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A B S T R A C T   

Ground-penetrating radar (GPR) and electromagnetic induction (EMI) are used to determine and map soil water 
content (SWC) in the agricultural landscape. While GPR provides a straightforward estimation of SWC, EMI 
requires site-specific calibrations mainly based on point-scale measurements such as time domain reflectometry 
(TDR). However, there is a significant difference in the measurement volumes between EMI and point-scale TDR 
measurements. This study aimed to enhance the calibration of EMI for estimating SWC in the agricultural 
landscape by leveraging the larger sampling volumes provided by GPR. Apparent electrical conductivity (ECa) 
from a multi-coil EMI sensor and dielectric constant from GPR with two center frequencies (500 MHz and 250 
MHz) were collected as soil proxies along with TDR measurements. Calibration models were developed under 
irrigated conditions and the model evaluation was conducted under natural moisture conditions. Correlations 
were assessed between the proxies from GPR and EMI with TDR-derived SWCs. Simple linear regression (SLR) 
models were developed between EMI and GPR data to predict SWC. Strong positive correlations (r ≥ 0.80) were 
observed between the proxies (GPR and the shorter inter-coil spacing (0.32 m) of EMI) and TDR-measured SWC. 
ECa data from vertical and horizontal coil orientations of the shorter inter-coil spacings were selected to develop 
SLR models with GPR. The SLR models with the GPR 500 MHz frequency showed a higher coefficient of 
determination (R2 > 0.70) for both coil orientations of EMI. Results showed the potential of using GPR to 
calibrate EMI for shallow SWC estimation (below 0.5 m). Nevertheless, the EMI estimated SWCs were not 
effectively verified with GPR-estimated SWCs, which could be attributed to specific site conditions in the study 
area. Further research must focus on improving the calibration and model evaluation by incorporating the 
variability of other soil parameters (soil porosity, pore-water conductivity, and soil salinity) that may affect the 
SWC–ECa relationship.   

1. Introduction 

The variability of soil water content (SWC) is significant both in 
space and time, and it plays a crucial role in maintaining healthy soil 
ecosystems. Real-time monitoring of SWC is vital for agriculture as it 
controls water balance in the vadose zone, plant growth and crop yield, 
nutrient absorption, and soil health (Vereecken et al., 2008, 2016; 
Wijewardana and Galagedara, 2010). Furthermore, SWC controls 
physical (e.g., penetration resistance, soil temperature, and saturation), 
chemical (e.g., soil salinity, nitrogen mineralization, soil pH), and bio
logical (e.g., microbial activity) soil properties, states and processes that 

affect plant growth (Robinson et al., 2008). In precision agriculture, 
spatial and temporal variability of SWC is crucial to managing resources 
for optimizing crop yields with minimum inputs and scheduling 
irrigation. 

SWC estimation ranges from large scales over several kilometers 
using remote sensing approaches (e.g., satellite, drones and airborne 
remote sensing) to small-scale point measurements (e.g., soil sampling 
and sensors like Time Domain Reflectometry (TDR)) covering a few 
centimeters (Robinson et al., 2008; Turkeltaub et al., 2022; Vereecken 
et al., 2014). Ground-penetrating radar (GPR) and electromagnetic in
duction (EMI) are near-surface geophysical techniques that utilize 
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electromagnetic fields. These methods can be used to assess and map the 
spatial and temporal variability of SWC. These two techniques fall be
tween remote sensing and point-scale measurements (Binley et al., 2015; 
Doolittle and Brevik, 2014; Huisman et al., 2003; Klotzsche et al., 2018). 
Moreover, GPR and EMI are non-destructive, labour and time-saving, 
and cost-effective SWC estimation methods, thereby offering addi
tional benefits over standard methods (Doolittle and Brevik, 2014; Liu 
et al., 2019; Pathirana et al., 2023). Furthermore, GPR and EMI provide 
higher-resolution information with a more extensive spatial coverage 
with geo-referenced data to estimate and map the SWC in the agricul
tural landscape (Klotzsche et al., 2018; Robinson et al., 2008; Rubin and 
Hubbard, 2005; Toy et al., 2010). 

