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Introduction 

1.1 General 
Water at the land surface is a vital resource, both for human needs and for 

natural ecosystems. Society's fresh water needs for agriculture, sanitation, municipal 
and industrial supply are ever increasing. At the same time, natural hazards 
involving water, such as floods, droughts and landslides are major natural threats to 
society in many countries (Entekhabi et al., 1999). The vadose zone, which may be 
defined as the transition zone between the atmosphere and groundwater reservoirs, 
is important for water resource management, because it regulates the water 
availability for vegetation, including crops, while at the same time providing a 
protective buffer zone between land surface and groundwater against solutes and 
pollutants. 

Hydrologists, soil scientists and agronomists study the space and time variability 
of water in the vadose zone, hereafter referred to as soil water content (SWC), at a 
range of scales for a variety of reasons. At the regional to continental scale, the 
exchange of moisture and energy between soil, vegetation and atmosphere has an 
impact on near-surface atmospheric moisture and temperature, which in turn 
define the regional climate. For example, SWC determines to a large extent the 
relative magnitudes of sensible and latent heat fluxes and therefore determines the 
diurnal evolution of the atmospheric boundary layer (Callies et al., 1998). Currently, 
there is a need to establish and quantify the contribution of SWC-regulated land-
atmosphere coupling to regional climate anomalies, such as continental droughts 
and large-scale precipitation events (Entekhabi et al., 1999). 

At the catchment scale, SWC partly controls the separation of precipitation into 
infiltration, evaporation and runoff, and therefore has a large influence on soil 
erosion and river discharge. Recent studies have shown that including SWC 
heterogeneity in spatially distributed hydrological models can improve discharge 
predictions (Merz and Plate, 1997; Merz and Bardossy, 1998; Pauwels et a l , 2001). 
However, there is no consensus on how to incorporate spatial SWC heterogeneity 
in these models. Some have suggested that it is sufficient to include the statistics 
(spatial mean and variance) of measured SWC structure (e.g. Pauwels et al., 2001), 
whereas others have suggested that discharge predictions also improve when a full 
description of SWC variation is included (Merz and Bardossy, 1998). Furthermore, 
Merz and Plate (1997) argue that the improvement of discharge predictions by 
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including SWC heterogeneity will strongly depend on the event characteristics, 
including antecedent soil water conditions and rainfall intensities. 

Another important research area involving space and time variability of SWC is 
preferential flow, which is a generic term for processes causing differential spatial 
soil water fluxes. Preferential flow is an important research topic because of its 
impact on the breakthrough of water and solutes at a specific depth over a range of 
scales. For example, at the regional scale, estimates of groundwater recharge that do 
not consider preferential flow may underestimate recharge (Scanlon, 2000). 
Furthermore, existence of preferential flow often causes accelerated breakthrough 
of solutes, including environmentally harmful substances such as heavy metals and 
pesticides (Ritsema and Dekker, 1998; de Rooij and Stagnitti, 2002). Current 
understanding of the processes governing preferential flow is limited. This hampers 
the conceptualization of preferential flow in hydrological models, which is needed 
for improved predictions of water flow and solute transport. 

Clearly there is a need for SWC measurements over the entire range of spatial 
scales. Electromagnetic techniques are the most promising category of SWC 
sensors to fulfill this need because this category contains a range of techniques that 
measure the same soil water content proxy, namely dielectric permittivity, at 
different spatial scales. Remote sensing with either passive microwave radiometry 
or active radar instruments is the only promising technique for measuring SWC 
variation of large regions (Jackson et al, 1996; Famiglietti et al., 1999; van Oevelen, 
2000). The passive instruments have low spatial resolution and can either be 
airborne with footprints of thousands of m2 or satellite-borne with footprints in the 
order of tens of km2. In the near future, passive satellite remote sensing will 
provide global coverage of critical hydrological data, including SWC (Entekhabi et 
al., 1999). Active radar instruments have smaller footprints ranging from 100 to 
several 1000 m2. Although remote sensing will surely play an important role in 
many future hydrological studies, currently there is still a need to establish transfer 
functions between remote sensing and the more familiar in situ SWC 
measurements. 

A well-established in situ electromagnetic technique is time domain 
reflectometry (TDR), which was introduced in vadose zone hydrology in the early 
eighties (Topp et al., 1980). Over the years, TDR has developed into a reliable 
method for SWC determination that can easily be automated (Heimovaara and 
Bouten, 1990). Furthermore, TDR can simultaneously measure dielectric 
permittivity and bulk soil conductivity (Dalton et al , 1984; Topp et al., 1988), 
which allows the study of water and solute transport within the same soil volume. 
Recently, it has been recognized that TDR measurements can also be used to 
determine frequency dependent dielectric permittivity (Heimovaara, 1994; Friel and 
Or, 1999; Weerts et al., 2001). This is important because the frequency dependency 

6 



Introduction 

of permittivity can potentially be related to important soil properties influencing 
water and solute transport, such as soil water conductivity and particle size 
distribution. Although TDR is highly suited for monitoring the development of 
SWC at one location with a high temporal resolution, the small measurement 
volume (<dm3) makes it sensitive to small-scale SWC variation (e.g. macro-pores, 
air gaps due to TDR insertion) within this volume (Ferré et al., 1996). Furthermore, 
assessment of spatial SWC variation with TDR is labor-intensive because TDR 
sensors need to be installed at each measurement location. 

Clearly, there is a scale gap between remote sensing and TDR measurements of 
SWC. At intermediate spatial scales, such as agricultural land and small catchments, 
reliance on sparse TDR measurements or coarse remote sensing measurements 
might not provide the accurate SWC information required at these scales (e.g. crop 
management, precision farming). Therefore, there is a need for SWC measurement 
techniques that can provide dense and accurate measurements at an intermediate 
scale. In this thesis, ground-penetrating radar (GPR) is tested as an intermediate 
scale SWC measurement technique. In particular, attention is focused on measuring 
SWC with the ground wave velocity of GPR as was proposed by Du (1996). 
Potentially, this technique allows assessment of spatial SWC variation up to several 
1000 m2 (Sperl, 1999). Furthermore, GPR also is an electromagnetic technique, and 
could, therefore, make an attractive triplet with TDR and remote sensing for 
studying spatial SWC variation at a range of spatial scales. 

The general aim of this thesis is to contribute to the improved characterization 
of the spatio-temporal behavior of soil water by studying the potentials and 
limitations of TDR and GPR for measuring SWC variation in space and time. 
Clearly, TDR is a more developed SWC measurement technique than GPR and, 
therefore, the theoretical depth of research will be different for both methods. For 
TDR, the aim is to improve the accuracy and reproducibility of the TDR analysis 
for the determination of SWC, frequency dependent dielectric permittivity and soil 
bulk conductivity. For GPR, the aim is to establish the accuracy, reproducibility 
and feasibility of measuring spatial SWC variation with the ground wave velocity of 
GPR. Before the outline of the thesis is presented, an introduction to the principles 
and background of TDR and GPR is given in the following section. 

1.2 Principles of Electromagnetic Methods 
1.2.1 Electromagnetic wave propagation 

The propagation velocity of electromagnetic waves, v [ms~ ], is determined by the 
complex dielectric permittivity, e'(f) = e'(f)-je"(f) 
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* / > = ) j [LI] 
. . . . l+Vl+tan2(5 

f ^ 2 
with the loss tangent (5 [-] defined as 

£ ( ƒ ) + • 
' < f c 

tan^ = ^I^L [12] 

e if) L J 

where c is the propagation velocity of electromagnetic waves in free space 
(3 X 108 m s 1 ) , / i s the frequency of the electromagnetic field [Hz], e ( / ) is the real 
part of the relative dielectric permittivity [-], £ \f) is the imaginary part of the 
relative dielectric permittivity [-], // ris the relative magnetic permeability [-], Odc is 
the DC conductivity [Sm_1], and £0 is the free space permittivity (8.854 X 10"12 Fm"1). 
Throughout this thesis, 'permittivity' is understood to represent the relative 
dielectric permittivity; i.e. the permittivity relative to free space as calculated by the 
absolute permittivity divided by the free space permittivity £0. The imaginary part of 
the permittivity, e"(ƒ) is associated with the energy dissipation and the real part of 
the permittivity, e (ƒ) is associated with the capability to store energy when an 
alternating electrical field is applied. The complex permittivity of most materials 
varies considerably with the frequency of the applied electric field. An important 
process contributing to the frequency dependence of permittivity is the polarization 
arising from the orientation with the imposed electric field of molecules that have 
permanent dipole moments. The mathematical formulation of Debye describes this 
process for pure polar materials (Debye, 1929) 

g ' ( / ) = g - + % ~ £ : , - ^ r [1-3] 
1 + V 

f, 
27tf£0 

V J rel J 

where £„ [-] represent the permittivity at frequencies so high that molecular 
orientation does not have time to contribute to the polarization, £s [-] represents the 
static permittivity, i.e. the value at zero frequency and fnl [Hz] is the relaxation 
frequency, defined as the frequency at which the permittivity equals (£} + £j)/2 
(Nelson, 1994). The separation of equation 1.3 into its real and imaginary part is 
shown in figure 1.1 for £5 - 20, £„= 15,fnl= 10847 Hz and Odc = 0 Sm4. Figure 1.1 
shows that at frequencies very low and very high with respect to relaxation 
processes, the permittivity has constant values and zero losses. At intermediate 
frequencies, the permittivity undergoes a dispersion and dielectric losses occur with 
the peak loss itf = fnl. Water in its liquid state is a prime example of a polar 
dielectric. The Debye parameters of water are £s= 80.3, f«,= 4.3 zndfK/= 10102 Hz 
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Frequency(Hz) 

Figure 1.1. Example of the Debye model for the real part (solid line) and imaginary part 
(dashed line) of the permittivity. 

at 20°C (Hasted, 1973). However, pure water rarely appears in its free liquid state in 
soils. Most often it is physically absorbed in capillaries, limited in motion by 
electrostatic interaction with clay particles, etc. Dielectric relaxation of absorbed 
water takes place at lower frequencies than the relaxation of free water 
(Hasted, 1973). Depending on the soil texture, soil structure, cation exchange 
capacity, and soil chemical composition, there may be various forms and amounts 
of bound water in a soil. Therefore, E (f) measurements of soils can potentially 
provide insight into several important soil properties. 

In case of the electromagnetic methods used in this thesis (10 MHz to 1 GHz), 
the imaginary part of the permittivity is often small compared to the real part of the 
permittivity, while the displacement (polarization) properties dominate the 
conductive properties at these frequencies. Furthermore, the relative magnetic 
permeability jlr of most materials is very close to 1 and many soils do not show 
relaxation of permittivity in the frequency range of 10 MHz to 1 GHz, which 
reduces equation 1.1 to 

c [1.4] 

for non-saline soils (Wyseure et al., 1997). The real part of the permittivity of water 
within the MHz to GHz bandwidth is approximately 80, whereas the permittivity 
of most other common soil constituents is 1-10. This large contrast in permittivity 
explains the success of SWC measurements with electromagnetic techniques 
working within this frequency bandwidth. 
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1.2.2 SWC - £ relationships 

The most common relationship between permittivity, £ often simply e, and 
volumetric SWC [m3m~3] was proposed by Topp et al. (1980) 

SWC = -53x]0~2 +2.92xl0"2£-5.5xl0"4é-2 + 4.3xlO~V [1.5] 

and was determined empirically for mineral soils. It has an accuracy of 
0.0221 m3m~3 determined in an independent validation on mineral soils (Jacobsen 
and Schjonning, 1994). A more theoretical approach to relating SWC and f is based 
on dielectric mixing models, which use the volume fractions and the dielectric 
permittivity of each soil constituent to derive a relationship (e.g. Dobson 
et a l , 1985; Roth et al , 1990; Friedman, 1998; Jones and Friedman, 2000). In 
dielectric mixing models, the bulk permittivity of a soil-water-air system, £h may be 
expressed as 

eb = [sWCel + (1 - ri)e" +{n- SWC)ea
a)« [1.6] 

where n [m3m3] is the soil porosity, £„,, Es and £a are the permittivities [-] of water, 
soil particles and air, respectively, and OC [-] is a factor accounting for the orientation 
of the electrical field with respect to the geometry of the medium (GC=\ for an 
electrical field parallel to soil layers, <X=—1 for an electrical field perpendicular to 
soil layers and G^0.5 for an isotropic medium). After rearranging of equation 1.6, 
the following expression can be obtained for SWC 

SWC = *-«-"*-»* [1.7] 

After substitution of E=\ and assuming Cü=0.5, equation 1.7 reduces to 

i i C - J - ^ - ( ' - ^ i - [1.8] 
Je„. - 1 Je„ - 1 

which gives a physical interpretation of a simple SWC-f relationship suggested by 
Ledieu et al. (1986) and Herkelrath etal. (1991) 

SWC = a^eb -b [1.9] 

where a and b are calibration parameters. It has an accuracy of 0.0188 m3nf3 

determined in an independent validation on mineral soils (Jacobsen and 
Schjonning, 1994). In this thesis, equation 1.9 is used throughout because of its 
simplicity and semi-theoretical foundation. 

1.2.3 Time Domain Reflectometry (TDK) 
TDR originated in the telecommunications industry, where it is used to identify 

locations of discontinuities in cables. Hence the term 'cable tester' is a common 
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Figure 1.2. Diagnostic changes in a TDR waveform measured in water, ti marks the entry 
of the TDR signal in the probe and fy marks the reflection from the end of the probe. Atp 
is the travel time in the probe-soil system and At, is the travel time in the soil only. 

name for general-purpose TDR instruments (Jones et al., 2002). The exact location 
of the cable discontinuity can be determined from the travel time of an 
electromagnetic pulse to the discontinuity and the propagation velocity of the pulse 
in the cable. In vadose zone hydrology, TDR is traditionally used to calculate the 
soil permittivity from the travel time of an electromagnetic step pulse in the soil, 
At, [s], along a waveguide with known length, L [m], according to 

fcAt V 
[1.10] " =1-

^ 2L 

where 2_L is used because the pulse travels the length of the probe twice. The At, 
can be found from the travel time between two important diagnostic changes in the 
waveform, the entry of the TDR signal in the probe-soil system (/,) and the 
reflection of the end of the probe (t2). The exact times of /, and t2 ate determined 
by drawing tangent lines along the TDR waveform as shown in figure 1.2 (Baker 
and Allmaras, 1990; Heimovaara and Bouten, 1990). The travel time in the probe-
soil system is At = t2 — tt, which includes the travel time in the head of the probe, 
At0 (first positive rise in TDR waveform of figure 1.2). The travel time in the soil 
needed for equation 1.10 is calculated with At = At— At0. Usually, both JL and At0 

are obtained from a calibration of the probe in two media with known permittivity, 
often water and air (Heimovaara and Bouten, 1990). 
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Air 

Soil 
B / 

\ A 

D I 

^ ^ c 

Figure 1.3. (after Annan, 1973). Wave fronts around a dipole source on the soil surface. A 
and B are spherical waves in the air and soil, respectively, wave C is the lateral or head 
wave in the soil and D is the ground wave in the air. 

TDR users can choose between a number of different probe configurations, 
ranging from a central conductor with one to six outer conducting wires. The two-
wire probe has the advantage of the largest measurement volume combined with 
minimal soil disturbance. With an increasing number of outer conductors, the 
measurement volume becomes more restricted towards the inner conducting wire 
(Ferré et al., 1998). The disadvantage of the two-wire probe is the unbalanced 
signal that leads to signal loss, whereas the three- or more-wire probes provide a 
more balanced signal. The seven-wire probe has most often been used when a 
more coaxial probe is required, for example when using models assuming coaxial 
behavior (e.g. Campbell, 1990; Heimovaara, 1994; Heimovaara et al., 1996). 

TDR can also measure the bulk soil electrical conductivity, Oic, as was first 
shown by Dalton et al. (1984). The <Jdc is accurately related to the proportional 
reduction of the signal voltage emitted by the cable tester, i.e. the attenuation of the 
TDR signal in the soil. Comparison of electrical conductivity of salt solutions 
measured with TDR and standard methods has clearly demonstrated the high 
accuracy of Gdc measurements with TDR for <Jdc up to 0.2 Sm"1. For higher 
conductivities, a more extensive calibration including cable and cable tester 
resistance is required (e.g. Heimovaara et al , 1995; Reece, 1998). 

1.2.4 Ground-Penetrating Radar (GPR) 
The GPR technique is similar in principle to TDR. The radar produces a short 

pulse of high frequency (MHz to GHz) electromagnetic waves that is transmitted 
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Figure 1.4. (after Davis and Annan, 1989). Ideali2ed GPR transect measured with a fixed 
antenna separation over an anomalous wetter zone and a horizontal ground water table 
(GWT). A marks the air wave, B marks the point reflector and C marks the reflection 
from the ground water table. 

into the soil. The propagation velocity of the radar signal depends on the soil 
permittivity and, therefore, GPR can also be used for SWC measurements. An 
important difference between GPR and TDR is that TDR uses electromagnetic 
waves guided by a TDR probe, whereas GPR uses unguided waves transmitted and 
received by antennas. A GPR antenna placed on the soil surface radiates spherical 
waves both upward into the air and downward into the soil as indicated by wave 
fronts A and B in figure 1.3. Because of the continuity requirements for the 
electromagnetic field at the soil surface, the propagating spherical air wave A gives 
rise to a lateral wave front C in the soil. Note that this wave front is not registered 
by surface radar. The spherical wave B propagating in the soil gives rise to a 
wave D, which is often referred to as the ground wave. The ground wave amplitude 
is known to decrease strongly with distance above the soil surface and therefore the 
ground wave is not presented as a wave front in figure 1.3. 

The energy transmitted into the soil will be (partly) reflected when contrasts in 
soil permittivity are encountered. Figure 1.4 (right) shows an idealized GPR 
radargram measured with a fixed antenna separation (single offset) over an 
anomalous wetter zone as shown in figure 1.4 (left). Because the GPR emits waves 
in all directions, anomalies are measured before the GPR is directly over it 
(figure 1.4, left). This shows up in the radargram as a hyperbola (B in figure 1.4, 
right) because the waves of the GPR measurement directly above the anomaly have 
the shortest travel distance (time) and all other waves will have a larger distance to 
travel. The average electromagnetic wave velocity determines the convexity of the 
reflection hyperbola B, i.e. it determines how much longer the waves need to travel 
the extra distance. Therefore, a point reflector hyperbola can be used to determine 
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Figure 1.5. CMP (top) and WARR (bottom) acquisition. 

electromagnetic wave velocity and therewith the average SWC to the depth of the 
point reflector. 

The reflection of the ground water table, as an example of a contrast in soil 
permittivity, is marked with C in figure 1.4 (right). It can be seen that the 
anomalous wetter zone results in a pull-down of the arrival time of the wave 
reflected from the horizontal ground water table because the average wave velocity 
to the ground water table is lower for GPR measurements above the anomaly. 
Contrary to the point reflector, the ground water table reflection in a single-offset 
measurement cannot be used to calculate the average electromagnetic wave velocity 
without knowledge of the groundwater table depth. Of course, the ground water 
table depth (or depth of any other reflector) can be determined independently, and 
in such cases the arrival time of the groundwater table reflection can easily be 
converted to average SWC of the vadose zone (Vellidis et al., 1990; Weiler 
et al., 1998). However, when depth information is not available one must change to 
multi-offset GPR measurements to determine SWC from radar reflections. 

Two commonly used multi-offset GPR measurements are called Common-
MidPoint (CMP) and Wide Angle Reflection and Refraction (WARR) 
measurements (figure 1.5). In CMP acquisition, the distance between the antennas 
is increased stepwise while keeping a common midpoint. In WARR acquisition, the 
distance between the antennas is increased stepwise with the sender at a fixed 
position. A schematic outcome of a multi-offset GPR measurement is given 
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0.5 1.0 1.5 2.0 

Figure 1.6. Idealized multi-offset GPR measurement with air wave (AW), ground wave 
(GW) and reflected wave (RW). tAW and tew are the arrival times of the air and ground 
wave at a single antenna offset. 

in figure 1.6. If consistent reflected waves are present in the multi-offset GPR 
measurement, they can be used to calculate SWC direcdy because the wave velocity 
can be determined from the change in arrival time with increasing antenna 
separation. Together with the arrival time of the reflected wave at a specific 
antenna separation, this wave velocity can then be used to calculate the depth of 
the reflector (Greaves et al., 1996; Garambois et al., 2002). 

The disadvantage of SWC measurements with reflected waves is that the success 
of the measurements depends on the presence of clearly reflecting objects or layers 
in the soil. Furthermore, horizontal reflectors require the use of multi-offset GPR 
measurements or independent measurements of depth to the reflecting layer to 
infer SWC. Both options are time consuming, which reduces the potential of GPR 
for quick spatial mapping of SWC. The only waves that are always present, even in 
the absence of clearly reflecting soil layers, are the two direct waves, known as the 
air wave and the ground wave as was pointed out by Du (1996) and Sperl (1999). 
They are called direct waves because they have a direct (straight) propagation path 
from sender to receiver, the air wave through the air and the ground wave through 
the top of the soil. The direct waves can easily be recognized in a multi-offset GPR 
measurement because they have a linear relationship between antenna separation 
and travel time (see figure 1.6). The slope of the ground wave in a multi-offset 
GPR measurement is directly related to the ground wave velocity and can, 
therefore, be used for SWC determination. However, SWC measurements with 
multi-offset GPR measurements are cumbersome and time-consuming, as 
mentioned before. The ground wave velocity can also be determined from a single-
offset GPR measurement, provided that the approximate arrival time of the ground 
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wave is known from a multi-offset GPR measurement. Therefore, Du (1996) and 
Sperl (1999) proposed the following procedure for SWC mapping with the ground 
wave of GPR: 1) identify an approximate ground wave arrival time for different 
antenna separations in a multi-offset GPR measurement, 2) choose an antenna 
separation where the ground wave is clearly separated from the air and reflected 
waves and 3) use this antenna separation for single-offset GPR measurements and 
relate the changes in ground wave arrival time to changes in soil permittivity. The 
most straightforward relationship between ground wave arrival time tGW [s], 
antenna separation x [m] and soil permittivity is given by (Sperl, 1999) 

\v) { x 

where tAW [s] is the air wave arrival time. It is necessary to include tAW because the 
GPR equipment does not have a fixed time zero. 

1.3 Outline 
This thesis consists of two parts. The first part deals with improving the 

accuracy and reproducibility of TDR analysis (chapters 2 to 4) and the second part 
deals with the accuracy, reproducibility and feasibility of measuring spatial SWC 
variation with the GPR ground wave (chapters 5 to 8). The chapters of this thesis 
are papers that have been or will be published independently in international 
journals. As a consequence, some duplication occurs. 

In chapter 2, the accuracy and reproducibility of two TDR analysis algorithms 
for determining soil permittivity are compared. The first algorithm is the well-
established travel time analysis with optimized analysis parameters. The second 
algorithm is based on inverse modeling of TDR waveforms with a wave 
propagation model, also known as frequency domain analysis. Frequency domain 
analysis is tested because it is a fully automatic analysis that does not require 
analysis parameters. In chapter 3, the potential accuracy of three frequency domain 
analysis scenarios for determining the frequency dependent dielectric permittivity is 
compared in an analysis of numerically generated measurements. The three 
scenarios are: cable tester measurements analyzed in the time or frequency domain 
and network analyzer measurements analyzed in the frequency domain. The actual 
accuracy of frequency domain analysis is determined with network analyzer 
measurements made with probes varying in length and number of wires. In 
chapter 4, two approaches to improve the accuracy of TDR bulk soil conductivity 
measurements with three-wire probes are compared. The first approach is based on 
direct measurement of the cable properties and the second approach is based on 
calibration with TDR measurement in salt solutions with different electrical 
conductivities. 

[1.11] 
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In chapter 5, the accuracy of single- and multi-offset GPR measurements for 
measuring SWC with the GPR ground wave is determined. As a reference, the 
GPR measurements are compared with aggregated TDR measurements made 
within the same soil volume. Chapter 6 focuses on two aspects that potentially 
affect the accuracy of SWC measurements with the GPR ground wave: 1) influence 
of the equipment required for SWC measurements (sleds, odometer, pull vehicle) 
on the quality of the GPR measurements and 2) the importance of reported 
differences in air and ground wave arrival time at zero antenna offset. The results 
of chapter 6 will also provide an assessment of the reproducibility of SWC 
measurements with GPR as a function of uncertainty in the position of the 
antenna, uncertainty of time picks and spatial SWC heterogeneity within the radar 
volume. Chapter 7 and 8 present the results of a field test where we created a 
heterogeneous SWC pattern by irrigation with different types of sprinklers. In 
chapter 7, the potential of GPR to measure spatial SWC variation of a 3600 m2 

field is evaluated. The GPR results are compared with the spatial SWC variation 
measured with TDR. Subsequently, the kind of spatial SWC variation that can be 
measured with GPR and TDR is discussed. Chapter 8 discusses the capability of 
GPR and TDR to assess the temporal development of spatial SWC variation. In 
chapter 9, the possibility of combining GPR and TDR measurements for a 
characterization of spatio-temporal SWC variation is discussed. 
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2 

Comparison of Travel Time Analysis and Inverse 
Modeling for Soil Water Content Determination with 
Time Domain Reflectometry* 

Abstract 
Travel time analysis algorithms are used to extract dielectric permittivity (and 
thereby water content) from time domain reflectometry (TDR) waveforms. A 
limitation of travel time analysis is the need to define subjective analysis parameters 
for reproducible measurements. The aim of this chapter is to compare three 
methods to remove subjectivity from the analysis of T D R waveforms: 1) travel time 
analysis with optimized analysis parameters, 2) fitting a simulated waveform based 
on a model with frequency-dependent permittivity and 3) fitting a waveform based 
on a model with an apparent dielectric permittivity. We performed an outflow 
experiment on a sandy soil sample and simultaneously collected soil water content 
measurements (determined from outflow) and duplicate TDR measurements. After 
optimizing the travel time analysis parameters by minimizing the difference between 
duplicate measurements, we found little difference in accuracy and reproducibility 
between the three methods. However, we showed that small deviations from the 
optimal travel time analysis parameters have a significant influence on both the 
accuracy and the reproducibility of travel time analysis. A comparison of the two 
inverse modeling approaches showed that the inclusion of frequency-dependent 
permittivity did not greatly improve the fit between measured and modeled 
waveforms and that a frequency-independent (apparent) permittivity adequately 
describes the TDR measurements made in this sandy soil. We conclude that the 
removal of subjectivity resulted in similar accuracy and reproducibility for all three 
methods. Nevertheless, we consider inverse modeling as an interesting alternative to 
travel time analysis because it is a fully automated analysis with high accuracy and 
reproducibility. 

* Published byJ.A. Huisman, A.H. Weerts, T.J. Heimovaara and W. Bouten, 2002. Water 
Resources Research, 38(6). Reprinted with permission of © American Geophysical 
Union. 
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2.1 Introduction 
Time Domain Reflectometry (TDR) has obtained a reputation as a versatile and 

reliable technique for the measurement of the apparent relative dielectric 
permittivity, Ka in soils. Most often, Ka is obtained by travel time analysis of the 
T D R signal along the probe with (Topp et al., 1980; Baker and Allmaras, 1990; 
Heimovaara and Bouten, 1990) 

in which c is the velocity of electromagnetic waves in free space (3.0x10 ms"), 
Ats [s] is the travel time of the TDR signal in the soil and L [m] is the length of the 
probe. Several researchers have developed software for travel time analysis, and 
their programs are freely available on the Internet (e.g. TACQ by S.R. Evett, 
TDRANA by T.J. Heimovaara, TDR_SPS by J.P. Laurent and WinTDR by D. Or). 
For example, TDRANA obtains Ats from a TDR waveform by finding the times 
corresponding with distinct impedance changes at the beginning and the end of the 
probe {t1 and t2 in figure 2.1). The procedure for calculating t2 (see figure 2.1) is to 
find the inflection point S, which is defined as the maximum in the first derivative 
of the waveform in the neighborhood of the reflection. Then, the vertical tangent 
line is calculated with a linear regression over a user-defined interval of points 
A/, [ns] around S. W is found as the minimum in the range [S-At}, 5], where 
At3 [ns] is a user-defined search range. The base tangent line is calculated as a 
weighted linear regression over a user-defined interval of points At2 [ns] before W 
and, finally, the intersection of the base and vertical tangent line results in t2. 
Evidently, the exact definition of the travel time analysis parameters is at least 
partly internal to the considered software and each program differs in its 
procedures to calculate t, and t2 (e.g. in terms of waveform smoothing, scaling of 
the analysis parameters, etc.). However, the important point we want to make here 
is that, in general, travel time analysis algorithms are similar and require user-
defined and therefore subjective analysis parameters to ensure that the tangent lines 
are drawn correctly. 

The correct setting of the travel time analysis parameters depends on the 
personal taste of the user and the shape of the TDR waveform, which is 
determined by cable length, type and length of the TDR probe, soil permittivity 
and small variations in water content along the probe. Ideally, the user-defined 
travel time analysis parameters are set separately for each TDR waveform, but in 
the face of all these factors influencing the correct setting this is not feasible when 
analy2ing large sets of TDR measurements. Therefore, it is common practice to use 
either standard settings for each type of TDR probe or to visually optimize the 
travel time analysis parameters for one TDR waveform (i.e. the first of each day) 
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Figure 2.1. TDR measurements in water showing the impedance changes at the beginning 
(A) and end of the probe (B). The travel time analysis parameters Aft, At2 and A/j, the 
travel time in the soil Ats, the inflection point S and the minimum W are also illustrated. 

and to apply this setting to the other measurements. In both cases, the non-optimal 
setting of the analysis parameters affects the reproducibility of the analysis, and in 
some extreme cases it can even affect the accuracy of soil water content (SWC) 
measurements. Furthermore, there will always be some subjectivity in the setting of 
analysis parameters because there are different (but perhaps equally appropriate) 
ways to draw the tangent lines in figure 2.1. For example, Wraith and Or (1999) 
showed that in the extreme case of the subjective choice between flat (Baker and 
Allmaras, 1990) and dual tangent line analysis (Heimovaara and Bouten, 1990) the 
difference in volumetric SWC could be as large as 0.04 m3m"3 for different analyses 
of the same waveform. In this chapter, we present a procedure to optimize the 
travel time analysis parameters by minimizing the difference between duplicate 
TDR measurements. To our knowledge, this procedure is the first attempt to 
remove user bias and subjectivity from travel time analysis. 

Heimovaara (1994) presented an inverse modeling analysis to obtain permittivity 
by fitting simulated to measured TDR waveforms. His analysis consisted of 
optimizing three Debye-parameters, which together with the independently 
determined TDR bulk conductivity describe the frequency-dependent permittivity 
of the soil. This inverse modeling analysis could increase both the accuracy and the 
reproducibility of TDR measurements due to the lack of user-defined analysis 
parameters. An important requirement of such an inverse modeling analysis is that 
all the Debye-parameters are identified in the inverse problem. However, Weerts 
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et al. (2001) showed that the limited frequency bandwidth of standard TDR 
equipment inhibits a meaningful and reproducible identification of all three Debye-
parameters for some soils. We therefore also consider an inverse modeling analysis 
in which the frequency-dependent permittivity is replaced by an apparent dielectric 
permittivity independent of frequency. 

The aim of this chapter is to compare three methods to remove user-defined 
analysis parameters and subjectivity from the analysis of TDR waveforms. We 
consider travel time analysis with optimized analysis parameters and two inverse 
modeling procedures as fully automated algorithms to analyze large series of TDR 
waveforms. To this end, we performed an outflow experiment in which we 
simultaneously collected SWC measurements (determined from outflow) and 
duplicate TDR measurements for both travel time analysis and inverse modeling. 
We then compared all methods in terms of accuracy and reproducibility of SWC 
measurements. 

2.2 Theory 
Analysis of TDR waveforms r(t) can be seen as the interpretation of how an 

input signal v0(t) is modified by the system s(t) being tested, i.e. the probe-soil 
system (Heimovaara, 1994; van Gemert, 1973) 

r(t)= jv0(t-x)s(z)dx [2.2] 

in which t is an integration variable. The frequency-dependent response function 
K(f) can be obtained with the convolution theorem 

R(f) = VQ{f)S(f) [2.3] 

in which ƒ is the frequency [Hz] and K(f) and V0(f) and S(f) are the Fourier 
transforms of r(t), v0(t) and s(t), respectively. The system function S(f) can now be 
obtained as the ratio of the Fourier transforms of the backward difference of the 
sample and input function r (t) and v0(/) 

*/>-|™ M 
DFT[v0(t)] 

The theoretical system function of an open-ended coaxial probe can be 
described by the i" ; rscatter function (Clarkson et al. 1977; Heimovaara, 1994) 

,(-2yi) 

^•Sïv» [2'51 

in which 
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JL= J yJH [2.7] 

**ZJZ, [2.8] 

where Zc is the impedance of the cable connecting the probe and cable tester 
(«50 Q), Zp [Q] the impedance of the probe filled with air and p*(f) is the complex 
scatter function of the interface between cable and a probe with an infinite length. 
Due to the finite length of the probe, additional reflections occur. In equation 2.5, 
the term yL accounts for the attenuation of the signal as it travels back and forth 
through the probe and the factor 2 accounts for the fact that the length of the 
transmission line is traveled twice (Heimovaara, 1994). The frequency-dependent 
complex dielectric permittivity, e*(f), of the sample being tested can be described 
with the extended Debye-model for single relaxation (Hasted, 1973) as was 
suggested by Heimovaara et al. (1996) 

g,C/) = e.+( £ ' ~ £ ; )-£f- [2.9] 

J rel 

in which adc [Sm' ] is the conductivity at dc-voltage (which is assumed to be equal 
to TDR bulk conductivity), e0 the dielectric permittivity of free space 
(8.854xlO"12 Fm'1), 8, [-] is the relative static permittivity, sx [-] is the relative high-
frequency permittivity and fn, [Hz] is the relaxation frequency, defined as the 
frequency at which the permittivity equals (s, + &^)/2. Basically, the real part of the 
Debye-equation assumes two levels of permittivity (e, and 6oo) separated by a 
transition zone around fnt Weerts et al. (2001) showed that a meaningful 
identification of Soo, s, andf„, by inverse modeling is only possible when fnl falls well 
within the frequency bandwidth of the TDR equipment. However, the relaxation 
frequencies encountered in most porous media (e.g. Keynon, 1984; 
Campbell, 1990) are either beyond the upper limit of the TDR bandwidth 
(relaxation of free soil water at frequencies > 2 GHz) or in the lower range of the 
bandwidth (relaxation of bound water and Maxwell-Wagner relaxation at 
frequencies < 10 MHz). Therefore, we also consider a model without a frequency 
dependency in permittivity 

e ' ( /)=£
0-£f- [2.10] 

in which za [-] is the apparent dielectric permittivity in case of inverse modeling. 
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2.3. Materials and Methods 
2.3.1 TDR measurements 

The probe used for all TDR measurements was a seven-wire probe with a 50 Q. 
head ( I J = 0 . 0 9 8 m, cable length w 3 m), similar to the one used by Heimovaara 
(1994). The probe is fitted with a BNC connector. TDR measurements were 
performed by attaching the probe to a cable tester with 3 m of high-quality coaxial 
cable (Suhner Sucoflex-104P) fitted with BNC connectors. The cable tester used in 
this chapter was a Tektronix 1502B cable tester (Tektronix, Beaverton, Oregon) 
equipped with the SP232 serial communication module. 

