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 Abstract 

Precision agriculture (PA) is an emerging approach to increase agricultural productivity 

while enhancing resource use efficiency, reducing costs, and minimizing negative 

environmental impacts. Understanding the spatiotemporal variability of soil properties and 

state variables within the agricultural landscape is crucial for informed decision-making in 

PA. This thesis explored integrating two geophysical techniquesðGround-penetrating 

Radar (GPR) and Electromagnetic Induction (EMI)ðto investigate soil properties and state 

variables in a boreal podzolic soil site in western Newfoundland, Canada. These techniques 

offer a high-resolution, non-destructive, fast and cost-effective alternative to traditional soil 

sampling. Proxies derived from GPR (dielectric constant and amplitude), and EMI 

(apparent electrical conductivity) provide valuable insights into subsurface features, soil 

water content (SWC), compaction, and salinity, all of which are crucial for agricultural and 

environmental assessments. This research aims to assess the effectiveness of integrated 

GPR-EMI for characterizing soil profiles and properties, particularly focusing on their 

ability to assess spatial variations in soil stratification, SWC, bulk density, and salinity. 

Implementation of the integrated GPR-EMI technique overcomes the intrinsic limitations 

specific to either technique. Field experiments were conducted using both GPR and EMI 

surveys across varying soil conditions accompanied by soil sampling for ground truthing. 

This study developed predictive models, tested their accuracy, and assessed the ability of 

the integrated GPR-EMI approach to predict soil properties and state variables. As a result, 

management zones were delineated based on the integrated technique. The findings 

demonstrated a strong correlation between GPR and EMI outputs with soil sampling, 

confirming their complementary strengths in soil assessments. GPR was particularly 
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effective in detecting subsurface stratifications and SWC variations, while EMI provided 

reliable estimates of electrical conductivity, essential for mapping soil salinity. The 

integrated GPR-EMI technique proved valuable in improving the understanding of soil 

properties and state variables and their spatial variability. This research demonstrates the 

potential of GPR and EMI to be applied effectively in boreal podzolic soils to predict key 

soil properties and state variables with significant implications for soil management and 

decision-making in PA. Further research is encouraged to refine the models and expand 

their applicability across diverse landscapes, conditions and soil types. 
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 General Summary 

Precision agriculture (PA) is a modern farming method that boosts crop production while 

reducing costs and environmental damage. To make better farming decisions, it is important 

to understand how soil information, like water content, salt levels and compaction, vary 

across agricultural fields and over time. This study explored how two non-invasive 

techniques, Ground Penetrating Radar (GPR) and Electromagnetic Induction (EMI), can 

work together to assess soil information. Both GPR and EMI scan the ground to provide 

detailed soil information without digging. They indirectly provide information like how 

much water is in the soil, how compact it is, its salinity (salt levels), and other factors 

important for farming and environmental health. The goal of the study was to see how well 

GPR and EMI complement each other in mapping soil differences, particularly in areas like 

soil layers, water content, density, and salinity. Field experiments were conducted in 

western Newfoundland, Canada, using GPR and EMI techniques, which were compared 

with direct analysis of actual soil samples to check accuracy. The results showed that GPR 

was especially good at detecting soil layers and soil water content, while EMI excelled in 

measuring electrical conductivity, useful for assessing soil salinity. By using both 

techniques together, a more complete picture of the soil was obtained, making it easier to 

manage farming decisions without the need for digging. Overall, this study shows that 

integrating GPR and EMI is an effective way to better understand and manage soils, 

especially in PA. Further work is recommended to refine these techniques and test them in 

other landscapes and soil conditions. 
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Fig. 6.2 Flow chart of the field data analysis of stochastic approach and 

deterministic approach. 

263 

Fig. 6.3 Scatter plots of measured versus regression models (MLR) predicted 

pore-water electrical conductivity (ECw). The dash line corresponds 

to the 1:1 line. 
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Fig. 6.4 Apparent electrical conductivity (ECa) measured from 

electromagnetic induction (EMI); a) VCP and b) HCP, as a function 

of measured pore-water electrical conductivity (ECw) and soil water 

content (SWC), based on the Rhoadesôs petrophysical model. 
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Fig. 6.5 Apparent electrical conductivity (ECa) as a function of soil water 

saturation (Sw), based on Archieôs petrophysical model. The circle 

symbol shows the electromagnetic induction (EMI) measured ECa 

(VCP, HCP), and the cross symbol shows the calculated ECa using 
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Archieôs model (model parameters from literature and adjusted based 

on measured field data). 

Fig. 6.6 Scatter plots of Electromagnetic induction (EMI) measured versus 

calculated apparent electrical conductivity (ECa) of block 1 data 

while adjusting the exponents (m and n) of Archieôs petrophysical. 

The dash lines correspond to the 1:1 line. 
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Fig. 6.7 Scatter plots of measured pore water electrical conductivity (ECw) 

versus Archieôs model calculated (using adjusted exponents) ECw of 

block 2 data. The dash lines correspond to the 1:1 line. 
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Fig. 6.8 Bland Altman plot of pore-water electrical conductivity (ECw) a) 

horizontal coplanar (HCP) developed stochastic and deterministic 

models, and b) vertical coplanar (VCP) developed stochastic and 

deterministic models. S.A ï Stochastic approach and D.A ï 

Deterministic approach. Solid lines represent the bias, and dash lines 

represent the limit of agreement 95%. 
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Fig. 7.1 Field layout showing the data collection procedure of 

electromagnetic induction (EMI), ground-penetrating radar (GPR) 

and soil sampling. 

289 

Fig. 7.2 Flow chart of the data analysis. 290 

Fig. 7.3 Spatial variability of soil properties and state variables. Soil water 

content (SWC) measured from ground-penetrating radar (GPR), 

apparent electrical conductivity (ECa) from electromagnetic 

induction (EMI), bulk density predicted from GPR and EMI, soil 

organic matter, clay and sand percentages from laboratory 

measurements. 
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Fig. 7.4 Spatial delineation of management zones based on K-means 

clustering with different data set combinations (Soil properties and 

state variables). 

292 

Fig. 7.5 Overlay of interpolated soil property and state variable (soil water 

content, apparent electrical conductivity, bulk density, soil organic 

matter, clay and sand) maps with final management zones (Zone 1, 2 

and 3). 

293 

Fig. 7.6 Boxplots of each data set (soil water content, apparent electrical 

conductivity, bulk density, soil organic matter, sand, and clay) across 

Zone 1, 2, and 3. Letters A, B, and C indicate significant differences 

between zones. 
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CHAPTER 1: Introduction 

1.1 Background and Rationale 

A growing global population and climate change intensify the need for agricultural 

expansion to meet increasing food demands and adapt to shifting environmental conditions. 

This increased pressure on agricultural systems not only requires more land for cultivation 

but also pushes for innovations in farming techniques to enhance productivity and 

sustainability in the face of unpredictable weather patterns and limited natural resources. 

Precision agriculture (PA) is a promising approach for improving agricultural productivity 

while enhancing resource use efficiency and minimizing cost and negative environmental 

impacts (Bongiovanni & Lowenberg-Deboer, 2004; Pallottino et al., 2018; Stafford, 2000). 

One of the key aspects of PA is delineating management zones (MZs) to apply agricultural 

inputs such as water, fertilizer, and energy at the right time, zone and amount, leading to 

improved crop productivity and soil health (Aubert et al., 2012; Goel et al., 2021; Kashyap 

& Kumar, 2021). Spatiotemporal variability of soil properties and state variables plays a 

major role in delineating MZs (Mulla, 1988). However, the traditional soil sampling 

methods to obtain spatiotemporal variability pose significant limitations in the agricultural 

landscape, as they are time-consuming, labor-intensive, destructive, provide point-scale 

measurements, and are challenging to apply on a large scale (Doolittle & Brevick, 2014; 

Hubbard & Linde, 2011). Near-surface electromagnetic geophysical techniques such as 

ground-penetrating radar (GPR) and electromagnetic induction (EMI) offer a high-

resolution, non-destructive, fast, low-cost and large sampling volume alternative to the 
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traditional soil sampling (Doolittle & Brevick, 2014; Hubbard & Linde, 2011; Klotzsche et 

al., 2018). 

GPR is widely employed in soil studies, using wave amplitude (A) and dielectric constant 

(Kr) as proxies to assess soil properties and state variables (Huisman et al., 2003; Klotzsche 

et al., 2018; Zhang et al., 2022). In addition, GPR is used for characterizing soil profile and 

subsurface features, offering valuable insights into soil layering and structure (Zajicova & 

Chuman, 2019). In agricultural research, the primary focus of GPR has been on estimating 

soil water content (SWC), with well-established and widely applied methods. GPR has 

proven effective for accurately mapping SWC due to the strong relationship between Kr 

and SWC (Galagedara et al., 2003, 2005; Huisman et al., 2003; Minet et al. 2012; Klotzsche 

et al., 2018; Wu et al., 2019; Zhang et al., 2022). GPR is also used to assess soil compaction 

and salinity, as radar wave A and velocity respond to changes in these properties 

(Akinsunmade et al., 2019, 2021; Wijewardana et al., 2017). However, despite this 

capability, there is still a lack of research aimed explicitly at estimating soil compaction, 

salinity, and other soil properties using GPR. 

EMI is applied in soil studies to estimate properties and state variables such as soil salinity, 

SWC, compaction, and texture (Altdorff et al., 2020; Doolittle & Brevick, 2014). In soil 

salinity estimation, EMI sensors measure apparent electrical conductivity (ECa) as a soil 

proxy, which is often correlated with actual salinity but requires site-specific calibration 

due to the complexity of the conversion process (Corwin & Lesch, 2014; Farzamian et al., 

2021). SWC also significantly influences ECa, and several studies have explored the 

estimation of SWC using ECa measurements (Badewa et al., 2018; Brevik et al., 2006; 
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Robinet et al., 2020). Furthermore, EMI is employed to assess soil compaction and bulk 

density, as ECa generally increases with compaction, though results can be affected by 

factors such as soil texture (Galamboġov§ et al., 2020; Ren et al., 2022). Additionally, EMI 

is applied to study other soil properties like clay content, organic matter, and cation 

exchange capacity, further emphasizing its broad applicability in soil analysis. EMI-

measured ECa is influenced by several soil properties and state variables, including salinity, 

SWC, bulk density, and temperature. As a result, site-specific calibration is necessary. 

While EMI is effective for mapping the variability of these properties and state variables, 

accurate estimations often rely on site-specific calibration, typically achieved using point-

scale soil sampling and time domain reflectometry (TDR).  

Previous research, as highlighted in the literature, has mainly focused on using a single 

near-surface geophysical method (either GPR or EMI) and a limited set of soil properties 

at any given time (Doolittle & Brevik, 2014; Huisman et al., 2003; Klotzsche et al., 2018).  

Additionally, the findings have generally been associated with either the GPR or EMI 

method, validated using point scale TDR or soil sampling (Galagedara et al., 2003; 

Galagedara et al., 2005; Grote et al., 2003; Huisman et al., 2002; Huisman et al., 2003; 

Tang et al., 2020).  Consequently, this leaves several unresolved research questions, 

including:  

1. Can EMI or GPR be used to determine most key soil properties and state variables 

across agricultural landscapes to support PA?  