GPR uses high-frequency electromagnetic waves (usually in the 
range of 10–3600 MHz), while EMI uses relatively low-frequency ranges 
(usually in the range of 1–100 kHz) (Davis and Annan, 1989; Klotzsche 
et al., 2018). EMI and GPR responses are primarily related to subsurface 
electrical parameters whereby mainly the dielectric constant (Kr) and 
apparent electrical conductivity (ECa) are the proxies measured by GPR 
and EMI, respectively (Annan, 2005; Doolittle and Brevik, 2014). GPR- 
based SWC estimation has been widely used in agricultural research. The 
Kr values varies from 1 (air) to 80 (water), with all other materials falling 
within this range. Therefore, the Kr of soil is mainly controlled by the 
SWC (Davis and Annan, 1989; Topp et al., 1980). SWC influences the 
propagation wave velocity of GPR since the velocity varies with Kr 
(Annan, 2005). In GPR applications, the Topp equation is often used to 
estimate SWC from Kr (Topp et al., 1980). Direct ground wave velocity 
(VDGW), reflected wave velocity, transmitted wave velocity and reflec
tion amplitudes are used to assess volumetric SWC with GPR. Previous 
studies estimated and mapped the spatial and temporal variability of 
shallow SWC (<50 cm) with GPR VDGW and validated successfully with 
standard methods such as TDR and thermo-gravimetric methods 
(Chanzy et al., 1996; Galagedara et al., 2003a; Grote et al., 2010; 
Huisman et al., 2001; Mahmoudzadeh Ardekani, 2013). Advanced full- 
wave modelling and radar data inversion enable automated and real- 
time soil moisture mapping (Minet et al., 2012; Wu et al., 2019, 
2022). While EMI measures the ECa of the subsurface soil, which is a 
weighted average value of the bulk soil EC of the solid and solution 
conductivities over a specific sensing depth range. The sensing depth 
and sampling volume are dependent on the coil orientations, vertical 
coplanar (VCP) and horizontal coplanar (HCP), and inter-coil spacings 
of the transmitter and the receiver (McNeill, 1980). SWC strongly in
fluences ECa, therefore, empirical regression models are often developed 
between ECa measured by EMI and SWC (Altdorff et al., 2017; Badewa 
et al., 2018; Brevik et al., 2006; Kachanoski et al., 1988; Martini et al., 
2017a; Robinet et al., 2018). The majority of studies show site-specific 
linear empirical relationships between the SWC and ECa (Brevik et al., 
2006; Calamita et al., 2015; Robinson et al., 2012; Turkeltaub et al., 
2022; Mensah et al., 2023a, 2023b), with fewer showing non-linear 
relationships (Kachanoski et al., 1988; Robinet et al., 2018). Besides 
SWC, soil ECa depends on other parameters, including soil texture, 
temperature, bulk density/porosity, pore-water electrical conductivity 
and mineralogy (Altdorff et al., 2017; Friedman, 2005; Martini et al., 
2017b; Robinet et al., 2018). Therefore, SWC predictions with ECa are 
complex and require site-specific calibrations (Altdorff et al., 2017; 
Turkeltaub et al., 2022). 

TDR has been commonly used as a standard method to compare GPR 
and EMI estimated SWC during the past two decades. Similar to GPR, 
TDR is used to estimate SWC based on Kr and provides a point-scale 
measurement over the length and spacing between the rods of the 
probe since it uses guided waves (Jones et al., 2002; Weiler et al., 1998). 
Moreover, TDR covers a relatively smaller sampling volume than the 
depth and the footprint of GPR and EMI depending on the system 
configuration and sensor geometry (Evett and Parkin, 2005; Ferré et al., 
1996). In addition, TDR probes must be inserted or installed. It creates 
small-scale disturbance affecting microscale water flow patterns and 
installing TDR probes is difficult in most field conditions/applications, 

specifically beyond the 0.20 m depth range. Nevertheless, TDR probes 
are usually installed in the soil, providing the capability to capture the 
SWC variability with various resolutions across different time laps. This 
feature is highly valuable for investigating the temporal fluctuations in 
SWC in the agricultural landscape. 

The sampling volume of EMI and point-scale TDR measurements are 
different (Fig. 1). Thus, spatial scale heterogeneity of measured SWC 
varies between the two methods. For example, a relatively large sample 
volume of EMI gives an average SWC over the footprint and sampling 
depth. In contrast, TDR captures the small-scale heterogeneity of SWC 
(Fig. 1). In this respect, many sampling locations and depths are needed 
with these point-scale measurements to represent the spatial coverage of 
EMI (sampling depth and footprint) and for developing and evaluating 
accurate site-specific prediction models. This ground-truthing process is 
often tedious, time-consuming, and destructive. On the other hand, GPR 
has the advantage of directly relating the radar wave (either direct or 
reflected wave) velocity to SWC changes without using empirical 
relationships/site-specific calibrations like EMI (Steelman and Endres, 
2011). Toy et al. (2010) examined the temporal variation of SWC with 
ECa and VDGW in three texturally different study sites. They compared 
EMI and GPR and found that ECa (R2 < 0.75) and VDGW (R2 < 0.90) 
correlated well with the thermo-gravimetric method at the silt loam site 
compared to the sand and sandy loam sites (Toy et al., 2010). Generally, 
the lower accuracy of the ECa-SWC relationship in coarse-textured soils 
compared to fine-textured soils could potentially explain this 
observation. 

Compared to the point-scale measurements, both EMI and GPR can 
cover multiple depths without any disturbances. Multi-coil and multi- 
frequency EMI sensors with VCP and HCP coil orientations can cover 
different sampling depths (McNeill, 1980). As for GPR, sampling depth 
increases with decreasing the operating frequency (Annan, 2005). 
However, EMI can sense different depths simultaneously compared to 
the GPR when using multi-coil or multi-frequency sensors. In addition, 
EMI can also provide key soil information other than SWC, such as soil 
salinity, porosity, and clay content, which are essential for decision- 
making in precision agriculture. Additionally, when conducting sur
veys on agricultural lands with crops, on-ground GPR encounters con
tact issues known as ground-coupling. This problem is absent in off- 
ground GPR and EMI techniques, as these instruments are positioned 
at a distance above the ground. However, it is important to note that off- 
ground GPR primarily captures surface reflections in agricultural fields, 
typically sensitive to the top 50 cm of soil depth, depending on the 
frequency range (Wu and Lambot, 2022). 