In order to compare inverse modeling with travel time analysis, two types of 
TDR waveforms were recorded: 1) 251-point waveforms for travel time analysis 
and 2) 1024-point waveforms for inverse modeling. An important difference 
between these TDR waveforms, besides the number of points, is the sampling 
interval. For travel time analysis the sampling interval is (automatically) optimized 
until the 251-point waveform ends with the first reflection from the end of the 
probe (as in figure 2.1). For inverse modeling it is convenient to use a fixed 
sampling interval, which we chose to be 1.347x1010 s (horizontal setting of 0.5 m 
per division and a propagation velocity of 0.99 on the cable tester). In both cases, 
the vertical resolution of the measurements is controlled for optimal resolution. 
Prior to the experiments, we obtained both 251-point and 1024-point 
measurements in demineralised water and air to calibrate the probe parameters for 
travel time analysis (t0 and L, details in Heimovaara and Bouten, 1990) and inverse 
modeling (^and L, details in Heimovaara, 1994). 

2.3.2 Input signal V0(f) 
Inverse modeling requires the definition of an input signal V0(f). Heimovaara 

(1994) used the TDR waveform measured with the inner wire of the probe 
removed as the input waveform. However, the electronic 'noise' (marked A in 
figure 2.2a), which is a reflection from the bad impedance transition at the output 
of the cable tester, strongly deteriorated the quality of the signal after conversion to 
the frequency domain. Therefore, we redefined the input signal as the signal leaving 
the coaxial cable and used open (popm; perfect reflection) and short-circuited 
measurements {vsho^ of the cable to remove errors from the input signal. This 
procedure is similar to the set-up correction function used by Feldman et al. (1996). 
The open and short measurements were made with a calibration kit routinely used 
in the calibration of network analyzers (Hewlett Packard 85033D 3.5-mm 
calibration kit). Subsequently, vopm was normalized between 0 and 1, and vshort was 
normalized between 0 and - 1 . This is a reasonable assumption when the resistance 
of the cable tester and the coaxial cable can be neglected (see chapter 4). The new 
input signal (figure 2.2b) is now defined as 
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Figure 2.2 (after Weerts et al. 2001). Open and short-circuited measurements (left) used to 
calculate the input signal (right). 

,(') = 
,(')• ,(0 [2.11] 

In order to use the input signal as defined in equation 2.11, a small shift in time 
base was required to account for the extra travel time in the head of the TDR 
probe. The time shift was done by visually synchronizing the rise of vinput(t) with the 
rise of an air measurement. Note that this approach is only possible when the extra 
reflections in the probe head can be neglected. We used a sensor with a head that is 
designed to be 50 Q and, therefore, the absence of extra reflection is a reasonable 
assumption. 

2.33 Outflow experiment 
An undisturbed soil sample was taken from the field in a 0.10-m-lengfh and 

0.05-m-diameter stainless steel ring. The sample was taken in the top layer of eolian 
deposited fine sand in Appelscha, the Netherlands with a low organic matter 
content (4 gkg"1). Grain-size analysis showed that the sample contained 98.5 % 
sand, 0.9 % silt and 0.6 % clay as a weight percentage of the total dry weight of the 
mineral matter. The soil sample was drained to a pressure head of \|/= —100 cm, 
and then wetted to a SWC of 0.26 m3m~3 with a NaCl-solution (0.2 Sm"1). Then the 
sample was placed on a hanging water column (filled with the same NaCl-solution 
used to saturate the soil sample) and the TDR probe was inserted vertically in the 
middle of the sample. With the hanging water column, 18 suction increments were 
applied over 4 days to assure reasonable coverage in the water content range of 
0.05-0.26 m3m"3. Outflow readings were made every minute with pressure 
transducers. Afterwards, the outflow measurements were converted to 5-min 
average estimates of SWC of the sample. Both 251-point and 1024-point TDR 
measurements were recorded every 5 minutes in duplicate. During night, the 
outflow ceased because the sample reached equilibrium. To obtain a more uniform 
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distribution of measurements over the total water content range, TDR 
measurements and outflow readings made during equilibrium were removed from 
the data set. The whole experiment was performed under isothermal conditions 
(20° C). 

2.3.4 Travel time analysis 
We used a travel time analysis algorithm similar to the one published by 

Heimovaara and Bouten (1990). The travel time analysis requires three analysis 
parameters to ensure that the tangent lines for the determination of t2 are drawn 
correctly (as in figure 2.1). The travel time analysis parameters are defined for a 
TDR measurement in air, and are subsequently multiplied with a dimensionless 
scaling factor F 

in which Tpeak [s] is the travel time between the peaks in the first derivative of the 
TDR waveform (see figure 2.1). For a measurement in air, F is close to 1 and for 
media with higher permittivity F increases. This procedure potentially allows 
analysis of TDR measurement from a wide range of soil water contents. In this 
chapter, we do not consider the travel time analysis parameters for /, because the 
TDR measurements made under isothermal conditions can be analyzed by using a 
fixed point on the cable instead of an extra set of tangent lines to determine where 
the signal enters the probe-soil system. 

The setting of the travel time analysis parameters is usually determined by the 
user, who visually checks whether the tangent lines are drawn correctly. Despite the 
scaling factor F, it is difficult to obtain a set of travel time analysis parameters that 
does not need to be changed during the processing of large time series of TDR 
measurements over a wide range of soil water content. We propose an optimization 
of the travel time analysis parameters by minimizing the difference between the two 
time series of SWC obtained from the duplicate TDR measurements to solve this 
problem. Unfortunately, this optimization cannot be performed with standard 
optimization techniques because of the abundant presence of local minima in the 
objective function. Instead, we divided the parameter space in 123 equidistant 
segments (12 intervals of 0.01 from 0.04 ns to 0.15 ns for the three analysis 
parameters) and calculated the difference between the duplicate time series for each 
parameter combination. This resulted in a first estimate of the optimal settings. The 
final estimate of the optimal settings was obtained by dividing the parameter space 
around the optimal value in l l 3 segments (zooming in with 11 intervals of 0.002 
from -0.01 ns to 0.01 ns around the first estimate of the optimal settings) and 
finding the minimum difference between the duplicate time series. The assumption 
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implicitly underlying this approach is that the correct way to draw the tangent lines 
results in a minimi2ation of the difference between duplicate measurements (i.e. an 
optimization of the reproducibility of the analysis). The sensitivity of the travel time 
analysis to small variations in the travel time analysis parameters was determined by 
randomly sampling 100 parameter sets within the range of 10% and 25% around 
the optimized analysis parameters with Latin Hypercube Sampling (McKay 
etal., 1979). 

2.3.5 Inverse modeling analysis 
The inverse modeling analysis of TDR waveforms consists of optimizing three 

parameters in the Debye-equation (equation 2.9 and Heimovaara et al., 1996) or 
optimizing £a (equation 2.10). The optimizations were performed with a Nelder-
Mead simplex (direct search) method (Press et al., 1986) that minimized the 
difference between measured and modeled TDR waveforms in the time domain. 
Friel and Or (1999) suggested that the optimization of 5,,-scatter functions in the 
frequency domain is more informative and more sensitive to features such as 
multiple dielectric relaxations. However, the behavior of the 5,,-scatter function in 
the frequency domain can be very erratic, which results in a troublesome frequency 
domain optimization with low agreement between measured and modeled scatter 
functions. We see the time domain optimization as a 'filter' that discards the 'noise' 
present in the frequency domain and consider it a more robust method to extract 
permittivity from TDR measurements. 

The optimization of the three-parameter Debye-model was very sensitive to the 
initialization of the relaxation frequency. This can be explained by the limited 
frequency bandwidth of TDR in combination with the flexibility of the Debye-
model, which allows identical results if the relaxation frequency is shifted above or 
below the TDR bandwidth (also see Weerts et al., 2001). Therefore, the 
optimizations were initialized with £,=20, 8oo=15 and X = 3 0 MHz for all 
measurements, which means that our optimization can only capture low frequency 
dispersion in permittivity (e.g. Maxwell-Wagner or bound water relaxation). The 
optimizations for the apparent permittivity, s„, were not sensitive to the 
initialization. The processing time for the inverse modeling of a single TDR-
measurement is 10 to 30 s on a Pentium II 233 MHz computer, depending on the 
amount of iterations required in the optimization. This is substantially longer than 
unsupervised travel time analysis and approximately equal to the processing time 
required for supervised travel time analysis. 

2.3.6 Accuracy and reproducibility of analysis methods 
The relation between SWC and the refraction index, na (square root of dielectric 

permittivity) is described by the linear equation (Herkelrath et al., 1991) 
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SWC = b]+b2na [2.13] 

in which b1 and b2 are calibration parameters. The root mean square error (RMSE) 
between observed soil water content, SWCobs, and soil water content predicted by 
equation 2.13, SWCts„ can be used to express the accuracy of the calibration 
equation 

RMSE = l£(SWCobs -SWCes,)
2 IN [2.14] 

in which N is the number of observations. We defined the reproducibility of each 
analysis method as 

SDD = J~T(swci ~swc'i)2 [2-15] 

in which SDD [m3m3] is the standard deviation of differences, SWC', and SWC'2 

are the duplicate time series of SWC, AT is the number of duplicates and the factor 
two accounts for the fact that the standard deviation is estimated from duplicate 
measurements. Note that higher standard deviations correspond with lower 
reproducibility. 

2.4 Results and Discussion 
2.4.1 Travel time analysis 

The optimization of the travel time analysis parameters resulted in A/?=0.054 ns, 
A^=0.072 ns and A^=0.056 ns with a minimized SDD of 3.15x10 4 m3m"3 for this 
particular soil. A visual check of the performance of the travel time analysis 
confirmed that the minimization of the difference between duplicate TDR 
measurements indeed resulted in well-drawn tangent lines for the whole range of 
soil water content. It is important to realize that these parameters are optimal for 
the whole dataset and are not necessarily optimal for each couple of duplicate TDR 
measurements. In fact, for each couple of TDR measurements there is a broad 
range of settings leading to equivalent results, which means that it is hard to 
estimate optimal settings for time series analysis from one pair of TDR 
measurements. 

The sensitivity analysis showed that the maximum deviation in permittivity 
found for a 10% variation in analysis parameters was ASWrCmix=0.0026 m 3 m 3 for 
one measurement and the average maximal difference between duplicate 
measurements was [S.SWC„„V„,=0.0018 rrrW3. In case of a 25% variation lS.SWCmax 

was 0.0062 m 3 m 3 and bSWCmaxavg was 0.0044 m3m"3. These results are much lower 
than the deviation of ASWC&0.04 reported by Wraith and Or (1999), but that is 
not surprising because 1) their results were obtained for a highly conductive and 
dispersive clay soil where the potential difference between different sets of analysis 
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Figure 2.3. TDR measurements in air and demineralized water used to optimize the probe 
parameters % and L. The optimized waveforms are also presented. 

parameters is much larger and 2) we used only small variations around the optimal 
setting whereas they considered two extreme ways to perform travel time analysis. 
The 10% variations in the travel time analysis parameters also caused a decrease in 
reproducibility, with a maximum decrease from 3.15xl0~4 m3m~3 to 3.77xl0~4 m3m"3 

(in case of 25% variation the reproducibility decreased to 5.20x10"4 m3m"3). This 
decrease in reproducibility could be expected because the optimal travel time 
analysis parameters have the highest reproducibility by definition. Of course, these 
results are internal to the software we used to analyze the TDR waveforms. 
However, we expect that the general similarity in the travel time analysis algorithms 
will lead to similar results for other programs. 

2.4.2 Optimisation of^ and L for inverse modeling 
The probe parameters ^ and h, were calibrated with measurements in water and 

air (figure 2.3). It can be seen that the optimized TDR waveform for water 
underestimates the reflection coefficient in the front part of the waveform. This is 
caused by the objective function of the optimization (Sum of Squared Residuals), 
which minimizes the difference between modeled and measured waveforms for all 
1024 points. The underestimation in the first part of the waveform is compensated 
by an overestimation in the middle part of the waveform, so that the overall SSR is 
minimized. A possible explanation for the deviations is that a constant value of % 
cannot completely capture the variation in the measured waveform, possibly 
suggesting a frequency dependence of either the impedance of the cable or Zp. 
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Figure 2.4. Measured and modeled waveforms for a wet soil sample (top) and the 
difference between modeled and measured waveforms (bottom). A, B, C and D indicate 
deviations between measured and modeled waveforms discussed in the text. 

Nevertheless, we used ^=0.3670 and 1^=0.0981 obtained from the overall 
optimization. 

2.4.3 Inverse modeling of TDK waveforms 
Figure 2.4 shows the measured and modeled waveforms for a wet soil sample at 

the start of the outflow experiment. Clearly, both the 3-parameter Debye model 
and the 1 -parameter model without frequency dependency in permittivity describe 
the measured TDR waveforms well. The most distinct differences between 
modeled and measured waveform are A) the small rise at the beginning of the 
waveform indicating that despite the efforts to make a 50 Q. probe head, there still 
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is a small impedance change between cable and probe not accounted for in the 
model, B) the 'noise' in the measured waveform which is not present in the 
modeled waveform because of the error correction on the input function and C) 
the underestimation of the reflection coefficient at the first and second reflection 
from the end of the probe. This underestimation is at least partly due to the 
problematic calibration of the probe parameter ^illustrated in figure 2.3. 

The parameters of the modeled waveforms presented in figure 2.4 were 
£,=21.31, £„0=19.50 and ^ = 9 MHz for the three-parameter model, whereas the 
optimal value of £a was 19.80. Figure 2.4 illustrates that the inclusion of frequency-
dependent permittivity resulted in an improvement of the fit just after the first and 
second reflection (marked with D in figure 2.4). However, the improvement was 
only small (RMSE decreased from 0.0094 to 0.0088) and therefore it seems 
inappropriate to interpret the small dispersion in permittivity found with the 
3-parameter Debye model in terms of relaxation processes in soils. This is further 
supported by 1) the low relaxation frequency of 9 MHz, which is close to the lower 
limit of the TDR bandwidth, 2) the similar misfit between measured and modeled 
air measurements in figure 2.3 and 3) the general observation that low frequency 
dispersion (caused by Maxwell-Wagner or double layer relaxation) is often 
unimportant in case of sandy soils. As could be expected from the low initialization 
of the relaxation frequency in the inverse analysis of the three-parameter model, 8oo 
determines the permittivity in a large part of the TDR frequency bandwidth 
(scenario 1 from figure 8 in Weerts et al., 2001). We therefore only consider £«, and 
za in the following discussions on inverse modeling analysis for SWC 
determination. A high initialization of relaxation frequency would have resulted in 
scenario 3 from Weerts et al. (2001) and in that case es would have been the 
appropriate parameter to interpret in case of the three-parameter model. 

2.4.4 Comparison of inverse modeling and travel time analysis 
Figure 2.5 compares the apparent dielectric permittivity, Ka from the travel time 

analysis with the high frequency permittivity, £„, from equation 2.9 and the 
apparent permittivity, £a from equation 2.10. Clearly, both parameters correspond 
well with Ka. Looking more closely, it seems that both inverse modeling analyses 
have difficulties to fit TDR waveforms of dry soils (clutter of points in lower left 
corners of figure 2.5). This can be explained by the resolution (1.35xl0"10 s) of the 
1024-point waveforms used in inverse modeling. In case of dry soils, the travel time 
along a 10-cm TDR probe can be as short as 1.35xl0~9 s which means that most 
variation is present in the first 10 points of the TDR waveform. This 
problem could be overcome by changing the settings of the cable tester, but care 
should be taken because changing the time domain settings (number of points N 
and time resolution At) will also affect the properties of the frequency domain 
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Figure 2.5. Comparison of apparent dielectric permittivity Ka from travel time analysis 
with high frequency permittivity 8oo from the three-parameter Debye-equation and the 
apparent dielectric permittivity £a obtained from inverse modeling with a frequency-
independent permittivity. 

(frequency bandwidth, frequency resolution A£ and most important the input signal 
V0(fj). Figure 2.5 also shows that s„ generally is a little higher than Ka and s.m, 
especially in the range of medium permittivity. 

Table 2.1 presents the results for the calibration between SWC and the refraction 
index, na for all three analysis methods. The results are within the range of 
parameters found by others (Jacobsen and SchJ0nning, 1994). As expected from 
figure 2.5, the three methods to analyze TDR waveforms provide similar results in 
terms of intercepts and slopes. The accuracy of the calibration ranged from a 
RMSE of 0.0041 m 3 m 3 for the inverse modeling analysis with apparent dielectric 
permittivity to a RMSE of 0.0049 m3m"3 for travel time analysis. This lower 
accuracy is mainly caused by a slight non-linear dependence between refractive 
index and SWC in case of travel time analysis (which can also be seen in figure 2.5). 
The reproducibility of the three analysis methods is also presented in table 2.1 and 
is similar for all three analysis methods. However, it should be noted that the SDD 
of the travel time analysis was minimized in the optimization of the travel time 
analysis parameters, whereas the SDD for inverse modeling was obtained without 
optimization. Furthermore, there is room for improvement in case of inverse 
modeling because the resolution of the 1024-point waveform is far from optimal, 
especially for measurements in dry soils. At the moment, it is not possible to 
optimize the acquisition of TDR measurements for inverse modeling (analogous to 
travel time analysis) because each TDR setting would require the registration of a 
new input signal V0(f). An improved theoretical understanding of V0(f) could solve 
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Table 2.1. Descriptive statistics and performance parameters of calibration curves for 
both the inverse modeling analysis and the travel time analysis. 

Calibration Equation" Performanceb 

b, 95%conf . i n t . b2 9 5 % conf. int. R2 RMSE S D D 

Inverse Modeling (e«)c 0.0959 0.0954 to 0.0964 -0.1491 -0.1508 to-0.1474 0.9963 0.0048 0.00034 

Inverse Modeling (e,)' 0.0989 0.0985 to 0.0994 -0.1647 -0.1662 to-0.1632 0.9972 0.0041 0.00035 

Travel Time Analysis 0.0982 0.0977 to 0.0988 -0.1615 -0.1633 to-0.1597 0.9961 0.0049 0.00032 
abi and b2 are estimates of the intercept and slope of the linear regression of SWC on die refraction index. 
b RMSE is the root mean square error of the water content estimate, R2 is the goodness-of-fit and SDD is the 
standard deviation of die difference between duplicate measurement; a measure of reproducibility. 
c Eoo is die relative high frequency parameter of the Debye-model and sa is die apparent permittivity in inverse 
modeling. 

this problem and lead to a substantial improvement in the accuracy and 
reproducibility of TDR analysis. 

2.5 Conclusions 
We compared three methods to remove subjectivity from the analysis of TDR 

waveforms: travel time analysis with optimized analysis parameters and two inverse 
modeling approaches in which modeled TDR waveforms are fitted to measured 
TDR waveforms. Travel time analysis was done with the algorithm of Heimovaara 
and Bouten (1990) extended with scalable travel time analysis parameters. These 
analysis parameters were optimized by minimizing die difference between duplicate 
time series of SWC obtained from TDR measurements. The optimal settings of 
these analysis parameters indeed resulted in well-drawn tangent lines, and it can be 
concluded that this optimization is a valuable procedure to remove die subjectivity 
from travel time analysis. The sensitivity to small changes in the optimal settings 
was also tested. It was concluded diat a 10% variation around the optimal setting 
already resulted in small but significant differences in the SWC estimates and the 
reproducibility of TDR measurements. 

A comparison of the results obtained with the two inverse modeling analyses 
showed that the inclusion of frequency-dependent permittivity did not significandy 
improve the fit between measured and modeled waveforms as compared with 
inverse modeling with an apparent permittivity (ej without dispersion in 
permittivity. It was concluded that es and fn, were only 'fitting parameters' and 
should not be physically interpreted in terms of low-frequency dielectric relaxations 
for the sandy soil used in this chapter. We therefore only considered the remaining 
Debye-parameter, £«,, and za in die comparison between both inverse modeling 
analyses and travel time analysis. A future challenge is the application of inverse 
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modeling on soils relaxing in the frequency bandwidth of the TDR measurement 
system. For these soils, the three-parameter model will probably be of greater 
importance. 

The comparison between travel time analysis and inverse modeling analysis 
showed that the Ka from travel time analysis compared well with both £<*, and 8fl in 
case of a sandy soil. The relationship between SWC and the refraction index 
showed that the accuracy of the three analysis methods to estimate water content is 
similar. Duplicate measurements showed that the reproducibility of analysis was 
also similar for the three methods. This leads to the conclusion that removal of the 
subjectivity from TDR analysis resulted in similar accuracy and reproducibility for 
the three analysis methods. However, the comparison is not entirely fair because 
the reproducibility of the travel time analysis was maximized to obtain optimal 
analysis parameters, whereas the high reproducibility for inverse modeling was 
obtained without additional effort. Furthermore, the inverse modeling analysis can 
be improved by 1) an increased understanding of the input function and 2) the use 
of the more elaborate multi-scatter model of Feng et al. (1999). An increased 
understanding of the input function could result in a procedure where the 
resolution of the TDR measurement is optimized for inverse modeling (as is 
customary in travel time analysis) and this would further increase the 
reproducibility of inverse modeling. The multi-scatter function of Feng et al. (1999) 
can be used to include the (dispersive) cable properties and the probe head in the 
T D R modeling, which can potentially allow a more accurate determination of the 
frequency-dependent permittivity. Clearly, inverse modeling analysis is an 
interesting alternative to travel time analysis because it is a physically based, fully 
automated and unsupervised analysis with high accuracy and reproducibility. 
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3 

Accuracy of Frequency Domain Analysis Scenarios 
for the Determination of Complex Dielectric 
Permittivity* 

Abstract 
Various measuring and analysis scenarios for the determination of the complex 
frequency dependent dielectric permittivity were compared with the Shuffled 
Complex Evolution Metropolis algorithm (SCEM-UA), which simultaneously finds 
optimal Debye model parameters and their confidence intervals. The analysis of 
numerically generated measurements with added instrumental noise showed that 
analysis of network analyzer measurements in the frequency domain potentially has 
the highest accuracy for determination of dielectric permittivity. Furthermore, the 
analysis of time domain reflectometry waveforms in the time domain was found to 
be more accurate than analysis of these waveforms in the frequency domain. 
Analysis of real network analyzer measurements in the time and frequency domain 
showed that both analysis scenarios allowed reasonably accurate estimates of the 
Debye parameters with the SCEM-UA algorithm, even when the true value of a 
parameter falls beyond the upper limit of the frequency bandwidth. However, 
frequency domain analysis of ethanol measurements with different probes showed 
that results were susceptible to model errors caused by non-ideal probe behavior. 
These errors were larger for 3-wire probes than for 7-wire probes. In the time 
domain, the more pronounced non-ideal behavior of the 3-wire probe resulted in a 
slower rise time. This is important because mismatches in measured and modeled 
rise time will give rise to an apparent relaxation in permittivity in frequency domain 
analysis. Future research on frequency domain analysis should be directed towards 
reducing the model error, which can be achieved by improved modeling efforts and 
by using more advanced probes. The SCEM-UA algorithm proved to be a valuable 
tool in frequency domain analysis because reported problems with parameter 
identification and initialization of the optimization problem are circumvented with 
this robust and efficient optimization algorithm. 

* Submitted to Water Resources Research by J.A. Huisman, W. Bouten, J.A. Vrugt and 
P A . Ferré. 
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3.1 Introduction 
The dielectric permittivity is an important soil property. This stems from the fact 

that the dielectric permittivity of soils can serve as a sensitive and accurate indicator 
of soil water content. Since the early eighties, Time Domain Reflectometry (TDR) 
has been used to determine effective bulk permittivity, Ka [-], and bulk electrical 
conductivity, ab [Sm"1] (Topp et al., 1980; Dalton et al., 1984). These two properties 
are routinely obtained by direct analysis of the TDR waveforms in the time domain. 
Most often, Ka is calculated from the travel time of the TDR signal along the probe 
and <5b is calculated from the attenuation of the TDR signal while traveling along 
the probe. 

Since the early nineties, there has been an increasing awareness that TDR 
measurements contain information on the complex frequency dependent dielectric 
permittivity (hereafter referred to as just dielectric permittivity). Campbell (1990) 
measured dielectric permittivity in the 1 to 50 MHz range with a specially designed 
7-wire probe and a network analyzer. Using the extended Debye model for single 
relaxations (Hasted, 1973), Heimovaara (1994) showed that inverse modeling of 
TDR waveforms, also referred to as frequency domain analysis, enables extraction 
of information on the dielectric permittivity. He used TDR measurements made 
with a 7-wire probe similar to the one used by Campbell (1990) and measurement 
equipment commonly used in hydrology and soil science (i.e. a cable tester). Friel 
and Or (1999) used a cable tester connected to a regular three-wire probe in the 
frequency domain analysis and also suggested to optimize the Debye parameters in 
the frequency domain. Jones and Or (2001) demonstrated that information on bulk 
dielectric permittivity, lost in travel time analysis in saline soils, can be recovered in 
the frequency domain by using shorter wave guides to reduce signal attenuation. In 
chapter 2, frequency domain analysis was tested as an analysis algorithm for TDR 
waveforms. It was concluded that permittivity obtained with the frequency domain 
analysis corresponds closely to the permittivity obtained with travel time analysis 
and that the frequency domain analysis potentially has an even higher 
reproducibility than travel time analysis. 

Clearly, determination of dielectric permittivity with frequency domain analysis 
requires several choices: i) using a rugged cable tester also suited for field use versus 
using a network analyzer for potentially more accurate measurements, ii) optimizing 
in the time domain versus optimizing in the frequency domain and iii) using 
specially designed multi-wire probes versus using widely available 3-wire probes. In 
this chapter, we analyze numerically generated measurements to compare three 
possible analysis scenarios: cable tester measurements analyzed in the time domain 
(scenario I), or in the frequency domain (scenario II), and network analyzer 
measurements analyzed in the frequency domain (scenario III). The aim of this 
analysis was to assess the potential accuracy of these scenarios for determining the 
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complex frequency dependent dielectric permittivity as expressed by the Debye 
equation. We also carried out real network analyzer measurements with 3- and 
7-wire probes with two probe lengths (~0.03 and -0.1 m). The aims of this 
experiment were to assess the actual accuracy of frequency domain analysis and to 
explore the influence of different probes on the accuracy of dielectric permittivity 
determination in the time and frequency domain. 

Frequency domain analysis was carried out with the Shuffled Complex Evolution 
Metropolis algorithm (SCEM-UA), which is a global optimization algorithm that 
simultaneously infers the posterior distribution of the parameters (Vrugt 
et al., 2002). There are two distinct advantages of using the SCEM-UA algorithm in 
frequency domain analysis. First, the sensitivity to the initialization of the inverse 
problem reported in chapter 2 is removed because the SCEM-UA algorithm is a 
global instead of a local optimization method. Second, the posterior error 
distribution is helpful for assessing confidence intervals of optimized Debye 
parameters, which is important in the light of the parameter identification problems 
suggested by Weerts et al. (2001). 

3.2 Theory 
3.2.1 Time and frequency domain conversions 

Both TDR cable testers and network analyzers measure the signal reflected from 
impedance changes in a transmission line. Cable testers measure as a function of 
time whereas network analyzers measure as a function of frequency. In the time 
domain, the measured response r(t) is related to the input signal v0(t) and the system 
function s(t) by (van Gemert, 1973; Heimovaara, 1994) 

CO 

r(t)= jv0(t-x)s(x)dx [3.1] 
—oo 

where x is an integration variable. The equivalent frequency domain formulation is 

R(f) = V0(f)S(f) [3.2] 

in which / i s the frequency [Hz], R(f) is the reflected signal, V0(f) is the input signal 
and Sff) is the system response function. Rff), V0(f) and S(f) are related to r(t), v0(t) 
and s(t) by Fourier transforms. In the case of time domain measurements, Sff) is 
calculated from the ratio of the discrete Fourier transformation (DFT) of the 
backward difference of the reflected and input waveform r'(t) and v0'(t) 
(Heimovaara, 1994) 

DFT[r'{t)} 
S{f)~ DFT[<{t)] P J ] 
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The transformation of frequency domain measurements to the time domain is less 
straightforward. Measured magnitude, p, and phase, (|>, (e.g. with a network 
analyzer) can be converted to K(f) by 

R(f)= p cos § + ip sin <j) [3.4] 

R(f) can then be converted to a TDR waveform by the following steps: 1) delete 
imaginary component of the first and last number of R(f), 2) take the complex 
conjugate of Rff) and reverse the order of this sequence of data, 3) delete the first 
and last number of this sequence and append it to the end of the original data and 
4) calculate time domain waveform by inverse Fourier transform and the 
cumulative sum of the signal (Frohne, 1995; Heimovaara et al., 1996). 

3.2.2 S'„-scatter-function 
The system response function of an open-ended coaxial probe can be described 

by the J,,-scatter function (Clarkson et al., 1977; Heimovaara, 1994) 

5 (f)= P +e [3.5] 
uU) 1 + p Y - ^ ' L J 

in which 

. 1-Z[E*(/)]"2 

[3.6] 
\ + z[e'(f)]u2 

/ 2 ^ L [ e - ( / ) r [3.7] 
c 

z = Zc/Zp [3-8] 

where Z, is the impedance of the cable («50 Q), Zp [Q] the impedance of the probe 
in air and p*(f) is the complex scatter function of the interface between the cable 
and a probe with an infinite length. The term 2yL accounts for the attenuation of 
the signal as it travels back and forth through the probe (Heimovaara, 1994). 

The complex frequency dependent dielectric permittivity, £*(/), of the soil sample 
being tested is commonly described with the extended Debye model for single 
relaxation (Hasted, 1973) as was suggested by Heimovaara et al. (1996) 

s\f) = s«H^^)-^f- [3-9] 
1 + ( i X ) 27t/e0 

f rel 

in which odc [Sm1] is the conductivity at dc-voltage, s0 the dielectric permittivity of 
free space (8.854xl0"12 Fm"1), es [-] is the relative static permittivity, £„ [-] is the 
relative high-frequency permittivity and f„, [Hz] is the relaxation frequency, defined 
as the frequency at which the permittivity equals (£, + Ea,)/2. 
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The ^„-scatter function of equations 3.5 to 3.8 is a model of the transverse 
electromagnetic (TEM) behavior of an open-ended ideal coaxial transmission line. 
Multi-wire TDR probes are only an approximation of an ideal coaxial transmission 
line and, therefore, non-ideal behavior can be expected. Furthermore, TEM-mode 
propagation can only be assumed when the operating wavelength is much smaller 
than the dimensions of the probe. Therefore, two critical frequencies can be 
expected. The longitudinal resonance frequency, f, corresponds with minimums in 
the real part of the scatter function and can be calculated from the soil permittivity 
£ and the length of the probe L 

'--dx [3I0] 

and the circumferential resonance frequency, f , can be calculated from the 
diameter of the inner (a) and outer (b) conductor (Shang et al., 1999) 

Ve (a + bjn, 

3.2.3 Shuffled Complex Evolution Metropolis Algorithm (SCEM-UA) 
Estimation of parameters with automatic optimization algorithms suffers from 

several problems, namely the existence of multiple optima in the parameter space 
with both small and large domains of attractions, discontinuous first derivatives 
and curving multi-dimensional ridges due to model parameter correlations. These 
problems inspired Duan et al. (1992) to develop a global optimization procedure, 
entitled the Shuffled Complex Evolution (SCE-UA) algorithm. The SCE-UA 
algorithm combines the strengths of the simplex procedure with the concept of a 
controlled random search, competitive evolution and complex shuffling. However, 
as the goal of the SCE-UA algorithm is to find a single best parameter set in the 
feasible space, it continuously evolves the population of parameter sets toward 
better solutions, terminating occupations of the regions of the parameter space 
with lower posterior probability. Consequently, the SCE-UA algorithm does not 
provide information about model parameter uncertainty. 

To avoid the problem of the algorithm collapsing into a relatively small region 
around the single best parameter set, Vrugt et al. (2002) combined the SCE-UA 
strategy with the Metropolis algorithm (Tarantola, 1987; Kuczera and 
Parent, 1998), thereby creating a global optimization algorithm that simultaneously 
infers the most likely parameter set and its posterior probability distribution. 
A detailed description of the method is given by Vrugt et al. (2002) and will not be 
repeated here. In brief, the SCEM-UA algorithm is based on a Bayesian inference 
scheme and aims to extract information about the posterior probability distribution 
/>(P | D), which describes what is known about the model parameters P given the 
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data D and prior information. This prior information usually consists of a lower 
and upper bound for each of the model parameters, thereby creating the feasible 
parameter space. The posterior probability p($ \ D) for (3 is computed by 

/?(p |£>)<xexp 
i m 

'y,-y>s' [3.12] 

where j is they'-th of m measurements, J/, the corresponding model prediction and 
s is the error term of the measurements expressed as a standard deviation (Box and 
Tiao, 1973). Values for s can be based on instrumental error, quality of fit, etc. The 
SCEM-UA algorithm takes an initial population of points randomly placed in the 
feasible parameter space. For each of these parameter sets, the posterior probability 
is computed using the Bayesian inference scheme. The population is then 
partitioned into several complexes and in each complex a parallel sequence is 
launched starting at the point with the highest posterior probability. Subsequently, 
a new candidate point in each of the sequences is generated using the current draw 
in the sequence in combination with the covariance structure of the entire 
population of complexes. The Metropolis-annealing criterion (Metropolis 
et al., 1953) is used to test whether the candidate point is added to the current 
sequence. Finally, the new candidate point is shuffled into the original population 
of complexes. This series of operations results in a robust algorithm that conducts 
an efficient search of the parameter space and provides reliable estimates of model 
parameter uncertainty. 