2. Which key soil properties and state variables can be effectively estimated using 

integrated EMI-GPR?  
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3. How can key soil properties and state variables be correlated with responses of EMI 

and GPR?  

4. What fundamental laws and equations are required to link these key soil properties 

and state variables with GPR and EMI proxies?  

5. How do key soil properties and state variables vary spatially and temporally in 

response to applied agricultural practices (e.g., irrigation and drainage, fertilization, 

and compaction), and can this variability be captured using GPR-EMI proxies?  

To address these research questions, this thesis introduces a new approach integrating EMI 

and GPR techniques to determine the spatiotemporal variability of several key soil 

properties and state variables in field experiments to support PA. These two techniques 

complement each other, as the weaknesses of one technique are offset by the strengths of 

the other method (Hubbard & Linde, 2011). Therefore, implementing integrated EMI-GPR 

overcomes each method's inherent limitations. Importantly, while much previous research 

has focused on SWC, using both techniques, this thesis extends the scope to include other 

soil properties like soil bulk density and pore-water electrical conductivity (ECw). 

1.2 Hypothesis and Objectives 

The main goal of this thesis is to integrate and appraise two geophysical techniques, GPR 

and EMI, within the context of PA. The central hypothesis is that integrating GPR and EMI 

will provide a more comprehensive, non-destructive assessment of key soil properties and 

state variables for PA applications by delineating management zones, thereby enhancing 

decision-making processes and agricultural management practices. 

Building on this hypothesis, the research was structured to achieve the following objectives. 
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1. To evaluate the effectiveness of an integrated GPR-EMI technique for 

understanding soil stratification and subsurface distributions within a podzolic soil 

site in Newfoundland. 

2. To develop and evaluate calibration models for EMI to estimate SWC using GPR 

as ground truth. 

3. To generate and evaluate the non-destructive predictive capability of models to 

determine soil bulk density using GPR and EMI. 

4. To develop and evaluate both stochastic and deterministic approaches using 

integrated GPR-EMI technique for estimating ECw at the field scale non-

destructively and assess the effectiveness of these approaches in the studied site.  

5. To delineate MZs by assessing the spatial variability of soil properties and state 

variables by integrating GPR-EMI and soil sampling. 

1.3 Significance 

This research will advance the understanding of how different agricultural practices 

influence soil physical and hydrological properties, state variables and, subsequently, their 

effects on crop growth and yield. The novel insights gained in this research will enhance 

knowledge of the spatiotemporal variability of soil properties (bulk density and soil texture) 

and state variables (SWC and pore-water conductivity), along with relevant hydrological 

processes, through the application of integrated geophysical methods. The outcomes of this 

research will provide valuable information and new knowledge for the scientific 

community, including agricultural engineers, hydrologists, agronomists, and soil scientists. 

This will also benefit near-surface geophysicists and hydro-geophysicists. Furthermore, the 
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resulting technology and framework can support long-term decision-making strategies, 

such as identifying MZs for efficient management of land resources and agricultural inputs 

such as irrigation and fertilizers, contributing to the achievement of sustainable agriculture. 

1.4 Thesis Outline 

The thesis is structured in a manuscript style and divided into eight chapters. The thesis has 

a general introduction (chapter 1), a review chapter (chapter 2), five study chapters (chapter 

3 ï 7), and the last chapter (chapter 8) as a general conclusions and future directions.  

¶ Chapter One: This chapter serves as the general introduction to the thesis. It provides 

an overview of the background information, the rationale for the study, the central 

hypothesis, the thesis's overall goal, objectives and the significance of the research.  

¶ Chapter Two: ñGround-Penetrating Radar and Electromagnetic Induction: 

Challenges and Opportunities in Agricultureò. This is the literature review 

chapter. It includes a review of relevant literature on PA, electromagnetic methods, 

basic operating principles of GPR and EMI and applications in soil studies related 

to agriculture. This chapter was published in ñRemote Sensingò 

(https://doi.org/10.3390/rs15112932). 

¶ Chapter Three: ñIntegrated Ground-Penetrating Radar and Electromagnetic 

Induction Techniques for Characterizing Boreal Podzolic Soil in Western 

Newfoundlandò. This chapter aimed to use integrated GPR-EMI techniques to 

characterize the podzolic soil in a specific site in Newfoundland. This study provides 

insights into the vertical and horizontal subsurface distribution of specific features. 

In doing so, demonstrate the advantages of using an integrated EMI-GPR over 

https://doi.org/10.3390/rs15112932
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traditional sampling methods and explore their potential for identifying subsurface 

stratification in boreal podzolic soils. This chapter was published in the ñCanadian 

Journal of Soil Scienceò (https://doi.org/10.1139/cjss-2024-0027). 

¶ Chapter Four: ñPotential of Ground-penetrating Radar to Calibrate 

Electromagnetic Induction for Shallow Soil Water Content Estimationò. In this 

study, GPR was used to calibrate EMI-measured ECa to estimate SWC non-

destructively, considering similar sampling volumes to the point-scale 

measurements. This chapter was published in ñJournal of Hydrologyò 

(https://doi.org/10.1016/j.jhydrol.2024.130957). 

¶ Chapter Five: ñIntegrated Ground-penetrating Radar and Electromagnetic 

Induction Offer a Non-destructive Approach to Predict Soil Bulk Density in 

Boreal Podzolic Soilò. In this study, ECa from EMI, along with the Kr from GPR, 

were employed to predict soil bulk density as a non-destructive compaction index in 

podzolic soil. This chapter was published in ñGeodermaò 

(https://doi.org/10.1016/j.geoderma.2024.117028). 

¶ Chapter Six: ñIntegrated Ground-Penetrating Radar ï Electromagnetic 

Induction Techniques to Estimate Pore-Water Electrical Conductivity in Boreal 

Podzolic Soilò. This chapter develops methods for estimating ECw at the field scale 

non-destructively using integrated GPR-EMI techniques. In this aspect, methods 

were tested through a field experiment, adapting theoretical approaches previously 

conducted in laboratory settings and developing multiple linear regression (MLR) 

models. This study will be submitted to ñCatenaò. 

https://doi.org/10.1139/cjss-2024-0027
https://doi.org/10.1016/j.jhydrol.2024.130957
https://doi.org/10.1016/j.geoderma.2024.117028
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¶ Chapter Seven: ñDelineate Management Zones Utilizing Ground-penetrating 

Radar and Electromagnetic Induction for Precision Agricultural Prospects.ò 

This chapter delineates MZs by assessing the spatial variability of soil properties and 

state variables by integrating GPR-EMI (bulk density, SWC, and ECa) and soil 

sampling (sand, clay and organic matter contents). This study will be submitted to 

the ñEnvironmental Research Lettersò. 

¶ Chapter Eight: This chapter concludes the thesis by summarizing the key research 

findings concerning the research aims and specific objectives. It also reviews the 

practical implications and limitations of the present study and then proposes 

potential future research directions.  
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 Abstract  

Information on the spatiotemporal variability of soil properties and states within the 

agricultural landscape is vital to identify management zones supporting precision 

agriculture (PA). Ground-penetrating radar (GPR) and electromagnetic induction (EMI) 

techniques have been applied to assess soil properties, states, processes, and their 

spatiotemporal variability. This chapter reviews the fundamental operating principles of 

GPR and EMI, their applications in soil studies, advantages and disadvantages, and 

knowledge gaps leading to the identification of the difficulties in integrating these two 

techniques to complement each other in soil data studies. Compared to the traditional 

methods, GPR and EMI have advantages, such as the ability to take non-destructive 

repeated measurements, high resolution, being labor-saving, and having more extensive 

spatial coverage with geo-referenced data within agricultural landscapes. GPR has been 

widely used to estimate soil water content (SWC) and water dynamics, while EMI has 

broader applications such as estimating SWC, soil salinity, bulk density, etc. Additionally, 

mailto:lgalagedara@grenfell.mun.ca
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GPR can map soil horizons, the groundwater table, and other anomalies. The prospects of 

GPR and EMI applications in soil studies need to focus on the potential integration of GPR 

and EMI to overcome the intrinsic limitations of each technique and enhance their 

applications to support PA. Future advancements in PA can be strengthened by estimating 

many soil properties, states, and hydrological processes simultaneously to delineate 

management zones and calculate optimal inputs in the agricultural landscape. 

Keywords: electromagnetic induction; ground-penetrating radar; hydro-geophysics; 

precision agriculture; soil studies 

2.1 Introduction 

An increasing global population, coupled with the uncertainty of climate change, is 

resulting in an agricultural expansion to improve food security. This expansion is 

highlighting the need for the application of innovative technologies to increase and 

optimize food productivity. Consequently, agricultural expansion (i.e., the conversion of 

natural lands into agriculture) and the associated increased agrochemical inputs have 

resulted in adverse environmental impacts such as the pollution of land and water resources, 

thereby impacting the food chain and subsequently affecting the health of the soil, water, 

people, flora, and fauna (Aubert et al., 2012; Bongiovanni & Lowenberg-Deboer, 2004; 

Goel et al., 2021; Shafi et al., 2019). The excessive use of agrochemicals increases the 

accumulation of harmful chemicals in the soil, groundwater, and water bodies (Xia et al., 

2020). Minimizing the environmental and socio-economic threats caused by the expansion 

and intensification of agriculture may be conducted by implementing precise agricultural 

strategies (Becker et al., 2022; Bongiovanni & Lowenberg-Deboer, 2004; Stafford, 2000). 
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Precision agriculture (PA), supported by various technologies, is a rapidly emerging field 

for managing the agricultural landscape on a large scale by considering the field variability 

for increasing agricultural productivity while minimizing negative environmental impacts 

and the production cost (Friedl, 2018; Pallottino et al., 2018; Stafford, 2000). Agricultural 

practices such as irrigation, land preparation, and fertilization are typically applied 

uniformly across the entire field, treating the heterogeneous fields as homogeneous. 

However, the spatial and temporal heterogeneity of the agricultural landscape can be 

effectively monitored by implementing different technologies to support PA, including (1) 

geographic information systems (GIS), (2) satellite-based global positioning systems 

(GPS), (3) remote sensing, (4) drones, (5) the Internet of Things, (6) artificial intelligence, 

and (7) different proximal sensors, for example, geophysical techniques (Aubert et al., 

2012; Nicol & Nicol, 2018; Stafford, 2000). These digital technologies are applied to 

collect, process, monitor, and map the spatiotemporal variability of the agricultural 

landscape. Their purpose is to improve agronomic performance, enhance crop productivity 

and develop decision support tools (Alix & Capri, 2018; Goel et al., 2021; Kashyap & 

Kumar, 2021; Hammond et al., 1988; Mulla & Hammond, 1988; Mulla & Khosla, 2015; 

Pallottino et al., 2018; Pinaki & Tewari, 2010; Schmidhalter et al., 2008; Stafford, 2000). 