Considering these factors, we hypothesize that GPR can be used to 
calibrate EMI for accurate estimation of SWC. Therefore, the calibration 
model would cover a larger sampling volume than the point-scale 
measurements. This novel approach facilitates the development of 
SWC prediction models to estimate and map spatial (vertical and hori
zontal scales) and temporal variability of SWC non-destructively. This 
study aimed to develop and evaluate calibration models for EMI to es
timate SWC using GPR as ground truth. Accordingly, the specific ob
jectives of this study were to: (1) correlate two proxies; Kr from on- 
ground GPR and ECa from EMI, with SWC measured from TDR 
(SWCTDR); (2) assess the accuracy of GPR estimated SWC (SWCGPR) in 
order to calibrate and evaluate EMI; and (3) develop and evaluate 
calibration models for EMI to estimate SWC, using GPR. This study 
developed site-specific predictive regression models between SWCGPR 
and EMI measurements to predict SWC. Hereafter these predictive 
regression models will be referred to as “calibration”. 

2. Methodology 

2.1. Study area 

The study was conducted at the Western Agriculture Center and 
Research Station, Pynn’s Brook, Pasadena, (49◦04′20″N, 57◦33′35″W), 
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Newfoundland, Canada (Fig. 2), which is managed by the Department of 
Fisheries, Forestry and Agriculture, Government of Newfoundland and 
Labrador, Canada. The site is a fallow grassland with no agricultural 
activity during the past eight years. The soil texture in the 0–0.50 m 
depth of the site is loamy sand (sand = 83.0 % (±1.25); silt = 14.6 % 
(±1.21); clay = 2.4 % (±0.04); n = 25), soil organic matter content (dry 
mass basis) is 4.18 % (±0.39; n = 25), and the average bulk density is 
1.31 (±0.01; n = 25) g/cm3. According to the Canadian soil classifica
tion, the loamy sand soil at the studied site is characterized as an orthic 
humic podzol (Soil Classification Working Group, 1998). 

2.2. Field data collection 

Two different data acquisition approaches were implemented at the 
study site: (1) calibration of EMI using the on-ground GPR method under 
background and irrigated conditions; and (2) evaluation of the calibra
tion models under natural moisture conditions. A 3 m × 6 m area was 
selected for the calibration, and a 9 m × 6 m (i.e., three times larger) area 
was selected for the evaluation. 

Under the irrigation, 20 mm of fresh water (EC = 1 mS/m) was 
applied uniformly using a shower head to the calibration study area/ 
plot. The irrigated water amount was calculated to increase the SWC by 
10 % from the background SWC, based on 0.20 m soil depth. From 0 to 
0.20 m depth was considered since it is a dynamic interface between the 
soil, vegetation, atmosphere, and human activities, impacted by pre
cipitation, evaporation, and infiltration. Additionally, this research 
focused on estimating SWC at the shallow root zone to support precision 
agriculture. GPR and EMI surveys and TDR data collections were con
ducted in two stages in the calibration data set: (1) before irrigation as 
background (BKG); and (2) after the end of irrigation (EOI). Model 
evaluation data were collected in an adjacent area next to the calibrated 
area (including the calibrated area) to examine the applicability of the 
regression models developed during the calibration under the natural 
SWC variability. System configuration and survey set-up for EMI and 

GPR data acquisition were the same in calibration and model evaluation 
data sets. 

EMI surveys were conducted in continuous mode, using a multi-coil 
EMI sensor (CMD-MINIEXPLORER, GF instruments, Czech Republic) 
with an EMI frequency of 30 kHz. The instrument has one transmitter 
coil and three receiver coils in three different inter-coil spacings (offset 
1 = 0.32 m, offset 2 = 0.71 m, and offset 3 = 1.18 m). Two separate 
surveys were carried out for VCP and HCP coil orientations. These inter- 
coil spacings and coil orientations resulted in six integrated depths of 
measured ECa data (see Appendix Fig. A.1). The depth range covered by 
coil 2 and 3 is beyond the scope of the sampling depth of this study. 
Therefore, coils 2 and 3 were excluded from further analysis. The in
strument was factory calibrated. Prior to each survey, the instrument 
was warmed up for a minimum of 30 min. Given the CMD’s high tem
perature stability (Guide for electromagnetic conductivity mapping and 
tomography – GF instruments), no instrumental drift in ECa measure
ments was anticipated. During the surveys, the instrument was consis
tently carried out using a handle with an average height of 0.20 m above 
the ground, and the same person conducted all the surveys to maintain a 
constant height and speed. EMI surveys were conducted at 0.5 m in
tervals starting from the 0 m line in the X direction resulting in 7 survey 
lines for the calibration data set (Fig. 3a) and 19 survey lines for the 
evaluation data set (Fig. 3b). 

GPR data were collected by employing 500 MHz and 250 MHz center 
frequency GPR transducers (PulseEKKOPro, Sensors and Software, 
Canada) with the settings in Table 1. GPR survey lines were carried out 
in fixed offset method survey mode at 1 m line intervals starting from the 
0.5 m line in the X direction resulting in three survey lines for the 
calibration data set (Fig. 3a) and nine survey lines for the model eval
uation data set (Fig. 3b). A field-calibrated TDR sensor with 0–0.20 m 
probe length was used to measure SWC, and measurements were taken 
at five selected locations in each sub-plot in the calibration data set. 
Three measurements were taken at each data collection location to get 
an average TDR value for each location to roughly cover the GPR and 

Fig. 1. Representation of the different sampling volumes of electromagnetic induction (EMI) and time domain reflectometry (TDR).  

Fig. 2. The study site located at the Western Agriculture Center and Research Station, Pasadena, Newfoundland, Canada (49◦04′20″N, 57◦33′35″W).  
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EMI footprint (Fig. 3a). 