3.3 Materials and Methods 
3.3.1 Frequency domain analysis of numerically generated measurements 

Numerically generated measurements were used to determine the potential 
accuracy of frequency domain analysis for the determination of the Debye 
parameters. Following Weerts et al. (2001), we used three numerically generated 
measurements with different relaxation frequencies (4/=106'5-107'5-1085 Hz), while 
the other Debye parameters were kept constant (£^=40, £o,=20 and cri,=0.1 Sm"). 
We preferred to use numerically generated measurements because the true 
parameters are then known. Furthermore, violations of model assumptions, such as 
non-TEM mode propagation and heterogeneous soil samples, need not be 
considered. The probe parameters were set to L=0.1 m and ^=0.3 and a simulated 
input function v0(f) based on the function suggested by Heimovaara and 
Huisman (2002) was used 

Vo(() = llféM [3.13] 
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Figure 3.1. Three numerically generated system functions magnitudes (a) and time domain 
waveforms (b). Model parameters were £,=40, £«,=20, Gi,=0A Star1, L=0.1 m and ^=0.30 
with varying relaxation frequency as shown in the legend. 

in which erf is the error function, / [s] is the time, a (6.42x109 s) is a parameter 
signifying the inverse of the rise time and t0 [s] is the onset of the rise (arbitrarily set 
to 10 ns). The rise time of the simulated v0(t) was 156 ps, which corresponds with 
the rise time of commonly used cable testers. 

Three scenarios of frequency domain analysis were considered for the analysis of 
numerically generated measurements: cable tester measurements analyzed in the 
time domain (scenario I), or in the frequency domain (scenario II), and network 
analyzer measurements analyzed in the frequency domain (scenario III). 
Equations 3.1 to 3.9 were used to generate either three time domain waveforms or 
three system function magnitudes (figure 3.1). Random instrumental error was 
added to the numerically generated measurements to assess the potential accuracy 
of the three analysis scenarios with the SCEM-UA algorithm. For scenario I, 
random noise with a standard deviation of ,r=6.5xl0~4 was added to the reflection 
coefficient of the time domain waveform. This noise level was determined by 
analysis of the reflection coefficient at long times measured in demineralized water 
with a Tektronix 1502 B cable tester (Beaverton, Oregon, USA). For scenario II, 
the time domain waveforms with added noise of scenario I were transformed to 
the frequency domain. This transformation changed the homogeneous noise in the 
time domain to heterogeneous noise in the frequency domain, i.e. noise increases 
with increasing frequency. This frequency domain noise sff) was approximated by 
calculating the standard deviation of 100 transformed waveforms with added 
random noise. For scenario III, a standard deviation of .r=0.0010 in system 
function magnitude was determined from an analysis of measured noise in 
magnitude and phase on a calibrated coaxial cable with the measurement set-up 
described in the next section. Transformation of system functions with this noise 
level to the time domain resulted in a time domain noise level close to that of 
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Table 3.1. Parameter ranges used as prior information for the Debye-parameters (ss, £x,f„i 
and Gb) in the SCEM-UA algorithm. 

Minimum 
Maximum 

0 
80 

H 
0 
80 

Vrel 

logfHz] 

5 
12 

[Sin1] 

0 
0.2 

scenario I. Therefore, the possible fourth scenario of analysis of network analyzer 
measurements in the time domain is not considered in this analysis. Scenarios I-III 
were then analyzed with the SCEM-UA algorithm with the appropriate settings of s 
in equation 3.12 and the prior information given in table 3.1. Confidence intervals 
for the optimized Debye parameters were approximated with the standard 
deviations of the posterior distribution determined with the SCEM-UA algorithm. 

3.3.2 Frequency domain analysis of network analyser measurements 
Measurements were carried out with a HP8752C network analyzer (NWA) 

calibrated with a HP 85033D calibration kit (open, short and match) at the end of 
the coaxial cable that connected the NWA to the probe. The probe used for the 
measurements was a 7-wire probe with a head impedance of 50 D., similar to the 
probe used by Heimovaara (1994). The head of the probe was fitted with a BNC 
connector. The NWA measurements consist of 1601 equidistant frequency points 
over the entire bandwidth from 300 KHz to 3 GHz. For the input signal V0(f) we 
used a measurement with the inner wire of the probe removed (Heimovaara, 1994). 
Time domain waveforms were obtained by converting the NWA measurements to 
the time domain with the procedures described in section 3.2.1. Prior to 
conversion, all Rff) were normalized to the magnitude of the first point in the 
measured input signal to compensate for the fact that the first frequency point is 
300 KHz instead of the required D C frequency (Frohne, 1995; Heimovaara 
etal. , 1996). 

The accuracy of frequency domain analysis of real measurements and the 
importance of non-ideal probe behavior was investigated with measurements with 
four probes on three media with known Debye parameters: air, demineralized 
water and ethanol (see table 3.2). The four probes are: a long 7-wire probe with 
L&0A0 m, a short 7-wire probe with IJ=S0.03 m and a long and short 3-wire probe. 
The 3-wire probe was created by removing the appropriate wires from the head of 
the 7-wire probe. The diameters of all probes are a — 1.6 mm and b = 13.8 mm, 
which results in a circumferential resonance frequency of 687 MHz in water and 
6.2 GHz in air. The probe parameters (^ and L) for the four probes were 
determined from air and water measurements in a time domain calibration and a 
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Table 3.2. Debye parameters (e,, £x, fi and <j«) of water, air and ethanol. 

Medium 

Water 
Air 
Ethanolb 

H 
79.90 
1.00 

22.0-25.2 

Coo 

[-] 
4.22 
1.00 
4.50 

Viel 

log[HZ] 

10.2 
0 

8.9 

[Sm"1] 

0.003 
0 
0 

[-] 
0.0125 

- P accounts for the spread in relaxation frequencies observed for water (Hasted, 1973): 
e0=ea:,+ {{Es-ea)/[\+(if/fKly

fi]} - {tah/2TijSo). 
b see Weerts et al. (2001) for references. 

frequency domain calibration with the SCEM-UA algorithm. For the calibration of 
£ and L in the frequency domain, we used the real and imaginary part of the air and 
water system functions because the magnitude of the air system function does not 
contain information regarding ^ and L. The error term, s, needed in equation 3.12 
for the determination of the posterior distribution was set equal to the root mean 
square error (RMSE) between measured and modeled waveforms (or system 
functions) for the optimized model parameters in an iterative approach. We did not 
use instrumental error as in the analysis of the numerically generated 
measurements, because this is not realistic in the presence of model errors. After 
probe calibration, the Debye parameters of ethanol were determined in the time 
and frequency domain with the SCEM-UA algorithm for all four probes. 

3.4 Results and Discussion 
3.4.1 Frequency domain analysis of numerically generated measurements 

Table 3.3 shows the results of the SCEM-UA algorithm for the three numerically 
generated measurements for each analysis scenario. Clearly, the optimized Debye 
parameters are close to the reference values for all numerically generated 
measurements and analysis scenarios. This suggests that the Debye parameters can 
be identified with the SCEM-UA algorithm for a wide range of conditions. 
Additionally, it also means that the choice of an appropriate initial guess for the 
Debye parameters, which was required in previous studies with local optimization 
algorithms, is not required for the global optimization algorithm SCEM-UA. 

Weerts et al. (2001) concluded that all Debye parameters could only be identified 
from TDR waveforms when the relaxation frequency falls well within the 
frequency bandwidth (i.e. f^W7'5 Hz). The results presented in table 3.3 for 
scenario I do not support this conclusion. With the SCEM-UA algorithm it is 
possible to find the optimal Debye parameters with reasonable accuracy for all 
three numerically generated measurements as indicated by the standard deviations 
(in parentheses) in table 3.3. The strong correlations between the Debye parameters 
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Table 3.3. Optimal Debye parameters (£-, £«, f„i and Oi) and confidence intervals 
(approximated by standard deviation of posterior distribution in parentheses) for the 
three reference sets (&=40, £«,=20, Oi=0.1 Snr1) and the three analysis scenarios (I-III) 
obtained with the SCEM-UA algorithm. For explanation see text. 

Seen. Ref. 
log[Hz] 

I 6.5 

7.5 

8.5 

e, 
H 

39.9978 
(0.1301) 
40.0263 
(0.0287) 
39.9691 
(0.0164) 

e„ 

H 
19.9942 
(0.0049) 
19.9969 
(0.0073) 
19.9847 
(0.0558) 

Jrel 

log[Hz] 

6.4980 
(0.0036) 
7.4994 

(0.0011) 
8.4993 

(0.0018) 

O"* 
[Sm"1] 

0.1000 
(0.0000) 
0.1000 

(0.0000) 
0.1000 

(0.0000) 

II 6.5 

7.5 

8.5 

41.3149 
(2.8336) 
39.9419 
(0.1304) 
40.0102 
(0.0331) 

20.0020 
(0.0156) 
19.9821 
(0.0151) 
20.1831 
(0.0954) 

6.4793 
(0.0311) 
7.5035 

(0.0033) 
8.4971 

(0.0033) 

0.1000 
(0.0001) 
0.0998 

(0.0001) 
0.1004 

(0.0001) 

III 6.5 

7.5 

8.5 

39.3270 
(1.7309) 
39.9969 
(0.1348) 
40.0277 
(0.0125) 

20.0004 
(0.0004) 
19.9999 
(0.0003) 
20.0012 
(0.0021) 

6.5223 
(0.0279) 
7.4992 

(0.0023) 
8.4994 

(0.0003) 

0.1000 
(0.0002) 
0.1001 

(0.0001) 
0.0999 

(0.0001) 

in the posterior distribution reported by Weerts et al. (2001) are confirmed by the 
results with the SCEM-UA algorithm, as can be seen in figure 3.2 for £s and fre, 
( r = -0.8614). 

The conclusions in Weerts et al. (2001) were derived with a specific parameter 
identification technique called Parameter Identification Method for the 
Localization of Information (PIMLI), which was based on the information content 
of specific parts of the TDR waveform. This method searches for those Debye 
parameters that resulted in simulated TDR waveforms that describe the most 
informative part of the measured TDR waveform with a predefined accuracy. 
There are two important reasons for the better performance of the SCEM-UA 
algorithm as compared with the PIMLI analysis. First, all simulations accepted by 
PIMLI are assigned equal probability (1 when accepted, 0 when rejected), whereas 
the SCEM-UA algorithm samples the posterior distribution and therefore has a 
higher probability for more likely simulations. Second, PIMLI uses only the most 
informative parts of the TDR waveform, whereas the SCEM-UA algorithm uses 
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40.5 
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6.52 

Figure 3.2. Scatter plot of Ss and frei for scenario I for the numerically generated waveform 
with Ss=40, 8^=20, f„/=106-5 and CT*=0.1 Snr1. 

1.00 

1 2 3 

Frequency (GHz) 

Figure 3.3. System function magnitude after conversion of numerically generated 
waveform with 8j=40, Sx=20, f„;/=\06-5, a*=0.1 Snr1 to the frequency domain (analysis 
scenario II). 

the entire waveform to obtain acceptable simulations. The much smaller range of 
model parameters accepted by the SCEM-UA algorithm indicates that the data 
reduction in PIMLI by focusing only on the most informative parts of the TDR 
waveform was perhaps too strong. 

Figure 3.3 shows the system function magnitude for demineralized water after 
the conversion of the numerically generated time domain waveform to the 
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Figure 3.4. System function magnitude (a,b) and time domain waveforms (c,d). Solid lines 
are simulations for Ej=20 and dotted lines are simulations for Sj=40 with the specified 
relaxation frequency. Other Debye parameters were 8^=20 and a$=0.1 Sm4. 

frequency domain (scenario II). The noise increases strongly with frequency due to 
the propagation of the added noise in the FFT conversion from the time domain to 
the frequency domain. This increase in noise with increasing frequency has also 
been observed in system functions obtained from measured TDR waveforms 
(Heimovaara et al., 1996; Friel and Or, 1999). Heimovaara et al. (1996) reported 
that the low signal to noise ratio at high frequencies hindered the (local) 
optimization of the Debye parameters and required the choice of a frequency 
upper limit, above which the system function values were not considered. We used 
the entire frequency bandwidth with the SCEM-UA algorithm, which was possible 
because of the ability of the SCEM-UA algorithm to deal with varying 
measurement error. Nevertheless, the standard deviations for scenario II in 
table 3.3 show that the analysis of TDR waveforms in the frequency domain is less 
accurate than the analysis of TDR waveforms in the time domain (scenario I) for all 
Debye parameters. 

The accuracy of dielectric permittivity determination from numerically generated 
N W A measurements analyzed in the frequency domain is also presented in 
table 3.3 (scenario III). The low standard deviation of random noise (J-=0.0010) in 
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Figure 3.5. Magnitude of water system function (a) and time domain waveform for water 
(b) with (solid line) and without (dotted line) calibration of network analyzer with 
calibration kit. 

system function magnitude over the entire frequency bandwidth resulted in a high 
accuracy for £«,. Table 3.3 also shows that the accuracy of e, and fnl is lower for 
scenario III than for scenario I in case of low-frequency dispersion in dielectric 
permittivity (/^/=106'5 or 107'5 Hz). However, for a relaxation frequency of 108'5 Hz, 
the accuracy of ŝ  and fnl is highest for scenario III. This can be explained by a 
difference in sensitivity towards variation in the Debye parameters between time 
domain waveforms and 5,,-scatter functions as illustrated in figure 3.4. For low 
relaxation frequencies, the sensitivity of the time domain waveform for changes in 
e, is larger than the sensitivity of the i^-scatter functions (figure 3.4a and 3.4c). For 
higher relaxation frequencies (i.e. fnl =108'5), the sensitivity of the 5,,-scatter 
functions is larger (figure 3.4b and 3.4d). 

The comparison of the accuracy of the Debye parameters for different analysis 
scenarios, as obtained with the SCEM-UA algorithm, provided interesting insights 
in the potential of frequency domain analysis for the determination of dielectric 
permittivity. However, the accuracy reported in table 3.3 should not directly be 
interpreted as absolute accuracy because it was obtained from numerically 
generated 'measurements' with added noise based on realistic estimates of 
instrumental error. The accuracy of frequency domain analysis is not only subject 
to instrumental errors, but also depends on model errors such as non-TEM mode 
propagation and sample heterogeneity. In the next paragraphs, we investigate the 
accuracy of dielectric permittivity determination from real network analyzer 
measurements in the time and frequency domain, in the presence of non-ideal 
probe behavior. 

3.4.2. Probe calibration with measured waveforms and system functions. 
Figure 3.5a shows the system function magnitude for water measured with and 

without calibration of the NWA with a calibration kit. Clearly, the data quality is 
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Figure 3.6. Measured and modeled real parts of system function after probe calibration 
for water and air (a) and measured and modeled time domain waveforms (b). 

much higher when the system function is measured with a calibrated NWA. This is 
not as evident as it might seem, since theoretically the system function describes 
the system independent of the measurement configuration. Apparently, 
measurements with calibrated NWA's are less susceptible to propagation of error 
into the system function. Figure 3.5b shows the time domain waveforms 
corresponding to figure 3.5a. NWA calibration removed the familiar lead of the 
time domain waveform because the reference plane is moved from the NWA to 
the head of the probe thereby removing the influence of the cable and connectors. 
The modeling of time domain waveforms was more accurate after calibration, and, 
therefore, we will only consider calibrated NWA measurements for analysis in the 
time and frequency domain in the following. 

Figure 3.6 compares the measured and modeled waveforms and system 
functions for water and air after calibration of the long 7-wire probe. The quality of 
the fit is good, both in the time and in the frequency domain. In the time domain, 
measured and modeled waveforms can hardly be distinguished. In the frequency 
domain, structural differences between measured and modeled system functions 
exist, which indicate the presence of model errors. Theoretically, TEM-mode 
propagation can only be assumed up to the first minimum in the scatter function, 
which corresponds with the first longitudinal resonance frequency. The 
circumferential resonance frequency is 6.2 GHz for air and 687 MHz for water for 
all probes used here. These frequencies do not appear to be associated with sudden 
increases in error in the system function. The largest differences between measured 
and modeled air system function in figure 3.6a seem to be at the resonance 
frequencies, where the system function does not reach the theoretical value of —1. 
This indicates energy loss and non-ideal probe behavior, which increases with 
frequency. For the water system function, the difference between measurement and 
model also increases with frequency and becomes especially apparent for 
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Table 3.4. Probe parameters L and ^ and confidence intervals (approximated by standard 
deviation of posterior distribution in parentheses) obtained with the SCEM-UA algorithm 
by fitting JVz-scatter functions to system functions (FD) or by fitting calculated time 
domain waveforms for water and air to measured time domain waveforms (TD). Quality 
of fit is summarized by root mean square error (RMSE). 

7-wire, long 

3-wire, long 

7-wire, short 

3-wire, short 

L 
[m] 

0.0964 
(0.0000) 
0.0973 

(0.0000) 
0.0363 

(0.0000) 
0.0370 

(0.0000) 

FD 

Z 
H 

0.3712 
(0.0008) 
0.3140 

(0.0008) 
0.3714 

(0.0008) 
0.3160 

(0.0009) 

RMSE 

H 
0.0678 

0.0768 

0.0745 

0.1028 

L 
[m] 

0.0962 
(0.0001) 
0.0973 

(0.0001) 
0.0365 

(0.0001) 
0.0376 

(0.0001) 

TD 

Z 
H 

0.3847 
(0.0005) 
0.3005 

(0.0005) 
0.3879 

(0.0019) 
0.3139 

(0.0016) 

RMSE 

[-] 
0.0092 

0.0137 

0.0194 

0.0186 

frequencies higher than 2 GHz. However, it should be noted that the calibration of 
the network analyzer combined with the use of the specifically designed 7-wire 
probe improved the quality of the fit as compared with Heimovaara et al. (1996) 
and Friel and Or (1999). 

Table 3.4 shows the optimized probe parameters, their confidence intervals and 
the root mean square error (RMSE) of the probe calibration. The results of the 
probe calibration in the time and frequency domain are in good agreement, 
especially for L. The difference in ^ must be attributed to the different sensitivity of 
the time and frequency domain optimizations towards model errors due to non-
ideal probe behavior. The frequency domain optimization equally weighs all 
frequencies, whereas the conversion to the time domain puts more emphasis on the 
lower frequencies. Heimovaara et al. (1996) suggested that the differences in % 
might be explained by the correlation between % and L in the time domain 
optimization, which can potentially cause uncertainty in ^ and L. Although some 
correlation is indeed present in the parameters generated by the SCEM-UA 
algorithm (r=-0.42 for the long 7-wire probe), the confidence intervals in table 3.4 
indicate that the uncertainty in both ^ and L is very low. 

Figure 3.7 shows the measured and modeled water system function for different 
probes, varying in L (top row, long probe; bottom row, short probe) and number 
of wires (left, 7 wires; right, 3 wires). The RMSE of the frequency domain 
calibration given in table 3.4 indicates that reducing the number of wires increases 
the model error. Table 3.4 also shows that ^ is lower for the 3-wire probe, which 
indicates that the probe impedance increases with a decreasing number of wires. 
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Figure 3.7. Measured and modeled magnitude of system function for water for different 
probe designs: a) long 7-wire; b) long 3-wire; c) short 7-wire and d) short 3-wire. 

Theoretically, shorter probes should provide measurements with a higher quality 
due to higher longitudinal resonance frequency, but this is not confirmed by the 
RMSE in table 3.4 or figure 3.7. In fact, figure 3.7c seems to indicate that a 
different combination of % and L could improve the fit to the magnitude of the 
water system function. However, it should be remembered that the frequency 
domain probe calibration was performed on the real and imaginary parts of the 
water and air system functions and, therefore, ^ and L are not necessarily optimized 
for water alone. 

Figure 3.8 shows a close-up of the time domain waveforms of water measured 
with the short probe with seven wires (left) and three wires (right). The non-ideal 
probe behavior discussed above for the frequency domain has a more subtle 
influence in the time domain. It appears that the multiple reflections and the rise of 
the signal are less pronounced in the measured waveforms than in the modeled 
waveforms, which is especially clear for the 3-wire probe shown in figure 3.8b. The 
slower rise time of the signal for 3-wire probes also explains the longer 
electromagnetic lengths for 3-wire probes in table 3.4. This non-ideal probe 
behavior in the time domain is important because this type of model mismatch has 
also been observed in the probe calibration of frequency domain analysis of TDR 
waveforms (see figure 2.4 and Heimovaara and Huisman, 2002). Typically, the 
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Figure 3.8. Measured and modeled time domain waveforms for water with different probe 
designs: a) short 7-wire and b) short 3-wire. 

presence of this model mismatch in probe calibration with time domain waveforms 
will lead to frequency domain analysis results that indicate some dispersion at 
higher frequency with relaxation frequencies in the lower GHz range. This will 
mostly be noticed in measurements on media that do not exhibit dispersion in the 
MHz to GHz range, such as sandy soils. 

3.4.2. Frequency domain analysis of measured waveforms and system functions. 
Figure 3.9 shows measured and modeled time domain waveforms and system 

functions for ethanol measured with the long 7-wire probe. Table 3.5 shows the 
results of the time and frequency domain optimization of the Debye parameters for 
the long 3- and 7-wire probes. The results are compared with values from the 
literature. As with the probe calibration, the modeled time domain waveforms can 
hardly be distinguished from the measured waveforms (RMSE given in table 3.5). 
The modeled 5, rscatter function of ethanol closely follows the measured system 
function up to 600 MHz, after which the quality of the fit decreases. The 
comparison of optimized and earlier reported Debye parameters in table 3.5 shows 
that the results obtained with the SCEM-UA algorithm are in reasonable agreement 
with the literature values for all probes. Despite the fact that the relaxation 
frequency of ethanol is so high that the actual value of s^ falls beyond the upper 
limit of the frequency bandwidth (3 GHz), the value was extrapolated with 
reasonable accuracy by the SCEM-UA algorithm in both the time and frequency 
domain optimization. Close inspection of table 3.5 shows that the Debye 
parameters obtained with frequency domain optimization show greater deviation 
from the literature values than those determined by time domain optimization. 
Considering the narrow confidence intervals of the optimized model parameters, 
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Figure 3.9. Measured and modeled system function magnitude (a) and time domain 
waveform (b) for ethanol. 

Table 3.5. Debye parameters of ethanol with confidence intervals (approximated by 
standard deviation of posterior distribution in parentheses) obtained with the SCEM-UA 
algorithm for frequency domain system functions (FD) and time domain waveforms 
(TD). Literature values (lit.) and root mean square error (RMSE) of fit are also given. 

Lit. 

FD 7-wire, 10 cm 

3-wire, 10 cm 

T D 7-wire, 10 cm 

3-wire, 10 cm 

£ , 

H 
22.0-25.2 

24.8969 
(0.0513) 
27.0096 
(0.0581) 
25.2634 
(0.0235) 
23.9336 
(0.0653) 

Goo 

[-] 
4.5 

2.6664 
(0.0398) 
5.0264 

(0.0323) 
4.1173 
(0.2668) 
4.6264 
(0.5990) 

Jnl 

log[H2] 

8.9 

8.9638 
(0.0030) 
8.8522 

(0.0023) 
8.9460 

(0.0064) 
8.9247 

(0.0151) 

ab 

[Sm"1] 
0 

0.0008 
(0.0002) 
0.0006 

(0.0002) 
0.0009 

(0.0000) 
0.0006 

(0.0001) 

RMSE 

H 

0.0250 

0.0196 

0.0031 

0.0091 

the possibility of identification problems as reported by Weerts et al. (2001) can be 
excluded. Therefore, we suspect that the model errors clearly illustrated in 
figure 3.9a have caused the minor deviations from the literature values in the 
frequency domain optimizations. 

3.5 Conclusions 
We compared three frequency domain analysis scenarios for the determination 

of frequency dependent dielectric permittivity with the Shuffled Complex 
Evolution Metropolis algorithm (SCEM-UA). For all analysis scenarios, the 
SCEM-UA algorithm was able to find the optimal Debye parameters without 
strong constraints on the parameter search space. It was concluded that concerns 
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about parameter identification and initialization of the optimization problem with 
local optimization algorithms reported in chapter 2 and Weerts et al. (2001) could 
be avoided by using the robust and efficient SCEM-UA sampler. 

An analysis of numerically generated measurements showed that analysis of 
TDR measurements in the time domain is more accurate than analysis in the 
frequency domain due to accumulation of noise in the conversion from the time 
domain to the frequency domain. The analysis also showed that frequency domain 
analysis of system functions measured with a network analyzer potentially is the 
most accurate method for the determination of frequency dependent dielectric 
permittivity. Only low frequency dispersion can be determined more accurately 
from time domain waveforms due to differences in the sensitivities of time domain 
waveforms and J^-scatter functions to &s and 7 ^ 

The results of the sensitivity analysis were based on realistic estimates of 
instrumental errors but did not consider model errors, such as non-TEM mode 
propagation and sample heterogeneity. Therefore, the SCEM-UA algorithm was 
also used to analyze time domain waveforms and system functions measured on a 
network analyzer. The network analyzer measurements were made with a probe 
with a head impedance of 50 Q after calibration with a calibration kit. This set-up 
allowed high-quality measurements of time domain waveforms and in particular 
system functions. 

The probe parameters ^ and L were determined from time domain waveforms 
and system functions measured in water and air. Generally, the quality of the fit 
between measured and modeled time domain waveforms and system functions was 
sufficiently high to allow an accurate determination of the probe parameters with 
the SCEM-UA algorithm. However, the quality of the fit clearly decreased with 
increasing frequency for all probes, which indicated that even the supposedly more 
coaxial seven-wire probe suffers from non-ideal probe behavior. The time and 
frequency domain calibration of the probe parameters resulted in similar values 
for L, but slightly different values for ^. This was attributed to the different 
sensitivity towards model errors of both analysis scenarios. Calibration of a 3-wire 
probe showed that the quality of the fit decreased as compared to the 7-wire probe, 
which indicates that model error increased with a decreasing number of wires. 
Non-ideal probe behavior resulted in a slower rise time of the time domain 
waveform, which led to longer electromagnetic lengths for 3-wire probes. This 
observed decrease in rise time has implications for frequency domain analysis of 
TDR waveform because the mismatch between measured and modeled rise time 
could result in an apparent high frequency relaxation in dielectric permittivity when 
a soil sample is analyzed. 

Analysis of ethanol measurements showed good agreement with literature values, 
both for the time domain and the frequency domain analysis. The SCEM-UA 
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algorithm was able to identify the high-frequency parameter of the Debye model 
despite the fact that its value lies beyond the upper limit of the frequency 
bandwidth, although model errors lead to minor deviations from the literature 
values for the frequency domain analysis of the system functions. 

The analysis of real measurements showed that non-ideal probe behavior has a 
small but significant impact on the optimized probe and Debye parameters. The 
influence of non-ideal probe behavior is only partly captured by the confidence 
intervals of the SCEM-UA algorithm due to inherent difficulty of dealing with 
model error in this and any other algorithm. Therefore, future research efforts 
should be directed towards reducing the model error, which can be achieved by 
improved modeling, such as the use of the multi-scatter function of Feng 
et al. (1999) and the inclusion of extra terms to compensate for the observed 
energy loss, and by the use of more elaborate probes, such as the coaxial cell of 
Shangetal . (1999). 
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Comparison of Calibration and Direct Measurement 
of Cable and Probe Properties in Time Domain 
Reflectometry* 

Abstract 
For the measurement of soil bulk electrical conductivity using time domain 
reflectometry (TDR), it is necessary to determine cable and probe properties. This 
can be done by direct measurement or by calibration of the TDR-system in salt 
solutions. For a 3-wire probe system, the results showed that with least-squares 
fitting, the electrical conductivity of salt solutions could be measured most 
accurately. Comparison of several calibration techniques suggested that directly 
measured cable properties deviate from their calibrated (optimal) values. The 
difference in accuracy between calibration and direct measurements of cable 
properties could not be explained with overfitting, as has been suggested. It was 
concluded that a reduction of calibration time by direct measurement of cable and 
probe properties is not advisable in case of 3-wire probes. When necessary, 
a reduction of calibration time can be achieved by limiting the calibration procedure 
to two well-chosen combinations of cable length and solution concentration. 

* Published by J.A. Huisman and W. Bouten, 1999. Soil Science Society of America 
Journal, 63(6), 1615-1617. Reprinted with permission of © Soil Science Society of 
America. 
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4.1 Introduction 
Time Domain Reflectometry (TDR) is used to measure soil bulk electrical 

conductivity (uso/). Giese and Tiemann (1975) suggested to calculate the load 
resistance RL [Q] from the reflection coefficient at long times (px). To avoid 
overestimation of the sample resistance, RL should be corrected for resistance of 
the cable per meter Rc [Qm1] and the combined extra series resistance Rg [Q] 
caused by connectors and cable tester (Heimovaara et al., 1995) 

Kn 
<**,,; = [4.11 

where CL. is the cable length [m] and IC the probe constant [-]. 
Heimovaara et al. (1995) and Mallants et al. (1996) calibrated cable and probe 

properties (R ,̂ Rc and iC) using a least-squares fitting of TDR-conductivity 
measurements in solutions of different concentration to conductivity 
measurements made with a laboratory conductivity meter (Radiometer Copenhagen 
CDM83 conductivity meter with CDC314 measurement cell). Recently, 
Reece (1998) proposed a method to measure R„ Rg and IC directly. He suggested 
that direct measurements would eliminate the need for a time-consuming 
calibration in multiple solutions. His method is based on resistance measurements 
of a coaxial cable with and without a shorted transmission waveguide. For his 
2-wire probes, direct measurement of R„ Rg and i^, resulted in reliable conductivity 
measurements, but the cable and probe properties obtained with least-squares 
fitting resulted in even more accurate conductivity measurements. He stated that 
the higher accuracy using the least-squares fitting method indicated that the fitting 
procedure adjusts R„ Rg and IC to account for small measurement errors not 
necessarily associated with these parameters (pvetfitting). However, the higher 
accuracy may also suggest that the theory is incomplete and that the fitting 
procedure corrects for the deviations from the theory. Besides the comparison of 
calibration and direct measurements, this 'overfitting'-suggestion of Reece (1998) is 
also examined in this chapter. 

4.2 Methods 
There are two approaches to obtain direct estimates of the probe constant IC. 

For probes correctly emulating a coaxial cable, the probe constant can be calculated 
from 

Kp=?lfL [4.2] 

where, in case of the 3-wire probes used in this chapter, Z0 can be approximated by 
(Heimovaara, 1993) 
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and E is the permittivity of the material in the probe [-], c is the speed of light 
(3 x 108 ms"1), L i s the length of the probe [m], Z0is the characteristic impedance of 
the probe [CI], e0 is the dielectric permittivity of free space (8.854 x 10"12 Fm'1), a is 
the outer diameter of the inner wire and b is the inner diameter of the outer 
wires [m]. Alternatively, Z0 can be inferred from measurements of the reflection 
coefficient (p,) at a time t, corresponding to the location of the waveguide in a non-
conductive medium of known permittivity, 8, according to 

Z0=Z^1-^- [4.4] 
1-P, 

where Zu is the characteristic impedance of the cable tester system (50 Q). In a 
lossy or dispersive medium the reflection coefficient will be diminished by 
conduction thus reducing the ratio in equation 4.4. Generally, it is suggested to 
measure p, in a loss-less medium like demineralized water, but the choice of the 
position of p, remains arbitrary (Heimovaara, 1992; Baker and Spaans, 1993). 

To compare calibration with direct measurement (Reece, 1998), a total of 25 
measurements were made in demineralized water and 4 KCl-solutions with 
conductivities of 0, 11, 119, 232 and 439 mSm"1 for 5 cable lengths (ranging from 5 
to 25 m of RG58 C/U coaxial cable). We used a 3-wire probe (Heimovaara, 1993) 
and a Tektronix 1502C cable tester (Beaverton, OR, USA). The methods to obtain 
R„ Ro and Kp directly (Kp with equation 4.2 and 4.3 (Method 1) or equation 4.2 
and 4.4 (Method 2)) are compared with results of least-square fitting of Kp with 
directly measured cable properties (Method 3), and with least-square fitting of both 
Kp and cable properties (Method 4). Measurements were randomly separated in a 
calibration (12) and a validation set (13). Subsequent calibration and validation were 
repeated 150 times for different sets. 

4.3 Results and Discussion 
Resistance measurements with shorted coaxial cables, as proposed in the method 

of Reece (1998), resulted in a cable resistance Rc of 0.050 Q m 1 and an internal 
cable tester and connector resistance of 0.080 Q (figure 4.1). Resistance 
measurements with shorted probes attached to the cables resulted in an upward 
resistance shift, which resulted in a probe resistance of 0.373 Q and a total internal 
resistance Rg of 0.453 CI. This confirms Reece's (1998) speculation that the probes 
used by Heimovaara et al. (1995) had a relatively high Revalidation of the methods 
to obtain R„ Rg and Kp (table 4.1) showed that probe constants estimated from 
either equation 4.3 or 4.4 resulted in less reliable conductivity measurements. 
Apparently, both methods of obtaining Kp directiy should be applied with care in 
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Table 4.1. Results of calibration and validation for five procedures for obtaining cable (R 
and Ro) and cable properties (Kp). Results presented are mean and standard deviations (in 
parentheses) of Root Mean Square Error (RMSE) for 150 randomly selected calibration 
and validation sets. If no calibration was performed, the methods were validated on 
150 randomly selected validation sets consisting of 13 measurements each. Results of 
direct measurements are given in italics. 

1 

2 

3 

4a 

4b 

4c 

Method 

Probe dimensions (eq. 