By utilizing the latest technologies, such as unmanned aerial vehicles, agricultural 

machinery, and robotic technologies, the required amounts of water, nutrients, and 

agrochemicals for plant growth and development can be accurately applied to specific 

locations within the agricultural landscape and within the appropriate timeframe (Aubert et 

al., 2012; Bongiovanni & Lowenberg-Deboer, 2004; Hammond et al., 1988; Jarol²mek et 

al., 2017; Mulla & Hammond, 1988; Schmidhalter et al., 2008; Stafford, 2000). PA offers 
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several benefits, including improved soil fertility and health, increased water productivity 

and food security, minimized soil and water pollution, and reduced labor force 

requirements, as well as the overuse of resources such as water, fertilizer, seeds, and energy, 

leading to lower production costs (Aubert et al., 2012; Bongiovanni & Lowenberg-Deboer, 

2004; Fairchild & Hammond, 1988; Goel et al., 2021; Shafi et al., 2019). The incorporation 

of spatiotemporal variability mapping with geo-statistics and GIS marked a major advance 

in PA to a new level to identify management zones (Hammond et al., 1988; Mulla, 1988; 

Mulla & Hammond, 1988). 

The spatiotemporal variability of crop factors and subsurface physical, chemical, and 

hydrological properties, and processes are crucial in PA (Stafford, 2000). Hydro-geophysics 

is an efficient approach that includes multi-scale probing and high-resolution imaging 

techniques for accurately obtaining the spatiotemporal variability of the subsurface 

hydrological processes and soil properties (Binley et al., 2010; Lambot et al., 2008; Rubin 

& Hubbard, 2005; Vereecken et al., 2006; Vereecken et al., 2004). Traditional methods such 

as soil sampling and laboratory analysis are destructive, labor-intensive, costly in large 

scales, time-consuming, and mainly provide point scale measurements only (Blazevic et 

al., 2020; Stafford, 2000; Vereecken et al., 2006; Vereecken et al., 2004). Commonly used 

geophysical techniques in hydro-geophysics are electrical resistivity tomography, 

electromagnetic induction (EMI), self-potential, ground-penetrating radar (GPR), induced 

polarization, surface nuclear magnetic resonance, gravity, magnetics, and seismic methods 

(Binley et al., 2010; Blazevic et al., 2020; Hubbard, 2011; Vereecken et al., 2004). However, 

not all these techniques are commonly used in PA applications. The main limitations of 
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these geophysical techniques are their complexity of use, poor automation ability, and high 

initial capital cost. In addition, they mainly provide indirect proxy information only; thus, 

some instruments, such as EMI, need site-specific calibration (Binley et al., 2010; Doolittle 

& Brevik, 2014; De Benedetto et al., 2019; Kashyap & Kumar, 2021). Among these 

geophysical techniques, this article mainly reviews applications of GPR and EMI as rapidly 

emerging electromagnetic techniques in soil studies to estimate the spatiotemporal 

variation of soil properties with particular emphasis on agricultural applications. GPR and 

EMI applications have some advantages in the agricultural landscape compared to the other 

geophysical methods. For example, the electrical resistivity method requires electrode 

installation. Therefore, it disturbs the subsurface and is time-consuming for large-scale 

applications. On the other hand, the sampling depth of the electrical resistivity and seismic 

methods is extensive and beyond the root zone. 

The use of GPR and EMI has been extensively studied and documented in various fields, 

including forestry, archaeology, engineering, geology/geoengineering, and environmental 

science (Doolittle & Brevik, 2014; Slob et al., 2010; Zaj²cov§ & Chuman, 2019). Moreover, 

GPR and EMI use in agriculture is also well documented with a focus on elucidating soil 

properties and states such as bulk density, porosity, soil compaction, soil texture, cation 

exchange capacity (CEC), soil salinity, clay content, soil organic matter (OM), soil water 

content (SWC), infiltration capacity, and water holding capacity (Doolittle & Brevik, 2014; 

Hubbard, 2011; Zaj²cov§ & Chuman, 2019). 

Huisman et al. (2003) reviewed the estimation of SWC using various methods with GPR, 

including the reflected wave velocity, ground wave velocity, transmitted wave velocity (in 
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boreholes), and surface reflection coefficient, while van Dam (2014) discussed different 

calibration functions to estimate SWC using GPR. Liu et al. (2017) and Klotzsche et al. 

(2018) updated the review of Huisman et al. (2003) by including modern techniques applied 

to estimate SWC, such as full-waveform inversion, average envelope amplitude, and the 

frequency shift method. Recently, Zaj²cov§ and Chuman (2019) reviewed applications of 

GPR in soil studies, including SWC, stratigraphy, soil salinity, and soil texture, and Zhang 

et al. (2022) reviewed GPR applications with SWC and soil hydraulic properties. Doolittle 

and Brevik (2014) reviewed applications of EMI in soil studies, including soil properties 

such as soil salinity, SWC, soil texture, clay content, and CEC. 

The majority of previous reviews have focused on either GPR or EMI, with a singular focus 

on estimating SWC. This review builds upon yet differs from the above-mentioned reviews 

by summarizing a wide range of applications previously conducted to determine soil 

properties and states using GPR, EMI, or both. Additional properties discussed in this 

review include soil salinity, bulk density, soil porosity, and soil hydraulic properties. This 

review aims to provide a comprehensive overview of the use of GPR and EMI techniques 

in soil studies for estimating critical agricultural soil information.  

This chapter reviewed >250 peer-reviewed journal articles, conference papers, and books 

primarily related to the principles and applications of GPR and EMI in agriculture and soil 

studies (Fig. 2.1). Metadata analysis was conducted using keywords associated with GPR 

and EMI applications in soil studies. GPR and EMI applications are graphically presented 

and summarized as percentage data (Fig. 2.1). Co-occurrence term maps were developed 

for the past 15 years (2007ï2022) by referring to the number of articles on GPR and EMI 
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applications in agriculture based on keywords to focus on the latest research articles to 

support future directions (Fig. 2.1). 

This review begins with the general background information and discusses electromagnetic 

methods, including their theoretical and empirical background. The review then discusses 

GPR and its fundamental principles, as well as their application to soil studies, including 

SWC, porosity, compaction, soil salinity, hydraulic properties, groundwater table, and 

capillary fringe reflection. Then, this review discusses EMI and its basic principles, along 

with its applications to soil studies, including soil salinity, SWC, bulk density, soil 

compaction, and some applications with magnetic susceptibility. Finally, the review offers 

insights, synthesis, and critical analysis, while the summary and future directions section 

presents an overview and highlights areas for future research. 

2.2 Electromagnetic Methods 

Maxwellôs equations mathematically describe the physics of electromagnetic (EM) waves 

and related medium properties. Constitutive equations quantify three physical properties of 

materials, namely, (1) electrical conductivity (EC), (2) permittivity (K), and (3) magnetic 

permeability (ɛ), concerning the electromagnetic field (Annan, 2004, 2009; Olhoeft, 1998). 

GPR and EMI are the most used near-surface geophysical techniques/proximal sensors in 

agriculture and related fields that use EM waves (Hubbard, 2011; Kashyap & Kumar, 

2021). The advantages of these two techniques include the ability to survey a relatively 

large area within a short time and with minimal land disturbance, thereby allowing for 

repeated measurements at the exact location, with a larger sample volume compared with 

the traditional methods and relatively low operational costs (Doolittle & Brevik, 2014; 
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Weiler et al., 1998). GPR uses high-frequency (VHF-UHF) electromagnetic waves, while 

EMI uses relatively low-frequency (VLF) electromagnetic waves in various applications. 

Low-frequency and high-frequency fields have different sensitivities with respect to their 

material properties, different operational methods, and applications in soil studies (Table 

2.1). 

2.2.1 Theoretical and Empirical Equations and Models Used in Applications of 

Electromagnetic Methods 

2.2.1.1 Toppôs Equation 

Topp et al. (1980) developed an empirical relationship, i.e., a third-degree polynomial 

equation (Eq. 2.1), 

—= -5.3 Ĭ 10-2 + 2.92 Ĭ 10-2 Kr - 5.5 Ĭ 10
-4+r
2 + 4.3Ĭ10-6Kr

3  Eq. 2.1 

between the soilôs relative dielectric permittivity Kr and volumetric water content (qv).  

This relationship was assessed against the effect of soil texture, bulk density, temperature, 

soluble salts, and hysteresis and found to be relatively independent of these properties 

(Topp et al., 1980). Toppôs equation is the most widely applied and accepted empirical 

equation in GPR applications since it is simple, relatively accurate, and valid for fully and 

partially saturated conditions (Turesson, 2006). However, in peat or organic-rich and heavy 

clay soils, the applicability of this relationship has limitations (Roth, 1990; Wanniarachchi 

et al., 2019; White et al., 1994). 

2.2.1.2 Archieôs Equation 
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Archie (1942) developed two empirical relationships between the apparent electrical 

conductivity (ECa), soil water saturation (SW), pore water electrical conductivity (ECw), 

and porosity (ű) of porous rocks by conducting laboratory experiments. In this relationship, 

n is the saturation exponent, and m is the cementation exponent. Archieôs first equation was 

developed for the resistivity of fully saturated porous rocks, and the second law was 

developed for partly saturated porous rocks (Archie, 1942). Shah and Singh (2005), Ewing 

and Hunt (2006), and Glover (2010, 2016) modified Archieôs equation (Eq. 2.2), applied it 

to soils. 

ECa=
1

a
űmSw

n%#w    Eq. 2.2 

2.2.1.3 Complex Refractive Index Model 

The complex refractive index model (CRIM) is a three-phase (solidðs, waterðw, and 

airða) volumetric mixing model. The CRIM equation is a theoretical approach that 

describes the bulk Kr as a function of ű and SW (Birchak et al., 1974) in Eq. 2.3.  

+r(b)
Ŭ=űSWKr(w)

Ŭ +1-űKrs
Ŭ +ű(1-Sw)Kr(a)

Ŭ   Eq. 2.3 

The geometric factor (Ŭ) is related to the orientation of the electric field concerning the 

geometry of the solid phase. In GPR applications, CRIM estimates properties such as SW 

and ű with acceptable accuracy (Lai et al., 2015; Mount & Comas, 2014; Zadhoush et al., 

2021). 

2.2.1.4 Rhoadesôs Equation 

Rhoades et al. (1976) developed a relationship between ECa as a function of SWC (q) 

and SW (Eq. 2.4): 
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ECa = ECw ɗT + ECs    Eq. 2.4 

where T is the transmission coefficient considering the tortuosity of the flow path as water 

content changes. The bulk surface electrical conductivity (ECs) is connected with the 

mobile ions at the soilïliquid interface. 

2.3 Ground-penetrating Radar  

2.3.1 Basic Operating Principles of Ground-penetrating Radar 

GPR is a near-surface EM proximal sensor commonly used in agriculture and 

environmental applications (Baker et al., 2007; Davis & Annan, 1989; Reynolds, 2011). 

Commercially available GPR systems use unguided electromagnetic waves with 

frequencies ranging from 10 MHz to 3600 MHz (Davis & Annan, 1989; Klotzsche et al., 

2018). Resolution and depth of penetration are vital factors of GPR applications. Radar 

wave propagation velocity and wave attenuation depend on primary electromagnetic 

properties such as the relative Kr, EC, and ɛ of the soil/media (Davis & Annan, 1989; 

Reynolds, 2011). Kr is mainly controlled by the water content of the subsurface as the 

permittivity of liquid water overwhelms those of other soil constituents (Davis & Annan, 

1989; Topp et al., 1980).  