2.3. Data processing 

The subsurface electrical properties are affected by soil temperature, 
which is not stable; therefore, the measured ECa values with EMI were 
first corrected for temperature differences in different stages (BKG – 
20.6 ◦C (±0.1) and EOI – 28.5 ◦C (±0.2)) in the calibration data set and 
evaluation data set (20.5 ◦C (±0.1)). ECa is expressed at the reference 
temperature of 25 ◦C. By using Eqs. (1) and (2), ECa measured at an 
actual temperature t (ECt) can be converted to the ECa at 25 ◦C (EC25) 
(Corwin and Lesch, 2005; Sheets and Hendrickx, 1995), where ft is the 
temperature conversion factor. 

ft = 0.4470+ 1.4034e− t/26.815 (1)  

EC25 = ft⋅ECt (2) 

GPR data were corrected for the time zero shift and processed by 
applying bandpass and dewow filters and gain functions. The direct 
ground wave travel times were picked using the GPR processing soft
ware’s assisted pick processing tool and converted to velocities (VDGW). 
Then, respective Kr was calculated using Eq. (3), where c is the speed of 
electromagnetic waves in the free space, i.e., 0.3 m/ns (Annan, 2005). 
Volumetric SWC was calculated using the petrophysical relationship 
proposed by Topp et al. (1980) Eq. (4). 

Kr =

(
c

VDGW

)2

(3)  

SWC = − 5.3 × 10− 2 + 2.92 × 10− 2Kr − 5.5 × 10− 4K2
r + 4.3 × 10− 6K3

r (4) 

Variograms were fitted for the temperature-corrected ECa data and 
GPR-estimated SWC data. Variogram fitting parameters and ordinary 
(point) kriging were used to prepare the interpolated ECa and SWC 
maps. Data points were digitized for selected locations to obtain ECa and 
SWC data for statistical analysis. For the calibration data set, 15 loca
tions were selected for digitizing based on the TDR data locations. For 
the evaluation data set, 270 data points were digitized in 0.2 m intervals 
(30 data points per line) along the Y directions in all the 9 GPR survey 
lines (Fig. 3). 

Sampling depths (D) were calculated for different GPR frequencies 
using Eq. (5) proposed by Galagedara et al. (2005). This equation was 
initially developed for a sandy loam soil under wet and dry conditions. 
Subsequently, it was found to be equally effective when applied to sandy 
soils (Grote et al., 2010). The equation was selected since the studied site 
predominantly contains more than 80 % of sand. In Eq. (5), λ is the 
wavelength, calculated using the operation frequency and propagation 
wave velocity. 

D = 0.6015λ+ 0.0468 (5)  

2.4. Statistical analysis 

One-way analysis of variance (one-way ANOVA) tests were carried 
out for the calibration data set to see the treatment effect (irrigation) on 
the proxies from EMI (ECa) and GPR (Kr) with SWCTDR. The null hy
pothesis was that the group means of BKG and EOI were equal at the 
0.05 significance level. 

Correlation analyses were carried out between SWCTDR and proxies 
from GPR (Kr estimated from 500 MHz (Kr500) and 250 MHz (Kr250)) and 
EMI (ECa from coil 1 vertical coplanar (VCP1), and horizontal coplanar 
(HCP1)) collected during the BKG and EOI stages in the calibration data 
set (Fig. 4). Principle component analysis (PCA) was done to select 
significant variables before carrying out regression models. For the PCA, 
SWCTDR, and SWC estimated from GPR 500 MHz (SWC500) and 250 MHz 
(SWC250), and coil 1 ECa data of two coil orientations (VCP1 and HCP1) 
from EMI were plotted. Based on the PCA results, the best correlated coil 
orientations of EMI and GPR frequencies were selected for further 
analysis (Fig. 4). 

In this study, GPR-estimated SWC was used to calibrate the EMI in
strument by correlating SWCGPR with ECa data. Therefore, two GPR- 
estimated SWCs (SWC500 and SWC250) were compared with SWCTDR 

Fig. 3. Field diagram showing the data collection procedure and plots for calibration and evaluation: (a) calibration of electromagnetic induction (EMI) using 
ground-penetrating radar (GPR) under background (BKG) and irrigated (EOI) conditions, and (b) evaluation of the calibration models under natural mois
ture conditions. 

Table 1 
Ground-penetrating radar (GPR) settings under two center frequencies.  

Settings 250 MHz 500 MHz 

Antenna separation 0.38 m 0.23 m 
Antenna step-size 0.05 m 0.05 m 
Time window 100 ns 50 ns 
Sampling interval 0.4 ns 0.2 ns 
Stacking 32 32 
Gain Auto-gain Auto-gain  
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using the 1:1 line. 
Regression models were developed with the selected ECa data sets 

and GPR frequencies based on the results of the one-way ANOVA, cor
relation analysis, and PCA. The novel approach used in this study was to 
calibrate ECa (EMI measured) with GPR, as both methods have a sam
pling volume somewhat similar when compared to point-scale SWCs 
measured with TDR. Therefore, SWCTDR was not used to develop 
regression models for ECa. The developed regression models were then 

applied to another set of SWCGPR under natural moisture conditions 
(model evaluation data set) to assess the prediction accuracy. GPR- 
estimated, and EMI-predicted SWCs were tested statistically using the 
1:1 line, RMSE, and Lin’s concordance correlation coefficient (Fig. 4). 
All the statistical analyses were done at the 5 % probability level (α =
0.05). 

