting layers and thus can provide hydrologists
a vertical soil moisture profile by taking just one measurement. However, it should be noted that the
vertical water content estimations cannot be selected freely by the user, but is defined by the natural
conditions in the soil, i.e., the number and depth of reflecting layers with large enough contrast in
the permittivity.

The RMS velocity is approximately equivalent to the normal move-out (NMO) velocity assuming
that the medium from the surface to the boundary is homogeneous when the subsurface is composed
of multiple horizontal layers. However, the NMO velocity is usually highly affected by homogeneities
of the medium and the dip of the boundary. Thus, we use only the RMS velocity to make the parameter
estimation more robust. To estimate the correct permittivity and depth of each layer, the RMS velocities
have to be corrected to interval velocities. The interval velocity v;,; can be calculated by the Dix

formula [26] as
to v2 — t() ,1’02 _
Bintn :\/ B e ©)

fon — fon—1

where v;; ,, is the interval velocity of layer 7, 05, is the RMS velocity down to the lower boundary of
layer 1, Uy n—1 is the RMS velocity down to the lower boundary of layer n — 1, g ,, is the two-way
travel time down to the lower boundary of layer 1, and ¢,_; is the two-way travel time down to the
lower boundary of layer n — 1.

The corresponding thickness of layer n can then be estimated by

dn — vint,n(t(),nz_ tO,Vl—l) (10)

Finally, the water content at each reflection boundary can be estimated according to the procedure
described in chapter 2 by using v;,; in Equation (3). Table 1 summarizes the resulting quantitative
estimates derived from the CMP gather discussed in the foregoing section (Figure 5).
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Table 1. Quantitative parameters for five soil layers as estimated by the proposed CMP algorithm.

Soil Layer  Velocity (m/ns) Travel Time (ns) Depth(m) Permittivity! =~ Water Content (Vol.-%)

Layer 1 0.0678 3.3379 0.143 19.57 34.01
Layer 2 0.0618 10.3516 0.319 23.56 36.59
Layer 3 0.0622 20.3595 0.633 24.26 38.28
Layer 4 0.0606 28.0705 0.850 24.50 39.96
Layer 5 0.0598 37.8323 1.131 25.16 42.21

! The real part of the complex permittivity.

3.2. Airborne and Ground-Based SAR Derived Soil Moisture

JAXA’s second generation airborne polarimetric interferometric L-band synthetic aperture radar
started operation in April 2012. The Pi-SAR-L2 system parameters with a center frequency of
1257.5 MHz and a transmission signal bandwidth of 85 MHz, are virtually identical to those of
ALOS-2/PALSAR-2 for which it served as a pre-launch testbed [40,41]. The sensor is mounted on
a Gulfstream 2 jet plane with a nominal operating altitude of 12 km. Table 2 gives an overview of the
Pi-SAR-L2 overflights with GPR ground campaigns.

Table 2. Overview of SAR datasets and complementary in-situ measurements.

Date Sensor Frequency Polarizations In-Situ Measurements

8 August 2014 Pi-SAR-L2 L-band HH, HV, VH, VV TDR, GPR, SR !

11 September 2014  Pi-SAR-L2 L-band HH, HV, VH, VV TDR, GPR, SR

12 June 2015 Pi-SAR-L2 L-band HH, HV, VH, VV TDR, GPR, SR

6 August 2015 Pi-SAR-L2 L-band HH, HV, VH, VV TDR, GPR, SR

11 September 2015  Pi-SAR-L2 L-band HH, HV, VH, VV TDR, GPR, SR
30 September 2015 Pi-SAR-L2 L-band HH, HV, VH, VV TDR, GPR

10 November 2015 GB-SAR P-band HH, VV TDR, GPR, SR
11 November 2015  Pi-SAR-L2 L-band HH, HV, VH, VV TDR, GPR

15 April 2016 GB-SAR P-band HH, VV TDR, GPR, SR

1 SR indicates surface roughness measurements by using a pin-meter.

The ground-based synthetic aperture radar (GB-SAR) system used in this study is based on
a 2-port stepped frequency Vector Network Analyzer (VNA) connected to a low frequency horn
antenna with an operating frequency range between approximately 50 and 2000 MHz. The antenna is
mounted to a positioning system which provides the scanning by moving the antenna along a rail.
In the given experiments, the antenna height was fixed at 2 m and the scan length was 4 m. More details
about this system are provided in [42].

A wide variety of microwave backscatter model have been developed to relate soil permittivity,
surface roughness, soil texture, incidence angle, polarization and frequency of the radar sensors
to observed backscattering coefficients. The approaches range from simple empirical regression
models, to comprising semi-empirical models and complex electromagnetic scattering models [43].
Among these, the integral equation model (IEM) proposed by [44] and its further developments known
as advance IEM (AIEM) and extended IEM (I2EM) have become a popular means to estimate surface
soil moisture over bare soil [43,45-48]. Especially when empirical calibrations of the surface roughness
are applied [49] the method yields fairly robust results. In this study, we use the I’EM with roughness
calibration to retrieve soil moisture from both the L-band and P-band SAR data sets. The results will
be discussed and compared to the GPR measurements in the second part of the following section.