ὺ
Ѝ
   Eq. 2.5 

Eq. 2.5 shows the relationship between velocity (v) and Kr, where c is the propagation 

velocity of electromagnetic waves in free space, which is equal to the speed of light (0.3 

m/ns) (Davis & Annan, 1989). The penetration depth of GPR is mainly determined by the 

EC of subsurface materials and the operation frequency (Baker et al., 2007; Davis & Annan, 
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1989; Huisman et al., 2003; Weiler et al., 1998). When EM waves travel through conductive 

materials, EM energy is lost as heat through the electrical current. In addition, energy loss 

in EM waves is due to increasing operating frequency and scattering. This energy loss is 

called attenuation and, therefore, reduces the penetration depth of GPR waves (Annan, 

2005; Baker et al., 2007; Davis & Annan, 1989; Knight, 2001). GPR wave attenuation also 

results from geometrical spreading in 3D wave propagation. The resolution of GPR 

increases with increasing frequency, increasing bandwidth, and decreasing wave velocity, 

since the wavelength (ɚ) is inversely proportional to the frequency (f) and directly 

proportional to the velocity (ɚ = v/f) (Annan, 2005; Cassidy, 2009; Sperl, 1999). The 

radiation pattern of a GPR antenna is the primary determinant of its footprint, which is the 

subsurface area illuminated by the radiation emitted from the antenna. The shape and extent 

of the radiation pattern depend on several factors, including the antenna design, frequency, 

size, shape, and dielectric properties of the subsurface. The beam width of the radiation 

pattern is also affected by the dielectric permittivity of the subsurface, with higher 

permittivity resulting in a narrower beam. 

The most common GPR system consists of an impulse generator that repeatedly sends a 

source of a particular voltage and frequency to a transmitting antenna. It is worth noting 

that frequency-domain radars are also available in addition to impulse radars and are also 

referred to as time-domain radars (Lambot et al., 2004). They operate by successively 

transmitting continuous waves over a specific frequency range. Ground-coupled and air-

coupled horn antennas are used for on-ground and air-borne GPR surveys, respectively 

(Fig. 2.2). 
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A commonly used GPR system consists of two antennas: a transmitter (Tx) and a receiver 

(Rx) or multiple receivers. The Tx generates electromagnetic waves, following the 

frequency-dependent antenna radiation pattern, which travels through the air, air-surface 

interface, and subsurface. As shown in Fig. 2.3, the Rx receives airwave, direct ground wave 

(DGW), reflected wave, and refracted waves (Baker et al., 2007; Davis & Annan, 1989; 

Zhang et al., 2014). EM wave reflection or refraction at a boundary depends on different 

electrical properties (mainly Kr in most GPR applications) of the layer above and below the 

boundary (Chew, 1995). 

GPR applications have three main data acquisition modes: (1) reflection profiling, (2) 

velocity-sounding, and (3) transillumination (Annan, 2005; Baker et al., 2007; Davis & 

Annan). In the reflection profiling method, the Tx and Rx antennas are kept in a fixed 

antenna separation, orientation, and station interval, and both antennas are moved along the 

survey direction (Baker et al., 2007). This method is called the common offset method or 

fixed offset method (FOM) and produces a vertical 2D image of the subsurface reflections 

(Fig. 2.4a) (Annan, 2005; Galagedara et al., 2003a). The GPR velocity-sounding method 

can be performed using the common mid-point (CMP) method or the wide-angle reflection 

and refraction (WARR) method. In the CMP method, Tx and Rx are moved apart from each 

other by keeping the midpoint between the two antennas fixed (Fig. 2.4b). However, in the 

WARR method, one antenna (Tx, for example) is kept at a fixed location, and the other 

antenna (Rx) is moved away by increasing the antenna offset (Fig. 2.4c). The objectives of 

the velocity-sounding methods are to estimate the velocity by measuring the two-way travel 

times for different antenna offsets and then finding the slope of the relationship between 
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the squared travel time and antenna offset (Annan, 2005; Baker et al., 2007). The 

transillumination survey method places the Tx and Rx on opposite sides of the medium. 

Under transillumination, zero-offset profiling (ZOP) is a quick method to find anomalous 

zones by moving Tx and Rx from one station to another at a predetermined step size (Fig. 

2.4d). In the multi-offset gathering (MOG) mode, one antenna (Tx) is kept stationary while 

the other antenna (Rx) is moved to multiple locations to produce tomographic imaging (Fig. 

2.4e). In vertical reflection profiling (VRP), Tx is placed on the surface, and Rx is placed in 

the borehole since this method has many advantages over ZOP and MOG (Fig. 2.4f). The 

data acquisition method and frequency selected in each survey are based on the application 

requirements and field conditions (Annan, 2005; Baker et al., 2007; Galagedara et al., 

2003b; Wijewardana & Galagedara, 2010). 

2.3.2 Applications of Ground-Penetrating Radar in Soil Studies 

This section discusses the applications of GPR to estimate soil properties; states such as 

SWC, porosity, compaction, salinity, texture, OM, and other applications such as depth to 

the groundwater table and capillarity. 

2.3.2.1 Soil Water Content 

SWC estimation is the most extensively used and well-developed GPR application in soil 

studies. The large-scale estimation and mapping of the spatiotemporal variability of SWC 

are critical across the agricultural landscape, but these are difficult tasks to complete with 

traditional methods. For example, mapping high-resolution SWC variability using GPR 

provides the information necessary to optimize the amount of water required for and the 
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timing of crop irrigation. According to previous studies, volumetric soil water content 

(SWCV) can be estimated from GPR using various methods such as the reflected wave 

velocity method, DGW velocity method, transmitted wave velocity method (in boreholes), 

surface reflection coefficient method, average envelope amplitude (AEA) method, and full 

waveform inversion (FWI) method. Subsurface SWC influences the propagation velocity 

of GPR waves since Kr varies with SWC and velocity varies with Kr (Annan, 2005, 2009). 

The well-established and widely used Toppôs equation (Topp et al., 1980) estimates SWCV 

from Kr. Capacitance probes, neutron probes, the gravimetric method, and time domain 

reflectometry (TDR) are used for validating GPR-estimated SWC (Chanzy et al., 1996; 

Galagedara et al., 2003b, 2005a, 2005b; Hubbard et al., 2002; Huisman & Bouten 2003; 

Illawathure et al., 2020; Wijewardana & Galagedara, 2010; van Overmeeren et al., 1997). 

Reflected wave velocity method 

The reflected wave velocity method is used to acquire SWCV in deeper soil layers. 

However, reflectors such as isolated objects or interfaces are required to obtain the travel 

time of the reflected radar wave. Natural reflectors such as rocks and roots and artificial 

reflectors such as pipes are point reflectors, while lithologic layers and the water table are 

interfaces (Grote et al., 2003; Hubbard et al., 2002; Lu et al., 2017; van Overmeeren et al., 

1997; Weiler et al., 1998; Wollschlªger & Roth, 2005). The two-way travel time of the GPR 

wave above the reflector is measured and converted into radar wave velocity, then to Kr, 

and is then used to calculate the SWCV (Ercoli et al., 2018; Illawathure et al., 2020; Lunt 

et al., 2005). The velocity of the reflected wave is obtained using an FOM or multiple offset 

methods (MOM): CMP or WARR. When the depth of the reflector is known, the reflected 
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wave velocity is estimated in the FOM by dividing the depth of the reflector by the two-

way travel time. Lunt et al. (2005) applied the reflected wave velocity method under natural 

conditions, while Stoffregen et al. (2002), Loeffler and Bano (2004), Ercoli et al. (2018), 

and Zhou et al. (2019) applied it under controlled conditions to obtain SWCV. With 

advanced analysis techniques, the average velocity of a reflector can be obtained by fitting 

a hyperbola (Cui et al., 2019; Illawathure et al., 2020; Liu et al., 2019; Sham et al., 2016). 

On the other hand, CMP and WARR methods are applied as multiple offset methods when 

the depth of the reflector is unknown. However, data collection and processing in this 

method are time-consuming and labor-intensive (Liu et al., 2017; Zhang et al., 2022). 

Steelman and Endress (2012) applied the multi-frequency CMP method in three different 

sites to estimate the vertical variation of SWCV with the reflected wave method during a 

complete annual cycle, including wetting/drying and freezing/thawing. The reflection 

method for determining SWCV has some limitations, as it depends on the continuous 

availability of reflectors, especially in shallow soils (Illawathure et al., 2020).  

Direct ground wave velocity method 

On the other hand, the DGW velocity method of GPR can be used to estimate the SWCV of 

shallow (uppermost centimetres) soils without employing a reflector (Galagedara et al., 

2003a, 2005a; Huisman et al., 2001; Liu et al., 2017; van Overmeeren et al., 1997). Both 

the FOM and MOM can be used to estimate SWCV from the direct ground wave, though 

the MOM is time-consuming and laborious compared to the FOM (Galagedara et al., 2003 

a; Huisman et al., 2001). To address this, Sperl (1999) established a method to estimate 

SWCV over a large area by combining the MOM and FOM. In this method, the MOM only 
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decides the most suitable antenna separation to distinguish between the DGW and the direct 

airwave. Then, the FOM is applied with the decided antenna separation to collect data 

effectively over a large area (Liu et al., 2017; Huisman et al., 2003b). Huisman et al. (2001) 

assessed the accuracy of DGW to estimate and map SWCV over a large area with WARR 

and the FOM (single trace analysis). The accuracy of SWC estimated based on WARR 

measurements was Ñ0.030 m3/m3, while it was Ñ0.037 m3/m3 based on the FOM when 

compared with the TDR method. Therefore, the authors suggested that the available TDR 

calibrations, such as Toppôs equation (1980), can also be applied to GPR (Huisman et al., 

2001). Furthermore, the authors suggested that the most appropriate assessment between 

electromagnetic methods (TDR and GPR) is Kr rather than SWCV. Galagedara et al. 

(2003a) and Huisman and Bouten (2003) discussed the importance of accurate time-zero 

calibration to estimate SWCV using the DGW method. Huisman and Bouten (2003) 

conducted a sensitivity analysis to study time-zero error at zero antennae offset with WARR 

measurements. The authors found that GPR simulations could not account for the meantime 

shift at zero offset due to the time-picking error and SWCV heterogeneity in the sensitivity 

analysis. Galagedara et al. (2003a) suggested an accurate and stable time-zero picking 

methodology to estimate SWCV with an error rate of less than 1% under variable water 

contents. 

Huisman et al. (2002) found that GPR is an efficient technique to map SWCV over an 

agricultural landscape, and GPR-estimated SWC matched well with TDR results. The 

accuracy and spatial and temporal variability of the SWC under different water contents, 

such as irrigation and drainage conditions, have been studied by several researchers 
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(Ardekani, 2013; Hubbard et al., 2002; Huisman et al., 2002; Galagedara et al., 2003a, 

2005a; Grote et al., 2003, 2010; Minet et al., 2012). In addition, SWC variation under dry 

and rainy seasons was studied by Thitimakorn et al. (2016), while Cao et al. (2020) studied 

three-dimensional soil water dynamics before and after heavy rainfall. These studies 

compared SWC estimated from the DGW and found good agreements with TDR or 

gravimetric methods as standard methods. Weiherm¿ller et al. (2007) mapped the spatial 

variability of SWC with the DGW method at a silty loam site with 450 MHz center 

frequency antennas. However, Weiherm¿ller et al. (2007) compared GPR (450 MHz)-

estimated SWCV with TDR and volumetric samples and found that the results of the GPR 

did not agree well with that of the TDR and volumetric samples. The reason behind this 

was reported to be the high signal attenuation of the GPR due to the relatively high clay 

content present (Weiherm¿ller et al., 2007). 