Reflection 

Kp fitted 
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0.067 

(-) 
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(mSm1) 
-

0 
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Figure 4.1. Resistance as a function of cable length measured by a cable tester on coaxial 
cables terminating in a short (with and without a probe). Fitted regression lines are 
Y=0.080+0.050X (R2=0.997) for the shorted cables and Y=0.453+0.050X (R2=0.997) for 
the shorted probe with cables. 
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the case of 3-wire probes. For the probe constant calculated from probe 
dimensions (equation 4.3) this was expected, because it is well established that 
3-wire probes do not behave as coaxial probes and tend to underestimate true 
probe constants (Zegelin et al., 1989). Direct estimation of i<C from TDR 
waveforms (equation 4.4) did not result in reliable conductivity measurements 
either, because Z0 was overestimated. Again, an explanation for this overestimation 
can probably be found in the non-coaxial behavior of 3-wire probes. 

Acceptable conductivity measurements were obtained when directly measured 
cable properties were combined with a probe constant fitted to measurements in 
multiple solutions (Method 3). This illustrates that calibration with measurements 
in multiple solutions improves the accuracy of conductivity measurements with 
TDR in case of 3-wire probes. However, table 4.1 also shows that an even higher 
accuracy of conductivity measurements for both calibration and validation was 
easily achieved by optimizing all three parameters (Method 4c). This improvement 
in accuracy was accompanied by a greater magnitude of fitted Rp as can be seen 
from the partial optimization of cable properties (Method 4a and 4b). Apparently, 
direct measurements of cable properties do not result in the most accurate 
conductivity measurements. The fact that the improvement in accuracy was seen in 
both the calibration and validation set indicates that overfitting is not the primary 
explanation for the higher accuracy of the fitting procedures, as has been suggested 
byReece(1998). 

A reduction of calibration time by direct measurement of R„ Rg and K, does not 
appear feasible in the case of 3-wire probes. A simplification of the calibration 
procedure might be considered when extensive calibration in multiple solutions is a 
problem. One possibility is to reduce the fitting procedure to only two cable 
lengths and two solution concentrations. For the validation set this approach 
resulted in a low RMSE of 1.152 when cables of 25.6 and 4.1 m and solutions of 
120 and 439 mSm"' were used. Other calibration sets of four measurements also 
resulted in accurate conductivity measurements, provided that the selected cable 
lengths and solution concentrations covered the range of expected values. This 
illustrates that only four well-chosen measurements contain all the information 
needed to obtain R„ Rg and Kp, as can be expected from the simple nature of the 
underlying equations. 

In summary, although the methods presented by Reece (1998) do have the 
advantage of being direct measurements, care should be taken when these methods 
are applied to 3-wire probes. For a 3-wire probe system, least-squares fitting of 
cable and probe properties resulted in the most accurate conductivity 
measurements. Comparison of several calibration techniques suggested that directly 
measured cable and probe properties deviate from their calibrated (optimal) values. 
It is certainly important (and curious) to note that there are unexplained differences 
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between direct and empirical methods. Furthermore, it was suggested that a 
reduction of calibration time could be achieved by limiting the calibration 
procedure to two well-chosen cable lengths and solution concentrations. 
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Soil Water Content Measurements at Different Scales: 
Accuracy of Time Domain Reflectometry and 
Ground-Penetrating Radar* 

Abstract 
Accurate measurements of soil water content with an appropriate support are 
important in many research fields. Ground-penetrating radar (GPR) is an interesting 
measurement technique for mapping soil water content at an intermediate scale in 
between point and remote sensing measurements. To measure soil water content 
with GPR, we used the velocity of the ground wave, which is the signal travelling 
direcdy from source to receiving antenna through the upper centimetres of the soil. 
To evaluate GPR performance, we aggregated time domain reflectometry (TDR) 
and gravimetric soil water content measurements to the support of GPR 
measurements. The results showed that the calibration equations between GPR 
measurements and aggregated gravimetrical soil water content were similar to those 
obtained for TDR measurements, suggesting that available TDR calibrations 
(e.g. Topp's equation) can be used for GPR. Furthermore, we found that the 
accuracy of GPR to measure soil water content is comparable with the accuracy of 
TDR, although it depended on the type of data acquisition used for the 
determination of the ground wave velocity. 

* Published by J A . Huisman, C. Sped, W. Bouten and J.M. Verstraten, 2001. Journal of 
Hydrology, 254(1-2), 48-58. Reprinted with permission o f © Elsevier Science. 

61 



Chapter 5 

5.1 Introduction 
Soil water content (SWC) is an important variable in hydrological processes at a 

wide range of scales. At a global scale, SWC is important because of its interactions 
with the Earth's climate system. For example, SWC controls the partitioning of 
radiation in sensible and latent heat, and couples the soil compartment to the 
atmosphere in the hydrological cycle by evapotranspiration (Famiglietti et al., 1999). 
At an intermediate (catchment) scale, the antecedent SWC (determined by soil type, 
slope, rainfall distribution etc.) influences the partitioning of precipitation into 
infiltration and runoff and, therefore, exerts a strong control on soil erosion and 
flooding (Grayson and Western, 1998). At an even smaller scale, local patterns of 
soil water infiltration and preferential flow of water in the soil can lead to an 
accelerated breakthrough of solutes, such as some pesticides and heavy metals, and 
can, therefore, affect groundwater quality (Ritsema, 1999). In order to cope with 
these phenomena and to further study the influence of SWC, there is a need for 
SWC measurements at a range of spatial scales. 

Available techniques to measure SWC either provide measurements at the small 
(point) support (measurement volume) or at the much larger support of remotely 
sensed data. Time Domain Reflectometry (TDR, Topp et al., 1980) and capacitance 
measurements (Paltineanu and Starr, 1997) only have a limited support 
(e.g. 0.01-1 dm3), which makes them especially useful to measure small-scale 
processes, such as fingered flow (e.g. Nissen et al., 1999). However, the small 
support may also mean that many measurements are needed for a reliable estimate 
of SWC at a larger scale (Western et al., 1998). Neutron probes (Schmugge 
et al., 1980) do have a larger support (in the order of 0.1 to 0.5 m3) but the limited 
possibilities of automation and multiplexing, as well as the environmental 
restrictions, hamper estimates of SWC beyond the support of the neutron probe 
measurements itself. A promising technique for estimates of SWC over large areas 
(mapping) is remote sensing, especially passive microwave radiometry (Jackson 
et al., 1996; Famiglietti et al., 1999). However, many large-scale processes are 
nonlinearly dependent upon SWC and, therefore, the spatial variability of SWC 
within the radar footprint (ranging from 100 m2 up to several km2 depending on 
the type of remote sensing) should be better understood to enable an optimal 
utilization of remotely sensed data. 

It can be concluded that there is a support gap between commonly used field 
(point) measurements and areal estimates from remote sensing. This gives rise to 
difficulties when the scale of practical interest is intermediate between point and 
remote sensing measurements (Western and Blöschl, 1999). One way to 
accomplish a "change to the scale of interest" is within the conceptual framework 
of spatial aggregation (Heuvelink and Pebesma, 1998; Western and Blöschl, 1999). 
Another possibility is to focus attention on new techniques to measure SWC. 
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Air Wave 

_ Refracted Wave 
£2 

Figure 5.1 (after Sperl, 1999). Propagation paths of electromagnetic waves in a soil with 
two layers of contrasting dielectric permittivity (E/ and 82). 

Ground-penetrating radar (GPR) is one of the promising techniques to measure 
SWC at an intermediate scale with supports ranging from 0.5 to 30 m3 depending 
on the radar configuration (Du and Rummel, 1994; Chanzy et al., 1996; van 
Overmeeren et al., 1997; Weiler et al., 1998). The non-invasive character of GPR 
offers the mobility needed to map SWC of larger areas (up to 500x500 m a day). 
Furthermore, GPR measures permittivity, just as TDR and remote sensing, which 
makes them an attractive triplet to study the spatial structure of SWC at different 
scales. 

The GPR technique is conceptually quite simple. The essential features are a 
source antenna placed on the earth surface, radiating energy both upward into the 
air and downward into the soil, and an antenna receiving the signal transmitted by 
the source as a function of time. Any subsurface contrast in electrical properties 
will reflect part of the energy back to the surface (Annan, 1973). Figure 5.1 shows 
possible propagation paths in a two-layer soil (8, > e2). Several of these paths can 
be used to estimate the permittivity £, if the depth to the interface is known 
(van Overmeeren et al., 1997). For example, Weiler et al. (1998) used the velocity of 
reflected waves to determine soil permittivity. They proposed a calibration equation 
relating SWC to GPR-measured soil permittivity for a Hadley fine sandy loam. 
They found a small difference between GPR and TDR calibration equations, and 
this was partly attributed to the difference in frequency range in which TDR and 
GPR operate and a problem with the determination of the zero offset of the GPR. 
Unfortunately, the approach of Weiler et al. (1998) cannot be used to map SWC 
without extensive drilling to determine the depth to the soil interface. Du and 
Rummel (1994) suggested that without knowledge of soil depth, or in the absence 
of any (clearly reflecting) soil interface, the ground wave seems to be the 
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Antenna Separation [m] 

Figure 5.2 (after Sperl, 1999). Schematic WARR-measurement. The ground wave can be 
identified as a wave with a linear move out starting from the origin of the x-t plot, c is the 
electromagnetic velocity in air and x is the antenna separation. 

most promising wave for mapping SWC. The ground wave is the signal travelling 
directly from source to receiving antenna though the upper centimetres of the soil 
and therefore it is the only wave of which the propagation distance can be known a 
priori (also see Du, 1996; Sperl, 1999). 

The ground wave can be identified in a Wide Angle Reflection and Refraction 
(WARR) measurement (figures 5.2 and 5.3). WARR acquisition consists of 
increasing the distance between the antennas stepwise while one antenna remains at 
a fixed position. The direct path of the ground wave between source and receiver 
results in a linear relationship between travel time and antenna separation that 
allows identification of the ground wave. However, the acquisition time of a 
WARR measurement is long and, consequently, this procedure is impractical for 
SWC mapping. It is also possible to determine the ground wave velocity from a 
radar measurement with a fixed antenna separation (Single Trace Analysis; STA), 
provided that the ground wave has been identified in a WARR measurement. If 
this STA approach is accurate enough, the antennas can be placed at sleds, which 
would provide the mobility to quickly map large areas (Lehmann and Green, 1999). 
The aim of this chapter was 1) to assess the accuracy of GPR to measure SWC by 
using the ground wave velocity, and 2) to confirm for a wide array of soils that 
TDR calibration equations are also valid for GPR. Therefore, we collected TDR, 
GPR and gravimetric SWC measurements of the upper 10 cm of the soil on 25 
occasions at 13 different sites. The TDR and gravimetric water content 
measurements were aggregated to the support of GPR, resulting in calibration 
equations and accuracy assessments for SWC measurements with TDR and GPR. 
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Antenna Separation [m] 
1 2 3 4 5 

Figure 5.3. WARR-measurement recorded on loamy sand widi the 225 MHz antennas, v 
is the ground wave velocity in mns4. 

5.2 Materials and Methods 
Measurements were carried out at 25 measurement locations (from May 1999 to 

September 1999) at 13 different sites, all located in the Netherlands. The multiple 
measurements at several sites were not made at the same day. Table 5.1 summarizes 
textural properties, textural classes according to the Soil Taxonomy (USDA, 1975), 
organic matter content, dry bulk density and the number of visits to each site. 
Textural properties were obtained with a grain-size analysis of one gravimetric 
sample per measurement location, and are presented as a weight percentage of the 
total dry weight of the sample after removal of organic matter. The texture classes 
range from sand (Kootwijkerzand) to loam (Lelystad). This is a wide array of 
textures to assess the accuracy of GPR to measure SWC because high clay contents 
and the associated high electrical conductivity strongly attenuate the ground wave 
and, therefore, limit the use of GPR to these lighter textures. 

At each of the 25 measurement locations, the permittivity of a 5x2x0.1 m3 plot 
was estimated by GPR using a WARR measurement along the length axis of the 
plot (see figure 5.4). In this chapter, we have (rather arbitrarily) assumed that this 
plot size corresponds with the support of our GPR measurements. However, 
recent studies of Sperl (1999) and Wollny (1999) on the 'depth of influence' of the 
ground wave suggest that the support may well be smaller. Therefore, we will 
consider errors between assumed and actual GPR support in the following 
discussions. We used a pulseEKKO™ 1000 GPR system with a 200 V transmitter 
(Sensors and Software, Mississauga, ON, Canada) and two sets of broadband 
antennas with centre frequencies of 225 MHz and 450 MHz (in air) and frequency 
bandwidths that are about equal to the centre frequency (Davis and Annan, 1989). 
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Table 5.1. Textural classes of the 13 soils according to the Soil Taxonomy. %Sand, %Silt 
and %Clay are expressed as a weight percentage of the total dry weight of the sample after 
removal of organic matter, OM is the organic matter content expressed in g organic 
matter per kg dry material, BD is the dry bulk density in kg per dm3 and N is the number 
of measurement locations per site. 

Location Textural Class %Sand %Silt %Clay OM BD N 
Muiderberg 
Lelystad 
Drie 
Guttecoven 
Schinveld 
Koningsbosch 
Mariahoop 
Echt 
Elspeet 
Putten 
Kootwijk 
Kootwijkerzand 
Voorthuizen 

Loamy Sand 
Loam 
Loamy Sand 
Silt Loam 
Loam 
Silt Loam 
Loamy Sand 
Loam 
Loamy Sand 
Loamy Sand 
Loamy Sand 
Sand 
Loamy Sand 

88.0 
29.2 
80.1 
10.8 
46.6 
18.4 
86.3 
38.0 
82.1 
83.7 
87.1 
98.3 
85.1 

7.9 
48.4 
15.9 
75.9 
45.5 
72.9 
9.2 

45.6 
16.7 
13.7 
10.4 
1.1 
12.9 

4.1 
22.4 
4.0 
13.4 
7.8 
8.7 
4.5 
16.3 
1.1 
3.6 
2.5 
0.7 
2.1 

2.0 
7.3 
4.5 
1.9 
4.1 
2.4 
2.2 
2.8 
6.6 
5.9 
4.1 
0.2 
6.7 

1.69 
1.25 
1.38 
1.49 
1.46 
1.41 
1.46 
1.56 
1.18 
1.44 
1.51 
1.62 
1.14 

2 
1 
5 

4 
3 
2 
2 

Length (m) 

Figure 5.4. Sampling locations of TDR, GPR and gravimetric samples within the 
5x2x0.1 m3plot. 

The radar data were collected with the pulseEKKO™ acquisition software supplied 
by the manufacturer. The measurements with the 225 MHz antennas were made 
with antenna separations increasing from 0.4 to 5.0 m with increments of 0.1 m, 
a time window of 100 ns, a sampling rate of 300 ps and 64 stacks per trace (from 
0.3 to 5.0 m with increments of 0.1 m and 100 ps sampling rate in case of the 
450 MHz antenna). We used REFLEX (Sandmeier Scientific Software, Karlsruhe, 
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Germany) for standard GPR data processing, including a 'dewow'-filter to remove 
low-frequency induction effects of the radar equipment, a down trace averaging 
filter to remove noise and an automatic gain control (AGC) to increase the 
amplitude of the air and ground wave at large antenna separations. 

The average permittivity of each of the 5x2x0.1 m3 plots was also estimated by 
aggregating 15 randomly located TDR measurements (positions in figure 5.4) 
collected with a Tektronix cable tester (Beaverton, OR, USA) and vertically 
installed 10-cm long three-wire probes described by Heimovaara (1993). The 
Tektronix 1502 series emits a wave packet that has a frequency range of 1 MHz to 
0.2-1.0 GHz, depending on the dielectric properties of the soil. The support of 
these TDR measurements is determined by the length, number, thickness and 
separation of the probe wires. In case of our 3-wire probes (wire diameter 0.002 m 
and wire spacing 0.018 m), the support is approximately equal to a cylinder 
described by the length and the separation of the outer wires (0.03 dm3), because 
most energy (>90%) is contained within this volume (Ferré et al., 1998). 

Finally, we took 10 vertical gravimetric samples in 0.10-m-lengfh and 0.05-m-
diameter stainless steel rings (support of 0.196 dm3) at randomly selected locations 
(figure 5.4) at 24 measurement locations (at one location we only took 7 samples 
resulting in a total of 247 gravimetric samples). The gravimetric SWC and the dry 
bulk density (BD) of these samples were determined by measuring the weight loss 
after 48 hours of drying at 70°C. The results were aggregated to estimate the 
average gravimetric SWC of each location. In each of the 247 samples we also took 
TDR measurements to obtain a standard TDR calibration equation. 

There are several approaches toward correlating SWC with permittivity, but in 
this chapter we choose the semi-theoretical calibration equation of Herkelrath 
etal. (1991) 

SWC = by +b2na [5.1] 

where b1 and b2 are calibration parameters, and na, the square root of permittivity 
(also called refractive index) of either GPR or TDR. The TDR refractive 
index, »TOR, was calculated from the travel time in the soil Ats and the length of the 
probe, L, according to 

where c is the electromagnetic wave velocity in air (3 x 108 ms"1) and Ats was 
obtained with the travel time analysis presented in Heimovaara and Bouten (1990). 
For GPR the refractive index was determined using two methods. nWARR was 
determined by drawing a line parallel with the arrival times of the ground wave in a 
limited window of antenna separations (see figure 5.3). The lower limit of this 
window was determined by the amount of interference between air and ground 
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wave at short separations, whereas the upper limit depended on the ground wave 
attenuation with increasing antenna separation. In the single trace analysis (STA), 
the refractive index, nSTA, was calculated from the arrival time of the air wave and 
the ground wave at a specific antenna separation x 

CVGW 'AW) ' [5.3] 

where tGW and tAW are the arrival times of the ground wave and the air wave, 
respectively. The arrival times can be determined manually or semi-automatically 
with a time picking algorithm often available in seismic or GPR data processing 
packages (see e.g. Molyneux and Schmitt, 1999). We used REFLEX for both the 
WARR analysis and the manual picking of arrival times in the STA. The traces 
needed for the STA were extracted from the WARR measurement. Consequently, 
we do not consider the error associated with the proper identification of the 
ground wave in a single trace. 

To quantify the accuracy of the calibration between SWC and refractive index, 
we used the root mean square error (RMSE) between observed water content, 
SWCobs, and water content predicted by the calibration equation 5.1, SWCest, 

RMSE = JZiSWC^ -SWCesl)
21N [5.4] 

where N is the number of observations. However, in case of scarce data this can 
lead to an overestimation of accuracy because of overfitting due to over-
parametrization. Therefore, we fitted only part of the available data (60%) with 
equation 5.1. The validation set (consisting of the remaining 40% of the data) was 
used to obtain a better estimate of the accuracy of the SWC measurements, again 
expressed by the RMSE. The random separation in calibration and validation sets 
was repeated 1000 times to reduce the influence of atypical sets on the results. 

5.3 Results and Discussion 
5.3.1 Aggregation of TDK measurements 

Figure 5.5 presents the standard calibration equation between nTDK and SWC 
(also see table 5.2). Close inspection reveals several clusters of measurements, each 
corresponding with a measurement location. The RMSE of this TDR calibration 
equation is 0.0243 m3m"3 (average RMSE of 1000 validation sets), which is close to 
the average RMSE of the calibration sets because there are sufficient data to 
accurately estimate the regression coefficients. Both the calibration equation and its 
accuracy are within the range found by others (e.g. Jacobsen and Schjonning, 1994). 

The calibration equation resulting from the aggregation of the TDR 
measurements and the gravimetrical water contents for each of the 25 
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Figure 5.5. Standard calibration equation between volumetric water content and refractive 
index «TOR (247 samples). 

Table 5.2. Regression parameters relating soil water content to refractive index. Mean and 
standard deviations (in parentheses) of 1000 randomly selected combinations of 
validation and calibration sets. N is the size of the calibration set. 

TDR (Standard) 

TDR (Aggregated) 

GPR (WARR, 225 

GPR (WARR, 450 

MHz)a 

MHz)a 

GPR (STA, 225 MHz 

*/ 

-0.1263 
(0.0051) 
-0.1510 
(0.0162) 
-0.1732 
(0.0201) 
-0.1564 
(0.0227) 
-0.1499 
(0.0195) 

h 

0.1049 
(0.0019) 
0.1082 

(0.0063) 
0.1147 

(0.0068) 
0.1088 

(0.0076) 
0.1082 

(0.0063) 

RMSE 
(calibration) 

0.0239 
(0.0011) 
0.0269 

(0.0053) 
0.0241 

(0.0042) 
0.0266 

(0.0026) 
0.0338 

(0.0055) 

RMSE 
(validation) 

0.0243 
(0.0018) 
0.0305 

(0.0071) 
0.0281 

(0.0065) 
0.0308 

(0.0048) 
0.0376 

(0.0085) 

N 

150 

15 

15 

15 

15 

* WARR = Wide Angle Refraction and Reflection 
b STA = single trace analysis. 

measurement locations is shown in figure 5.6. It is clear that aggregation did not 
gready affect the calibration equation (table 5.2). The average RMSE of the 
aggregated SWC estimation was 0.0305 m3m"3 for the validation sets, which is 
higher than the RMSE of the calibration as expected. Generally, the RMSE of 
aggregated TDR measurements can be separated in several error sources: A) error 
in aggregation of «TOR and SWC B) measurement error in «TOR, C) measurement 
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Figure 5.6. Aggregated calibration equation between average volumetric water content 
and average refractive index HTDR for 25 measurement locations. 

Table 5.3. Regression parameters relating soil water content to refractive index and dry 
bulk density. Mean and standard deviations (in parentheses) of 1000 randomly selected 
combinations of validation and calibration sets. N is the size of the calibration set. 

TDR (Standard) 

TDR (Aggregated) 

GPR (WARR, 225 

GPR (WARR, 450 

MHz)a 

MHz)' 

GPR (STA, 225 MHz 

*, 

0.1013 
(0.0013) 
0.1061 

(0.0065) 
0.1087 

(0.0039) 
0.1059 

(0.0051) 
0.1016 

(0.0046) 

b, 

-0.0804 
(0.0022) 
-0.1010 
(0.0129) 
-0.1076 
(0.0086) 
-0.1027 
(0.0107) 
-0.0902 
(0.0104) 

RMSE 

(calibration) 

0.0208 
(0.0008) 
0.0219 

(0.0033) 
0.0215 

(0.0027) 
0.0216 

(0.0018) 
0.0329 

(0.0055) 

RMSE 

(validation) 

0.0210 
(0.0017) 
0.0262 

(0.0052) 
0.0241 

(0.0046) 
0.0250 

(0.0034) 
0.0361 

(0.0089) 

N 

150 

15 

15 

15 

15 

» WARR = Wide Angle Refraction and Reflection 
b STA = single trace analysis. 

error in SWC, and D) model error in SWC- nTDK relationship. The error bars in 
figure 5.6 represent the standard error of the mean (15 TDR measurements and 
10 gravimetric samples) and because they are small, it can be concluded that the 
errors A to C are small compared to error D , the model error. Of course, this is 
already well established for standard TDR calibrations and can be illustrated by 
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Figure 5.7. Calibration equation between volumetric water content and refractive index 
nwARR obtained with 225 MHz antennas (24 locations because one location could not be 
sampled with the 225 MHz antennas due to furrows). 

including more parameters affecting permittivity in the calibration (e.g. Ledieu et 
al., 1986; Malicki et al., 1996). In this study, the addition of bulk density, BD 

SWC = bt+ b4nTDR + b5BD [5.5] 

gave a significant decrease of RMSE to 0.0210 m 3 m 3 before aggregation and a 
decrease to 0.0262 m3m"3 after aggregation (table 5.3). In contrast to previous 
studies, such as Ledieu et al. (1986), the intercepts (b3) of our calibration equations 
did not significandy deviate from 0, and were, therefore, omitted from the 
calibration. Estimates of %sand, %silt, %clay and organic matter content were also 
available (one sample for each measurement location), but the inclusion of these 
parameters did not significandy improve the estimation of SWC. 

5.3.2. Accuracy of soil water content measurements with GPR (WARR measurement) 
Figure 5.3 shows a typical WARR measurement measured with the 225 MHz 

antennas. Both the air wave and the ground wave can easily be recognized due to 
their linear move out with increasing antenna separation. The ground wave velocity 
is 0.1268 mns"1, which corresponds with a refractive index of 2.37 (and a 
permittivity of 5.60). For comparison, the aggregated refractive index of the TDR 
measurements was 2.26 and the aggregated gravimetric SWC was 0.010 m3rrf3. For 
this WARR measurement, the range of antenna separations at which the ground 
wave can be recognized runs from 1.2 to 5.0 m. 

The calibration equation between aggregated SWC and nWARK (225 MHz 
antennas) is shown in figure 5.7 and the results for 225 MHz and 450 MHz are 
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Figure 5.8. Comparison of «TDR and NWAKR (225 MHz). 

summarized in table 5.2. The similarity between figure 5.6 and figure 5.7 and the 
calibration equations presented in table 5.2 suggest a close agreement between 
GPR and TDR measurements despite the different operating frequencies of both 
methods. Contrary to the results of Weiier et al. (1998) based on the velocity of 
reflected waves, we did not find a structural difference between GPR and TDR 
calibration equations based on ground wave velocity. The RMSE of the SWC 
estimation with fiWAKR was 0.0281 m3m3, in case of the 225 MHz antennas, and 
0.0308 m3m"3 in case of the 450 MHz antennas. This is similar to the accuracy of 
TDR, which was 0.0305 m3rn \ The RMSE of GPR was reduced to 0.0250 m3m"3 

by including dry bulk density in the calibration, which is a similar reduction to that 
in TDR (table 5.3). Generally, there is an excellent agreement between GPR and 
TDR, as shown in figure 5.8. This suggests that the ground wave velocity 
adequately represents the upper 10 cm of the soil (length of TDR probe!), relatively 
independent of the antenna frequency ƒ and the permittivity s r (figures 5.8 
and 5.9b). This seems to contradict the traditional assumption that the depth of 
influence of the ground wave is linearly proportional to the wavelength (k—c(jz'r

J')A 

ranging from 0.10-0.70 m in this study), but it could just as well indicate a 
homogeneous permittivity profile in the topsoil at our measurement locations. 

As with TDR, it is illustrative to separate the error in the SWC measurements 
with GPR in several sources: A) error in nWAKK (e.g. reproducibility of GPR wave 
trace, reproducibility of WARR measurement and analysis), B) aggregation and 
measurement error in SWC (same as in TDR error analysis), C) model error in 
SWC-»IK4RR relationship and D) mismatch between aggregated support of 
gravimetric SWC (5x2x0.1 m3) and the actual (ill-defined) support of GPR. The 
similarity between the calibration of TDR and GPR suggests that the model error 
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Figure 5.9. a) Comparison of HWARR (225 MHz) measured in opposite directions, 
b) Comparison of nwAKS, (225 MHz) and HWARR (450 MHz) measured in the same 
direction. 

should be dominant for both methods. However, this should have led to a 
substantial decrease in scatter when the permittivity of TDR and GPR are 
compared directly (figure 5.8), which seems not to be the case. Besides the model 
error, the RMSE of GPR must, therefore, at least partly be explained by A) errors 
in nWARR or D) mismatch in sample volumes. These two sources of error are not 
readily separated in this study, but some tentative results can be extracted from 
figure 5.9. Figure 5.9a compares WARR measurements made in opposite directions 
at all measurement locations and indicates that the GPR measurement are highly 
reproducible at low permittivity, whereas at higher permittivities the difference 
between two WARR measurements in opposite directions increase. A possible 
explanation for this could be that die mismatch between the actual and assumed 
support of the WARR measurement increased (for example due to the fact that the 
ground wave was not present at large antenna separations in wet soils, as was the 
case in this study). Figure 5.9b compares WARR measurements made with 
different antenna frequencies, but in the same direction, and, again, the deviations 
increase with increasing permittivity. The similarity between figure 5.9a and 5.9b 
suggests that the decrease in reproducibility shown in figure 5.9a is mainly caused 
by an increase of error in nWARR, and not by the increasing mismatch in sample 
volume. The increasing error in nWARR can be understood when the propagation of 
velocity errors into the determination of nWARR is considered. If we assume a 
constant velocity error Av, which is reasonable in case of the 'tangent line' analysis 
used to analyse the WARR measurements, then the error in refractive index AnWARR 

can be calculated according to 
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A - I f _ \_ I f c c ] _ cAv 
^^WARR ~~ ~ ylwARR.max nWARR,mm 1 ~ ~\ . A - 2 , , , 2 P * " J 

2 2Vv-Av v + AvJ v -(Av) 

From equation 5.6 it can be seen that &nWAKSi increases with lower velocity v, and 
therefore increases with nWARR. For example, if we assume that AÏ<=0.005 mns"1 

then A«Bf-y4RR is 0.067 for nWARR=2 and 0.420 for nw,AXR=5. 

5.3.3. Accuracy of soil water content measurements with GPR (Single Trace Analysis) 
The results of the single trace analysis (STA) are also presented in tables 5.2 

and 5.3. The traces used in the STA were selected direcdy from the WARR 
measurements. The antenna separation of the selected trace depended on the 
recognizability of the ground wave, and varied from 1.4 to 2.9 m with a median of 
2.5 m. Again, the results obtained with GPR compare well with the calibration 
equation obtained for TDR in terms of slope and intercept. The RMSE of the 
SWC measurements with the STA increased compared with the RMSE of the 
WARR measurement. Possible extra sources of error are A) the mismatch between 
the assumed (5x2x0.1 m3) and the actual support in the STA (dependent on fixed 
antenna separation) and B) the error involved with the estimation of the ground 
wave velocity from one trace, which can be separated in Bl) errors associated with 
the position of the antennas and B2) errors associated with the picking of the 
arrival times. The positional error is also present in WARR measurements, but the 
analysis of these measurements is not sensitive to errors in individual traces because 
these are averaged out in the 'global' analysis. 

The mismatch between the assumed and the actual support is obvious in case of 
the STA because the spatial averaging is restricted to the chosen (fixed) antenna 
separation. However, the traces used in the STA were extracted from the WARR 
measurements, and, for these measurements it was already concluded that support 
mismatches are not a major source of error. Therefore, the error in nSTA (Bl 
and B2) seems to be responsible for the increase in error with respect to the 
WARR measurements and the TDR measurements. With respect to future 
application of the STA to SWC mapping, this suggests that an increase of accuracy 
can easily be achieved by averaging the permittivity estimates from several 'single 
traces'. 

5.4. Conclusions 
We evaluated the accuracy of GPR and TDR to measure and map volumetric 

SWC. We focused on the velocity of the ground wave (at different antenna 
frequencies), which can be determined from a WARR measurement. However, to 
allow mapping of SWC over large areas we also considered a simplified acquisition 
based on the analysis of a single trace acquired with a fixed antenna separation 
(single trace analysis, STA). 
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The accuracy of TDR, WARR measurements and the STA to measure SWC was 
determined from calibration equations between aggregated SWC and refractive 
index. The main error source in the aggregated TDR calibration equation was the 
model error between water content and refractive index, which provides an upper 
limit on the accuracy of SWC measurements with electromagnetic methods (in case 
of our aggregated TDR measurements, the accuracy was ±0.030 m3m~3, although 
the accuracy improved by including more soil physical properties). The dominance 
of the model error suggests that the most meaningful comparison of different 
electromagnetic methods is based on permittivity, and not on SWC. The calibration 
equation based on the WARR measurements compared well with the TDR 
calibration equation, and the accuracy of SWC measurements with WARR 
measurements was ±0.030 m3rrf3. The error in SWC measurements with WARR 
measurements was partly attributed to the error in the velocity determination, 
which mainly affected the accuracy of SWC measurements in wet soils. The 
accuracy of the SWC measurements with the STA was ±0.037 m3m3 . The increase 
in error from the WARR measurements to the STA was mainly attributed to an 
increase in error of the velocity determination. Therefore, it seems possible to 
decrease the error of the STA by using several 'single traces' or a GPR with 
multiple receivers to determine ground wave velocity. 

Generally, the good correspondence between TDR and GPR confirms that 
available TDR calibrations between SWC and permittivity, such as a site-specific 
calibration equation or Topp's equation, can be used directly for SWC 
measurements with GPR for a wide array of textures, ranging from sand to loam. 
GPR is less likely to be successful for heavier textures because the high 
conductivity of these soils generally results in a strong attenuation of the ground 
wave, which makes the identification of the ground wave and the subsequent 
determination of the ground wave velocity hard to impossible. Altogether, GPR 
seems a promising technique for accurate SWC measurements over large areas. 
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6 

Accuracy and Reproducibility of Measuring Surface 
Soil Water Content with the Ground Wave of Ground-
Penetrating Radar* 

Abstract 
Ground-penetrating radar (GPR) is an attractive technique for the non-destructive 
measurement of soil water content. In this chapter, we investigated the accuracy and 
reproducibility of measuring surface soil water content with the ground wave of 
GPR. In particular, we 1) examined the influence of equipment in the vicinity of the 
GPR antennas on the data quality and 2) compared two methods to calculate soil 
permittivity from the arrival time of the air and ground wave. The first method 
assumes that the air wave and ground wave arrive simultaneously at zero antenna 
offset, whereas the second method includes a correction for a time shift in arrival 
time at zero antenna offset. We tested the influence of the equipment on the radar 
by introducing the different components (sleds, odometer and vehicle to pull 
equipment) stepwise. The results showed that the use of sleds caused a decrease in 
the amplitude of the ground wave. The presence of the sleds also changed the pulse 
shape of the air and ground wave and caused disturbances in the air wave. However, 
the data quality after the addition of all components was sufficient to allow 
automatic picking of arrival times by standard GPR software. The importance of the 
time shift at zero antenna offset was assessed with 20 duplicate WARR 
measurements measured along a 30 m transect and a sensitivity analysis based on 
GPR simulations. The results showed that: 1) there was a mean time shift at zero 
offset of 0.5231 ns that could not be explained from the GPR simulations and 
2) there was a large variation in time shift at zero offset that could be explained by 
considering time picking error, positional error and soil water content heterogeneity 
in the sensitivity analysis. We conclude that a time shift correction in the calculation 
of soil permittivity would improve the accuracy of absolute soil water content 
measurements with GPR, but it should be noted that the large variation in time 
shifts makes it difficult to accurately estimate the mean time shift. 