Fig. 4. Flow chart of the statistical data analysis for model calibration and evaluation.  
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3. Results and discussion 

3.1. Analysis of variance and variability of data 

The null hypothesis assumed that the mean values in both stages, 
BKG and EOI, were equal. According to the results of the one-way 
ANOVA, the probability value (p-value) is lower than the 0.05 signifi
cant level (Table 2). Consequently, the null hypothesis is rejected, 
signifying that not all means are equal. F values explain the variation 
between the group and within the group. F-value is higher than the 
Fcritical value (4.196) in the data set (Table 2). Therefore, the mean 
difference is significant in the data set at the 0.05 significance level. The 
letters (a, b) indicate significant differences within each stage of BKG 
and EOI based on the Tukey’s tests (Table 2). With the applied irrigation, 
SWC increased from BKG to EOI; therefore, SWCTDR, Kr500, and Kr250 
increased as expected. On the other hand, when increasing SWC, ECa 
also increases (Calamita et al., 2015; Toy et al., 2010). VCP1 and HCP1 
showed an increasing trend in ECa with applied irrigation. Accordingly, 
one-way ANOVA showed that SWCTDR, Kr500, Kr250, VCP1, and HCP1 
data significantly differed from BKG to EOI in the calibration data set. 

3.2. Correlation between soil water content and proxies 

Correlations between SWCTDR and proxies from GPR and EMI 
showed different strengths and directions for the calibration data set in 
the 0.05 significance level. Kr500 and Kr250 showed strong positive cor
relations with SWCTDR, as expected. Kr500 showed a higher correlation (r 
= 0.843, p-value = 0.000) with SWCTDR compared to Kr250 (r = 0.802, p- 
value = 0.000) (Fig. 5). According to previous studies, ECa generally co- 
varies with SWC (Altdorff et al., 2017; Calamita et al., 2015; Toy et al., 
2010). In this study, VCP1 and HCP1 also showed strong positive cor
relations with SWCTDR. The HCP1 showed a higher correlation (r =
0.878, p-value = 0.000) with SWCTDR compared to VCP1 (r = 0.797, p- 
value = 0.000) (Fig. 6), and both correlations are statistically significant 
(p-value < 0.05). 

3.3. Principal component analysis 

The PCA biplot effectively illustrates and explains the data using two 
principal components (PC1 and PC2), which together explain 87.27 % of 
the variance. Data points from the same stage (BKG and EOI) are 
grouped closely together, indicating their similar principal component 
scores, while the different stages; BKG and EOI exhibit a distinct sepa
ration (Fig. 7). In particular, BKG is characterized by relatively lower 
PCA scores, while EOI displays relatively higher PCA scores along the 
PC1(Fig. 7). All these tested variables (SWCTDR, SWC250, SWC500, HCP1, 
and VCP1) projected in the same direction as PC1, indicating a positive 
correlation with PC1 (Fig. 7). Furthermore, these variables exhibit closer 
proximity to each other and a strong positive correlation (Fig. 7), thus 
justifying their selection for the development of regression models. 

3.4. Volumetric soil water content estimated from GPR and TDR 

The scatter plots and the regressions between SWCTDR and SWCGPR in 
both 500 MHz (SWC500; R2 = 0.95) and 250 MHz (SWC250; R2 = 0.93) 
revealed high accuracy, implying that GPR provides a valid estimation 
of SWC (Fig. 8). A higher accuracy and better agreement with the 1:1 
line of SWC500 could be due to a comparable sampling depth of a 500 
MHz antenna with SWCTDR than that of a 250 MHz antenna (Fig. 8). 
Calculated sampling depth for GPR 500 MHz (0–0.19 ± 0.03 m) is 
relatively similar to the TDR sampling depth (0–0.20 m). On the other 
hand, the sampling depth calculated for GPR 250 MHz (0–0.35 ± 0.04 
m) is relatively higher than the TDR sampling depth. SWCTDR and 
SWCGPR are close to each other at low water contents. With the applied 
irrigation, the upper soil layer (0–0.2 m) becomes wetter than the deeper 
layers (<0.2 m is wet and >0.2 m is dry because the applied water 
amount is not enough to wet the deep soil layers). The instruments re
cord an average value (bulk soil Kr). Since the deeper layer is relatively 
dry and due to averaging over the sampling depth, 250 MHz GPR gives 
under estimations compared to TDR and 500 MHz GPR (TDR and 500 
MHz sampling depths are wet, in 250 MHz, the top half is wet while the 
rest is dry) (Fig. 8). These results showed that GPR-estimated SWCs are 
accurate and can be used to calibrate EMI. 

3.5. Development of simple linear regression models 

Based on the results of one-way ANOVA, correlation, and PCA ana
lyses, VCP1 and HCP1 measured ECa data were selected to develop 
simple linear regression (SLR) models with SWC500 and SWC250. SLR 
models and their details are shown in Table 3 and Fig. 9. In general, SLR 
models developed between SWC500 and ECa showed higher R2 than that 
of SWC250 (Table 3). Specifically, SWC500 showed higher R2 with ECa 
responses from shallow depths (VCP1 and HCP1) than the SWC250. 

The intercept of the SLR model represents the EC of the subsurface 
when SWC is zero. According to the developed SLR models, intercept 
values were reported as very low (<0.32 mS/m). The EC of dry sand is 
zero in principle since sand is resistive, whereas Annan, (2005) reported 
it to be around 0.01 mS/m. The texture of the studied site contains 
higher sand percentage (sand content > 80 %). Therefore, the studied 
site’s slightly higher intercept values (0.01 < intercept > 0.4 mS/m) 
could be acceptable as it contains silt and clay, and the soil is not 
completely dry. 