4. Results and Discussion

The first part of this section will cover the fundamental validation of the proposed method to
demonstrate the suitability to provide accurate quantitative in-situ data. In the second part a brief
comparison between GPR/CMP and SAR derived soil moisture estimates will be discussed to point
out its virtues for calibration and validation purposes.
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4.1. Validation of the Proposed CMP Method

To validate the estimation accuracy of the proposed CMP data acquisition and processing scheme,
we compare the GPR results with TDR measured soil moisture values. Figure 6 exemplarily shows
one vertical soil moisture distribution calculated from the CMP data as compared to that measured by
TDR. The reflection layers are well visible in the TDR measurements with 5 cm spacings. As discussed
in Section 3, the GPR reflection occurs in the depth where the contrast in permittivity is largest.
Both the picked-up reflection depth as well as the water content from the GPR data agrees well with
the TDR result. The quantitative validation of the method is given by the scatterplot showing the
comparison between CMP estimates and TDR measurements taken at corresponding depth (Figure 7a).
This comparison yields a very good agreement with RMSE of 1.87 Vol.-%. As shown in Figure 7b,
the CMP estimated depth of the reflecting layers also agrees well with the different in-situ layer depth
measurement. The validation of the depth estimation accuracy yields RMSE of 4.6 cm. These results
demonstrate the suitability of the approach to obtain reliable field measurements for SAR studies as
well as for hydrological research.
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Figure 6. TDR measured vertical soil moisture profile versus CMP estimated water content.
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4.2. Comparison of GPR and SAR Derived Soil Moisture Estimates

Finally, to investigate the potential of the proposed GPR based method for SAR calibration and
validation purposes, we carry out a comparison with the L-band and P-band SAR derived soil moisture
estimates. Figure 8a shows the GPR results versus the I?’EM results as grey diamonds. Note that in the
L-band case we use only value picked up from the reflection layer closest to the surface. For the datasets
used in this study the depth of these layers range from 13.9 to 22.8 cm with an average depth of 17.7 cm.
Hence, slightly deeper than the TDR results which represent the average permittivity from 0 to 15 cm
as defined by the length of the rods. For comparison, the TDR results are shown as blue circles.
The comparison between I?’EM L-band SAR and GPR results yield an RMSE of 1.95 Vol.-% while that
between SAR and TDR results in RMSE of 1.92 Vol.-%. This indicates that both methods are at least
comparable at the L-band frequency.
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Figure 8. (a) Comparison of L-band SAR I’EM estimates against CMP and TDR measurements;
(b) Comparison of P-band SAR I?’EM estimates against CMP and TDR measurements. (¢ = GPR; o = TDR).

For the P-band case as shown in Figure 8b, we use only the second reflection layer picked-up from
the CMP gather. The soil moisture values represent a depth range from 31.7 to 42.9 cm with an average
of 36.3 cm, thus well below the sensing depth of the TDR probes. As can be seen, the agreement
between the I’EM SAR and GPR with RMSE 1.88 Vol.-% now is much better as compared to the
agreement between SAR and TDR with RMSE 3.57 Vol.-%. This improvement is mainly due to the
large mismatch between the near surface permittivity and the below surface permittivity conditions
as found for the experiment data points in the range between 20 to 30 Vol.-% where the TDR values
significantly overestimate the I?’EM derived values. In fact, these points represent measurements
conditions in which the second layer is dryer than the surface layer. In the experiment, the soil was
wetted by sprinkling the surface to simulate rainfall approx. 2 h prior to the GB-SAR data acquisition.
The result was a relatively wet surface over a relatively dryer subsurface, i.e., an inverted moisture
profile condition typically found after precipitation events in summer time. Hence, the P-band SAR
reflections stemming mostly from the dryer deeper soil layers are not represented well by the wet
surface values but agree much better with the lower permittivity found at greater depth. For the other
values below 20 Vol.-% and above 30 Vol.-%, the difference between the water content in the surface
layer and the deeper layers was not as pronounced and therefore the improvement by using the GPR
method is not that significant. Generally speaking, the larger the contrast in permittivity between the
near surface layer and the deeper soil layers, the stronger will the GPR method outperform the TDR
method. For such conditions, the virtue of the proposed GPR method is most evident.
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Even though this comparison between SAR derived soil moisture and CMP results is rather simple
with a limited observation space, we believe the result sufficiently demonstrates the proposed method’s
potential to provide accurate in-situ information about the soil moisture states at various depth.
Obviously, at P-band the GPR method outperforms the classical surface TDR approach allowing for
much more meaningful comparisons between low-frequency SAR data and near-surface geophysical
parameters in future studies.

5. Conclusions

In this paper, we proposed an improved method for the estimation of vertical soil moisture profiles
from multi-offset GPR data. Using a semi-automated data acquisition technique, the time efficiency and
accuracy of CMP measurements in the field were drastically improved. Advanced signal processing
was applied to yield reliable information about the permittivity and depth of the reflecting soil layers.
Based on measurements on a sand beach, the accuracy of the CMP estimates was validated to be in the
order of 1.9 Vol.-% RMSE as compared to TDR measured values. The validation of depth estimation
using a variety of in-situ depth measurements gave an RMSE <5 cm. Both results demonstrate well the
accuracy and robustness of the method. With the advanced processing and measurement approach
developed in this study the CMP method has become a mature technique to provide quantitative
vertical soil moisture distribution. Based on the comparison with SAR derived soil moisture estimates
we could show that the GPR/CMP method is well suitable to serve as an in-situ measurement technique
for SAR soil moisture studies at low frequencies. The major advantage of the proposed GPR method is
the potential to provide fast non-invasive accurate quantitative measurements of vertical soil moisture
distribution, taking into account the actual in-situ soil layer structures. Especially at P-band the CMP
measurements will be much more useful than the classical TDR measurements performed on the
soil surface.
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