* Published by J.A. Huisman and W. Bouten, 2002. Proceedings of the ninth international 
conference on ground-penetrating radar. Editors: S.K. Koppenjan and H. Lee. 
Proceedings of SPIE 4758,162-169. 
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6.1 Introduction 
Accurate measurements of soil water content (SWC) are important in many 

research fields, such as hydrology, agronomy and soil science. The accepted 
standard technique for measuring SWC is oven drying a soil sample at a prescribed 
temperature and duration. However, this standard technique is time consuming and 
destructive. Since the work of Topp et al. (1980), the use of dielectric and electrical 
methods for SWC measurements has increased strongly. Twenty years later, the 
success of time domain reflectometry (TDR) is such that it can be considered as 
the new standard technique to measure SWC. 

GPR has most often been used as a tool in shallow geophysics (e.g. detection of 
buried objects, mapping stratigraphic units etc.). More recently, it has also been 
used to measure SWC. Kung and Lu (1993), Greaves et al. (1996), and Weiler 
et al. (1998) used reflected waves from static subsurface features with known depth, 
such as soil horizons and buried objects, to estimate SWC. Vellidis et al. (1990) 
used GPR to detect movement of a wetting front in the vadose zone of a sandy 
soil. Van Overmeeren et al. (1997) used the reflection from the ground water table 
to determine the SWC of the entire vadose zone. Unfortunately, these methods all 
require the presence of layers or objects with a significant contrast in dielectric 
permittivity in order to generate the reflected waves needed for SWC 
determination. 

Du and Rummel (1994) used the velocity of the GPR ground wave to determine 
SWC in the near subsurface. The GPR ground wave is the direct transmission from 
source to receiver through the upper centimeters of the soil. It is an interesting 
wave to use because it is the only wave that is also there in absence of (clearly) 
reflecting subsurface features (also see Du, 1996; Sperl, 1999 and Wollny, 1999). 
The ground wave can be recognized in a Wide Angle Reflection and Refraction 
(WARR) measurement. WARR acquisition consists of increasing the distance 
between the antennas stepwise while one antenna remains at a fixed position. In a 
homogeneous soil, the direct path of the ground wave between source and receiver 
results in a linear relationship between travel time and antenna separation that 
allows the determination of the ground wave velocity and soil permittivity (see 
figure 6.1). However, the use of WARR measurements for SWC determination is 
cumbersome because the antenna separation has to be changed after each recorded 
trace. Du (1996) and Sperl (1999) proposed to map SWC by putting the radar 
equipment on sleds with a fixed separation. The use of sleds allows a quick 
mapping of SWC provided that the approximate arrival time in the common offset 
measurement is known from the WARR measurement (i.e. the ground wave can be 
recognized in the common offset measurement). 

In this chapter, we focus on two important requirements for accurate and 
reproducible SWC measurements with the ground wave of GPR. First, the extra 
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Figure 6.1. Schematic representation of WARR measurements with and without a time 
offset to at zero antenna separation (AW=air wave, GW=ground wave, RW=reflected 
wave). 

equipment needed for SWC mapping should not interfere too strongly with the 
radar. Therefore, the first aim of this chapter is to examine the influence of SWC 
mapping equipment on the GPR data quality. This was tested by stepwise addition 
of the different components (sleds, odometer and vehicle to pull equipment) in the 
vicinity of the source and receiver antennas. The second requirement is that it 
should be possible to calculate the soil permittivity from the arrival time of the air 
wave and ground wave at a single antenna separation (hereafter referred to as 
Single Trace Analysis; STA). Sperl (1999) pointed out that it is not straightforward 
to calculate soil permittivity from a single trace because there can be a significant 
time difference between the arrival time of the air and ground wave at zero antenna 
offset (t0 in figure 6.1). He suggested that the accuracy of SWC measurements 
could be improved by including a correction in the STA. Therefore, the second aim 
of this chapter is to investigate whether it is necessary and possible to correct for t0 

in the calculation of soil permittivity from a single trace. This is done by comparing 
SWC measurements based on the ground wave velocity determined from WARR 
measurements and from the arrival time of the air and ground wave in single traces. 
To investigate the sensitivity of t0 towards several sources of error in t0 

determination, we did a sensitivity analysis of a simple model describing ground 
wave propagation. 

6.2 Materials and Methods 
We used a pulseEKKO™ 1000 GPR system with a 200 V transmitter (Sensors 

and Software, Mississauga, ON, Canada) and broadband antennas with a center 
frequency of 450 MHz (in air) and a frequency bandwidth of approximately 
450 MHz (Davis and Annan, 1989). The radar data were collected with the 
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Figure 6.2. Equipment used for soil water content measurements with GPR. A) source 
antenna, B) receiving antenna, C) odometer and D) rigid poles for a fixed antenna 
separation. 

acquisition software supplied by the manufacturer. We used REFLEX (Sandmeier 
Scientific Software, Karlsruhe, Germany) for standard GPR data processing, 
including a 'dewow'-filter to remove low-frequency induction and a down-trace 
averaging filter to remove noise. 

6.2.1 Influence oj'equipment near GPR. antennas 
To map SWC with GPR, extra equipment is needed in the vicinity of the 

antennas (see figure 6.2): 1) sleds to move the antennas at a fixed antenna 
separation, 2) an odometer (supplied by the manufacturer of the radar equipment) 
to trigger the radar at a predefined measurement interval, 3) a vehicle to pull the 
sleds and the radar equipment, in our case a three-wheeled electric scooter. We 
used two custom-made sleds consisting of a wooden frame with a width of 0.56 m 
and a length of 1.06 m and an underside covered with 1 mm thick PVC sheet. We 
did not use any metallic components (no screws etc.) in the construction of the 
sleds in order to minimize reflections from the sleds. The antennas are strapped to 
the sleds and positioned with Velcro. A fixed but adjustable antenna separation was 
ensured by two rigid poles, which could be connected to the sleds at different 
positions. 

To test the influence of the different components in the vicinity of the radar 
antennas, we placed the antennas on the soil without any equipment and acquired 
100 duplicate traces. Next, we installed the antenna on the sleds and acquired 100 
duplicate traces again, then we added the odometer and lasdy we also added the 
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Figure 6.3. Design of a test for time shift stability at zero antenna offset. Arrows indicate 
WARR measurements. 

three-wheeled electric scooter with 2 controllers. This resulted in a total of 
400 traces. By averaging each set of 100 traces, we obtained four traces showing the 
influence of each component of the measurement system on the radar signal, in 
particular the air wave and the ground wave. The GPR measurements were 
performed with an antenna separation of 1.54 m, a time window of 60 ns, 
a sampling rate of 60 ps (1000 points per trace) and 64 stacks per trace. 

6.2.2 Stability oft0 

To accurately map SWC with GPR, it is necessary to convert the arrival times of 
the air and ground wave to soil permittivity. Theoretically, the soil permittivity can 
readily be calculated from the antenna offset (*•), the arrival time of the air wave 
(tAW) and the arrival time of the ground wave (ZGir) 

ESTA = [6-1] 

\ x J 
where c is the electromagnetic wave velocity in air (3 x 108 ms4). Equation 6.1 
assumes that the air and ground wave arrive simultaneously at zero antenna offset 
(x=0, left side of figure 6.1). However, Sperl (1999) reported that this assumption 
does not necessarily hold because a time difference between ground and air wave 
arrival is sometimes observed at zero offset (right side of figure 6.1). He suggested 
including a time shift t0 correcting for this problem 

C\*GW ~ ' Q ~*AW ) + X JV- ~-| 

x J 

The modified procedure for mapping SWC would include the estimation of t0 from 
a WARR measurement at a representative location in the area of interest. However, 
the use of equation 6.2 can only be recommended when 1) the t0 is constant for the 
area of interest or 2) the mean t0 can be estimated with reasonable accuracy for the 
area of interest. 

To test the t0 stability, we acquired 20 WARR-measurement along a 30 m 
transect as shown in figure 6.3. The WARR measurements were made with antenna 
separations increasing from 0.4 to 1.5 m with increments of 0.1 m, a time window 

81 



Chapter 6 

of 60 ns, a sampling rate of 60 ps and 64 stacks per trace. We also made 
20 'duplicate' WARR measurements in the reverse direction (e.g. receiver position 
from 1.1 m to 0.0 m with increments of 0.1 m, source at 1.5 m). We did not use the 
SWC mapping equipment in this experiment. In each of the 40 WARR 
measurements, the arrival time of air and ground wave were picked for each 
antenna separation with REFLEX. These arrival times were used to fit linear 
regression lines between antenna separation and arrival time. Extrapolation of the 
regressions for the air and ground wave to 2ero offset gives the required estimate 
of t0. The regression for the ground wave was also used to calculate the ground 
wave velocity and therewith the soil permittivity from a WARR measurement. The 
permittivity from a STA was calculated from the arrival time of the air and ground 
wave in the last trace of each WARR measurement (antenna separation of 1.5 m). 
We chose this trace because 1) the STA is more accurate for larger antenna 
separations and 2) the 'duplicate' STA measurements have the same measurement 
volume for this antenna separation. 

The measurement site was located in a pasture near Molenschot, the 
Netherlands. The soil was classified as a Plaggept according to the Soil Taxonomy 
by the USDA (1975). The textural class of the topsoil was sandy loam (66.5% sand, 
30.2% silt and 3.3% clay) as determined by grain-size analysis. The average SWC of 
the pasture was 0.30 m3m3 . The measured soil permittivity was converted to SWC 
with a calibration equation based on Herkelrath et al. (1991) 

SWC = 0.1116-s/ë"- 0.1543 [6.3] 

6.2.3 Sensitivity analysis 
Two possible sources of error in SWC measurements with GPR are: 

1) inaccurate arrival time determination, here referred to as time picking error (E) 
and 2) inaccurate antenna positioning (EJ. In our field experiment, the standard 
deviation of E, is estimated to be 30 ps (half of the time sampling resolution), 
whereas the standard deviation of Exwas estimated as 0.01 m. 

The sensitivity of t0 towards different sources of error was determined in a 
simple exercise, in which we calculated arrival times for the air and ground wave 
for the same acquisition scheme as the field measurements (figure 6.3). Both the air 
wave and the ground wave are direct waves and, therefore, the arrival time at each 
specific antenna separation can simply be calculated from the average SWC 
between sender and receiver. For a homogeneous soil, the sensitivity towards Et 

was determined by 1) adding (normally distributed) random error to calculated 
arrival times of the air and ground wave for each trace, 2) calculating t0 by 
extrapolating regressions fitted to the air and ground wave arrival times to x=0 for 
the WARR measurements in forward and backward direction and 3) repeating this 
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procedure 1000 times to calculate mean t0 as a function of Er The reproducibility 
of t0 was approximated by the standard deviation of the difference (SDD) between 
AT duplicate measurements calculated in forward and backward direction (x1 and x2) 

SDD=\h%{x[~x'i)2 [6A] 

Note that a higher SDD means a lower reproducibility. For uncorrelated errors, the 
SDD is the same as the standard deviation of all duplicate measurements. The 
sensitivity of t0 towards Ex was determined by adding (normally distributed) 
random error in position to each trace and repeating the procedure described 
above. 

A third source of error in t0 is spatial variability of SWC within the 1.5 m of the 
WARR measurement. In our field experiment, the mean SWC measured with TDR 
was 0.30 m 3 m 3 with a standard deviation of 0.0356 m3m"3. The sensitivity of t0 

towards random SWC variability was calculated by generating (normally 
distributed) random variation with the TDR measured mean and standard deviation 
for a transect of 1.5 m with a resolution of 0.01 m, which is the approximate 
diameter of the sampling volume of the TDR probe. Structured SWC variability for 
the same transect was simulated by unconditional Gaussian simulation in GSTAT 
(Pebesma and Wesseling, 1998) with a predefined mean and a variability based on a 
variogram based on TDR measurements 

y(x) = 0.00025 +0.0008 exp(--) [6.5] 
8 

The semivariance y(x) is (half) the expected variance in SWC of two points 
separated by a distance x. The semivariance given by equation 6.5 increases, which 
means that points close together are more similar than points with a large 
separation (Goovaerts, 1997). After generating these random and structured 
patterns in SWC, the t0 sensitivity was then calculated by extrapolating regressions 
of air and ground wave arrival times to x=0 for 1000 different random and 
structured patterns. 

6.3 Results and Discussion 
6.3.11nfluence of equipment near GPR antennas 

Figure 6.4 shows the influence of the sleds on the amplitude of the air wave and 
the ground wave. The amplitude of the ground wave is strongly attenuated due to 
the presence of the sleds, whereas the air wave amplitude is relatively unaffected. 
The maximum (absolute) amplitude of the ground wave decreased with 66 %. 
A likely explanation for the decrease in ground wave amplitude is the reduced 
coupling of the source antenna due to the PVC underside (and the associated small 
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Amplitude (DN) 

Figure 6.4. Influence of the sleds on the amplitude of a GPR trace measured with an 
antenna separation of 1.5 m. 

air gaps) of the sleds. The small difference in ground wave arrival times between 
the traces was most likely introduced by the unavoidable repositioning of the 
antennas during installation on the sleds. 

Figure 6.5 shows four normalized traces that illustrate the influence of SWC 
mapping equipment in the vicinity of antennas. Trace 1 is the 'clean' measurement 
without any extra equipment. Both the air wave and the ground wave are well 
defined and relatively free of noise. Traces 2-4 show the influence of the extra 
equipment near the antennas on the radar signal. The apparent change in the 
amplitude ratio between air and ground wave is caused by the strong attenuation of 
the ground wave as compared with the other waves. The most important 
conclusion from these normalized traces is the increased noise in the air wave when 
the SWC mapping equipment is present. Most likely, this increased noise is caused 
by interference of the direct air wave and waves reflected from the SWC mapping 
equipment. The increase in noise is strongest after the addition of the odometer 
(difference between trace 2 and trace 3), indicating that the metallic frame design of 
the odometer is somewhat unfortunate for SWC measurements with the ground 
wave of GPR. The similarity between trace 3 and 4 indicates that the electric 
scooter and the controllers were not close enough to the radar antennas to affect 
the quality of the GPR measurements. 
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Figure 6.5. Four GPR traces normalized by the highest (absolute) amplitude showing the 
effect of extra equipment in the vicinity of the radar antenna. Trace 1: without extra 
equipment, Trace 2: antennas mounted on sleds, Trace 3: antennas mounted on sleds with 
odometer attached to source antenna, Trace 4: all extra equipment installed (for more 
explanation see text). 

The distortion of the air wave due to presence of equipment near the antennas 
has implications for SWC mapping with GPR. The traces presented in figure 6.5 
are both stacked and averaged, but still it was not an easy task to consistently pick 
an air wave arrival time. The best opportunity to pick an arrival time is the zero 
crossing between the first positive and negative amplitude marked with A-A' in 
figure 6.5 in case of the air wave and with B-B' in case of the ground wave because 
the gradient of the radar signal is steepest there. The onset or the maximum of the 
wave are two other widely used options, but they are less suited for our application 
because these locations are difficult to recognize for the air wave. The problem of 
consistently picking an air wave arrival time intensifies when GPR traces are 
acquired 'on-the-move' with low stacking and without averaging. In practice, it 
might be necessary to average several traces in post-processing in order to pick the 
air wave arrival time. 

6.3.2 Stability oft0 

Figure 6.6 shows a comparison between time shift t0, SWC obtained with a 
WARR measurement and SWC obtained from the arrival time of the air and 
ground wave at x = 1.5 m. The SWC measurements based on the STA were on 
average 0.012 m3m"3 higher than the measurements based on the WARR 
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Figure 6.6. Difference between soil water content measurements based on the ground 
wave velocity from a WARR measurement and a single trace analysis (STA) related to the 
time shift at zero offset (to). 

measurements. Three interesting points can be made about the time shift t0: 1) the 
average of t0 is 0.5231 ns, 2) there is a large variation in t0 within the 30 meter 
transect (standard deviation of 0.32 ns) and 3) the difference between WARR and 
STA measurements clearly increases with higher t0. A direct comparison between 
the difference in SWC and t0 in figure 6.7 shows a significant correlation of 
R2=0.77. These results suggest that a correction for t0 can improve the accuracy of 
SWC measurements with the STA. 

6.3.3 Sensitivity analysis qftg 

The mean t0 and the variation in t0 as a function of different error sources were 
further investigated in a sensitivity analysis. Table 6.1 shows the results for the 
individual and combined effect of time picking error, positional error and SWC 
variation within 1.5 m on the mean t0. It can be seen that all simulated mean t0's 
were very low (<0.0101 ns). Clearly, the observed mean t0 of 0.5231 ns could not be 
explained by any of the error sources considered in our model. 

Table 6.1 also shows the t0 variability as a function of the error sources. For 
homogeneous soils, the positional error has a larger contribution to t0 variability 
than the picking error (SDD of 0.1010 ns vs. 0.0236 ns). For heterogeneous soils 
with spatially correlated SWC, time picking error and positional error, the SDD of 
simulated tg (0.2410 ns) is similar to the observed SDD (0.2411 ns), although it 
should be noted that the standard deviation of the measurements was higher than 
the standard deviation of the simulations (e.g. there was a positive correlation 
between duplicate measurements not present in the simulation). The general 
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Figure 6.7. Scatter plot of time shift at zero offset {to) and difference in soil water content 
based on ground wave velocity obtained from WARR measurement and a single trace 
analysis (STA). 

Table 6.1. Measured and modeled reproducibility of soil water content measurements 
with WARR and STA expressed as SDD defined in equation 6.4. Modeled reproducibility 
is based on realistic estimates of different error sources (positional error, picking error 
and error due to spatial heterogeneity of soil water content). 

Transect 

Picking Error (30 ps) 
Positional Error (1 cm) 
Combined (30 ps / 1cm) 

Random SWC 
Structured SWC 
Random SWC + combined 
Structured SWC + combined 

WARR 
mean 

0.3014 

0.3000 
0.2996 
0.2998 

0.2999 
0.3000 
0.2999 
0.3000 

SDD 

0.0066 

. 
0.0008 
0.0036 
0.0039 

STA 
Mean SDD 

Measured 
0.3129 0.0034 

h 
mean 

0.5231 

Modeled (homogeneous SWC) 
0.3000 0.0009 
0.3000 0.0022 
0.3000 0.0024 

-0.0050 
0.0101 
0.0044 

Modeled (heterogeneous SWC) 
0.0020 
0.0030 
0.0046 
0.0054 

0.3000 
0.3000 
0.3000 0.0025 
0.3000 0.0023 

0.0064 
0.0020 
0.0041 
0.0004 

SDD 

0.2411 

0.0236 
0.1010 
0.1103 

0.0897 
0.2101 
0.1461 
0.2410 
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Table 6.2. Empirical parameters a to d of equation 6.4 needed to estimate SDD of & and 
SWC measurements based on WARR and STA acquisition. 

a b e d 
WARR 0.0279 0.8415 0.1273 0.0590 
STA 0.0304 0.6315 0.0266 0 
t0 0.7926 23.874 3.6127 2.5211 

agreement between measured and modeled variation indicates that the observed 
(high) variation in t0 can be explained by the three error sources considered in this 
chapter. The implication of the large variation in t0 is that a large number of WARR 
measurements is required to accurately estimate mean t0. For example, for the given 
acquisition scheme and the wet heterogeneous soil with spatially correlated SWC 
one would need 20 WARR measurements to estimate t0 with a standard error 
of <0.1 ns. 

The simulated results in table 6.1 are only valid for a mean SWC of 0.30 m3rrf3. 
However, the SDD for other conditions can accurately be approximated by 
assuming that the three error sources are independent: 

SDD = -yJiaE, f + {(bSWC + c)Ex f + (ds, f [6.6] 

in which Et is expressed as the expected standard deviation [ns], Ex is expressed as 
the expected standard deviation [m], SWC is the mean SWC [m3m~3], .re is the 
standard deviation in SWC [m3m~3] and a, b, c and d are empirical constants [-], 
which are given in table 6.2 for the acquisition scheme used in this chapter. This 
approximation does not include spatial correlation in SWC. The SDD from 
equation 6.6 must, therefore, be considered as the best-case estimate of/<, variation. 
Of course, another acquisition scheme will result in a different SDD. For example, 
a WARR measurement from 0.4 to 3.0 m wifh a step size of 0.1 m would decrease 
the SDD in case of a random soil water distribution (from 0.1461 to 0.1166 ns) but 
increase the SDD in case of spatially correlated SWC (from 0.2410 to 0.4187 ns). 

6.3.4 Sensitivity of soil water content measurements 
The sensitivity analysis was also used to determine the reproducibility (quantified 

through SDD) of SWC measurements with GPR. Figure 6.8 shows the duplicate 
measurements of the WARR measurements and the regular STA (equation 6.1). 
The SDD of the WARR measurements was 0.0066 m3m"3 and the SDD of the 
regular STA was 0.0034 m3m~3, which suggests that SWC measurements based on 
one trace are more reproducible than SWC measurements based on WARR 
measurements. This counterintuitive notion is confirmed by the simulations 
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Figure 6.8. Comparison of duplicate soil water content measurement based on the ground 
wave velocity obtained from a WARR measurement and a single trace analysis (STA). 

presented in table 6.1 and can be explained by 1) the sensitivity of arrival times to 
positional errors for small antenna separations included in the WARR measurement 
and 2) the unequal averaging properties of WARR (and CMP) measurements that 
introduce bias towards the SWC near the sending antenna in soils with 
heterogeneous SWC. 

The sensitivity analysis showed that the largest error contribution is the 
positional error, which reduced the reproducibility to 0.0036 m3m~3 for the WARR 
measurements and 0.0022 m3m~3 for the STA. The contribution of the time picking 
error is higher for the STA (0.0009 m3m"3) than for the WARR measurements 
(0.0008 m3m-3), but the contribution of the picking error to the total (combined) 
error is small. In heterogeneous soils, the reproducibility of the WARR 
measurements was further reduced, whereas the reproducibility of the STA does 
not depend on the distribution of SWC within the measurement volume. 

The simulated results in table 6.1 are only valid for a soil water content of 
0.30 m3m3 . However, equation 6.6 can be used to calculate the reproducibility for 
other conditions. The required parameters a to d are given in table 6.2 for both the 
WARR and the STA measurements. For example, for the same errors and SWC 
variation as in table 6.1, the reproducibility for a moist soil is higher than for a wet 
soil (decrease from 0.0034 to 0.0044 m3rn3 for a SWC of 0.15 and 0.30 m3m'3, 
respectively). Again, this assessment of the reproducibility is only valid for the 
acquisition scheme used in this chapter and must be considered as a best-case 
estimate of reproducibility because the spatial correlation in SWC is not included. 

6.4 Conclusions 
In this chapter, the influence of equipment in the vicinity of the GPR antennas 

on the GPR data quality was examined by stepwise addition of different 
components. The results showed that the addition of the sleds caused a strong 
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decrease in the amplitude of the ground wave. This decrease was attributed to the 
reduced coupling of the antennas to the soil due to presence of the sleds (and air) 
beneath the antennas. Furthermore, the combined effect of the sleds and the 
odometer caused disturbances in the air wave. However, the data quality after the 
addition of all components was sufficient to allow automatic picking of air wave 
and ground wave arrival times by standard GPR software. 

Two methods to calculate soil permittivity from the arrival time of the air and 
ground wave 'were also compared. The first method assumes that the air wave and 
ground wave arrive simultaneously at zero antenna offset, whereas the second 
method includes a correction for a time shift, t0, in arrival time at zero antenna 
offset. The relevance of this t0 correction was investigated with 20 duplicate WARR 
measurements along a 30 m transect and a sensitivity analysis of GPR simulations 
of the air and ground wave. The measurements showed that there is a mean t0 of 
0.5231 ns. This t0 shift could not be explained by the sensitivity analysis, which 
included time picking error, positional error and SWC heterogeneity. The 
measurements also showed that there is a large variation in t0, which could be 
explained by the three aforementioned error sources. It was concluded that a t0 

correction would improve the accuracy of SWC measurements with GPR, but that 
a large number of WARR measurements is required to accurately estimate the 
mean t0 because of the large variation in t0. 

The measurements in this chapter were restricted to one soil with high SWC. 
The sensitivity analysis provided insight in the variation of t0 for different soil water 
contents, but the nonzero mean t0 remains unexplained. It seems that an 
explanation for the observed nonzero t̂  must be sought in the poorly defined 
radiation characteristics of the GPR antennas. For example, van der Kruk (2002) 
reported a distortion of the air wave shape, most likely caused by the antenna 
shielding of the GPR system used in this thesis and Wollny (1999) reported 
distortions in the shape of the air and ground wave due the imperfect electrical 
coupling of the antenna and the soil. It is well possible that these pulse shape 
distortions have also caused the t0 offset observed in this chapter. Future research 
should focus on these technical GPR aspects to increase confidence in GPR for 
measuring absolute soil water content. 

The reproducibility of SWC measurements with GPR was also determined. Both 
the measurements and the sensitivity analysis showed that the STA measurements 
were more reproducible than the WARR measurements due to the biased spatial 
averaging of WARR measurements. We conclude that the reproducibility of the 
WARR measurements was 0.006 m3m~3, whereas the reproducibility of the STA 
measurements was 0.003 m3m"3 for the acquisition scheme used in this chapter. 
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7 

Mapping Spatial Variation in Surface Soil Water 
Content: Comparison of Ground-Penetrating Radar 
and Time Domain Reflectometry* 

Abstract 
Mapping soil water content (SWC) is a difficult but important task in many fields, 
such as hydrology, agronomy and soil science. Ground-penetrating radar (GPR) is a 
valuable technique to measure surface SWC at an intermediate scale in between the 
scales of Time Domain Reflectometry (TDR) and remotely sensed data. To measure 
SWC with GPR, the surface soil permittivity was determined with the ground wave 
velocity. The first aim of this chapter was to evaluate the potential of GPR to 
measure spatial SWC variation. The second aim was to compare GPR and T D R 
with respect to the type of spatial SWC structures that can be measured by these 
methods. A spatial structure in SWC was created by heterogeneous irrigation with 
sprinklers of various intensities. Then spatial SWC variation was measured with 
both GPR and TDR measurements. The experiment showed that GPR is well able 
to measure spatial SWC variation as expressed by the variogram. The larger 
measurement volume of GPR filtered out small-scale spatial variation (<1.5 m) and 
the large number of easily acquired GPR measurements resulted in well-defined and 
smooth experimental variograms. A comparison of interpolated SWC maps before 
and after irrigation showed that GPR is better suited than TDR for mapping large-
scale features (>5 m) in SWC. Especially the boundaries between areas with 
different SWC were better resolved in case of GPR because of the large number of 
GPR measurements obtained with the same measurement effort. Small-scale 
features (<5 m) were not mapped adequately by either GPR or TDR. However, the 
chance of detecting small-scale features in SWC mapping at the field scale is higher 
for GPR, simply because of the higher sampling density. 

' To be published in Journal of Hydrology (accepted) by J.A. Huisman, J.J.J.C. 
Snepvangers, W. Bouten and G.B.M. Heuvelink. Reprinted with permission of © 
Elsevier Science 
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7.1 Introduction 
The spatial variation of surface soil water content (SWC) is an important variable 

at a wide range of scales. At a large or continental scale, SWC variation is important 
for the parameterization of coupled land-atmosphere models and weather forecast 
models. For example, Wood (1997) showed that grid-scale estimates of 
transpiration are sensitive to the presence or absence of subgrid-scale variation in 
SWC. At an intermediate or catchment scale, SWC variation influences the 
partitioning of precipitation into infiltration and runoff and, therefore, exerts a 
strong control on discharge predictions. This was illustrated by Merz and Bardossy 
(1998), Yu (2000) and Western et al. (2001), who showed that there can be 
substantial differences between runoff simulations with and without spatial 
variation (and connectivity) in SWC. At an even smaller scale, SWC variation 
caused by preferential flow can lead to accelerated breakthrough of solutes, such as 
some pesticides and heavy metals, and can, therefore, affect groundwater quality 
(Ritsema and Dekker, 1998). 

Available techniques to assess spatial variation of SWC, hereafter referred to as 
mapping, are either suited to measure small-scale (m2) or large-scale (km2) 
variations. Time Domain Reflectometry (TDR, Topp et al., 1980) and capacitance 
measurements (Paltineanu and Starr, 1997), have a small measurement volume of 
0.01-1 dm . This makes them especially useful to measure small-scale processes up 
to several m2, such as fingered flow (e.g. Nissen et al., 1999) and soil water 
dynamics due to spatial variation in throughfall (Bouten et al., 1992). However, 
SWC mapping at a larger scale (up to several ha) with these techniques requires a 
large number of measurements in order to provide an adequate sampling density. 
This is not easily achieved with these small-scale measurement techniques because 
they are invasive and therefore labor-intensive. 

Remote sensing with either passive microwave radiometry or active radar 
instruments is the only promising technique for mapping SWC of large regions 
(Jackson et al., 1996; Famiglietti et al., 1999). The passive instruments have low 
spatial resolution (large footprint) and can be either airborne with footprints of 
hundreds of meters or satellite-borne with footprints of tens of km. Active radar 
instruments have small footprints ranging from 10 to 100 meters from air or space. 
Most often, the SWC variation within the remote sensing footprint will be large due 
to topography, microclimate, tillage, water uptake by trees and crops 
(e.g. Famiglietti et al., 1999; Mohanty et al., 2000; Hupet and Vanclooster, 2002). 
The presence of non-linear relationships between SWC and hydrological processes 
such as evapotranspiration and infiltration requires knowledge of the spatial 
variation of SWC within the remote sensing footprint to optimally utilize remotely 
sensed data. 
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Currently there is a scale gap between commonly used field (point) 
measurements and large-scale remote sensing measurements. One possibility to 
bridge this gap in order to obtain SWC variation at an intermediate scale is to use 
small-scale measurement techniques within the frameworks of spatial aggregation 
and geostatistics (Heuvelink, 1998; Western and Blöschl, 1999). Another possibility 
is to develop SWC measurement techniques that measure directly at the scale of 
interest. Ground-penetrating radar (GPR) is a promising technique for mapping 
surface SWC at the intermediate (ha) scale. GPR has a measurement volume 
ranging from 0.05 to 20 m3 depending on the antenna frequency and radar 
configuration used to measure SWC (Du and Rummel, 1994; Chanzy et al., 1996; 
van Overmeeren et al., 1997; Weiler et al., 1998). In this chapter, 225 MHz 
antennas with a fixed antenna separation of 1.54 m were used to determine the 
ground wave velocity. The ground wave is a direct wave traveling from source to 
receiving antenna through the topsoil and the velocity of this wave is related to the 
SWC of the upper centimeters of the soil (Du and Rummel, 1994; Sperl, 1999 and 
chapter 5). The measurement volume for this type of GPR measurement is 0.05 to 
0.07 m3. 

The aim of this chapter is twofold. First, the potential of GPR to map SWC of 
an area of 3600 m2 is evaluated. This relatively small field size was chosen to allow a 
practical comparison of GPR and TDR measurements. Second, the types of spatial 
SWC structures that can be measured by GPR and TDR are compared. This is 
relevant since GPR and TDR have different measurement volumes and could, 
therefore, measure different types of spatial SWC structures. We did an irrigation 
experiment in which various spatial structures were created by using sprinklers of 
different size and sprinkling intensity. Before and after irrigation, 12 GPR transects 
of 60 meter consisting of 121 measurements each and 216 TDR measurements 
were collected. This sampling density represents an equal measurement effort for 
GPR and TDR. Interpolated maps of SWC were calculated by kriging and 
compared to evaluate the usefulness of GPR for mapping SWC and to see whether 
different types of spatial SWC structures created by irrigation could be measured by 
GPR and TDR. 

7.2 Theory of Ground-Penetrating Radar (GPR) 
The GPR technique is similar in principle to reflection seismics and sonar 

techniques. The radar produces a high-frequency electromagnetic wave 
(10-1000 MHz), which is transmitted into the soil by a source antenna placed on 
the earth surface. The propagation velocity of the radar waves in the soil mainly 
depends on the soil dielectric permittivity, which in turn is strongly related to SWC 
(Topp et al., 1980). Any subsurface contrast in dielectric properties will reflect part 
of the wave energy back to the surface. The reflected wave is detected by the 
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Air Wave 

Figure 7.1 (after Sperl, 1999). Propagation paths of electromagnetic waves in a soil with 
two layers of contrasting dielectric permittivity (£/ and £2). 

receiving antenna as a function of time (Davis and Annan, 1989). Figure 7.1 shows 
possible propagation paths of the radar waves in a two-layer soil. The propagation 
velocity of these waves can be used to estimate the permittivity of the topsoil, 8, 
(and therewith SWC). For example, van Overmeeren et al. (1997) and Weiier et al. 
(1998) used the velocity of waves reflected from a soil horizon (interface £, to e2 in 
figure 7.1) to determine SWC. Unfortunately, the velocity of reflected waves cannot 
be determined from a single offset radar measurement without knowledge of the 
depth to the reflecting soil horizon, which can only be determined by intensive 
drilling in most cases. Du and Rummel (1994) suggested that the ground wave is 
the most promising wave for SWC mapping if there is no well-defined reflection 
from a soil horizon. The ground wave is the wave traveling directly from source to 
receiving antenna through the top of the soil and therefore it is the only wave of 
which the propagation distance can be known a priori (also see Du, 1996 and 
Sperl, 1999). The theory of the ground wave is not completely understood but 
approximate solutions of electrical field distributions around a source antenna (a 
Horizontal Electrical Dipole) placed at the soil surface do indicate that the ground 
wave decays faster (l/r2) with increasing propagation distance r than a reflected 
wave which decays as 1/r (see Annan, 1973; Brekhovskikh, 1960; van der Kruk, 
2001). This inverse square decay and the influence of soil electrical conductivity 
limit the range of antenna separations at which the ground wave can be observed to 
about 5 m in sandy soils and to 1 meter or less in heavily textured soils for 225 
MHz antennas. 