3.6. Evaluation of simple linear regression models 

Evaluation of developed SLR models revealed that the prediction 
accuracy of the developed model is low and deviated from the 1:1 line. 
VCP1 predicted SWCs were underestimated, while HCP1 predicted SWCs 
were overestimated compared to the GPR estimated SWC in both 500 
MHz and 250 MHz (Fig. 10). Variability is high in SWC250 compared to 
SWCs predicted from EMI using developed SLR models from 250 MHz; 
VCP1,250, and HCP1,250 (Figs. 10 and 11). Box and whisker plots also 
clearly show that VCP1 predicted SWCs (VCP1,500, and VCP1,250) 
underestimated and HCP1 predicted SWCs (HCP1,500, HCP1,250) over
estimated with the SWC500 and SWC250 (Fig. 11). Additionally, the 
RMSE of the GPR estimated vs. EMI predicted SWC is less than 5 cm/m 
in VCP1 and HCP1 predicted SWCs with both SWC500 and SWC250 
(Fig. 10). Lin’s concordance correlation coefficient showed a poor 
agreement between GPR-estimated SWC and EMI-predicted SWC for all 
the developed SLR models (Fig. 10). 

Moreover, descriptive statistics in Table 4 reveal that the calibration 
and evaluation datasets exhibit different ranges. The discrepancy may 
be attributed to the higher spatial variability observed in the evaluation 
area, as evidenced by the higher number of samples (n = 260) in the 
evaluation data set (Table 4 and Appendix Fig. A.2). The evaluation area 
has a higher SOM variability and lower bulk density compared to the 
calibration area. In addition, SOM content is higher in shallow depths 

Table 2 
Results of one-way analysis of variance (ANOVA) and Tukey tests of time 
domain reflectometry (TDR) measured soil water contents (SWC) and proxies of 
ground-penetrating radar (GPR) and electromagnetic induction (EMI) before 
irrigation (BKG) and after end of irrigation (EOI).  

Data set n Mean-BKG Mean-EOI F-value p-value 

SWCTDR (cm/m) 30 9.35a 18.18b  30.06  0.000 
Kr500 30 5.15a 9.19b  55.79  0.000 
Kr250 30 5.14a 6.83b  14.93  0.001 
VCP1 (mS/m) 30 0.96a 1.44b  8.06  0.008 
HCP1 (mS/m) 30 1.23a 2.89b  295.83  0.000 

n – number of samples, p-value – probability value. 
The mean difference is significant at the 0.05 level: Fcrit. = 4.196. 
The letters (a, b) indicate significant differences between each stage of BKG, and 
EOI based on the Tukey’s test. 
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(thatch layer), while deeper depths consists of increasing amount of sand 
and gravel. Consequently, the estimated SWC500 exceeds SWC250 (500 
MHz representing shallow depths and 250 MHz for deeper depth), as 

shallow depths possess greater water-holding capacity than deeper 
depths under natural conditions in the studied site. 

If the ECa, SWCTDR, and SWCGPR have a higher correlation, these 

Fig. 5. Scatter plots and correlation coefficients (r) of soil water contents measured from time domain reflectometry (SWCTDR) and dielectric constant of 500 MHz 
(Kr500) and 250 MHz (Kr250) transducers. 

Fig. 6. Scatter plots and correlation coefficients (r) of soil water contents measured from time domain reflectometry (SWCTDR) and apparent electrical conductivity of 
coil 1 vertical coplanar (VCP1) and horizontal coplanar (HCP1). 
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variables group together (with small angle between variables) in the 
PCA, and thus SLR results in a higher R2. ECa predicted SWCs did not 
correlate well with GPR estimated SWCs (i.e., deviate from 1:1 line and 
prediction accuracy is not acceptable). The main reason could be that 
the ECa depends not only on the SWC but also on other parameters such 
as soil temperature, porosity/bulk density, soil texture, and pore-water 
electrical conductivity (ECw) (Altdorff et al., 2017; Friedman, 2005; 
Martini et al., 2017b). For the calibration and evaluation data, tem
perature corrections were applied; hence, the temperature is assumed to 
have a minimal or no effect on the developed SLR and model evaluation. 
In addition, there were no cultivation activities such as tillage during the 
data collection period; thus, porosity and bulk density could be assumed 
to be stable. Hence, SWC–ECa relationship could have been influenced 
more by the soil texture and pore-water conductivity in the studied site. 