However, previous studies have also identified some issues with the DGW method. It is 

challenging to distinguish the direct airwave and DGW under dry conditions since the 

velocity of GPR is high. Therefore, the DGW also reaches the Rx rapidly and interferes 

with the direct airwave (Ardekani, 2013; Galagedara et al., 2003a; Grote et al., 2003). The 

effective penetration depth of the GPR DGW varies with the soil texture, antenna 

frequency, and wet/dry conditions present (Chanzy et al., 1996; Galagedara et al., 2003a, 

2005a; Huisman et al., 2003; Pallavi et al., 2010). The heterogeneity of the upper soil layer 

can produce reflections which interfere with DGW. Radar wave attenuates with higher 

conductivity, and therefore, the penetration depth decreases with increases in high-

conductive materials such as clay. Galagedara et al. (2005c) applied a numerical model to 
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investigate the effective sampling depth of the GPR DGW in terms of antenna frequency 

and dry/wet two-layer conditions. The authors found that the penetration depth of the DGW 

decreases with increasing frequency and wetness since the sampling depth is a function of 

the wavelength (Galagedara et al., 2005c; Huisman et al., 2003b; Sperl, 1999). Table 2.2 

summarizes the previous studies related to the penetration depth of the GPR DGW when 

estimating SWC. 

Transmitted wave velocity method 

In the transmitted wave velocity method, both the Tx and Rx antennas are placed in 

boreholes or in surface drains, and the direct wave passing through the media is used to 

estimate the SWCV (Binley et al., 2002; Galagedara et al., 2003b; Klotzsche et al., 2019; 

Wijewardana & Galagedara, 2010; Strobach et al., 2014; Yu et al., 2020). In the early stage, 

ZOP and MOG measurements were widely applied. However, using ZOP and MOG, direct 

waves interfere with reflected and critically refracted waves in low-velocity zones and 

underestimate the SWC. Therefore, VRP was introduced (Rucker & Ferr®, 2004, 2005, 

2009). VRP requires only one borehole; thus, the ground disturbance and cost are relatively 

low. Across several studies, the transmitted wave velocity method was applied to estimate 

SWCV (Binley et al., 2002; Galagedara et al., 2003b; Klotzsche et al., 2019; Yu et al., 2020), 

even though the method is not widely used to estimate SWCV at the root zone in agriculture 

(Galagedara et al., 2003b; Strobach et al., 2014; Yu et al., 2020). Nevertheless, 

Wijewardana and Galagedara (2010) applied the transmitted direct wave method to 

estimate SWCV in raised bed agricultural fields, where Tx and Rx were moved along the 

surface drains of raised beds.  
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Surface reflection coefficient method 

The surface reflection coefficient method is an off-ground GPR technique; both antennas 

are moved above ground, and the SWCV is estimated based on the amplitude of the reflected 

wave at the soil surface. The underlying equations and modeling hypotheses are detailed 

and discussed in particular detail in Lambot et al. (2006). This method determines the 

reflection coefficient (R) using the amplitude of the reflections from the soil surface (A). 

The amplitude of the reflections from the perfect electric conductor (APEC) is positioned 

at the same distance as the soil (Eq. 2.6 and 2.7). Adekani (2013), al Hagrey and M¿ller 

(2000), Redman et al. (2002, 2003) applied this method to estimate SWC. This method is 

more suitable for agricultural applications such as optimizing seeding depth and irrigation 

management in very thin upper soil layers [0ï0.10 m] (Adekani., 2013). However, the 

practical applicability of the GPR surface reflection coefficient method for estimating soil 

moisture is constrained by its sensitivity to calibration height, which is difficult to maintain 

consistently in real-world field applications. Moreover, the method relies on a simplified 

assumption of 1D propagation, which does not account for the antenna, further limiting its 

accuracy.  

R =
1-Ůr(soil)

1+Ůr(soil)
  Eq. 2.6 

R=
A

APEC
  Eq. 2.7 

Average envelope amplitude method 

When estimating the SWC using the DGW with the FOM, differentiating the DGW and the 

direct air wave is often challenging. To avoid this problem, Pettinelli et al. (2007) proposed 
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a method to analyze early time signal amplitude (first arrival direct waveða combined 

direct airwave and DGW) without considering the separate travel times of the direct air and 

ground waves. In the AEA method, SWC is assessed by correlating Kr variation with 

attributes of the early time signal of GPR (Pettinelli et al., 2007, 2014). Furthermore, the 

AEA is sensitive to both Kr and ECa and changes in waveform attributes such as shape, 

amplitude, and duration with changing Kr and ECa (Algeo et al., 2014; Pettinelli et al., 

2007). Pettinelli et al. (2007) applied the AEA of the early time signal to estimate the SWC 

in a controlled field condition, Ferrara et al. (2013) applied it under natural field conditions, 

and Ferrara et al. (2013) applied it under laboratory conditions. Algeo et al. (2018) 

compared two early-time signal analysis methodsðthe AEA method and the carrier 

frequency amplitude methodðto map SWC and found that both methods have strengths 

and weaknesses. Another study assessed the applicability of AEA in early-time signals to 

study SWC during irrigation and showed the possibility of this method in estimating SWC 

in clay-rich soils (Algeo et al., 2016). However, this AEA method is still in development, 

and further research studies are needed to estimate soil properties under different field 

conditions. 

Full waveform inversion method 

FWI is a numerical modeling method that retrieves the unknown Kr and/or ECa distribution 

from a known EM field by fitting a full-wave EM model to the radar measurements 

(Lambot et al., 2004). The EM model tries to describe the radar signal, including the radar 

source, antenna(s), antenna(s)ðmedium interactions, and the medium, as accurately as 

possible. Ernst et al. (2007), Klotzsche et al. (2010, 2014), Meles et al. (2010), Gueting et 



35 

 

al. (2017), and Yu et al. (2023) applied FWI for borehole GPR experiments. Lambot et al. 

(2004, 2008, 2014), Jonard et al. (2011, 2012), Minet et al. (2012), and de Mahieu et al. 

(2020) applied FWI for air-coupled GPR configurations to estimate SWC. The method was 

recently used with a drone-borne GPR (Fig. 2.5) for high-resolution soil moisture mapping 

in agricultural fields (Wu & Lambot, 2022). The radar equation used in these studies was 

also generalized to near-field or on-ground GPR conditions (De Coster et al., 2016; Lambot 

et al., 2014; Tran et al., 2013) thereby opening new avenues for agricultural applications. 

FWI has proven to be a powerful tool for extracting the maximum information from GPR 

data and facilitating automated data processing. However, the application of FWI has been 

limited by the inherent complexity of the underlying electromagnetic model and the 

associated data processing requirements. In that respect, within the framework of the EUôs 

agROBOfood project, called MIRAGE (grant agreement NÜ 825395, 2021ï2023), a 

specifically dedicated radar and software for soil moisture mapping, namely, gprSense, has 

been developed (https://www.gprsense.com, accessed on 26 December 2022, Sensar 

Consulting, Belgium) (Wu et al., 2022). gprSense implements the full-wave radar equation 

introduced by Lambot et al. (2004) in a user-friendly software platform with an intuitive 

interface. This tool enables real-time automated FMI and the streaming of soil moisture 

data, making it accessible to both basic users and advanced scientists.  

Traditionally, the reflection coefficient at the soil surface is assumed to depend solely on 

the contrast in Kr between the soil and the air. However, for frequencies below 100 MHz, 

the soil conductivity can also significantly influence the reflection coefficient (Lambot et 

al., 2006). At these low frequencies, the sensitivity of the reflection to soil conductivity 
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becomes higher than that of Kr. Wu and Lambot (2022) proposed a new method for 

mapping soil conductivity using relatively low-frequency drone-borne GPR and full-wave 

inversion techniques. Their method works best when the dielectric permittivity and 

conductivity are not too large. Although the sensitivity to Kr is not negligible in this 

frequency range, their method demonstrated good agreement with the EC values obtained 

from EMI surveys. 

2.3.2.2 Soil Porosity and Soil Compaction 

Soil porosity indirectly influences GPR propagation wave velocity and amplitude. When 

pore spaces are filled with water, it changes the Kr, which changes the v. Therefore, Kr at 

saturation can be used as an indicator of total porosity (Ghose & Slob, 2006; Khalil et al., 

2010; Lai et al., 2006; Nimmo, 2001; Turesson, 2006). Macro-pores can trap more water 

during saturation (irrigation and excess rainfall) since their infiltration rate is high, but 

water will drain quickly due to gravity and become dry (Hillel, 1998). This phenomenon 

will affect the velocity of GPR waves, where velocity decreases during infiltration and 

increases during drainage. This velocity variation is rapid in coarse-textured soils and 

wetting and drying are faster than in fine-textured soils. Micropores can hold more water 

against gravity through capillary action, and micropores are more common in clay soil, 

even though the GPR waves attenuate due to the high EC of clay (Hillel, 1998; Nimmo, 

2001). 

Different researchers initially assessed soil porosity using GPR wave velocity (Bradford, 

et al., 2009; Ghose & Slob, 2006; Lai et al., 2006; Turesson, 2006). However, a reliable 

method to estimate porosity, bulk density, soil compaction, or soil penetration resistance 
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using GPR has yet to be developed and tested. In unsaturated soils, pore spaces are filled 

with both water and air. The relationship between soil porosity, soil water saturation, and 

SWCv is crucial when finding the porosity with GPR. If the soil water saturation is known, 

porosity can be estimated since SWCv can be obtained from GPR (Khalil et al., 2010). 

Additionally, under fully saturated conditions, SWCV is equal to the soil porosity (Bradford 

et al., 2009; Hillel, 1998). Thus, GPR can be used to estimate soil porosity by measuring 

the SWCV at saturation.  

Due to the difficulty of estimating porosity alone with GPR, researchers have integrated 

other geophysical techniques and different theoretical and empirical approaches with GPR. 

Laboratory-scale experiments were conducted to estimate soil porosity using GPR (Ghose 

& Slob, 2006; Lai et al., 2006; Mount & Comas, 2014) and field-scale experiments (Khalil 

et al., 2010; Turesson, 2006). However, the differences between the experimental scales 

and laboratory-scale measurements must be tested before their application to field 

conditions (Ghose & Slob, 2006; Mount & Comas, 2014).  

Turesson (2006) estimated the porosity and soil water saturation of sand, and Khalil et al. 

(2010) estimated the porosity and soil water saturation of a sandstone aquifer using GPR 

and resistivity techniques using both Toppôs equation (Eq. 2.1) and Archieôs equation (Eq. 