The ground wave can be identified in a Wide Angle Reflection and Refraction 
(WARR) measurement (left part of figure 7.2). WARR acquisition consists of 
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Receiver Position [m] 

Figure 7.2. Schematic WARR-measurement (left side) and a STA transect (right side) 
measured over a change in permittivity positioned at 4 m (relative permittivity of 10 at left 
side and 15 on right side). VWARR indicates the tangent line used to calculate the ground 
wave velocity from WARR measurements. The time picks tew and tAW are the arrival time 
of the ground and air wave, respectively. 

increasing the distance between the antennas stepwise while one antenna remains at 
a fixed position. The direct path of the ground wave between source and receiver 
through the top of the soil results in a linear relationship between arrival time and 
antenna separation. This allows identification of the ground wave and easy 
determination of the ground wave velocity (and dielectric permittivity) by a tangent 
line analysis as indicated in figure 7.2 with VWARR. However, the acquisition time of 
a WARR measurement is long and the required changes in antenna separation 
make this procedure impractical for SWC mapping. 

The ground wave velocity can also be determined from a single radar 
measurement with a known antenna separation (Single Trace Analysis; STA) if the 
ground wave has been identified in a WARR measurement. In this case, it is 
possible to place the antennas on sleds, thus providing the mobility to quickly map 
large areas. The right part of figure 7.2, marked with STA, shows a schematic GPR 
transect obtained by moving the sender and receiver over an abrupt change in 
relative permittivity from 10 to 15 at 4 m with a fixed antenna separation of 2.5 m. 
In case of the STA, the ground wave velocity cannot be obtained from the change 
in arrival time with increasing antenna separation as with the WARR measurement. 
Therefore, the ground wave velocity, v [ms1], and the STA refractive index 
("STA H» square root of permittivity s) are calculated from a single trace at a known 
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antenna separation x [m] with 

nSTA=cv =c — = [7.1] 
VvGif' 'AIV) + C XJ X 

where c is the electromagnetic wave velocity in air (3 x 108 ms'1) and tGW [s] and 
tAW [s] are the arrival times of the ground wave and the air wave. Time picks 
indicating the arrival time of the air wave and the ground wave are marked with 
stars in figure 7.2 for one trace. The arrival time of the ground wave starts 
increasing at 4 m because the receiver has passed the abrupt change in soil 
permittivity. The ground wave arrival time keeps increasing until the sender has 
passed the abrupt change in soil permittivity, i.e. a receiver position of 6.5 m. 
Clearly, abrupt boundaries are smoothed by GPR due to the averaging along the 
propagation path between source and receiving antenna. 

The measurement volume of SWC measurements with the ground wave is 
determined by the antenna separation, the width of the antenna and the influence 
depth of the ground wave. Unfortunately, the depth of influence of the ground 
wave is not well defined. Du (1996) suggested that the influence depth is 
approximately half of the wavelength (k-c/ (fe)'/r), which would, for example, mean 
that the depth of influence varied from 0.50 m (s=4.0) to 0.22 m (8=20.0) for the 
225 MHz antennas. Sperl (1999) reported that the depth of influence was indeed a 
function of wavelength, but from a modeling exercise he concluded that the 
influence depth is «0.145X7', which would suggest that the influence depth ranges 
from 0.15 m (8=4.0) to 0.10 m (8=20.0) for the 225 MHz antennas. The results of 
Sperl (1999) do not contradict the results presented in chapter 5, where it was 
concluded that SWC measurements made with the ground wave of GPR are similar 
to SWC measurements with 0.10 m long TDR probes for both the 225 MHz and 
450 MHz antennas. 

7.3. Materials and Methods 
7.3.11rrigation experiment 

A heterogeneous SWC pattern was created by irrigation with four types of 
sprinklers differing in radius and sprinkling intensity. The idea behind the design of 
the irrigation experiment was to introduce different types of spatial structures to 
find out what type of patterns can be measured by GPR and TDR. The 
measurement site was 60x60 m and located within a pasture in Molenschot, the 
Netherlands (51°35' N and 4°52' E). The soil was classified as a Plaggept according 
to the Soil Taxonomy by the USDA (1975). The textural class of the topsoil was 
sandy loam as determined by grain-size analysis of 25 samples (average weight 
percentage of dry mineral matter was 67% sand, 30% silt and 3 % clay). Beneath the 
sandy loam there was a less permeable clay layer at 0.9 to 1.0 m depth, which 
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Figure 7.3. Schematic representation of the different types of SWC structures created by 
irrigation with four different kind of sprinklers (marked A to D). 

Table 7.1. Description of four types of sprinklers used in the irrigation experiment. 
Radius and amount of water for each type of sprinkler was determined with M cups. 

Sprinkler 

A 
B 
C 
D 

Number 

2 
19 
30 
1 

Time 

M 
4 

1.75 
1.75 
1.75 

Area 
[m2] 

1240 
450 
114 
75 

Amount 
[mm] 

14 
20 
50 
17 

M 

H 
35 
24 
18 
18 

periodically caused water stagnation as evidenced by gley motdes within the loamy 
sand from 0.75 to 0.90 m. Ditches bound the field on the north and east side. 

The location of the sprinklers is shown schematically in figure 7.3. Details of the 
four types of sprinklers (A-D) are given in table 7.1. Two large impact sprinklers 
(type A) with a prescribed radius of 10-15 m located at (17.5,42.5) and (35,25) 
created two large areas with increased SWC. A straight line of 31 micro-sprinklers 
(type C) with a prescribed radius of ~2 m running from (20,50) to (50,50) and a 
zigzag sprinkler line of 19 micro-sprinklers (type B) with a prescribed radius of 
~ 3.5 m created two narrow zones of high SWC. Finally, a lawn oscillator sprinkler 
located at (40,55) introduced a small square area of higher SWC. The radius of each 
type of sprinkler as a function of direction was determined with collecting cups 
with an average diameter of 0.099 m. This information was then used to generate a 
map indicating the area that was irrigated by the sprinklers, which was very similar 
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Figure 7.4. Equipment used to measure GPR transects. A) source antenna, B) receiving 
antenna, C) odometer used to trigger radar equipment every 0.5 m and D) rigid poles to 
ensure a fixed antenna separation of 1.54 m. 

to figure 7.3. The irrigation experiment was done on 17 August 2000. The irrigation 
started at 6:00 AM and lasted to 7:30 AM for the high intensity sprinklers (types 
B, C and D) and to 10:00 AM for the type A sprinklers. During irrigation, a 
meteorological station located at 2 m height in the SW corner of the field recorded 
that the average wind direction was SW, the average wind speed was 2.2 ms" and 
the average temperature was 17°C. In total, 33 m3 of water was applied. GPR and 
T D R measurements were carried out before irrigation (16 August, 12:30 PM) and 
after irrigation (17 August, 11:45 AM). Between both measurement rounds, it 
rained another 2 mm overnight. 

7.3.2 Ground-Penetrating Radar (GPR) 
We used a pulseEKKO™ 1000 GPR system with a 200 V transmitter (Sensors 

and Software, Mississauga, ON, Canada) and broadband antennas with a center 
frequency of 225 MHz (in air) and a frequency bandwidth of 225 MHz (Davis and 
Annan, 1989). The radar data were collected with the acquisition software supplied 
by the manufacturer. We measured 12 transects of 60 meter (see figure 7.3) with a 
time window of 60 ns, a sampling rate of 60 ps and 16 stacks per trace. The 
transect measurements were made by placing the antennas on sleds with an antenna 
separation of 1.54 m, which means that the measurement volume of the GPR 
measurement was 0.05-0.07 m3, depending on the water content of the soil. 
The radar was triggered each 0.5 m with an odometer (see figure 7.4), which 
resulted in 121 measurements per transect. The southernmost transect was only 
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45 m due to the presence of the meteorological station in the SW corner of the 
field. Therefore, the number of GPR measurements was 1422. The two sleds were 
connected by rigid poles and the antennas were strapped to the sleds to ensure a 
fixed antenna separation of 1.54 m. No metallic components were used in the 
construction of the sleds in order to minimize electromagnetic interference of the 
radar by the sleds. The sleds and radar equipment were pulled with a three-wheeled 
electric scooter at a speed of approximately 0.7 km/h. Each GPR transect was 
acquired and processed separately. REFLEX (Sandmeier Scientific Software, 
Karlsruhe, Germany) was used for standard GPR data processing, including a 
'dewow'-filter to remove low-frequency induction effects of the radar equipment 
and a down-trace averaging filter to remove noise. The GPR refractive index, nSTA 

was determined with equation 7.1. The arrival times of the air and ground wave 
were obtained by semi-automated time picking in REFLEX. In case of the air 
wave, the average arrival time per transect was used. This was necessary because 
the air wave was disturbed and therefore not equally recognizable in each trace due 
to 1) equipment present in the vicinity of the antennas and 2) the reduced and 
variable contact (coupling) between antennas and soil when the antennas are placed 
on sleds and pulled. The acquisition time of the GPR measurements was 
approximately 75 minutes and the processing time was 45 minutes. 

7.3.3 Time Domain Rtflectometry (TDK) 
We collected 156 TDR measurements on a 5x5 m grid and 60 nested TDR 

measurements to estimate short distance variation. This makes a total of 216 TDR 
measurements marked with diamonds in figure 7.3. The position of each sampling 
location was determined with a theodolite. A Tektronix 1502 cable tester 
(Beaverton, Oregon, USA) was used with a 0.10 m long three-wire probe described 
by Heimovaara (1993). All TDR measurements were carried out manually by 
vertically inserting the TDR probe in the topsoil. The measurement volume of 
TDR depends on the type of probe, and is mainly determined by the length, 
number, thickness and separation of the wires. In case of our 0.10 m long three-
wire probes, the measurement volume is approximately equal to 3xl0"5 m3 (Ferré 
et al., 1998). The TDR refractive index of the soil was calculated according to 

cAt 
n™=^ [7-2] 

where Ats [s] is the travel time of the electromagnetic signal in the soil obtained 
with the travel time analysis presented in Heimovaara and Bouten (1990). The 
acquisition time for the TDR measurements was approximately 90 minutes and the 
travel time analysis took 15 minutes. 
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7.3.4 SWC calibration 
A site-specific calibration equation between refractive index and SWC was 

determined with the method proposed by Herkelrath et al. (1991). We used 14 soil 
samples taken from the topsoil in 0.1O m high and 0.05 m diameter stainless steel 
rings. After wetting the samples, the refractive index («J as a function of SWC was 
determined by drying the samples on a balance, while simultaneously performing 
T D R measurements with 0.10 m sensors. This procedure resulted in the following 
calibration equation 

SWC = 0.1116«0 -0.1543 (R2=0.9865) [7.3] 

which is based on 192 TDR measurements from 14 samples in the water content 
range of 0.1 to 0.4 m3m"3. In chapter 5, it was shown that there was little difference 
between the calibration equation predicting SWC from nSTA or nw-ARR and the one 
predicting SWC from nTDR. Therefore, equation 7.3 was used to convert GPR and 
T D R measurement to SWC. 

7.3.5 Comparison of GPR and TDR 
GPR and TDR measurements were compared in two ways. First, the spatial 

SWC variation measured with GPR and TDR was compared with an 
approximation of the spatial variation of the irrigation pattern. Second, interpolated 
maps of SWC based on GPR and TDR measurements were compared to see which 
kinds of spatial structures in SWC were measured by GPR and TDR. 

The semivariance between measurements at locations x and x+h is defined as 

y(h) = ^E[{z(x)-z(x + h)}2] [7.4] 

where E signifies expectation and h is the distance separating x and x+h. The 
function relating semivariance to h, is the variogram. Spatial correlation manifests 
itself in the variogram by a monotonie increase from the origin with increasing h. 
The variogram as expressed in equation 7.4 must be estimated from the data and 
this is done by fitting a variogram model to the experimental variogram, which is 
computed from the data according to 

f (A) = ̂ — V [z{x,) - z(x, + h)f [7-5] 

where N(h) is the number of pairs of observations separated by a distance h and 
stfxj denotes an observation at location xt (see Goovaerts, 1997 or Webster and 
Oliver, 2001). Different types of variogram models can be fitted to the 
experimental variogram. In this chapter, the spherical model is used 
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y(fc) = 0 

y(h) = c0+c 

y(h) = c0+c 

"Mf 
for b=0 

for 0<h<a. 

for h>z 

[7.6] 

The nugget variance cQ [m3m"3]2 represents small-scale variation and measurement 
error. The range a [m] describes the correlation length. In the spherical model, the 
semivariance between two measurements becomes constant at distances larger than 
the range, where the sill variance c0+c [m3m3]2 is reached. 

The parameters of the spherical model, except for the TDR nugget variance, 
were fitted by a least-squares procedure, after detrending the data with a second-
order polynomial trend plane in the x-y coordinates. In order to not disturb the 
comparison between GPR and TDR, the GPR and the TDR measurements were 
detrended with the same trend plane calculated from the GPR measurements. The 
TDR nugget variance was determined by taking extra TDR measurements within 
1 m distance and estimating the nugget of the "small-scale" variogram calculated 
from these extra TDR measurements. 

The comparison between GPR and TDR variograms is more meaningful after 
compensation for the difference in measurement volume (i.e. the 'support' in 
geostatistical terms). This can be done by regularization of the point variable ^fjl), in 
our case the TDR measurements, over the volume w, in our case the GPR support 

zw(x) = -jz(y)dy [7.7] 
W w 

The mean value t(Jx) is said to be the regularization of the point variable vfy) over 
the volume w. The problem now is to derive the regularized variogram 

yw(h) = ̂ E[{zw(x)-zw(x + h)}2] [7.8] 

from the point variogram y(b). This was done numerically according to the 
procedures described in Journel and Huijbregts (1978, pp. 77-94). 

To compare SWC variograms for GPR and TDR with the variogram of the 
irrigation pattern, the reconstructed irrigation map was used to calculate indicator 
variograms. We assigned 1's to irrigated areas and 0's to non-irrigated areas and 
used equation 7.4 and 7.5 to calculate variograms. These indicator variograms are a 
first approximation of the SWC pattern created by irrigation because the large 
amount of irrigation resulted in saturated SWCs (1 's) where irrigation was applied 
and drier conditions where no irrigation was applied (0's). A second-order 
polynomial trend plane in the x-y coordinates was subtracted to obtain stationary 
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Figure 7.5. Experimental indicator variograms of the heterogeneous irrigation 
distribution. 

variograms, which implies that the resulting variograms are not indicator 
variograms in the true sense. 

GPR and TDR were also compared in terms of interpolated maps of SWC 
before and after irrigation. Interpolations were made on a l x l m grid with 
universal kriging, which allows the inclusion of trends in the interpolation. To 
compensate for the difference in support between GPR and TDR, block kriging 
was used for the TDR measurements. In block kriging, a block support iv, the GPR 
support, is used to estimate the mean SWC for blocks. The variogram modeling 
and the interpolation were done with GST AT (Pebesma and Wesseling, 1998). 

7.4 Results and Discussion 
7.4.1 Spatial Structure of Irrigation Distribution 

Figure 7.5 shows the experimental indicator variogram calculated for the entire 
reconstructed irrigation map and the experimental variograms obtained when only 
the sampling locations of GPR and TDR are used instead of the entire map. Table 
7.2 presents the variogram parameters fitted to these experimental variograms. 
These indicator variograms of irrigation distribution have no one-to-one 
relationship with SWC as the observed spatial redistribution of water by ponding 
during irrigation reduced the significance of the irrigation pattern. Nevertheless, the 
indicator variograms and the variogram model parameters in table 7.2 show that: 
1) the larger number of GPR sampling locations results in a smoother experimental 
variogram, 2) GPR and TDR variograms compare well, which means that the 
anisotropic sampling design of GPR did not distort the experimental variogram as 
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Table 7.2. Mean, variance, variogram parameters (range a, nugget co and sill co+c) and 
number of measurements (A/) for sou water content (m3m-3) and indicator maps of 
irrigation. Note that only range (in italics) of these variograms can be compared. 

Irrigation (all) 
Irrigation (TDK) 
Irrigation (GPR) 

TDR (before) 
TDR (after) 
GPR (before) 
GPR (after) 

Mean 
[m3rn3] 

0.446 
0.485 
0.513 

0.245 
0.284 
0.246 
0.273 

Var. 
[m ' rn f 

0.2472 
0.2509 
0.2500 

0.0017 
0.0024 
0.0007 
0.0010 

a 
[m] 

12.8 
13.8 
10.4 

4.4 
9.7 
8.8 
11.7 

k 
[ m W f 

0 
0 
0 

0.0003 
0.0003 

0 
0 

c0+c 
[m'rnf 

0.1535 
0.1430 
0.1377 

0.0012 
0.0017 
0.0004 
0.0006 

N 

[-] 
4096 
216 
1416 

213 
215 
1383 
1416 

would have been the case for an anisotropic irrigation distribution and 3) the range 
in SWC after irrigation is 10 to 15 m. 

7.4.2 Spatial Variation in Soil Water Content 
Figure 7.6 presents the variograms of SWC measured with GPR and TDR 

before and after irrigation. The modeled variogram parameters are given in 
table 7.2 along with the mean and total variance. The larger support of the GPR 
measurements has resulted in a lower variation in observed SWC, as can be seen 
from the comparison of the total variance and the sill variance. Some of the extra 
TDR variation is present in the nugget variance, which constitutes 24% of the sill 
variance before irrigation and 18% of the sill variance after irrigation. This nugget 
variance is caused by TDR measurement error and small-scale variation of SWC 
due to faunal activity, compaction by tractors etc. Interestingly, the nugget variance 
of the GPR measurements was near zero, which indicates that 1) most small-scale 
variation present in the TDR measurements is averaged out by the larger GPR 
measurement volume and 2) measurement error in GPR refractive index is low. 
Some caution is appropriate here because GPR semivariance estimates <5 m are 
measurements from the same transect (figure 7.3). This could lead to serially 
correlated measurement errors and apparendy low nugget variances because 
transects are measured and processed sequentially. However, the semivariance 
estimates >5 m seem to align nicely with the estimates <5 m, which suggests that 
serially correlated measurement errors are of minor importance. In future research 
the sampling scheme of GPR should include crossing transects to study the 
importance of correlated measurement errors on the short-range structure of the 
GPR variogram. 
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Figure 7.6. SWC variograms measured with GPR (solid line in a and c) and TDR (dashed 
line in b and d) before and after irrigation. Dashed lines in a and c are the regularized 
TDR (block) variograms obtained after regularization of TDR variograms. Dotted lines 
are the inversely regularized TDR (point) variograms (b and d) obtained by computing the 
TDR variogram corresponding to GPR variogram after regularization. The quality of the 
fit is indicated by the dotted lines in a and c. 

Table 7.2 and figure 7.6 show that the range of the SWC variograms increased 
from 4.4 to 9.7 m for TDR and from 8.8 to 11.7 m for GPR due to irrigation. This 
increase is caused by the large-scale structures in SWC created by irrigation (type A 
sprinklers). The range of the irrigation pattern was estimated as 10~T5 meters, 
which is closer to the range found for GPR than for TDR. However, the 
uncertainty in the TDR variogram range is high due to noisy experimental TDR 
variogram and, therefore, the underestimation of the range by TDR is not 
necessarily significant. The GPR experimental variogram is much smoother and is 
based on more measurements and, therefore, the GPR model parameters are 
expected to be more reliable. This illustrates the key advantage of GPR over TDR. 
The non-invasive character of GPR allows the acquisition of a large number of 
measurements with a high sampling density, whereas the sampling density of TDR 
is limited by the need to install TDR sensors at each measurement locations. 
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Figure 7.6 also shows the regularized TDR variograms (block support, dashed 
lines in 7.6a and 7.6c) obtained from the TDR variograms (point support, dashed 
lines in figure 7.6b and 7.6d). It can be seen that regularization basically shifts the 
TDR variogram down by removing the nugget variance, which could be expected 
because the GPR measurement volume is several times smaller than the TDR 
variogram range. Ideally, the regularized TDR variogram should be identical to the 
GPR variogram because regularization compensates for the difference in support 
between the two methods. Clearly, this is not the case here. GPR measures less 
variation than expected from the regularized TDR variogram. To further study this 
discrepancy, we computed the TDR (point) variograms that result in the GPR 
variograms after regularization, hereafter referred to as the 'inversely regularized 
TDR variograms'. The dotted lines in figure 7.6b and 7.6d show the inversely 
regularized TDR variograms and the dotted lines in figures 7.6a and 7.6c illustrate 
the high quality of the fit. Similar to the regularization, the inverse regularization 
mainly shifts the GPR variogram up to the level of the TDR variogram. The 
purpose of this inverse regularization is to illustrate the sensitivity of the regularized 
TDR variogram to the choice of TDR nugget variance and range. The TDR-nugget 
variance was fixed to the independently determined value of 0.0003 (m3m~3)2, which 
is a slightly low value according to the fit in figure 7.6d, and, therefore, the 
discrepancy between the regularized and GPR variograms is especially large in 
figure 7.6c. A higher fitted nugget variance would have resulted in a smaller 
difference in figures 7.6a and 7.6c. However, the TDR nugget variance suggested 
by the inverse regularization seems too high. Therefore, it must be concluded that 
the difference in support between GPR and TDR cannot consistendy be 
compensated with regularization, although the large differences in figure 7.6a and 
7.6c are partly a reflection of the sensitivity of the regularization to the choice of 
the TDR nugget variance, which is an uncertain variogram model parameter. 

A possible explanation for the failure of regularization is the depth of influence 
of the ground wave measurement, which theoretically decreases with increasing soil 
water content. In chapter 5, no systematic difference between GPR measurements 
based on the ground wave and TDR measurements with a 0.10 m long probe were 
found. However, those results were based on SWC measurements for different soil 
types, presumably with relatively homogeneous SWC profiles with depth, and did 
not include a comparison with TDR probes with different lengths. For the soil in 
this chapter, there might have been a systematic difference between GPR and 
TDR. 

7.4.3 Soil Water Content Mapping 
Figure 7.7 shows interpolated maps of SWC obtained from GPR and TDR 

measurements before irrigation. In general, both maps show similar results. 
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GPR TDR 

Figure 7.7. Interpolated maps of initial soil water content (m3rrr3) before irrigation, 
measured with GPR and TDR. Semivariograms used for interpolation with universal 
(block) kriging are presented in table 7.2 and figure 7.6. 

Table 7.3. Comparison of interpolated maps of soil water content [m3m3] before and 
after irrigation. SD is standard deviation and RMSD is the root mean square difference 
between GPR and TDR. 

GPR 
Mean 

TDR 
Mean Mean 

GPR - TDR 
SD RMSD 

Before 
After 
Increase 

0.247 
0.270 
0.023 

0.245 
0.283 
0.038 

0.002 
-0.013 
-0.015 

0.018 
0.022 
0.023 

0.018 
0.026 
0.027 

GPR 
0.0005 

0.0OO4 
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0.00O2 

-0.0001 
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Figure 7.8. Maps of kriging variance (m3rrr3)2 corresponding to the interpolated maps of 
figure 7.7. 
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Figure 7.9. Maps of increase in soil water content (m3rrr3) due to irrigation. Maps were 
obtained by subtracting interpolated maps of soil water content before and after 
irrigation. 

For example, they both indicate that the initial SWC is rather high and that the 
wettest areas are in the SE part of the field. The mean difference between the maps 
of initial SWC is only 0.002 m3m~3 and the root mean square difference between the 
maps is 0.018 m3m"3 (see table 7.3 for more statistics). Figure 7.7 also illustrates the 
influence of the sampling design and measurement support on the kriging 
predictions. Despite the use of block kriging, the interpolated map of TDR has a 
spotted appearance caused by the combined influence of the sample spacing and 
the short range for TDR. Figure 7.8 shows the kriging variance corresponding to 
the interpolated maps of GPR and TDR shown in figure 7.7. Obviously, there is a 
strong dependence of the kriging variance on the sampling design (bands for GPR 
and dots for TDR). The root mean square kriging error was 0.011 m3m"3 for GPR 
and 0.025 m3m"3 for TDR. This difference in kriging variance is closely related to 
the discrepancy between the regularized TDR variogram and the GPR variogram 
discussed in the previous section. 

Figure 7.9 shows the increase in SWC due to irrigation as measured with GPR 
and TDR. These maps were obtained by subtracting interpolated maps of SWC 
measurements obtained after and before irrigation. Table 7.3 shows that the mean 
increase is 0.023 m3m"3 for GPR and 0.038 m3rri3 for TDR. This relatively large 
difference in mean increase is caused by the difference in mean SWC after 
irrigation, as the mean initial SWC was similar. This could indicate that strong 
contrasts in SWC profile with depth directly after irrigation have caused a 
systematic difference between GPR and TDR. 

Comparison of figure 7.3 and figure 7.9 shows that the large-scale structures in 
SWC (i.e. the two large sprinklers in the center) are clearly recognizable in case of 
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both GPR and TDR. However, the boundaries between different SWC units are 
better resolved in the GPR map. In case of TDR, the boundary position can be 
determined down to 5 m, whereas GPR can determine the boundary position with 
a higher resolution of 0.5 m in the transect direction. 

Small-scale structures in SWC (elements B, C and D in figure 7.3) are, in general, 
not well resolved by either the GPR or the TDR maps. This is partly due to high 
initial water content and the high sprinkling intensity of the small-scale structures, 
which caused ponding and lateral transport of water. However, close inspection of 
figure 7.9 shows that the increase in water content due to the small sprinkler D 
located at coordinates (40,55) is present in the GPR increase map because a 
measurement transect crosses this sprinkling location. For TDR, the line element 
running from (20,50) to (50,50) shows up in the increase map because the TDR 
grid was located beneath these sprinklers, whereas no GPR transect was located 
close to these sprinklers. These two examples illustrate the importance of the 
sampling strategy in determining whether small features are observed. Obviously, 
the detection of structures smaller than the sampling interval is based on chance. In 
this study, all structures smaller than 5 m are not necessarily resolved by either 
GPR or TDR, although the probability that small structures are detected by GPR is 
higher due to the small sampling interval in the x-direction (0.5 m). 

7.5 Conclusions 
The potential of GPR to map SWC at the field scale (3600 m2) was evaluated 

with an experiment in which a spatial structure in SWC was created by irrigation on 
a sandy loam soil. This small field size allowed a feasible comparison of GPR and 
TDR measurements. The comparison showed that GPR and TDR measured 
similar initial mean SWC. The measured SWC variation was lower for GPR due to 
the larger measurement volume. A comparison of the GPR and TDR variograms 
showed that the larger measurement volume of GPR resulted in a low nugget 
variance indicating that small-scale variation of SWC (<1.5 m) due to faunal 
activity, compaction by tractors etc. often present in TDR measurements is 
averaged out in case of GPR. The large number of easily acquired GPR 
measurements also resulted in reliable experimental variograms and variogram 
model parameters. Generally, it was concluded that GPR is well suited to capture 
the spatial SWC variation as expressed by the variogram. 

To extend the comparison between GPR and TDR variograms, the difference in 
measurement volume was compensated for by regularization. The regularized TDR 
variograms were largely different from the GPR variograms. This was partly 
attributed to the large sensitivity of the regularization to the choice of the TDR 
nugget variance, which is an uncertain model parameter due to relatively small 
number of TDR measurements at short separations. A further possible explanation 
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for systematic differences between GPR and TDR is the unknown depth of 
influence of the ground wave measurement, which is an important GPR topic that 
needs to be resolved in future research. 

GPR and TDR were also compared in terms of the kind of spatial structures that 
can be captured by each method. The comparison showed that GPR is better 
suited than TDR for mapping large-scale features in SWC. Especially the 
boundaries between areas with different SWC were better reproduced by GPR, 
among others because of the large number of measurements that can be acquired 
with GPR. Small-scale features were not mapped adequately by either GPR or 
TDR. However, the chance of detecting small features in SWC mapping at the field 
scale is higher for GPR, simply because of the higher sampling density. This is, of 
course, only true when the small-scale features are not distinctly smaller than the 
measurement volume of GPR. 

In this particular study, the measurement effort was approximately equal for 
GPR and TDR because a small field of 60x60 m was used. Generally, the 
acquisition time of GPR is determined by the speed of acquisition, which is limited 
by the ratio of the sampling interval (in meters) and the trace acquisition time 
determined by sampling rate and the number of stacks per trace. There is a trade
off between acquisition time on the one side and data-quality and number of 
measurements on the other side. In case of our 60x60 m field size, high-quality 
data were acquired with a high sampling density and this resulted in a low 
acquisition speed. However, in case of larger field sizes (see for example Mohanty 
et al., 2000) high quality measurements can be acquired at much higher speed 
(up to 3-5 km/h) because the required sampling density is often lower. Therefore, 
the ratio between the number of GPR and TDR measurements that can be 
acquired within the same time span increases dramatically in favour of GPR for 
larger fields. Thus, GPR is a much more attractive method for assessing the spatial 
variation of SWC of large fields or even catchments. 
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8 

Monitoring Temporal Development of Spatial Soil 
Water Content Variation: Comparison of Ground-
Penetrating Radar and Time Domain Reflectometry* 

Abstract 
We compare the capability of ground-penetrating radar (GPR) and rime domain 
reflectometry (TDR) to assess the temporal development of spatial variation of 
surface soil water content (SWC). In case of GPR, we measured surface SWC with 
the ground wave, which is a direct wave between sender and receiver through the 
upper centimeters of the soil. Spatial SWC variation was measured on 18 days with 
GPR and TDR in a 30-day monitoring period. To ensure large fluctuations in the 
spatial SWC variation, we created a heterogeneous pattern of SWC by irrigation on 
two days. The temporal development of the spatial variation was studied by means 
of the variogram and interpolated SWC maps. To compare GPR and TDR 
variograms, we estimated confidence intervals of the experimental variograms and 
the variogram model parameters with a jackknife approach and a first-order 
approximation of model parameter uncertainty. The results showed that the 
uncertainty in the GPR experimental variogram was much lower than the 
uncertainty in the TDR experimental variogram due to the larger number of GPR 
measurements. Consequently, the uncertainty in the variogram model parameters 
was also much lower for GPR, which meant that the temporal development of the 
fitted GPR variogram model parameters was easier to interpret. Furthermore, the 
larger GPR measurement volume resulted in a low spatial nugget variance because 
short distance variation was averaged. This meant that GPR accurately measured 
spatial correlation lengths, even in case of low SWC variation. Interpolated maps 
showing the increase of SWC due to irrigation and the subsequent gradual drying of 
the soil were more accurate and reproducible for GPR. It was concluded that the 
non-invasive GPR measurements provide the means to accurately and consistently 
monitor the development of spatial SWC variation in time. 

* Submitted to Water Resources Research by J.A. Huisman, J.J.J.C. Snepvangers, W. 
Bouten and G.B.M. Heuvelink. 
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8.1 Introduction 
Surface soil water content (SWC) is highly variable in both space and time. 

Variability of SWC results from many processes acting over a range of temporal 
and spatial scales. Processes determining spatial SWC variability include spatial 
heterogeneity of soil properties over scales from centimeters (Ritsema, 1999) to 
kilometers (Jackson and Le Vine, 1996), lateral water redistribution over scales of 
centimeters to tens or hundreds of meters under the influence of topography 
(Western et al., 1998) and water redistribution by vegetation (Bouten et al., 1992; 
Hupet and Vanclooster, 2002). Temporal variability of SWC is often climatically 
determined, i.e. the evaporation excess in the course of a year is a strong influence 
on the seasonal change of SWC (Grayson et al., 1997). Furthermore, strong 
interactions between spatial and temporal variability have been reported. For 
example, Grayson et al. (1997) reported two preferred states of spatial SWC 
patterns in a catchment situated in a temperate region of Australia. The wet state 
was dominated by lateral water movement leading to a strong spatial organization 
of SWC along the drainage lines. The dry state was dominated by vertical fluxes 
with only soil properties influencing the spatial pattern. Consequently, the spatial 
organization was much less pronounced in the dry state. 

Measurements of the space-time variation of surface SWC status over a range of 
scales (plots to continents) are desirable in many research fields. For example, 
a correct description of the evolution of antecedent SWC patterns can improve 
simulations in event-based hydrological modeling (Merz and Plate, 1997). Similarly, 
knowledge of space-time SWC patterns is of key importance in solute transport 
modeling because of the strong influence of SWC on soil water fluxes (Ritsema and 
Dekker, 1998). Furthermore, the space-time variation of surface SWC can be used 
to extract information about physical properties and processes within the entire 
vadose zone (e.g. Ahuja et al., 1993; Hoeben and Troch, 2000). 

Currendy, the only measurement technique that can potentially measure space-
time variability of large regions with adequate spatial and temporal sampling density 
is remote sensing from either active or passive airborne platforms (Jackson 
et al., 1996; Famiglietti et al , 1999). However, to optimally use the large-scale 
remote sensing measurements the transfer function between the measured 
response and SWC needs to be known and understood. Accurate assessments of 
the spatial and temporal variability of SWC within the radar footprint with typical 
pixel sizes in the range of hundreds of meters contribute to this understanding. 

Unfortunately, studies on temporal and especially spatial variation of SWC at the 
scale of hundreds of meters (hereafter referred to as field scale) show a wide variety 
of results (see the reviews in Western et al. (1998) and Famiglietti et al. (1999)). 
Especially the accurate determination of field scale spatial correlation has proven to 
be difficult. Western et al. (1998) gave three possible reasons for the large 
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differences in reported correlation lengths: 1) sampling density lower than 
correlation length, 2) too few measurements for a reliable estimate of correlation 
length and 3) measurement error larger than SWC variation. These are typical 
problems of invasive and, therefore, labor-intensive SWC measurement techniques 
with a small measurement volume, such as gravimetric sampling, capacitance 
measurements and Time Domain Reflectometry (TDR). In this chapter, we test 
ground-penetrating radar (GPR) for measuring the temporal development of spatial 
variation of SWC because potentially it does not suffer from any of the above-
mentioned sources of errors. GPR is a non-invasive measurement technique that 
allows the acquisition of a large number of closely spaced measurements in a short 
time. In an equal time span, GPR can acquire 5-10 times more measurements than 
TDR. Furthermore, GPR has a larger measurement volume, which could be 
beneficial for accurately measuring spatial SWC variation due to the averaging of 
small-scale variability. 