According to the literature, ECw has a more considerable influence 

on ECa under irrigated conditions and in low EC soils (Altdorff et al., 
2017). In calibration and evaluation data sets, the measured ECa values 
in our study ranged from 0 to 4 mS/m, showing relatively low values and 
variability. Furthermore, it is worth noting that not only in the present 
study but also in previous research conducted at the same site with 
multi-coil and multi-frequency EMI instruments it has been consistently 
showed that ECa values and their variability are relatively low (Altdorff 
et al., 2018, 2020; Badewa et al., 2018, 2019). Altdorff et al. (2017) 
reported ECa values below 6 mS/m, except for the wet days, whereas 
Robinet et al. (2018) and Turkeltaub et al. (2022) reported 0–15 and 
0–20 mS/m, respectively. In other studies, Robinson et al. (2012) re
ported values up to 60 mS/m, while Abdu et al. (2008) measured the 
spatial variation of ECa ranging from 5 to 120 mS/m. Calamita et al. 
(2015) reported higher ECa values and higher variability ranging from 
0 to 150 mS/m and André et al. (2012) observed values reaching as high 
as 200 mS/m in a vineyard with high clay content soils. According to 
Martini et al. (2017b), in low clay content soils, ECw has a higher in
fluence on ECa than SWC, and ECw could be changed with SWC (Corwin 
and Lesch, 2003, 2005). In the studied site, the clay content was low 
(2.4 %), and the sand content was high (82 %). In light of these obser
vations and considering the literature indicating the considerable in
fluence of ECw on ECa, especially in low EC soil (Martini et al., 2017b; 
Corwin and Lesch, 2003, 2005), our findings suggest a nuanced under
standing of ECa-SWC relationship in such soil conditions. 

In our study, the extremely low ECa values and their limited range 
pose challenges for quantitative analysis and calibration in EMI settings. 
The reduced variability in ECa led to data points clustering in regression 
models, resulting in weaker correlations, an issue exacerbated by the 
low ECa values due to the reduced signal-to-noise ratio (Altdorff et al., 
2017). Our research did not explore the inversion of ECa data due to the 
requirement of high-quality data for all coil spacings and orientations. 

Fig. 7. Principal component analysis (PCA) biplot of ground-penetrating radar 
estimated soil water contents (SWC250 and SWC500), time domain reflectometry 
measured soil water content (SWCTDR) and electromagnetic induction coil 1 
measured apparent electrical conductivities (VCP1 and HCP1) under back
ground (BKG) and end of irrigation (EOI). 

Fig. 8. Scatter plots of soil water content (SWC) measured from time domain reflectometry (SWCTDR) versus ground-penetrating radar (SWCGPR) for 500 MHz (left), 
and 250 MHz (right). The solid lines correspond to the 1:1 line and the dashed lines correspond to the regression line (linear). 

Table 3 
Slope, intercept, and coefficient of determination (R2) of the developed simple 
linear regression models.   

Slope Intercept R2 

SWC500 and VCP1  0.0915  0.0494  0.71 
SWC500 and HCP1  0.1382  0.3138  0.80 
SWC250 and VCP1  0.1220  − 0.0860  0.47 
SWC250 and HCP1  0.1998  0.0759  0.51 

All 4 SLR models are statistically significant, p-value < 0.05) 
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Furthermore, considerations of soil layering with TDR and GPR were not 
included, aligning with our focus on shallow depths under the 
assumption of soil homogeneity. 

Building upon the established context, the controlled conditions of 
our study, akin to a laboratory experiment on boreal podzolic soil, limit 
the broader applicability of our findings. Future research should aim to 
investigate areas with more variable ECa and SWC conditions, including 
higher ECa values. It is essential to develop methodologies applicable to 
different soil textures, scales, and climates. This expansion is necessary 
for developing robust regression models suitable for heterogeneous 
conditions. While our study faces limitations due to the low ECa values 
and their limited range, it lays the groundwork for more comprehensive 
future investigations. We propose extending the research to cover a 
broader spectrum of conditions and employing in-depth data processing 
techniques, including calibration, conversion, and inversion of ECa data, 
(von Hebel et al., 2019) to enhance the applicability of our novel 
approach in varied soil environments. 

In contrast, under saline conditions, EMI responses mainly reflect the 
soil’s electrical conductivity rather than SWC. On the other hand, GPR 
signals are strongly attenuated under high saline conditions. Therefore, 
further studies should concentrate on the limitations and applicability of 
these prediction models under high saline conditions. In addition, GPR is 
also an indirect method for SWC estimation using Kr, and therefore 
precise time picking and thorough data processing is essential when 
employed to calibrate EMI. This study was conducted with default an
tenna offset for 500 MHz and 250 MHz antennas (Table 2). Future in
vestigations should explore different antenna offsets to find out the best 
configuration, align with EMI footprint consideration and accurate time 
picking especially in dry conditions, to distinguish direct ground wave 
travel time and direct air wave travel time. Small-scale errors might be 
acceptable for large-scale applications even though improving predic
tion accuracy in future research will necessitate efforts to minimize 
these limitations inherent to indirect geophysical methods. 

On the other hand, GPR estimated SWC almost only depends on 

Fig. 9. Soil water contents (SWC) from ground-penetrating radar (GPR); (a) 500 MHz and (b) 250 MHz and the apparent electrical conductivity (ECa) measured with 
shallow inter-coil spacing (coil 1) with different coil orientations (VCP1 and HCP1) from electromagnetic induction (EMI). Solid lines correspond to the linear 
regression lines for each data set. 

Fig. 10. Scatter plots of ground-penetrating radar (GPR) a) 500 MHz and b) 250 MHz estimated soil water contents (SWCs) versus electromagnetic induction (EMI) 
predicted SWCs. The dash lines correspond to the 1:1 line. 
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relative permittivity (Kr). Responses of GPR, i.e., direct ground wave 
travel time and, therefore, the velocity (VDGW), change with changing 
SWC (Annan, 2005). Though EMI measured ECa depends on several 
other parameters as mentioned above, ECa predicted SWC does not 
reflect only the SWC (change of ECa could not only be due to change of 
SWC). Therefore, all the interrelated factors must be considered when 
estimating SWC, especially in low ECa and sandy-rich sites using EMI. 
Under natural conditions in a highly heterogeneous medium like soil, all 
the properties are interrelated, and model prediction accuracy and 
precision can be achieved by considering the combined effect of soil 
properties. Furthermore, GPR performs effectively in soils that are rich 
in sand, in contrast to EMI methods. In order to accurately predict not 
only SWC but also other important soil properties using ECa, it is 
necessary to transition from SLR models to multiple linear regression 
models by considering different existing models such as Archie’s law and 
Rhoade’s equation (Archie, 1942; Rhoades et al., 1976). 