2.2). Ghose and Slob, (2006) assessed the porosity and soil water saturation of shallow 

subsoil by developing integrated GPR-seismic techniques through numerical modeling. 

Meanwhile, Lai et al. (2005) proposed a new method to determine porosity using GPR, 

namely, the cyclic moisture variation technique. In this method, the authors determined the 
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variation of Kr and soil water saturation from a partially saturated state to a fully saturated 

state of the soil and modified the CRIM equation (Eq. 2.3) to obtain the porosity. 

Researchers have also applied GPR to assess the effect of heavy machinery on soil 

compaction, a serious problem in agricultural fields (Akinsunmade et al., 2019, 2021; 

Akinsunmade, 2021). With compaction, porosity decreases, consequently increasing the 

bulk density and penetration resistance, thereby reducing water infiltration (Akinsunmade 

et al., 2019; Wang et al., 2016). Previous studies showed that compaction changes GPR 

attributes, i.e., propagation wave velocity and amplitude (Akinsunmade et al., 2019, 2021; 

Akinsunmade, 2021; Jonard et al., 2013; Mu¶iz et al., 2016; Wang et al., 2016). Moreover, 

researchers found a negative correlation between GPR wave amplitude and 

compaction/penetration resistance (Akinsunmade et al., 2019, 2021; Akinsunmade, 2021; 

Wang et al., 2016). This negative correlation may be due to reduced free water and 

increased bound water in the soil structure, resulting in increased water-soluble salts in soil 

pore water, thereby increasing the soilôs bulk EC and attenuating GPR waves and decaying 

the wave amplitudes (Wang et al., 2016). Another reason could be that increasing the soil 

density increases the EM wave reflection more than the transmission; hence, the EM 

energy, wave amplitude, and penetration depth decrease (Wang et al., 2016). On the other 

hand, Akinsunmade et al. (2019) and Akinsunmade (2021) found that GPR signals 

penetrate deeper depths in compacted areas than in uncompacted areas. With soil 

compaction, porosity, and SWC, Kr decreases, while GPR wave velocity and wavelength 

increase, increasing the penetration depth (Akinsunmade et al., 2019, 2021; Akinsunmade, 

2021). 



39 

 

2.3.2.3 Soil Salinity 

Soil EC is the best parameter to estimate soil salinity (Awak et al., 2017; Baker, et al., 2007; 

Saarenketo, 1998). In agricultural fields, soil EC is temporally unstable since it frequently 

changes, mainly with SWC, due to irrigation, drainage, leaching, evapotranspiration, 

fertilizer application, and other soil amendments (Awak et al., 2017; Corwin & Scudiero, 

2019). Soil EC is mainly measured using: (1) saturated paste extract electrical conductivity 

(ECe); (2) apparent electrical conductivity (ECa); and (3) soil water electrical conductivity 

(ECw). The estimation of the ECe of the soil using soil samples in the laboratory is the 

standard method (Knight, 2001; Miller & Curtain, 2008) for soil salinity measurements. 

This standard method is time-consuming, laborious, and costly for large-scale applications. 

Therefore, electrical resistivity, EMI, and TDR techniques are widely used as alternative 

methods. However, these alternative methods provide the ECa of the subsurface but not the 

ECw or ECe (Altdorff, et al., 2018; Awak et al., 2017; Badewa et al., 2018, 2019; Corwin & 

Lesch, 2003, 2005; Wu et al., 2020). The three main current flow pathways contributing to 

the EC are the liquid, solidïliquid, and solid phases (Corwin & Lesch, 2005; Rhoades et 

al., 1998). However, ECw is the most appropriate measurement since it is the salinity 

experienced by plant roots. ECw is impossible to obtain directly using alternative methods 

in the field, and it is difficult to measure in the laboratory (Corwin & Lesch, 2003, 2005). 

In the literature, soil salinity is expressed in different ways using terms such as ECa, ECw, 

ECe, and EC at different soil: water (EC1:1, EC1:2, and EC1:5) ratios. The EC of the solid 

phase (ECs) is an important property in agricultural soils and a key variable in PA. It 

strongly correlates to clay content, a textural property that strongly influences soil water 
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storage, dynamics, and plant growth. Together with SWC, ECs significantly impacts the 

measured ECa, making it an excellent surrogate for mapping clay content, usually with EMI 

(Corwin & Lesch, 2003, 2005). 

Researchers have identified that the influence of EC on GPR wave propagation limits GPR 

applications, including in agricultural soils. In most applications, such as locating buried 

objects or utilities and stratigraphic studies, a high EC restricts the GPR signal penetration 

due to attenuation (Annan, 2009; Cassidy, 2009; Davis & Annan, 1989; Knight, 2001). 

Soils with high clay content (illite and montmorillonite) have a high CEC and high EC, 

leading to higher GPR signal attenuation in clay-rich soils (Annan, 2005; Baker et al., 2007; 

Cassidy, 2009). However, this limitation (i.e., the influence of EC on GPR wave 

propagation) can be used as an opportunity in other applications, such as contamination 

mapping, identifying highly saline areas in PA, and seawater intrusion. 

Mimrose et al. (2011) studied the influence of irrigation water salinity on the GPR signals 

using different salt-water concentrations. The authors showed that the amplitude of the 

GPR reflected wave is inversely proportional to irrigation water salinity. Ferrara et al. 

(2013) applied the early-time GPR amplitude analysis method to find the influence of the 

EC on GPR wave amplitude under uniform Kr conditions using salt water. In this study, the 

authors found a high correlation between EC and GPR reflected wave amplitude. Alsharahi 

et al. (2016) used a numerical modeling approach to estimate reflections from iron bars and 

plastic bottles to evaluate the effect of Kr and EC on GPR waves and found that the reflected 

wave amplitude decreases as EC increases. Wu et al. (2020) assessed EC variations by 
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applying the waveform comparison method under different conductivities by implementing 

the GPR reflection coefficient method. 

In previous studies, GPR was applied to identify and map soil contaminants such as excess 

fertilizers, soil amendments, leachates from dump sites, and hydrocarbons. Wijewardana et 

al. (2012, 2015, 2017) studied the effect of inorganic contaminants produced from landfill 

leachate on the GPR responses through field studies, controlled lysimeters, and a modeling 

approach. The authors found that GPR signal strength decreases with increasing 

contaminant concentrations due to increasing EC in contaminant plumes. The reflected 

wave disappeared completely at high EC levels due to attenuation (Wijewardana et al., 

2017). Reflected wave amplitude decreased with increasing EC, and further research in this 

field was suggested, since these methods could potentially evaluate EC variation in the 

subsurface and contamination mapping using the reflected wave amplitude (Mimrose et al., 

2011; Wijewardana et al., 2017; Tsoflias & Becker, 2008). The R at an interface increases 

as the EC contrast increases. Nevertheless, as EC attenuates GPR waves in a given layer, it 

lowers the amplitude of the reflection amplitude for the lower interfaces. Under laboratory 

conditions, full-wave inversion was successfully used to retrieve soil conductivity, as 

demonstrated by Lambot et al. (2004). However, in field conditions with unknown 

subsurface layering, the inverse problem becomes ill-posed, and the retrieval of EC 

becomes challenging. 

2.3.2.4 Soil Hydraulic Properties 

As described by the water retention curve and hydraulic conductivity function, unsaturated 

soil hydraulic properties govern subsurface water dynamics (Hillel, 1998). Hence, as GPR 
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permits the characterization of SWC, time-lapse GPR offers the possibility to characterize 

these properties through the monitoring of SWC and its dynamics (Di Prima et al., 2010; 

Zhang et al., 2022). This requires the coupling of the GPR derived-soil moisture or a GPR 

data processing algorithm with a soil hydrodynamic model, for example, one based on 

Richardsô equation (Jury et al., 1991). For instance, Binley et al. (2002), Rucker and Ferr® 

(2004), Cassiani and Binley (2005), and Kowalsky et al. (2005) applied borehole GPR and 

tomographic inversion to monitor the distribution of water between boreholes and infer soil 

hydraulic properties. Lambot et al. (2004) remotely characterized the hydraulic properties 

of a laboratory soil column using full-wave GPR data inversion and subsequent soil 

hydrodynamic inversion. Lambot et al. (2004) introduced an integrated 3D full-wave 

electromagnetic and 1-D hydrodynamic inverse modeling procedure to estimate the soil 

hydraulic properties from far-field GPR measurements. The method was further studied 

and applied in the field by Jadoon et al. (2008, 2012). Tran et al. (2013) used data 

assimilation techniques based on a maximum likelihood ensemble filter to estimate the soil 

hydraulic properties and reconstruct continuous soil moisture profiles. Despite the 

promising perspectives for environmental engineering applications shown in these studies, 

the utilization of joint GPR and hydrodynamic modeling approaches has proven to be 

challenging, particularly in the agricultural context, because the parameterization of these 

models is complex and requires a detailed understanding of the soil stratigraphy, 

petrophysical relationships, and boundary conditions for the hydrodynamic model. 

2.3.2.5 Groundwater Table and Capillary Fringe Reflection 
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Determining the depth to the groundwater table (DGWT) is crucial in water management 

because DGWT affects groundwater recharge, water supply to plants, and contaminant 

accumulation and transport (especially agrochemicals) (Essam et al., 2020; Igel et al., 

2016). Capillary fringe and the groundwater table fluctuate with seasonal variations, 

affecting agricultural water management, especially during the growing season. Indirect 

geophysical techniques such as GPR and seismic and resistivity techniques have been 

employed as alternative methods to traditional destructive piezometer installation when 

estimating DGWT. GPR is appropriate to estimate the DGWT of shallow aquifers (0ï30 m) 

non-destructively on a large-scale (Doolittle et al., 2006; Kowalsky et al., 2005; 

Mahmoudzadeh et al., 2012; Paz et al., 2017; van Overmeeren, 1998). Information on the 

groundwater table fluctuation during the growing season is vital to understand the water 

availability for crops through capillarity and groundwater contamination potentials due to 

agricultural inputs. 

The soil above (i.e., unsaturated) and the soil below (i.e., saturated) the water table have 

different SWCs and thus have different Kr values (Bano, 2006; Doolittle et al., 2006; Igel 

et al., 2016; Nguyen et al., 1998; Onishi et al., 2004; Topp et al., 1980). Therefore, due to 

the contrast in Kr at the interface, the water table can be identified in the radargrams 

(Doolittle et al., 2006; Illawathure et al., 2020b; Nguyen et al., 1998). Nevertheless, due to 

the capillary rise, the transition from the saturated zone to the unsaturated zone (capillary 

fringe) is not sharp, especially in fine-textured soils. Indeed, the observed reflection occurs 

some distance above the water table, depending on the shape of the capillary fringe. Under 

hydrostatic conditions, the shape corresponds to the soilôs water retention curve (Lambot 
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et al., 2004); otherwise, it can be relatively variable depending on the hydrodynamic 

conditions of the soil (Bentley & Trenholm, 2002; Endres et al., 2000; Igel et al., 2016; 

Illawathure et al., 2020b; Onishi et al., 2004). The top of the capillary fringe is partly 

saturated, and the bottom is fully saturated (the bottom is the water table). Thus, there is an 

SWC variation through the capillary fringe, and GPR wave velocity decreases from top to 

bottom (Kr increases from top to bottom) (Bano, 2006; Daniels et al., 2005; Hillel, 1998). 