The GPR technique is similar in principle to reflection seismics and sonar 
techniques. The radar produces high-frequency electromagnetic waves (MHz 
range), which are transmitted into the soil by a source antenna placed on the soil 
surface. The propagation velocity of these radar waves mainly depends on the soil 
permittivity, which is known to be strongly related to SWC (Topp et al., 1980). Any 
subsurface contrast in dielectric properties will reflect part of the wave energy back 
to the surface. The reflected wave energy is then detected by the receiving antenna 
as a function of time (Davis and Annan, 1989). There are several methods to 
measure SWC with GPR (surface reflection (Chanzy et al., 1996); reflection from 
the groundwater table (van Overmeeren et al., 1997); reflection from a soil horizon 
(Weiler et al., 1998)), but here we focus on the velocity of the ground wave, which 
is the wave direcdy traveling from source to receiving antenna through the topsoil 
(Du and Rummel, 1994; Du, 1996). We use this particular wave because it is the 
only wave of which the propagation distance is known a priori (e.g. the antenna 
separation) and therefore it is the only wave where the soil permittivity can be 
calculated from a single GPR measurement without knowledge of the depth of the 
reflecting layer. Furthermore, the ground wave can also be used in the absence of 
a (clearly) reflecting layer. 

The aim of the present study is to compare the capability of GPR and TDR to 
measure the temporal development of spatial SWC variation. Therefore, we 
measured spatial variation of SWC of a 60x60 m grassland with GPR and TDR on 
18 days in a 30-day monitoring period. To ensure large fluctuations in spatial 
variation, we created a heterogeneous pattern of SWC by irrigation on two days. 
The temporal development of spatial variation was studied by means of the 
variogram and interpolated SWC maps. 
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GPR 
O TDR 

Figure 8.1. Measurement locations for manual TDR measurements (diamonds) and GPR 
transects (dashed lines) with a schematic representation of the imposed irrigation with 
four sprinkler types (marked A to D). 

8.2 Materials and Methods 
8.2.1 Moknschot dataset 

We monitored surface SWC of a pasture (60x60 m) located in Molenschot, in 
the south of the Netherlands (51°35'N and 4°52'E) for a period of 30 days. The 
soil was classified as a Plaggept according to the Soil Taxonomy (USDA, 1975). 
The textural class of the topsoil was sandy loam as determined by grain-size 
analysis of 25 samples (66.5% sand, 30.2% silt and 3.3% clay on average). Beneath 
the sandy loam there was a less permeable clay layer at 0.9 to 1.0 m depth, which 
periodically caused water stagnation as evidenced by gley motdes within the sandy 
loam from 0.75 m to 0.90 m. Ditches bound the field on the north and east sides. 

To ensure large fluctuations in spatial SWC variation, we created a 
heterogeneous spatial pattern of SWC by irrigation with four types of sprinklers 
(A to D) with different ranges and intensities. The monitoring period started on 
August 16 (day 229) and ended on September 14, 2000 (day 258). We irrigated 
approximately one third of the field early in the morning on day 230 and day 245 
(5.42 AM and 4.00 AM, respectively). Figure 8.1 shows the schematic irrigation 
pattern for the two irrigation days. Table 8.1 describes the irrigation duration and 
intensity for die four types of sprinklers. On day 230, the high intensity sprinklers 
(B to D) irrigated for 1.5 hours, whereas the low intensity sprinkler type A irrigated 
for 4 hours. On day 245, all sprinkler types irrigated for 4 hours. The area and 
intensity of each sprinkler type was measured by determining the irrigation 
distribution around one sprinkler per sprinkler type with water collecting cups and 
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Table 8.1. Description of four types of sprinklers (A to D) i jsed 
230 and day 245. Area and intensity of each type of sprinkler was 
during the 

Sprinkler 

A 
B 
C 
D 

experiment. 

Number 

2 
19 
30 
1 

Duration 1 

M 
4 

1.75 
1.75 
1.75 

Duration 2 

w 
4 
4 
4 
4 

Area 
[m2] 

1240 
450 
114 
75 

in the irrigations on day 
determined with M cups 

Intensity 
[mm/h] 

3.5 
11.3 
28.3 
9.7 

M 

H 
35 
24 
18 
18 

assuming that all sprinklers of one type had the same irrigation characteristics. At 
some locations, the amount of irrigation was larger than the infiltration capacity, 
which resulted in ponding and subsequent overland flow (mainly close to sprinkler 
types C and D). The average irrigation on the site was 9.2 mm on day 230 and 
14.6 mm on day 245. 

In the 30-day monitoring period we measured 18 SWC maps with GPR and 
TDR. The minimum time interval between measurements was 4 hours and the 
maximum time interval was 4 days. A meteorological station at 2 m height located 
in the SW corner of the site provided climatic variables, i.e. precipitation, air 
temperature, relative humidity, wind velocity and net-radiation. Figure 8.2a shows 
the course of the daily precipitation during the experiment. It can be seen that the 
two irrigation days (marked with arrows) were closely followed by large 
precipitation events. 

8.2.2 SWC measurements 
We used a pulseEKKO™ 1000 GPR system with a 200 V transmitter (Sensors 

and Software, Mississauga, ON, Canada) and broadband antennas with a center 
frequency of 450 MHz (in air) and a frequency bandwidth of 450 MHz (Davis and 
Annan, 1989). We measured 12 transects of 60 meter (see figure 8.1) with a time 
window of 60 ns, a sampling rate of 60 ps (1000 sampling points per trace) and 
16 stacks per trace. The transect measurements were made by placing the antennas 
on sleds with an antenna separation of 1.54 m and triggering the radar each 0.5 m 
with an odometer (121 measurements per transect). The southernmost transect was 
only 45 m due to the presence of the meteorological station in the SW corner of 
the field. Therefore, the number of GPR measurements per day was 1422. We used 
REFLEX (Sandmeier Scientific Software, Karlsruhe, Germany) for standard data 
processing, including a 'dewow'-filter to remove low-frequency induction effects of 
the radar equipment and a down-trace averaging filter to remove noise. 
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The GPR refractive index, nCPR, was calculated for each measurement from the 
arrival times of the ground and air wave at the known antenna separation x 
(1.54 m) with 

c\tcw — t AW)+ x 

VvCTP *Aw)~*~C X 

where c is the electromagnetic wave velocity in air (3 x 108 ms"1), v [ms4] is ground 
wave velocity and tcw [s] and tAW [s] are the arrival times of the ground wave and air 
wave, respectively. The arrival times of the air and ground wave were obtained by 
semi-automated time picking in REFLEX. In case of the air wave, we used the 
average arrival time per transect because the air wave was disturbed and not equally 
recognizable in each measurement due to interference with the sleds (see 
chapter 6). For more information on the use of the ground wave for SWC 
measurements the reader is referred to chapter 5 and 7. 

We collected TDR measurements at 216 locations, 156 locations on a 5x5 m 
grid and 60 nested locations to estimate short distance variation (diamonds in 
figure 8.1). We used a Tektronix 1502 cable tester (Beaverton, Oregon, USA) and a 
single 0.1 m long three-wire probe described by Heimovaara (1993). We used a 
0.1 m probe because measurements with these probes corresponded well with GPR 
measurements based on the ground wave velocity in chapter 5. The TDR refractive 
index of the soil was calculated according to 

cAts 
nTDR = -TT L°-2J 

where Ats [s] is the travel time of the electromagnetic signal in the soil obtained 
with the travel time analysis presented in Heimovaara and Bouten (1990) and L is 
the length of the probe obtained with the calibration procedure described in 
Heimovaara (1993). 

We determined a site-specific calibration between refractive index («J and SWC 
by simultaneous weight and TDR measurements on 14 soil samples taken from the 
topsoil in 0.1 m high and 0.05 m diameter stainless steel rings (Herkelrath 
et al., 1991). We used the model proposed by Herkelrath et al. (1991) because it is 
one of the few models that ensures equal weighing of dry and wet areas in 
heterogeneous samples (Ferré and Huisman, 2002). The calibration equation is 

SWC = 0.Ul6na -0.1543 [8.3] 

with an R2 of 98.7% and a standard error of 0.012 m3m"3. In chapter 5, it was 
shown that there was little difference between GPR and TDR calibration equations 
and, therefore, we used equation 8.3 to convert »GPR and nTDR to SWC. 
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8.2.3 Geostatistical analysis 
The semivariance between measurements at locations x and x+h is defined as 

y(h) = ^E[{Z(x)-Z(x + h)}2] [8.4] 

where E signifies expectation and h is the distance separating x and x+h. The 
function relating semivariance to h, is the variogram. Spatial correlation manifests 
itself in the variogram by a monotonie increase from the origin with increasing b. 
The variogram as expressed in equation 8.4 must be estimated from the data and 
this is done by fitting a variogram model to the experimental variogram computed 
from the data according to 

i(h) = ̂ ^Y}z(x,)-z{xi+h)Y [8.5] 

where N(h) is the number of pairs of observations separated by a distance h and 
%fXj) denotes an observation at location xt. Different types of variogram models can 
be fitted to the experimental variogram. In this chapter, we used the spherical 
model 

y(fc) = 0 for£=0 

y (h) = c0 + c .5^-oi' for 0<h<z [8.6] 

y (h) = c0 +c for h>a 

The nugget variance c0 [(m3m-3)2] represents short distance variation and 
measurement error. The variogram range a [m] describes the correlation length. In 
the spherical model, the semivariance between two measurements becomes 
constant at distances larger than the variogram range, where the sill variance 
c0+c [(m3m3)2] is reached. To ensure that the variograms reached a stable sill 
variance, the Molenschot data required detrending with a second-order polynomial 
trend plane in the x-j coordinates. In order to not disturb the comparison between 
GPR and TDR, we detrended the GPR and the TDR measurements with the same 
trend plane calculated from the GPR measurements. 

Meaningful comparison of different experimental variograms and associated 
variogram model parameters is difficult without knowledge of the magnitude of 
their uncertainty. In this chapter, we use the jackknife method presented by Shafer 
and Varljen (1990) to estimate the confidence limits on the experimental variogram. 
Following Shafer and Varljen (1990), we partition the entire data set of size n into 
g subgroups of size m such that n—gm. Let j(h)all be the experimental variogram 
estimated from the entire data set and let y(hh be the experimental variogram 
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estimated from all the data remaining after removing theyth partition, « - (g-\)m. 
Partition dependent estimates L\y(h)] are then calculated according to 

Jj [r W] = gy {h)all - (g - l)y (A), [8.7] 

The final jackknife estimate J[y(h)] of the experimental variogram is 

The partition jackknife estimates, JJff(bJ[, may be used to construct confidence 
intervals about the jackknife estimate of the experimental variogram. The variance, 
Oj2 (A), of the jackknife estimate is estimated by 

a ] ( A ) = — ! — £ {/, [y (A)] - J[y (A)/ [8.9] 
g ( g - l ) f ^ 

We used ±2 times 07(A) to approximate the 95% confidence interval of the 
experimental variogram. 

In case of TDR we used the classical jackknife where data re-use is maximized 
by requiring that the number of partitions, g, equals the number of data, i.e. g-n and 
m—\. The classical jackknife estimate is then based on sequentially deleting a single 
data point and recomputing the experimental variogram. In case of GPR, the 
classical approach was too computationally intensive because of the size of the data 
set. Therefore, we investigated the stability of 07(A) as a function oïg to determine 
the optimum number of partitions, as was suggested by Shafer and Varljen (1990). 
The objective is to minimize g, thereby maximizing computational efficiency, while 
maintaining a stable estimate of o/b). This approach resulted in_g=20, which meant 
that the GPR jackknife estimate was based on sequentially deleting blocks of 
70 data points and recomputing the experimental variogram. 

The variogram model was fitted to the experimental variogram with a weighted 
least squares (WIS) procedure. WLS takes into account the uncertainty of each 
point in the experimental variogram, in our case approximated by the jackknife 
variance o,2(A). The goal of the WLS procedure is to minimize 

o(6) = (r-r(9))7'z-1(r-r(e)) [8.10] 
where 9 represents the model parameters to be estimated, X" is the inverse of the 
variance-covariance matrix of the experimental variogram, T is the vector of the 
experimental variogram values at lags h and T(9) is a vector with variogram model 
values at these lags. In this study, the diagonal of S was filled with Oj -estimates for 
each lag and the non-diagonal elements were set to zero because the covariances 
between the lags were unknown. The WLS optimization algorithm was based on 
the N elder-Mead simplex direct search method. 
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The uncertainty of the variogram model parameters can be approximated by the 
variance-covariance matrix of the inversion (Tarantola, 1987; Woodbury and 
Sudicky, 1991; Pardo-Iguzquiza and Dowd, 2001a) 

Cm=[sTl-'sY [8.11] 

where S is the KxM Jacobian or sensitivity matrix for which the i/th element is 
[S^=dy(h^)/dBj, K is the number of experimental variogram lags and M is the 
number of variogram model parameters. S is evaluated for the optimized WLS 
estimates of the model parameters. 

There are two drawbacks to the method used here. First, the covariance between 
the lags of the experimental variogram is neglected in the WLS and the 
approximation of Cm. A complete evaluation of E including the lag covariances was 
presented by Pardo-Iguzquiza and Dowd (2001b). Unfortunately, the evaluation is 
computationally exhaustive for GPR because the number of calculations is of the 
order n1. However, a complete evaluation of £ for the TDR data sets, where n is 
much smaller, showed that the model parameter uncertainty was not consistently 
different when covariances were included in equation 8.10. Second, the 
optimization in equation 8.10 is non-linear and, therefore, the posterior error 
distribution is potentially non-Gaussian. The implication is that the variances in Cm 

are hard to interpret in terms of confidence intervals. Possible solutions of this 
problem, such as Markov Chain Monte Carlo methods for parameter uncertainty 
assessment (e.g. Kuczera and Parent, 1998; Vrugt et al. 2002) are beyond the scope 
of the present study. Despite these provisos, we believe that the presented method 
provides a first estimate of uncertainty and is certainly useful in a comparison of 
experimental and modeled variograms, as in this chapter. 

Interpolated SWC maps were obtained by universal kriging on a l x l m grid. We 
used universal kriging because this interpolation scheme allows the inclusion of 
trends. To compensate for the difference in support (measurement volume) 
between GPR and TDR, we used point kriging for the GPR measurements and 
block kriging for the TDR measurements. In block kriging we consider a finite 
(block) support, with the size of the measurement volume of GPR, and estimate 
the mean SWC of these blocks. The interpolations were done with GSTAT 
(Pebesma and Wesseling, 1998). For more information on geostatistical 
interpolation the reader is referred to the textbooks of Goovaerts (1997) and 
Webster and Oliver (2001). 

8.3 Results and Discussion 
Figure 8.2b shows the temporal development of the mean field SWC measured 

with GPR and TDR and the 95% confidence interval based on the standard error 
of the mean (±1.96xj-/lV/2) for both methods. The precipitation, including the two 
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Figure 8.2. a) Daily precipitation (arrows indicate irrigation events), b) temporal 
development of spatially averaged SWC and c) temporal development of total SWC 
variance for GPR (•) and TDR (o). 

irrigation days (marked with arrows), is shown in figure 8.2a. Clearly, the temporal 
development of mean SWC is dominated by the large precipitation events on 
day 232-234 and day 246, but the irrigation events on day 230 and day 245 can also 
be recognized as small peaks in the mean SWC. The temporal development of the 
mean field SWC measured with GPR and TDR is reasonably similar. The mean 
difference between GPR and TDR is 0.004 m3m"3 and the root mean squared 
difference is 0.015 m3m~3. The fairly large root mean square difference is caused by 
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Figure 8.3. Variograms of soil water content measured with GPR (top row) and TDR 
(bottom row) with confidence intervals for three selected days. 

the significantly lower temporal variation in mean SWC measured with GPR. 
A possible explanation for this difference is the depth of influence of the ground 
wave measurement, which theoretically decreases slightly with increasing soil water 
content for the 450 MHz antenna used in this chapter (Sperl, 1999). In chapter 5 
no systematic differences between GPR measurements based on the ground wave 
and TDR measurements with a 0.1 m long probe were found. However, those 
results were based on SWC measurements for different soil types, presumably with 
relatively homogeneous SWC profiles with depth, and did not include a 
comparison with TDR probes of different length. For this soil, there might have 
been small but significant systematic differences between GPR and TDR. 

Figure 8.2c shows the temporal development of the spatial variance of SWC 
measured with GPR and TDR. Note that the SWC variance measured with TDR is 
about three times as high as the variance measured with GPR (different y-axis) due 
to the different measurement volume of both methods. As expected, the spatial 
variance of SWC is highest directly after the two irrigation events because we 
created a heterogeneous SWC pattern. 

Figure 8.3 shows a selection of the experimental variograms with 
95% confidence intervals and the modeled variograms for GPR and TDR. The 
experimental variograms of GPR (top row) have much narrower confidence 
intervals than the experimental variograms of TDR (bottom row). The main reason 
for this higher confidence is the larger number of pairs in each variogram lag for 
GPR. Especially note the narrow confidence intervals for short separations (< 5 m) 
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Figure 8.4. Temporal development of daily precipitation (a and b, including irrigation), sill 
variance for GPR (c) and TDR (d), nugget variance for GPR (e) and TDR (f) and 
variogram range for GPR (g) and TDR (h). 

in case of GPR as compared to those of TDR at these separations. This illustrates 
the benefit of GPR, which allows closely spaced measurement, over an invasive 
measurement technique such as TDR, which requires an extra measurement effort 
to determine short distance variation (i.e. clustering of observations). The relatively 
large increase in GPR semivariance between 5 and 6 m visible for day 229 and 230 
is an artifact of the data acquisition. All measurements with separations <5 m are 
from the same transects, whereas larger separations also contain data pairs from 
different transects. Apparently, the within-transect SWC variation is somewhat 
smaller than the between-transect variation. Most likely, this artifact was introduced 
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because the GPR measurements were acquired, processed and analy2ed transect by 
transect. 

The temporal development of the modeled variogram parameters is given in 
figure 8.4 for GPR (left) and TDR (right). The 95% confidence intervals of each 
model parameter obtained from the covariance matrix of the inversion Cm are also 
shown. Figure 8.4c and 8.4d show the temporal development of the sill variance, 
which shows similar behavior as the spatial variance of SWC despite detrending of 
the data. The narrow confidence intervals of GPR resulted in accurate estimates of 
the sill variance, whereas the large uncertainty in the experimental variogram of 
TDR resulted in a large uncertainty in the TDR sill variance. The lower bound of 
the 95% confidence is below zero on several occasions for TDR, indicating that the 
posterior error distribution is not normally distributed and that the confidence 
intervals should be interpreted with care. 

The sill variance was lowest for saturated conditions. The large precipitation 
events on days 232-234 completely saturated the soil and reduced the sill variance 
to a minimum of 1.4xl0"4 m3m"3 for GPR and 6.0xl0"4 m W 3 for TDR at day 236 
(spatial variance was reduced to 3.3xl0"4 m3m"3 and 8.3xl0"4 m3m"3, respectively). 
In the drying period from day 236 to 245 the variance increased steadily, which was 
more pronounced for GPR. An increase in variance with decreasing SWC close to 
saturation was also reported by Famiglietti et al. (1999), Western et al. (1998) and 
Hupet and Vanclooster (2002) but contradicts results found by others 
(e.g. Famiglietti et al., 1998). In our opinion, low variability of SWC close to 
saturation can be expected for small reasonably homogeneous fields, such as in this 
chapter, simply because of the upper limit provided by the saturated SWC. 
Differential drying due to micro-topography, spatial patterns in root water uptake 
and drainage may increase spatial variation in surface SWC. 

Figures 8.4e and 8.4f show the temporal development of the variogram range 
measured with GPR and TDR. For both methods, the introduction of large-scale 
SWC structures by irrigation (sprinkler type A) on day 230 and day 245 increased 
the fitted variogram ranges. At first sight, there are large differences in the fitted 
variogram ranges for GPR and TDR. However, the large uncertainty for the TDR 
ranges indicates that the differences are not significant for most days. The large 
confidence intervals for days 234 and 235 for TDR are caused by the nugget/sill 
ratio of 1 at these days, which means that the range becomes undefined (often 
taken as zero). A nugget/sill ratio close to 1 indicates that the sum of measurement 
error and short distance variation make up a large part of the total SWC variation. 
Figures 8.4g and 8.4h compare the GPR and TDR nugget variance. The GPR 
nugget variance is very low because of the larger measurement volume, which 
averages short distance variation. The GPR nugget variance is in the order of 0.001 
to 0.003 m3m"3, which is close to the reproducibility reported in chapter 6. 
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Figure 8.5. Interpolated soil water content maps (m3m-3) based on GPR measurements. 

Generally, it can be concluded that the modeled variogram parameters determined 
from GPR measurements are more reliable than the parameters determined from 
TDR measurements for two reasons: 1) low uncertainty in the GPR experimental 
variograms and 2) low GPR nugget/sill ratio, which avoids inaccurate and 
uncertain variogram range estimates. 

Figure 8.5 shows the interpolated SWC maps measured with GPR and figure 8.6 
shows the interpolated SWC maps measured with TDR. There is a general 
agreement between the GPR and TDR maps. For example, both series of maps 
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Figure 8.6. Interpolated soil water content maps (m3nr3) based on TDR measurements. 

indicate that the SW corner is driest. However, there are also some striking 
differences between the SWC maps measured with GPR and TDR. The difference 
in appearance between TDR maps is caused by the day-by-day variation in the 
modeled variogram parameters. In case of the nugget variograms of day 233 and 
day 234, the interpolated SWC maps are very smooth (i.e. only the SWC trend is 
visible), whereas other interpolated maps appear spotted due to the small variogram 
range of < 5 m, which singles out individual measurements because the TDR grid 
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Figure 8.7. Increase of soil water content (m3nr3) due to irrigation measured at three 
times on day 245 with GPR (top row) and TDR (bottom row). 

separation was 5 m. The SWC maps measured with GPR have a more coherent 
appearance because of the consistency of the fitted GPR variograms. 

The large-scale features of the SWC pattern created by irrigation can clearly be 
recognized in the SWC maps measured with GPR (day 230 and day 245 in 
figure 8.5). The drying of the soil after irrigation was nicely captured in the SWC 
maps of day 231 and 232. On day 245, even the W boundary of the imposed zigzag 
line (a relatively small feature) can be recognized. There are also numerous 
persistent small-scale features in figure 8.5, such as a relatively wet spot at 
coordinates (7,9). The heterogeneous SWC pattern created by irrigation can hardly 
be recognized in the TDR maps. Of course, this is partly because of the lower 
number of TDR measurements and the inherent smoothing of kriging. For 
example, Snepvangers et al. (2002) showed that the interpolation of the TDR 
measurements could be improved with the more elaborate technique of spatial-
temporal kriging with external drift, which allows the inclusion of extra process 
information such as net-precipitation. Nevertheless, it should be remembered that 
the time to acquire the SWC maps was approximately equal for GPR and TDR, i.e. 
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the higher number of GPR measurements is not associated with a larger 
measurement effort. 

Figure 8.7 shows the increase of SWC due to irrigation. These SWC increase 
maps were obtained by subtracting the SWC map of day 244 from the three maps 
measured at day 245 for both GPR (top row) and TDR (bottom row). The increase 
of SWC measured with GPR is consistent. The drying of the soil in the course of 
day 245 is clearly visible. The mean difference of SWC measured with GPR 
decreased from 0.018 m3m"3 at time 245.47 via 0.016 m3m"3 at time 245.64 to 
0.014 m3m"3 at time 245.81. The SWC increase maps measured with GPR also 
agree on smaller details, such as the U-shaped increase pattern of the large sprinkler 
located at coordinates (15, 45) and the position of the zigzag line. The increase of 
SWC measured with TDR is less consistent and shows less detail. Especially the 
resulting map for time 245.64 seems incongruous. The mean increase of SWC 
measured with TDR varied from 0.014 m W 3 , via 0.030 n r W 3 to 0.015 m3m3 . The 
lack of consistency in the SWC increase maps measured with TDR as compared 
with GPR cannot be blamed on the difference in sampling density for GPR and 
TDR, as the inconsistencies in the TDR maps are much larger than the uniform 
grid spacing of 5x5 m. This was also confirmed by calculating the SWC increase 
maps measured with GPR with the same number of measurements as the TDR 
maps (results not shown). Therefore, the high reproducibility of spatial patterns 
measured with GPR is attributed to the positive effect of using a larger 
measurement volume, which averages short distance variation and leads to a lower 
sensitivity to small-scale effects. 

8.4 Conclusions 
We evaluated the capability of GPR and TDR to measure the temporal 

development of spatial SWC variation during a 30-day monitoring period. We 
created a heterogeneous SWC pattern by irrigation with different sprinkler types on 
two days. The temporal development of the mean field SWC was reasonably similar 
for GPR and TDR, although GPR measured less temporal SWC variation. As 
expected, the temporal development of the field SWC variance showed that GPR 
measured less variation than TDR due to the larger measurement volume. For both 
methods, the SWC variance increased with decreasing mean SWC. 

To compare GPR and TDR variograms, we assessed confidence intervals for the 
experimental variograms and the variogram model parameters. The confidence 
intervals of the experimental variogram were much smaller for GPR than for TDR 
due to the larger number of GPR measurements. The small confidence intervals of 
the experimental GPR variograms also resulted in reliable variogram model 
parameters. For the TDR measurements, these model parameters were much less 
reliable despite the relatively large sample size of 216 TDR measurements. 
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Furthermore, the small measurement volume of TDR resulted in a high TDR 
nugget variance, which led to unreliable estimates of correlation length when the 
nugget variance was a substantial part of the sill variance. Comparison of the 
uncertainty in the modeled variogram range for GPR and TDR showed that the 
apparently large differences in variogram range were not significant for most days. 
This indicates the usefulness of reporting confidence intervals for experimental 
variograms and fitted variogram model parameters. Despite the approximations in 
the assessment of the confidence intervals, we feel that it should be common 
practice to report uncertainty measures, especially when the variogram model is not 
only used in interpolation but is also used as a summary of spatial or temporal 
structure. This would help in the comparison of different studies (or methods) and 
the evaluation of the significance of measured temporal changes in spatial variation. 

The interpolated SWC maps of GPR and TDR showed the same general 
behavior, but differed strongly in details. The TDR maps were dominated by 
fluctuations in the fitted TDR variogram model parameters (especially the range 
parameter), which changed the appearance of the interpolated TDR maps from 
spotted in case of variogram ranges below the grid separation to smooth in case of 
high nugget variances and long variogram ranges. The GPR maps were much more 
consistent. This was confirmed by calculating SWC increase maps for the irrigation, 
which clearly showed the high reproducibility of spatial patterns of SWC measured 
with GPR. 

It can be concluded that GPR is an attractive alternative to other measurement 
techniques for monitoring temporal development of spatial SWC variation at the 
field scale. It provides reliable estimates of spatial variation of surface SWC both in 
terms of variogram model parameters and interpolated SWC maps. GPR allows the 
quick acquisition of large datasets with closely separated measurements because 
measurements can be made while 'on the move'. Furthermore, the larger GPR 
measurement volume averages short distance variation and reduces the nugget 
variance to the reproducibility of the GPR analysis, which was found to be high. Of 
course, the use of GPR restricts the range of measurable SWC patterns to those 
that are larger than the measurement volume. If small-scale SWC variation 
(<1.5 m) is of importance, then the use of one of the traditional measurement 
techniques, such as TDR, is more appropriate. 
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9 

Synthesis: 
Towards Combining Ground-Penetrating Radar and 
Time Domain Reflectometry Measurements for an 
Improved Spatio-Temporal Characterization of Soil 
Water Content 

In this synthesis the scientific and practical implications of the research 
presented in this thesis will first be discussed separately for time domain 
reflectometry and ground-penetrating radar. After that the possibility of combining 
these techniques for an improved space-time characterization of soil water content 
is discussed. 

9.1 Time Domain Reflectometry (TDR) 
TDR is a well-established soil water content (SWC) measurement technique, 

particularly suited for monitoring the temporal development of SWC and soil bulk 
electrical conductivity at a specific location. In recent years, there has been an 
increased awareness that TDR measurements can also be used to determine the 
complex frequency dependent permittivity. In this thesis, attention was focused on 
the accuracy and reproducibility of measuring these three soil properties with TDR. 

Traditionally, TDR waveforms are analyzed with travel time analysis, which 
requires subjective analysis parameters for reproducible SWC measurements. In 
this thesis, inverse modeling analysis of TDR waveform, also known as frequency 
domain analysis, was tested as an analysis algorithm because it does not require 
user-defined analysis parameters. A comparison of both analysis methods showed 
that the accuracy and reproducibility for measuring SWC were similar. It was 
concluded that frequency domain analysis of TDR waveforms is an accurate, 
reproducible and semi-theoretical analysis algorithm, which still has ample room 
for improvement. Of course, frequency domain analysis will not significantly 
improve the accuracy of SWC measurements with TDR as compared with travel 
time analysis because the accuracy is not limited by the accuracy of the analysis but 
by the accuracy of the calibration between SWC and permittivity. The potentially 
higher reproducibility of frequency domain analysis will mainly improve temporal 
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monitoring of SWC with permanently installed TDR sensors, where very small 
differences between subsequent SWC measurements are interpreted. 

Heimovaara and Huisman (2002) presented two improvements of frequency 
domain analysis. The first improvement is the use of the multi-scatter function of 
Feng et al. (1999), which improves modeling of the TDR waveform by including 
the effects of cable, connectors and probe head. The second improvement is a 
model for the input signal. The explicit modeling of cables, connectors and input 
signal: 1) removes the need to measure input signals for each measurement set-up, 
i.e. a single calibration of the TDR cable tester is sufficient, 2) allows optimization 
of the waveform acquisition, as is common in travel time analysis and 3) allows 
frequency domain analysis with commonly used 3-wire probes with high 
impedance probe heads, fixed coaxial cables and inner probe wires that cannot be 
removed. Although these improvements are appealing from the perspective of 
frequency domain analysis as a waveform analysis algorithm, some care is 
appropriate when using 3-wire probes for frequency domain analysis. This is 
because the validity of the J" / r scatter function for this and any other probe is not 
yet well understood. Network analyzer measurements indicated that non-ideal 
probe behavior due to the use of a 3-wire probe instead of a more coaxial 7-wire 
probe led to changes in the TDR waveform that could not be accounted for in the 
i^-scatter function underlying the frequency domain analysis. Other issues that 
also need attention before frequency domain analysis can be considered as an 
attractive alternative to travel time analysis are its sensitivity to 1) SWC variation 
along the wires of the TDR probe and 2) deformation of the TDR probe geometry 
due to insertion in the soil. 

The accuracy of three scenarios of frequency domain analysis for the 
determination of frequency dependent dielectric permittivity, £*(f), was determined 
with the SCEM-UA algorithm. The analysis of numerically generated 
measurements with added instrument noise showed that all four Debye parameters 
could be identified from TDR waveforms with this algorithm. This contradicts 
earlier reports by Weerts et al. (2001) that Debye parameters could not be identified 
when the true values of the Debye parameters fall beyond the frequency bandwidth 
of the TDR equipment. It was also concluded that conversion of TDR waveforms 
to the frequency domain and subsequent optimization was less accurate than time 
domain optimization, due to accumulation of noise in the Fourier transformation. 
Furthermore, the potential accuracy of e*(f) determination was even higher for 
direct frequency domain measurements with a network analyzer. Frequency domain 
analysis of network analyzer measurements with different probes showed that the 
actual accuracy of £*ff) determination was reduced because of model errors due to 
non-ideal probe behavior. Model errors were larger for 3-wire probes than for 
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7-wire probes and were more apparent in the frequency domain than in the time 
domain. 

For the accurate measurement of bulk soil electrical conductivity in saline soils, 
it is necessary to determine cable and probe properties. A comparison of direct 
measurements of cable and probe properties and calibration of these properties in 
different salt solutions showed that calibration provides more accurate conductivity 
estimates. Curiously, the calibrated (empirical) cable and probe properties deviated 
from the directly measured properties, which must be attributed to compensation 
for model errors in the calibration. 

It can be concluded that the accuracy of measuring frequency dependent 
dielectric permittivity and soil bulk conductivity with TDR is currently limited by 
the quality of the modeling. Future research should be directed towards an 
improved understanding and modeling of TDR wave propagation on different 
probes. Network analyzers seem to be an obvious candidate for this work because 
of their superior frequency domain capabilities and the fact that model errors can 
be recognized more clearly in the frequency domain. For the accurate 
determination of frequency dependent dielectric permittivity, it seems worthwhile 
to study less common probe designs, such as the two-port coaxial cell described by 
Shang et al. (1999). This type of probe allows reflection and transmission 
measurements, which opens possibilities for improved system calibration and more 
accurate measurements. 

9.2 Ground-Penetrating Radar (GPR) 
The accuracy of measuring SWC with the ground wave of GPR was determined 

by relating measured GPR permittivities with the mean SWC of a 5x2x0.1 m plot 
measured with TDR and gravimetric samples. It was concluded that the accuracy of 
measuring SWC with GPR and TDR was similar, and in the order of 0.03 m3m"3. 
It was also shown that the GPR calibration equation was similar to the GPR 
calibration. The reproducibility of SWC measurements with the GPR ground wave 
was found to be in the order of 0.005 m3m"3. A field experiment where a 
heterogeneous pattern in SWC was created by irrigation showed that the large 
number of GPR measurements that can be acquired in a given time span results in 
reliable estimates of variogram model parameters, which are commonly used to 
characterize spatial variability. The high GPR measurement resolution also resulted 
in accurate mapping of boundaries between different SWC units. Generally, it was 
concluded that measuring SWC with the ground wave of GPR is an interesting 
alternative to existing SWC measurement techniques for the assessment of spatial 
variation of surface SWC of fields up to several thousands of square meters. 