The representation of the sampling volume in the soil differs among 
GPR, EMI and TDR. The GPR and EMI approximated as half of an 
ellipsoid and TDR as a cylinder as documented previously (Galagedara 
et al., 2003b; Limsuwat et al., 2008). TDR exhibits a constant sensitivity 
over depth, whereas GPR and VCP sensitivity decreases as depth in
creases (Appendix Fig. A.1). However, HCP sensitivity behaves differ
ently, initially increasing and then decreasing (Appendix Fig. A.1). 
Based on the calculations, Table 5 shows the considered sampling vol
umes of each sensor. GPR (at both frequencies) covers a larger sampling 
volume than the TDR (Table 5). Therefore, GPR offers the potential to 
cover a broader range of EMI’s footprint and sampling volume compared 

to TDR. 

4. Conclusion 

In this study, we used dielectric constant (Kr) and apparent electrical 
conductivity (ECa) as proxies of ground-penetrating radar (GPR) and 
electromagnetic induction (EMI), respectively, in order to develop and 
assess regression models for soil water content (SWC) estimation. Two 
GPR frequencies, specifically 250 MHz and 500 MHz, along with two 
EMI coil orientations, vertical coplanar (VCP) and horizontal coplanar 
(HCP), with 0.32 m inter coil spacing, were correlated with each other 
and with SWC measured using time domain reflectometry (SWCTDR). 
Among these variables, Kr250, Kr500, VCP1, and HCP1 displayed strong 
positive correlations with SWCTDR. In order to meet the desired sampling 
depth range, we excluded coils 2 and 3 data from the regression model 
development for this study. The estimated SWC from GPR (SWC250 and 
SWC500) exhibited satisfactory accuracy with high R2 values (>0.90), 
indicating their potential suitability for calibrating EMI to estimate 
SWC. Simple linear regression (SLR) models constructed between VCP1 
and HCP1 with SWC500 demonstrated higher R2 values than those ob
tained with SWC250. Nevertheless, during the evaluation phase, the SLR 
models were not successful as expected to predict SWCs from EMI using 
the estimated SWCGPR. 

This study introduces a novel approach, the first of its kind, high
lighting the potential of GPR in calibrating EMI for SWC estimation. 
Both methods offer similar sampling volumes compared to point-scale 
time domain reflectometry (TDR) measurements, which are imprac
tical and time-consuming when covering the large sampling areas 
required for EMI. The findings suggest that GPR can be a valuable tool 
for EMI calibration and SWC estimation. Nonetheless, further research is 
required to elucidate the effect of varying SWC conditions, including 
variations in soil textures (clay-rich soils), high ECa soils, and landscapes 
characterized by higher ECa and SWC variability. This will contribute to 
our understating of the EMI–GPR relationship and to improve the cali
bration and evaluation process. 

The subsurface exhibits a complex interplay of various soil properties 
and conditions alongside SWC in natural environments. Therefore, in 
precision agriculture, where the identification of management zones for 
irrigation and other agricultural practices is crucial, it is imperative to 
consider this combined effect to obtain vital decision-making informa
tion. Future research endeavors should focus on enhancing the EMI 
technique to evaluate how this combined effect influences the ECa and 
enables the prediction of SWC and other significant soil properties and 

Fig. 11. Comparison of soil water content (SWC) variability predicted from 
electromagnetic induction (EMI) using developed regression models and esti
mated from 250 MHz (SWC250) and 500 MHz (SWC500) ground-penetrating 
radar (GPR). 

Table 4 
Descriptive statistics of studied variables in the calibration and evaluation data set.  

Variable Calibration data set (n = 30) Evaluation data set (n = 260) 

Min Max Mean Standard deviation Min Max Mean Standard deviation 

SWC500 (cm/m)  3.2  20.7  12.9  5.7 16.0 25.6 21.0 1.9 
SWC250 (cm/m)  3.2  17.7  10.3  3.4 9.4 23.6 15.7 3.7 
VCP1 (mS/m)  0.4  2.4  1.2  0.5 1.3 2.0 1.6 0.2 
HCP1 (mS/m)  0.8  3.3  2.1  0.9 3.0 4.0 3.5 0.2 
SWCTDR (cm/m)  4.1  27.8  13.8  6.2 – – – –  

Table 5 
Approximate sampling depths and volumes of time domain reflectometry (TDR), 
ground-penetrating radar (GPR), and electromagnetic induction (EMI).  

Sensor Sampling depth (m) Approximate sampling volume (cm3) 

TDR  0–0.20 90 
GPR 500 MHz  0–0.19* 17,396 
GPR 250 MHz  0–0.35* 97,533 
EMI VCP1  0–0.25* 41,904 
EMI HCP1  0–0.50* 167,619  

* Approximate values. 
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conditions. This can be achieved by integrating different geophysical or 
standard methods, thereby expanding the applications of EMI in esti
mating the spatial and temporal variations of soil properties and con
ditions within the agricultural landscape. Such advancements would 
greatly support the implementation of precision agriculture. 
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