Because of this heterogeneity, GPR wave reflection varies, along with the capillary fringe 

(Bano, 2006; Doolittle et al., 2006; Igel et al., 2016). The height of the capillary fringe 

varies with the texture, pore size, and pore size distribution (Bano, 2006; Costall et al., 

2020; Doolittle et al., 2006; Igel et al., 2016; Nguyen et al., 1998). In coarse grain soils 

(e.g., sand), the capillary height is less, and the contrast in Kr between dry and saturated 

sand is sharp; consequently, the water table can be distinguished from easily GPR 

reflections (Costall et al., 2020; Kowalczyk et al., 2018; Paz et al., 2017). Conversely, the 

capillarity is high in fine-grain soils. Therefore, it is difficult to distinguish the actual water 

table in clay soils due to low contrast at the interface, decreasing the accuracy of DGWT 

estimation using GPR (Annan et al., 1991; Bentley & Trenholm, 2002; Daniels et al., 2005; 

Doolittle et al., 2006; Endres et al., 2000; Illawathure et al., 2020b; Kowalczyk et al., 2018). 

2.3.2.6 Other Soil Properties 

Other than SWC, soil compaction, and soil salinity, GPR has been applied to estimate other 

soil properties, such as soil texture and clay content (Benedetto & Tosti, 2013; De 

Benedetto et al., 2012; Meadows et al., 2006; Tosti et al., 2013) and soil OM/ organic carbon 

(OC) (Comas et al., 2017; De Benedetto et al., 2022; Ryazantsev et al., 2022; Shen et al., 
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2019; van Dam et al., 2002). Soil profile stratigraphy studies focusing on other soil 

properties were carried out by Doolittle and Collins (1998), Stroh et al. (2001), Meadows 

et al. (2006), Andr® et al. (2012), and Nov§kov§ et al. (2013), and soil organic horizons 

were studied in particular by Winkelbauer et al. (2011). 

In agricultural soil studies, GPR is extensively used for SWC estimation, followed by the 

estimation of soil salinity, porosity, and bulk density, while other properties are currently 

being researched. In addition to soil properties and states, GPR estimates soil horizons, 

stratigraphy, and water table mapping. The estimation of these properties in the agricultural 

landscape using GPR will provide essential information needed for farmland management 

to support PA. 

2.4 Electromagnetic Induction 

2.4.1 Basic Operating Principles of Electromagnetic Induction 

The primary electromagnetic properties that the EMI sensor can determine are EC and ɛ. 

Therefore, without direct contact with the subsurface, EMI sensors measure the sub-

surfaceôs ECa and apparent magnetic susceptibility (MSa) (Allred et al., 2008; Doolittle & 

Brevik, 2014). Three pathways of current flows are responsible for the soil ECa (see Section 

2.3.2.3). The interpretation of ECa is complex and based on several soil properties such as 

soil salinity, SWC, soil porosity, bulk density (compaction), OM, CEC, clay content, and 

temperature (Allred et al., 2005; Badewa et al., 2019; Corwin & Lesch, 2005; Corwin & 

Scudiero, 2019; Padhi & Misra, 2011; Robinson et al., 2012; Visconti & Paz, 2021). EC 

increases with increasing temperature and is usually expressed at the reference temperature 

of 25 ÁC according to Eq. 2.8 and 2.9. 
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Ὁὅ ὪȢὉὅ  Eq. 2.8 

Ὢ πȢττχπρȢτπστὩ Ȣ   Eq. 2.9 

EC measured at an actual temperature t (ECt) can be converted into the EC at 25 ÁC (EC25) 

(Corwin & Lesch, 2005; Sheets & Hendrickx, 1995). In Eq. 2.8, ft is the temperature 

conversion factor. 

Initially, EMI was used to measure soil EC and subsequently to estimate other soil 

properties such as SWC, soil texture (mainly the clay content), bulk density, OM, CEC, and 

soil pH (Doolittle & Brevik, 2014; Visconti & de Paz, 2021). 

An EMI sensor primarily consists of two coils: a Tx coil and an Rx coil (Fig. 2.6). The Tx 

sends the time-varying or frequency-varying alternative current through a coil. This 

alternating current produces a time-varying primary magnetic field, which interacts with 

the conductive subsurface to induce eddy currents. These eddy currents generate the 

secondary EM field. The amplitude and phase of the primary magnetic field (Hp) and the 

secondary magnetic field (Hs) are received by the Rx coil (McNeill, 1980) (Fig. 2.6). The 

ratio of the Hs and Hp is proportional to the subsurface ECa under low induction number 

conditions according to the Eq. 2.10 (McNeill, 1980). 

%#a=
4

ɤɛ0S
2

Hs
HÐ
   Eq. 2.10 

where ɤ is the angular frequency, ɛo is the magnetic permeability of free space (4ˊ x 10-7 

H/m), and S is inter-coil spacing (m).  
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Although Eq. 2.10 is the most widely used model for estimating the EC of soil from the 

EM field measurements, as it is implemented in commercially available sensors, it relies 

on a series of simplifications, and its application requires specific calibration. 

Single-to-multi-coil (MC) and single-to-multi-frequency (MF) are the commercially 

available EMI sensors used in agricultural and environmental fields (Fig. 2.7). MC and MF 

sensors have different depth-sensitivity functions and different footprints and, therefore, 

characterize different soil volumes (Fig. 2.8). MC EMI sensors have different coil 

separations between the Tx coil (usually one) and Rx coils (usually two or three) with one 

operating frequency to explore different integrated depths. In MF EMI sensors, one Tx coil 

and one Rx coil operate with different frequencies (Fig. 2.8). The depth of investigation of 

MF sensors increases with decreasing frequency (Altdorff et al., 2016; De Smedt et al., 

2013). 

Both MC and MF EMI sensors can operate in horizontal dipole (VCP) (vertical coplanar) 

and vertical dipole (HCP) (horizontal coplanar) orientations and give different integrated 

depths of investigations (DOI) in each dipole or coil orientation (Fig. 2.9). The VCP DOI 

is approximately 0.75 times the inter-coil spacing, while the HCP DOI is about 1.5 times 

the inter-coil spacing (McNeill, 1980). Current flow paths under different coil orientations 

(VCP and HCP) differ. The DOI of EMI sensors depend on field condition (height of 

operation, soil EC, ɛ, and stratigraphy), operating frequency, type of the sensor (MC or 

MF), and coil orientation (VCP or HCP). Even though theoretical DOI is based on 

homogeneous soil conditions, the actual DOI under heterogeneous field conditions (due to 
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changing physical and chemical properties) can vary (Altdorff et al., 2020; Corwin & 

Scudiero, 2019). 

2.4.2 Applications of Electromagnetic Induction in Soil Studies 

This section discusses the main applications of EMI in estimating soil properties and states 

such as SWC, soil compaction, soil salinity, soil texture, and OM. 

2.4.2.1 Soil Salinity  

The spatial and temporal variability of soil salinity in the agricultural landscape can be 

assessed and monitored using EMI sensors by measuring ECa (Corwin & Lesch, 2014; 

Farzamian et al., 2021; Narjary et al., 2021). While some studies considered ECa measured 

by EMI as a soil salinity indicator, others used ECa to estimate actual soil salinity (e.g., 

ECe) (Corwin & Scudiero, 2022; Ganjegunte et al., 2014; Narjary et al., 2021; Yao et al., 

2015, 2016). However, the applications of EMI have limitations. The conversion of EMI 

measured ECa into soil salinity is complex and needs to use different models (such as 

Rhoadesô model (1976) and regression equations (Diaz & Herrero Isern, 2022; Doolittle et 

al., 2001; Ganjegunte et al., 2014). Furthermore, EMI applications that estimate soil salinity 

require site-specific calibration (Ganjegunte et al., 2014; Urdanoz & Arag¿®s, 2019; 

Akramkhanov et al., 2013).  

Several studies have been carried out to estimate soil salinityôs spatial and temporal 

variation by developing simple regression models with ECa. Diaz et al. (1992) developed 

and compared two calibration methods, simple regression models derived from the design 

of the sensor: ECaïECe and ECaïEC1:5. The authors found that the ECe estimations were 

more accurate when compared to the EC1:5 estimations using EMI measured ECa. In another 



49 

 

study by Doolittle et al. (2001), simple linear regression (SLR) models were developed 

between ECe measured in different depth intervals and ECa measured using two different 

EMI instruments: EM38 (single frequency) and GEM300 (multi-frequency). Both 

instruments gave similar spatial and temporal variations, and in the 0ï0.30 m depth interval, 

the coefficient of determination (R2) was >0.90 (p = 0.005) for both instruments (Doolittle 

et al., 2001). Ganjegunte et al. (2014) developed multiple linear regression (MLR) models 

to estimate the soil salinity (as ECe) and sodium absorption ratio (SAR) in two study sites 

using ECa. The authors found that the R
2 values were 0.91 and 0.93 (p = 0.05) between the 

MLR model estimated and the measured ECe, while the R
2 values were 0.89 and 0.90 (p = 

0.05) between the MLR model estimated and the measured SAR for two studied sites 

(Ganjegunte et al., 2013). 

Geostatistical methods such as ordinary kriging are often applied to observe and predict the 

spatial and temporal variation of soil salinity using measured ECa data (Akramkhanov et 

al., 2014; Narjary et al., 2021; Yao et al., 2015). A recent study researched variations in soil 

salinity using the time-lapse inversion of ECa measured using an EMI sensor. The authors 

applied a 2D hydrological model, HYDRUS- 2D (Kachanoski et al., 1988), by considering 

water contents and solute concentrations. The authors found that the correlation (r) between 

ECa and ECe was 0.88 (p = 0.001) and showed the reliability of the EMI method in 

measuring soil salinity in salt-water-irrigated areas (De Carlo et al., 2021). 

2.4.2.2 Soil Water Content  

SWC and ECw play a significant role in contributing to the variation of ECa. Early-stage 

research studies mapped the spatial or temporal variation of ECa and SWC to investigate 
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the influence of SWC and soil water dynamics on ECa (Allred & Ehsani, 2008; Kachanoski 

et al., 1988). Based on the findings by the above researchers, subsequent studies have 

developed site-specific relationships between ECa and SWC (Altdorff et al., 2018; Badewa 

et al., 2018; Brevik et al., 2006; Robinet et al., 2018). The latest research improved the 

modeling approaches (Moghadas et al., 2017; Shaukat et al., 2022; Tang et al., 2020; Zare 

et al., 2020) to estimate SWC from ECa. 

Kachanoski et al. (1988) conducted a field-scale experiment to determine the relationship 

among spatial variations of ECa, SWC, and soil texture in areas with low soluble salts. The 

authors found that the spatial variation of measured SWC correlated with ECa (R
2 = 0.77). 