An important aim of the GPR chapters was to illustrate the potential of SWC 
measurements with the GPR ground wave and, therefore, some of the technical 
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difficulties of GPR might be underexposed. Chapter 6 discussed the problem of a 
time zero offset between the arrival time of the air and ground wave but the 
observed offset could not be explained. In chapters 7 and 8 the observed 
differences between SWC measured with GPR and TDR could only partly be 
explained by different sampling volumes and the uncertainty in spatial SWC 
variation measurements. Especially the different temporal behavior of mean spatial 
SWC measured with GPR and TDR (chapter 8) was significant. The inability to 
explain these observations indicates that current understanding of both GPR 
equipment and ground wave propagation for SWC determination needs 
improvement. For example, the GPR antennas used in this study are designed to 
function optimally for a relative soil permittivity of 11. Wollny (1999) showed that 
a lower or higher permittivity leads to distortion of the emitted GPR pulse. In his 
study with 100 MHz GPR antennas, these distortions introduced arrival time shifts 
of up to 1 ns, which means an absolute error in SWC of up to 0.04 m3m"3 for an 
antenna separation of 1.5 m. However, the relevance of these distortions has not 
yet been determined and quantified for other GPR antennas and systems. 
Furthermore, it was argued that these effects of the imperfect electrical match are 
highly sensitive to the antenna-soil contact. However, this seems in conflict with 
the high reproducibility of the SWC increase maps presented in chapter 8, which 
were measured with moving sleds with a highly variable antenna-soil contact. 

Ground wave propagation, including the depth of influence, is not fully 
understood either. Experimental and modeling efforts by Sperl (1999) and Wollny 
(1999) reported influence depths ranging from 0.06 m for 900 MHz antennas to 
0.20 m for 225 MHz antennas. The similarity between GPR measurements and 
measurements with a vertical 0.1 m TDR probe reported in chapter 5 does not 
contradict this range of depths. However, experimental results on depth of 
influence are uncertain because of the difficult experimental conditions inherent to 
studies of ground wave propagation. The experimental dilemma is that an 
assessment of the depth averaging of the ground wave requires a near-surface 
dielectric discontinuity. However, this discontinuity will also produce a reflected 
wave, which will interfere with the ground wave and obscure its properties. 
Modeling studies are also difficult because the ground wave belongs to the 
so-called 'near-field', which has not yet been studied in much detail. 

New developments in GPR equipment could improve the accuracy of SWC 
measurements based on the ground wave velocity. Recently, multi-channel GPR 
systems have become commercially available. These GPR systems allow 
simultaneous measurements at multiple antenna separation and could, therefore, 
achieve the accuracy of measuring SWC with multi-offset GPR measurement, while 
at the same time providing the mobility and acquisition speed of single-offset GPR 
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measurements. Measuring ground wave arrival times at several antenna separations 
could also reduce the uncertainty about the time zero offset. 

9.3 Space-time characterization of soil water content 
Notwithstanding the technical problems mentioned in the previous section, the 

results of this thesis confirm the potential of the GPR ground wave for measuring 
spatial SWC variation. The high potential of TDR for measuring temporal SWC 
variation at a specific location has long been recognized. However, both TDR and 
GPR alone are less suited for simultaneously studying spatial and temporal SWC 
variation. This hampers the study of processes that vary strongly in both space and 
time, such as infiltration and root water uptake. An integrating framework allowing 
a combination of the strong temporal features of TDR and the strong spatial 
features of GPR could overcome this problem. The purpose of such a framework 
would at least be twofold. First, it should provide SWC predictions at unmeasured 
space-time points. Second, it should provide insight in the processes governing the 
spatio-temporal SWC behavior. An obvious choice for such a framework is spatio-
temporal geostatistics. 

Theoretically, spatio-temporal geostatistics allows integration of TDR and GPR 
measurements by using regularization theory. However, the regularization of the 
(temporal) TDR measurements to the support of the (spatial) GPR measurements 
requires an accurate estimate of the spatial SWC variation at the TDR support. 
Unfortunately, a reliable estimate of spatial SWC variation is difficult with a TDR 
acquisition system. This is because the TDR signal quality deteriorates for long 
cables, which causes spatial clustering of automatic TDR sensors around the central 
acquisition unit. Of course, this could be solved by additionally measuring spatial 
SWC with manual TDR measurements, but this is laborious and impractical. 
Another important drawback of spatio-temporal geostatistics is the limited 
flexibility to include process knowledge (see Snepvangers et al., 2002). This not 
only limits the accuracy of SWC predictions with spatio-temporal geostatistics, but 
also reduces its potential to gain insight in the processes governing SWC variation 
in space and time. 

In recent years, there has been an increasing use of data assimilation as a group 
of techniques that merges measurements with a deterministic model (McLaughlin, 
1995). Current data assimilation schemes used in atmospheric and oceanic sciences 
can cope with data sources with different measurement volumes and varying 
accuracies. Furthermore, data assimilation provides optimal SWC predictions at 
unmeasured locations, while both relying on physical laws, such as the law of 
continuity and Darcy's law, and exploiting the information contained in the 
measurements. Therefore, data assimilation seems to have a high potential as a 
framework for combining GPR and TDR measurements. There have been a 
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number of data assimilation studies focusing on SWC. These were mainly studies 
of one-dimensional problems (e.g. Galantowizc et al., 1999; Hoeben and 
Troch, 2000; Walker et a l , 2001), but there were also studies explicitly considering 
both spatial and temporal SWC variation (e.g Houser et al., 1998; Pauwels 
et al., 2001; Reichle et al., 2001). These spatio-temporal 4-D studies often use 
simplified model formulations that capture the key physical processes governing 
SWC but neglect horizontal interactions due to the large computational burden of 
data assimilation (Reichle et al., 2001). In the near future, it is expected that 
improved computational methods and advances in computer technology will allow 
4D-data assimilation to become a practical method for predicting and studying 
spatio-temporal SWC variation. 

The success of data assimilation and spatio-temporal geostatistics for an 
improved space-time characterization of SWC depends strongly on the quality of 
the measurements. Without accurate measurements of SWC in space and time, the 
SWC predictions and the resulting insight in the governing processes will be highly 
uncertain. Therefore, developing and testing SWC measurements techniques that 
can provide these accurate measurements remains essential for an improved space-
time SWC characterization. Hopefully, the assessment of the accuracy, 
reproducibility and feasibility of measuring SWC with TDR and GPR as presented 
in this thesis has made a meaningful contribution to providing these accurate 
measurements. 
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Summary: 
Measuring Soil Water Content with Time Domain 
Reflectometry and Ground-Penetrating Radar: 
Accuracy, Reproducibility and Feasibility 

Hydrologists, soil scientists and agronomists are studying the space and time 
variability of soil water content (SWC) at a wide range of scales for a variety of 
reasons. At the regional to continental scale, SWC is an important variable because 
of its interaction with the Earth's climate system through the sensible and latent 
heat fluxes. At the catchment scale, the antecedent SWC influences the partitioning 
of precipitation into infiltration, evaporation and runoff and, therefore, exerts a 
strong control on soil erosion and flooding. At an even smaller scale, preferential 
flow of water can lead to an accelerated breakthrough of solutes and can, therefore, 
affect groundwater quality. 

Available SWC measurement techniques either provide measurements at the 
small (point) support (Time Domain Reflectometry, TDR) or at the much larger 
support of remotely sensed data. At intermediate spatial scales, such as agricultural 
land and small catchments, reliance on sparse TDR measurements or coarse remote 
sensing measurements might not provide the accurate SWC information required at 
these scales. Therefore, there is a need for SWC measurement techniques that can 
provide dense and accurate measurements of spatial SWC variation at an 
intermediate scale. In this thesis, measuring SWC with the ground wave velocity of 
ground-penetrating radar (GPR) is tested as an intermediate scale SWC 
measurement technique. 

The general aim of this thesis was to contribute to the improved characterization 
of the spatio-temporal behavior of soil water and solutes by studying the potentials 
and limitations of TDR and GPR for measuring SWC variation in space and time. 
This thesis consists of two parts. The aim of the first part on TDR (chapters 2 to 4) 
was to improve the accuracy and reproducibility of the TDR analysis for the 
determination of SWC, frequency dependent dielectric permittivity and soil bulk 
conductivity. The aim of the second part on GPR (chapters 5 to 8) was to establish 
the accuracy, reproducibility and feasibility of measuring spatial SWC variation with 
the ground wave velocity of GPR. 
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In chapter 2, two methods to remove subjectivity from the analysis of TDR 
waveforms were compared: 1) travel time analysis with optimized analysis 
parameters and 2) inverse modeling of TDR waveforms with a TDR wave 
propagation model and the Debye model for single relaxation, also known as 
frequency domain analysis. An outflow experiment showed that the accuracy and 
reproducibility of both methods were similar, despite the fact that the acquisition of 
TDR waveforms and the analysis parameters were optimized for travel time 
analysis. It was concluded that frequency domain analysis is a promising objective 
analysis algorithm because of its semi-theoretical foundation and lack of subjective 
analysis parameters. A drawback of frequency domain analysis is that the optimized 
Debye model parameters can only be given a meaningful interpretation when soils 
are clearly dispersive within the TDR frequency bandwidth. This was illustrated by 
modeling TDR waveforms with only an apparent permittivity, which also resulted 
in an accurate and highly reproducible TDR analysis for the sandy soil used in this 
chapter. 

In chapter 3, the accuracy of three scenarios of frequency domain analysis for 
the determination of frequency dependent dielectric permittivity were compared 
with the Shuffled Complex Evolution Metropolis algorithm (SCEM-UA): 
1) analysis of TDR waveforms in the time domain, 2) analysis of TDR waveforms 
after conversion to the frequency domain and 3) analysis of network analyzer 
(NWA) measurements in the frequency domain. An analysis of numerically 
generated measurements with added instrument noise showed that analysis of 
NWA measurements in the frequency domain potentially has the highest accuracy. 
Furthermore, the analysis of TDR waveforms in the time domain was found to be 
more accurate than analysis of these waveforms in the frequency domain. Analysis 
of real NWA measurements showed that reasonably accurate estimates of the 
Debye parameters can be obtained with the SCEM-UA algorithm, even when the 
true values fall beyond the upper limit of the frequency bandwidth. However, 
frequency domain analysis results were susceptible to model errors, which were 
higher for 3-wire probes than for 7-wire probes. The SCEM-UA algorithm proved 
to be a valuable tool in frequency domain analysis because reported problems with 
parameter identification and initialization of the optimization problem could be 
avoided with this more elaborate optimization algorithm. Furthermore, the 
confidence intervals provided by the SCEM-UA algorithm are useful to distinguish 
between well-identified and meaningless Debye parameters, which solves one of 
the problems discussed in chapter 2. 

In chapter 4, two approaches to improve the accuracy of TDR bulk soil 
conductivity measurements with 3-wire probes in case of long cables and/or saline 
soils were compared. The first approach was based on direct measurement of the 
cable and probe properties. The second approach was based on the laborious 
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calibration of the TDR system in salt solutions with different electrical 
conductivities. The results showed that calibration provides the most accurate 
conductivity measurements with a 3-wire probe. Direcdy measured cable properties 
deviated from their calibrated (optimal) values and, therefore, direct measurements 
are not advisable to avoid the laborious calibration. Instead, a reduction of 
calibration time can be achieved by limiting the calibration procedure to two 
well-chosen combinations of cable length and solute concentration. 

In chapter 5 the accuracy of SWC measurements with the ground wave of GPR 
was determined. The SWC of 5x2x0.1 m3 plots on different soils was determined 
with gravimetry, TDR measurements and single and multi-offset GPR 
measurements. To compensate for the different measurement volumes, 15 TDR 
measurements and 10 gravimetric SWC measurements were aggregated to the plot 
size of 5x2x0.1 m3. For practical reasons, the GPR measurement volume was 
assumed to equal this volume. The results showed that the calibration equation 
between GPR measurements and aggregated gravimetrical SWC was similar to the 
equation for aggregated TDR measurements. This suggests that available TDR 
calibrations can be used for GPR. Furthermore, the accuracy of multi-offset GPR 
measurements to measure SWC was similar to the accuracy of TDR. The accuracy 
of single-offset GPR measurements was somewhat lower. It was concluded that 
GPR can be used to measure SWC of soil from a wide array of textures, ranging 
from sand to loam. GPR is less suited for heavier textures because the high 
conductivity of these soils generally results in a strong attenuation of the ground 
wave. The similarity between SWC measurements made with the 225 MHz GPR 
antennas, 450 MHz GPR antennas and TDR measurements with a 0.1 m long 
TDR probe suggests that the depth of influence of the ground wave is confined to 
the upper centimeters of the soil and relatively independent of frequency, although 
no attempts were made to quantify SWC variation with depth. 

Chapter 6 focused on two important requirements for accurate and 
reproducible SWC measurements with the GPR ground wave. The first 
requirement was that the extra equipment needed for SWC measurement (sleds, 
odometer, pull vehicle) should not interfere too strongly with the GPR 
measurements. The results showed that the presence of SWC measurement 
equipment caused a strong decrease in the amplitude of the ground wave, changed 
the pulse shape of the air and ground wave and caused disturbances in the air wave. 
However, the GPR data quality remained sufficient to allow accurate determination 
of air and ground wave arrival times. The second requirement was that it should be 
possible to calculate soil permittivity from the air wave and ground wave arrival 
time, despite reports by Sperl (1999) that there can be a significant extrapolated 
time difference between these arrival times at zero antenna offset. The results 
confirmed that there was a mean time difference of 0.5231 ns at zero offset with a 
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large standard deviation. A sensitivity analysis of this time difference as a function 
of positional uncertainty, time picking uncertainty and spatial heterogeneity of SWC 
within the radar volume showed that the large variation could be explained by these 
factors, but that the mean time difference remained unexplained. It was concluded 
that a time difference correction in the calculation of soil permittivity would 
improve the accuracy of absolute SWC measurements with GPR. However, the 
large variation in time difference makes it difficult to accurately estimate the mean 
time difference at zero offset needed in the correction. 

Chapter 7 and 8 presented results of a field experiment where a heterogeneous 
SWC pattern was created by irrigation to explore the capability of GPR to measure 
spatial SWC variation. In chapter 7 the potential of GPR to measure spatial SWC 
variation of a 3600 m2 field was discussed in detail. As a comparison, spatial SWC 
variation was also measured with TDR. The results showed that GPR is well able 
to measure spatial SWC as expressed by the variogram. The larger GPR 
measurement volume averaged small-scale variation (<1.5 m) and resulted in low 
nugget variances. The large number of easily acquired GPR measurements resulted 
in well-defined and smooth experimental variograms, as compared with the noisy 
experimental variograms for TDR. An unsuccessful attempt was made to 
compensate for the difference in measurement volume by using regularization 
theory. Possible explanations for the failure were: 1) the large scatter in the 
experimental variogram of TDR combined with the sensitivity of the results to a 
choice for the TDR nugget variance and 2) the uncertain depth of influence of the 
GPR ground wave. Interpolated SWC maps showed that GPR is better suited for 
mapping boundaries between areas with different SWC because of the large 
number of measurements. Small-scale features (1-5 m) were not mapped adequately 
by either GPR or TDR. However, the chance of detecting these features is higher 
for GPR, simply because of the higher sampling density. 

In chapter 8 the capability of GPR and TDR to assess the temporal 
development of spatial SWC variation was compared by measuring spatial SWC 
patterns on 18 days with GPR and TDR in a 30-day monitoring period with two 
irrigation days. The temporal development of the spatial pattern was studied by 
means of the variogram and interpolated SWC maps. Confidence intervals of the 
experimental variograms and the variogram model parameters were calculated with 
a jackknife approach and a first-order approximation of model parameter 
uncertainty. The results showed that the confidence intervals of the GPR 
experimental variograms were much narrower than the confidence intervals of the 
T D R experimental variogram due to the larger number of GPR measurements. 
Consequendy, the uncertainty in the variogram model parameters was also much 
lower for GPR. This meant that the temporal development of the fitted GPR 
variogram model parameters was easier to interpret. Interpolated maps showing the 
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increase in SWC due to irrigation and die subsequent gradual drying of the soil 
were more accurate and reproducible for GPR. 

Finally, in the synthesis the potential of using spatio-temporal geostatisdcs and 
data assimilation for an improved characterization and understanding of 
spatio-temporal SWC variability by combining TDR and GPR was discussed. It 
was concluded that the success of an improved space-time characterization of SWC 
depends strongly on the quality of the SWC measurements. Therefore, developing 
and testing SWC measurements techniques that can provide accurate SWC 
measurements remains essential. Hopefully, the assessment of the accuracy, 
reproducibility and feasibility of measuring SWC with TDR and GPR as presented 
in this thesis has made a meaningful contribution to this topic. 
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Samenvatting: 
Het Meten van Bodemwatergehalte met 
Time Domain Reflectometry en Grondradar: 
Nauwkeurigheid, Reproduceerbaarheid en 
Haalbaarheid. 

Hydrologen, bodemkundigen en agronomen bestuderen de ruimtelijke en 
temporele variatie van bodemwatergehalte op verschillende schalen. Zij doen dit 
om vele redenen. Op de regionale schaal bepaalt het bodemwatergehalte voor een 
deel de voelbare en latente warmtestroom en is daarom een belangrijke variabele in 
het klimaatsysteem van de aarde. Op de schaal van stroomgebieden bepaalt het 
bodemwatergehalte de opsplitsing van neerslag in infiltratie, verdamping en 
oppervlakkige afstroming en heeft daarom een sterke invloed op bodemerosie en 
piekafvoer in een stroomgebied. Op een nog kleinere schaal kan preferentiële 
stroming van water leiden tot een versnelde doorbraak van opgeloste stoffen naar 
het grondwater en daardoor de grondwaterkwaliteit beïnvloeden. 

Met bestaande technieken kan het bodemwatergehalte gemeten worden op de 
kleine schaal (Time Domain Reflectometry, TDR) of op de veel grotere schaal van 
'remote sensing' metingen. Op intermediaire schalen, zoals akkers en kleine 
stroomgebieden, kan het gebruik van wijd verspreide TDR metingen of remote 
sensing metingen met een grove resolutie echter leiden tot onnauwkeurige 
schattingen van het bodemwatergehalte. Er is daarom behoefte aan een 
meetmethode die in een kort tijdsbestek een groot aantal nauwkeurige metingen 
van het watergehalte op een intermediaire schaal oplevert. In dit proefschrift wordt 
het meten van bodemwatergehalte met behulp van grondradar (GPR) getest als 
techniek voor het meten van watergehalte op een intermediaire schaal. 

Het algemene doel van dit proefschrift is om een bijdrage te leveren aan een 
verbeterde beschrijving van het ruimtelijke en temporele gedrag van het bodem
watergehalte door het bestuderen van de mogelijkheden en beperkingen van TDR 
en GPR voor het meten van het bodemwatergehalte in ruimte en tijd. 
Dit proefschrift bestaat uit twee delen. Het specifieke doel van het eerste deel over 
TDR (hoofdstuk 2 tot en met 4) is het verbeteren van de nauwkeurigheid en 
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reproduceerbaarheid van de TDR analyse voor het bepalen van bodemwater
gehalte, frequentie afhankelijke permittiviteit en bulkgeleidbaarheid van de bodem. 
Het specifieke doel van het tweede deel over GPR (hoofdstuk 5 tot en met 8) is het 
bepalen van de nauwkeurigheid, reproduceerbaarheid en haalbaarheid van het 
meten van ruimtelijke variatie in het bodemwatergehalte door middel van het 
meten van de snelheid van de 'ground wave' met GPR. 

In hoofdstuk 2 worden twee methoden vergeleken waarmee de subjectiviteit uit 
de T D R analyse verwijderd kan worden. De eerste methode is looptijdanalyse met 
geoptimaliseerde analyse parameters. De tweede methode is inverse modellering 
van TDR golfvormen met behulp van het Debye model voor enkelvoudige 
relaxatie gekoppeld aan een model dat de voortplanting van TDR golven beschrijft. 
De tweede methode is ook wel bekend als frequentiedomein analyse. Een drainage
experiment liet zien dat de nauwkeurigheid en reproduceerbaarheid van beide 
analyses vergelijkbaar zijn, ondanks dat de acquisitie van de TDR metingen en de 
analyse parameters geoptimaliseerd waren voor de looptijdanalyse. Frequentie
domein analyse is een veelbelovend en objectief analyse algoritme omdat deze 
analyse semi-theoretisch is onderbouwd en geen subjectieve analyse parameters 
heeft. Een nadeel van de frequentiedomein analyse is dat de vier Debye model
parameters alleen gelijktijdig geïnterpreteerd kunnen worden als de permittiviteit 
van de bodem dispersief is in de frequentiebandbreedte van TDR. Dit werd 
geïllustreerd door middel van inverse modellering met een frequentie 
onafhankelijke permittiviteit. Ook deze vereenvoudigde analyse gaf nauwkeurige en 
reproduceerbare resultaten voor de zandige bodem die in dit hoofdstuk gebruikt 
werd. 

In hoofdstuk 3 wordt de nauwkeurigheid van drie frequentiedomein analyse 
scenario's voor het bepalen van de frequentie afhankelijke permittiviteit vergeleken 
met behulp van het 'Shuffled Complex Evolution Metropolis' algoritme 
(SCEM-UA). De drie scenario's zijn: 1) analyse van TDR golfvormen in het 
tijddomein, 2) analyse van TDR golfvormen na conversie naar het 
frequentiedomein en 3) analyse van netwerk analyzer (NWA) metingen in het 
frequentiedomein. Een analyse van artificiële metingen met toegevoegde 
instrumentele ruis liet zien dat de analyse van NWA metingen in het 
frequentiedomein de hoogste nauwkeurigheid heeft. Het bleek ook dat de analyse 
van T D R metingen in het tijddomein nauwkeuriger is dan de analyse in het 
frequentiedomein. De analyse van echte NWA metingen liet zien dat nauwkeurige 
schattingen van de Debye parameters verkregen kunnen worden met het 
SCEM-UA algoritme, ook als de werkelijke waarde van een Debye parameter 
buiten de frequentiebandbreedte van TDR valt. Uit de NWA metingen bleek echter 
ook dat de resultaten van de frequentiedomein analyse gevoelig zijn voor 
modelfouten. Deze modelfouten zijn groter voor 3-poots TDR sensoren dan voor 
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7-poots sensoren. Het SCEM-UA algoritme levert een waardevolle bijdrage aan de 
frequentiedomein analyse. Eerder gevonden problemen met parameter identificatie 
en de initialisatie van de optimalisatie worden vermeden met dit algoritme. 
Bovendien kunnen de betrouwbaarheidsintervallen van het SCEM-UA algoritme 
gebruikt worden om goed geïdentificeerde van betekenislo2e Debye parameters te 
onderscheiden. Dit biedt een oplossing voor een van de problemen die in 
hoofdstuk 2 werd besproken. 

In hoofdstuk 4 worden twee benaderingen voor het verbeteren van de 
nauwkeurigheid van bulkgeleidbaarheidsmetingen met 3-poots TDR sensoren 
vergeleken. De eerste benadering is gebaseerd op directe metingen van kabel- en 
sensoreigenschappen en de tweede benadering is gebaseerd op de arbeidsintensieve 
kalibratie van het TDR systeem (inclusief verschillende kabellengtes) in zout-
oplossingen met verschillende geleidbaarheid. Kalibratie blijkt de meest 
nauwkeurige geleidbaarheidsmetingen op te leveren voor 3-poots sensoren. Direct 
gemeten kabel- en sensoreigenschappen wijken af van de gekalibreerde (optimale) 
waarden en daarom zijn deze directe metingen niet aan te raden om de arbeids
intensieve kalibratie te vermijden. In plaats hiervan kan de kalibratieduur verkort 
worden door de kalibratie te beperken tot twee welgekozen combinaties van 
kabellengte en geleidbaarheid van de zoutoplossing. 

In hoofdstuk 5 wordt de nauwkeurigheid van het meten van het 
bodemwatergehalte met de 'ground wave' van de GPR bepaald. Het watergehalte 
van 5x2x0.1 meter plots uitgezet op verschillende bodems werd bepaald met 
gravimetrie, TDR metingen en GPR metingen met enkelvoudige en meervoudige 
antenne-afstanden. Om het verschil in meetvolume tussen de methoden te 
compenseren werden 15 TDR metingen en 10 gravimetrische bepalingen van het 
bodemwatergehalte geaggregeerd tot het volume van de 5x2x0.1 meter plots. Om 
praktische redenen is er aangenomen dat dit volume gelijk is aan het meetvolume 
van de GPR-metingen. De kalibratie tussen permittiviteit en bodemwatergehalte 
bleek hetzelfde te zijn voor TDR en GPR nadat het verschil in meetvolume was 
gecompenseerd. Beschikbare TDR kalibraties kunnen daarom gebruikt worden 
voor GPR. De nauwkeurigheid van watergehaltemetingen met behulp van GPR-
metingen met meervoudige antenne-afstanden is gelijk aan de nauwkeurigheid van 
TDR. Watergehaltemetingen gebaseerd op een vaste antenne-afstand zijn iets 
minder nauwkeurig. GPR is geschikt voor watergehaltemetingen van bodems met 
een textuur die varieert van zand tot zware zavel. GPR is minder geschikt voor 
bodems met een zwaardere textuur omdat de hoge bulkgeleidbaarheid van deze 
bodems in het algemeen zorgt voor een sterke demping van de 'ground wave'. De 
overeenkomst tussen metingen van het bodemwatergehalte met 225 MHz 
radarantenna's, 450 MHz radarantenna's en TDR metingen met een 0.10 meter 
lange TDR sensor suggereert dat de meetdiepte van de 'ground wave' beperkt is tot 
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de bovenste centimeters van de bodem en dat de meetdiepte relatief onafhankelijk 
is van de radarfrequentie. Hier moet echter bij gezegd worden dat de variatie van 
het watergehalte met de diepte niet gemeten is. 

Hoofdstuk 6 richt zich op twee belangrijke voorwaarden voor nauwkeurige en 
reproduceerbare metingen van het watergehalte met de 'ground wave' van de GPR. 
De eerste voorwaarde is dat de extra apparatuur die nodig is voor het meten van 
het watergehalte (sleden, odometer en 3-wielsscooter) niet te sterk interfereert met 
de radarmetingen. Uit de metingen blijkt dat de extra apparatuur zorgde voor 
1) een afname van de amplitude van de 'ground wave', 2) veranderingen in de 
golfvorm van zowel de 'air wave' als de 'ground wave' en 3) verstoring van de 'air 
wave'. De kwaliteit van de radarmetingen met de extra apparatuur is echter 
afdoende voor een nauwkeurige bepaling van de aankomsttijden van de 'air wave' 
en de 'ground wave'. De tweede voorwaarde is dat het mogelijk moet zijn om de 
permittiviteit van de bodem te berekenen uit de aankomsttijden van de 'air wave' en 
de 'ground wave' gemeten met een vaste antenne-afstand. Sperl (1999) vond echter 
dat er een significant verschil kan zijn tussen de geschatte aankomsttijden van beide 
golven op antenne-afstand nul. Uit de metingen blijkt dat er inderdaad een 
gemiddeld tijdsverschil van 0.5231 ns is met een grote standaarddeviatie. Een 
gevoeligheidsanalyse van dit tijdsverschil als een functie van positionele 
onzekerheid, onzekerheid in het bepalen van de aankomsttijden en ruimtelijke 
heterogeniteit van het watergehalte in het meetvolume van de GPR liet zien dat de 
grote standaarddeviatie van het tijdsverschil verklaard kan worden met deze 
factoren. Het gemiddelde tijdsverschil kan niet verklaard worden. Een correctie 
voor dit tijdsverschil zou de nauwkeurigheid van het meten van watergehalte met 
GPR verbeteren. Het is echter wel zo dat de grote standaarddeviatie van het 
tijdsverschil het moeilijk maakt om de benodigde correctiefactor nauwkeurig te 
schatten. 

In hoofdstuk 7 en 8 worden de resultaten van een veldexperiment gepresenteerd 
waarin een heterogeen patroon in watergehalte werd gecreëerd door middel van 
irrigatie. Het doel van dit experiment was om de mogelijkheden van GPR voor het 
meten van ruimtelijke variatie in watergehalte vast te stellen. In hoofdstuk 7 
worden de mogelijkheden van GPR om de ruimtelijke variatie in watergehalte van 
een 3600 m2 groot veld te meten in detail besproken. Ter vergelijking werd de 
ruimtelijke variatie in watergehalte ook gemeten met TDR. GPR blijkt geschikt te 
zijn voor het meten van ruimtelijke variatie in watergehalte zoals beschreven in het 
semivariogram. Het grotere meetvolume van de GPR middelt kleinschalige variatie 
(<1.5 m) en resulteert daarom in een lage 'nugget' variantie. Het grote aantal 
gemakkelijk verkregen radarmetingen resulteert ook in een goed gedefinieerd 
experimenteel variogram. Dit in tegenstelling tot het variogram voor TDR dat veel 
ruis vertoonde. Een poging om met behulp van de regularisatietheorie het verschil 
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in meetvolume tussen GPR en TDR te overbruggen mislukte. Mogelijke 
verklaringen voor het mislukken zijn: 1) de ruis in het experimentele variogram van 
TDR gecombineerd met de gevoeligheid van de regularisatie voor een keuze van de 
'nugget' variantie en 2) de onzekere meetdiepte van de 'ground wave'. 
Geïnterpoleerde kaarten van bodemwatergehalte laten zien dat GPR beter geschikt 
is dan TDR voor het karteren van grenzen tussen eenheden met een verschillend 
watergehalte. Dit komt door het grotere aantal metingen dat GPR in een gegeven 
tijdspanne kan meten. Kleinschalige patronen in watergehalte (1-5 meter) worden 
zowel door GPR als TDR niet nauwkeurig gekarteerd. Het is echter wel zo dat de 
kans om kleinschalige patronen te meten groter is voor GPR omdat de 
meetdichtheid met deze methode groter is. 

In hoofdstuk 8 worden de kwaliteiten van GPR en TDR voor het vaststellen 
van de temporele ontwikkeling van ruimtelijke variatie in watergehalte vergeleken. 
De ruimtelijke variatie van het bodemwatergehalte werd in een periode van 30 
dagen 18 keer gemeten met GPR en TDR. In deze periode werd het irrigatie
experiment tweemaal uitgevoerd. De temporele ontwikkeling van het ruimtelijke 
patroon werd bestudeerd door middel van het variogram en geïnterpoleerde 
kaarten van het watergehalte. Betrouwbaarheidsintervallen van het experimentele 
variogram en de daarop gefitte modelparameters werden berekend met een zgn. 
jackknife procedure en een eerste orde benadering van de onzekerheid in 
modelparameters. De betrouwbaarheidsintervallen van de GPR variogrammen zijn 
veel kleiner dan de intervallen van de TDR variogrammen. Dit kwam weer door 
het grote aantal radarmetingen. De onzekerheid in de gefitte modelparameters is 
ook veel lager voor GPR dan voor TDR. De temporele ontwikkeling van de 
ruimtelijke variatie in watergehalte gemeten met GPR is daarom gemakkelijker te 
interpreteren. De geïnterpoleerde kaarten van de toename van het watergehalte 
door irrigatie zijn ook nauwkeuriger en reproduceerbaarder voor GPR. 

In de synthese (hoofdstuk 9) wordt tenslotte de mogelijkheid van een 
combinatie van GPR en TDR metingen besproken. Zo'n combinatie zou moeten 
leiden tot een verbeterde beschrijving en een beter begrip van de ruimtelijke en 
temporele variatie van bodemwatergehalte. Er worden twee methoden besproken: 
ruimte-tijd geostatistiek en data assimilatie. Het succes van deze methoden zal 
afhangen van de kwaliteit van de metingen. Het is daarom van essentieel belang dat 
er ook in de toekomst nauwkeurige technieken voor het meten van het 
bodemwatergehalte ontwikkeld en getest zullen worden. De bepaling van 
nauwkeurigheid, reproduceerbaarheid en haalbaarheid van het meten van 
watergehalte met GPR en TDR, die gepresenteerd werd in dit proefschrift, draagt 
bij aan dit belangrijke onderzoeksgebied. 
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STELLINGEN 

1. Analyse van 'time domain reflectometry (TDR)' metingen zonder subjectieve 
analyseparameters zal steeds belangrijker worden naarmate de acquisitie en de 
analyse van TDR metingen verder worden geautomatiseerd (ditproefschrift). 

2. De nauwkeurigheid van de bepaling van de frequentieafhankelijke diëlektrische 
permittiviteit door middel van inverse modellering van netwerk analyzer metingen 
met 3- en 7-poots TDR sensoren wordt beperkt door de modelfout van het 
scatterfunctie-model (ditproefschrift). 

3. Het idee om de gevoeligheid van inverse modellering te vergroten door in plaats van 
alle metingen slechts de meest informatieve metingen te gebruiken, leidt in ieder 
geval voor de inverse modellering van TDR metingen tot een overschatting van de 
'equifinality'-problemen (ditproefschrift, in reactie op Weerts et al., 2001). 

4. Het is verontrustend dat de gemeten kabelweerstand niet overeenkomt met de 
gekalibreerde kabelweerstand op basis van geleidbaarheidsmetingen met TDR (dit 
proefschrift). 

5. De belangrijkste openstaande vraag in het onderzoek naar het meten van het 
bodemwatergehalte met de 'ground wave' van GPR is die naar de meetdiepte van 
deze methode (ditproefschrift). 

6. Het gebruik van variogram-modelparameters als samenvatting van de gemeten 
ruimtelijke variatie zoals gebruikelijk in studies naar de ruimte-tijd ontwikkeling van 
bodemwatergehalte moet, gezien de vaak grote onzekerheid van deze model
parameters, gepaard gaan met een maat voor de betrouwbaarheid (ditproefschrift). 

7. Het is onwaarschijnlijk dat één enkele nieuwe meetmethode zal leiden tot een 
doorbraak op het gebied van de beschrijving van het bodemwatergehalte in ruimte 
en tijd. Vooruitgang is pas te verwachten als meerdere databronnen op een 
intelligente manier worden gecombineerd, zodanig dat er rekening wordt gehouden 
met de sterke en zwakke kanten van elke bron. Data assimilatie zal hier bij een 
belangrijke rol spelen, (vrij naar McLaughlin, 1995). 

8. Het Nederlandse democratische ideaal is het compromis: iedereen is pas tevreden 
als niemand zijn zin krijgt. 

9. Het is altijd weer verassend hoe uitermate complex iets eenvoudigs kan zijn. 

10. The best things in life are not things (Amerikaanse bumpersticker). 

(Stellingen bij het proefschrift 'Measuring soil water content with time domain reflectometry and 
ground-penetrating radar, accuracy, reproducibility andfeasibility'van Sander Huisman). 