An additional experiment evaluated the impact of air and soil temperature, as well as 

shallow hydraulic conditions, such as SWC and water table depth, on the spatial and 

temporal variation of ECa, and the authors found that the ECa was low under cold climatic 

conditions (Allred et al., 2005). Additionally, the duration and intensity of rainfall and 

irrigation effects may influence the ECa over a short period (Allred et al., 2005). Using 

different soils, Brevick et al. (2006) reported a linear relationship between ECa and the 

SWC and found a significant impact of SWC on ECa. Another study compared the spatial 

variability of ECa under wet and dry conditions and evaluated the relationship between clay 

content and SWC (Pedrera-Parrilla et al., 2016). The authors found significantly larger ECa 

values during the wet days. The correlation between ECa and SWC was found to be nearly 

two times greater in wet conditions (r = 0.54) than on dry days (r = 0.27) (Pedrera-Parrilla 

et al., 2016). EMI surveys were also carried out to study ECa variation under flood and 

drought (wetting and drying) conditions in a paddy field. Islam et al. (2012) showed that 
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flooding increased the stability of ECa by reducing the micro-scale variability of ECa due 

to the absence of soil moisture dynamics. The relationship between SWC and ECa (MC and 

MF EMI sensors) was developed and evaluated in a managed podzolic soil (Badewa et al., 

2018). Linear regression models were developed for SWC with MC and MF sensors 

separately. The authors found the highest predicting accuracy of SWC using ECa measured 

by an MC EMI sensor (R2 = 0.79), rather than that of an MF sensor (R2 = 0.17) (Badewa 

et al., 2018). However, with a new calibration method, Robinet et al. (2018) developed a 

non-linear relationship between SWC and ECa measurements from an MC sensor for 

deeper depths, which was also influenced by ECw. 

Hezarjaribi and Sourell (2007) used electrical resistivity and EMI techniques (EM-38) to 

develop site-specific relationships between ECa and the total available water content within 

the upper 0.60 m of the soil profile. According to the developed relationships, the resistivity 

technique gave a higher correlation coefficient (R2 = 0.77) for the total available water 

content. In contrast, EMI provided a lower correlation coefficient (R2 = 0.56, and R2 = 0.35 

for vertical and horizontal dipoles, respectively) (Hezarjaribi & Sourell, 2007). However, 

Huth and Poulton (2007) studied the soil water extraction pattern of a 0.90 m soil profile 

with ECa and found a good correlation between SWC and ECa (R
2 = 0.93). Soil water 

distribution estimations in wheat (Padhi & Misra, 2011) and cotton (Misra & Padhi, 2014) 

fields were carried out using EMI sensors which showed an accurate estimation of SWC 

(R2 > 0.70) using ECa measurements within the root zone. Altdorff et al. (2018) determined 

the accuracy of the correlation between ECa measured using an MC EMI sensor and SWC 

measured using TDR under different agronomic treatments (dairy manure, inorganic 
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nitrogen, and phosphorous). The major finding of their study was that the ECaïSWC 

correlation varied both spatially and temporally and was dependent on several soil 

properties, such as soil texture, bulk density, and site conditions, potentially due to the 

changes in ionic strength under different agronomic treatments (Altdorff et al., 2018). 

Advanced electromagnetic models, combined with inversion techniques and Mult-offset 

measurements, can be used to reconstruct vertical conductivity profiles from the EMI 

measurements of soil ECa. This method allows for the estimation of the SWC at specific 

depths using mathematical models applied to the depth-specific ECa values (Moghadas et 

al., 2017; Shaukat et al., 2022; Tang et al., 2020; Zare et al., 2020). The spatiotemporal 

variability of SWC in irrigated maize fields was assessed using the probabilistic inversion 

of time-lapse ECa data (Moghadas et al., 2017). The authors showed that the time-lapse 

method is beneficial to use when identifying the spatiotemporal variability of the SWC and 

soil water dynamics (Moghadas et al., 2017). In another study, ECa related to SWC and 

potato tuber yield and established a two-layer model for ECa with a mathematical model 

(Tang et al., 2020). The least-square inversion algorithm was applied to determine the ECa 

of soil layers to predict the SWC and spatiotemporal management zones during wet and 

dry conditions (Shaukat et al., 2022). In this study, EMI-estimated SWC compared well 

with neutron probe measurements for wet and dry conditions, with Pearson correlations of 

0.74 and 0.95, respectively (Shaukat et al., 2022). 

No empirical or theoretical model or relationship has been developed to estimate SWC 

accurately from ECa. The relationship between ECa and SWC depends on several soil 

properties, states, and specific field conditions; thus, site-specific calibrations are required 
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(Altdorff et al., 2017; Martini et al., 2017; Turkeltaub et al., 2022). Site-specific empirical 

relationships between the SWC and ECa are reported as being linear in most of the literature 

(Brevik et al., 2006; Calamita et al., 2015; Robinson et al., 2012; Turkeltaub et al., 2021). 

At the same time, a few studies have shown that the relationship changes to being non-

linear when the variability of the SWC is high (Altdorff et al., 2017; Kachanoski et al., 

1988; Robinet et al., 2018). However, SWC maps could be developed using ECa to 

understand the spatial and temporal variability pattern of the SWC, being correlated 

weakly, moderately, or strongly with ECa (Altdorff et al., 2018, 2020; Badewa et al., 2018; 

Friedman, 2005; Mart²nez et al., 2010; Misra & Padhi, 2014; Reedy et al., 2003; Saey et 

al., 2009). 

2.4.2.3 Bulk Density and Soil Compaction 

The potential of ECa as a proxy to estimate the spatial and temporal variation of soil 

compaction/bulk density has been studied previously as ECa is a function of soil 

compaction/bulk density (Archie, 1942). Previous research showed that ECa increases as 

soil compaction increases (Brevik & Fenton, 2002; Galamboġov§ et al., 2020; Hoefer et al., 

2010). Galamboġov§ et al. (2020) evaluated the potential of the EMI method or sensors to 

determine the compacted and non-compacted areas in silty clay soils and observed higher 

ECa values in compacted areas (r = 0.66) than in non-compacted areas. Al-Gaadi et al. 

(2012) evaluated the potential of ECa measured from EMI to estimate soil compaction by 

considering the influence of SWC. The authors found that ECa measurement can predict 

soil compaction under low SWC conditions (below 7%) in sandy soil (Al-Gaadi, 2012). 
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Besson et al. (2004) discovered no clear correlation between soil compaction and ECa in 

newly plowed land due to significant variation in soil properties such as SWC. A recent 

study also found that there was no good correlation between ECa with bulk density and 

penetration resistance, even though the study showed a positive correlation (r = 0.61) 

between ECa and clay content (Ren et al., 2022). The authors suggested that the variability 

in clay content covers comparatively slight variation effects of soil compaction, and that 

subsurface heterogeneity (due to stones) would also affect ECa measurements (Ren et al., 

2022). 

2.4.2.4 Other Soil Properties 

Other than SWC, soil salinity, and compaction, ECa measured using EMI has been used to 

estimate and map the spatial and temporal variation of soil texture and clay content (Atwell 

et al., 2019; Johnson et al., 2001; Pedrera-Parrilla et al., 2016; Ren et al., 2022; Robinson 

et al., 2012; Rodrigues et al., 2015; Vitharana et al., 2008), OM or OC (Atwell et al., 2019; 

De Benedetto et al., 2022; Johnson et al., 2001; Robinson et al., 2012; Rentschler, et al., 

2022; Vitharana et al., 2008), CEC (Rodrigues et al., 2015), and soil pH (Atwell et al., 2019; 

Johnson et al., 2001; Vitharana et al., 2008). 

2.4.2.5 Apparent Magnetic Susceptibility 

Most EMI applications in soil studies are related to ECa measurements; however, MSa also 

has the potential to be used in relation to soil properties and processes. However, very few 

soil studies have been conducted using MSa (in-phase data), which is simultaneously 

measured by commonly available EMI sensors. The MSa of soil is determined by the 

number of magnetic minerals present and is primarily controlled by magnetite and 
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maghemite concentrations (Maher, 1986). Similar to ECa, MSa is also influenced by soil 

layering, porosity, saturation, texture, OM, and natural and anthropogenic features 

(Sadatcharam et al., 2020; Shirzaditabar & Heck, 2020, 2021). Using metal targets, 

Sadatcharam et al. (2020) studied the depth sensitivity of MSa using MC and MF EMI 

sensors. Shirzaditabar and Heck (2021) studied soil drainage characteristics of soil profiles 

using MSa under different drainage conditions; the authors found that the MSa values in 

poorly drained soil profiles were lower than in well-drain soil profiles. McLachlan et al. 

(2022) studied physicochemical properties, such as OM, nitrogen, CEC, and pH, using both 

ECa and MSa, reporting a potential relationship between MSa and CEC and OM. 

In soil studies related to agriculture, the EMI method is used in various applications. Based 

on the influence of several soil properties and states of ECa, the relationships with 

interrelated soil properties are complex. Additionally, the use of the EMI method provides 

ECa and MSa simultaneously; therefore, the application range in soil studies can be 

expanded with future research. 

2.5 Synthesis and Critical Analysis 

According to the literature reviewed in soil studies, many studies have focused on 

estimating soil properties and states using GPR and EMI individually. Fig. 2.10 shows the 

number of studies conducted using GPR and EMI techniques from 1995 to 2022. This 

analysis considered the five most widely assessed soil properties and states: SWC, soil 

salinity, soil compaction, soil texture/clay content, and OM/OC. Overall, SWC is the soil 

state most assessed using GPR (>600 studies, 85.17%) and using EMI (>100 studies, 

42.09%), as shown in Fig. 2.10 and 2.11. Compared to GPR, there are many soil salinity 
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studies present in the literature that used the EMI technique, which is as expected since the 

EMI instrument measures the soil ECa, which is considered to be a conductivity meter. Fig. 

2.10 clearly highlights the lack of studies concerning other vital properties such as soil 

compaction, soil texture, and OM using either method. 

Fig. 2.11 shows the percentages of studies of each soil property and state using GPR (Fig. 

2.11a) and using EMI (Fig. 2.11b) that were conducted from 1995 to 2022. For the GPR 

method, most studies that were conducted were related to SWC, and studies that were 

related to other soil properties and states accounted for less than 15% (Fig. 2.11a). On the 

other hand, higher percentages of studies have been carried out which assess the two 

properties of SWC (40.29%) and soil salinity (34.86%) using the EMI technique (Fig. 

2.11b). Furthermore, Fig. 2.11 clearly shows that the EMI technique has been used in the 

literature to cover a wide range of soil properties (e.g., SWC, salinity, soil texture/clay 

content, and OM/OC), unlike the GPR technique. The high-occurrence keywords and their 

concomitant links related to soil studies conducted using the GPR and EMI techniques 

during the past 15 years (2007ï2022) are shown in the term maps (Fig 2.12). With respect 

to the use of the GPR technique, ñSWC > Kr > TDR > vadose zone > hydro-geophysicsò 

are the five most cited keywords (Fig. 2.12a), while those for the EMI technique are ñEC 

> ECa > SWC > soil salinity > Irrigationò (Fig. 2.12b). 

Not many studies have been carried out combining the GPR and EMI techniques to estimate 

soil properties and states. Toy et al. (2010) compared EMI and GPR measurements (ECa 

and GPR velocity) of the SWC of three different soil textures: sand, sandy loam, and silt 

loam. The authors found that the velocity variation of GPR DGW was more sensitive to the 
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SWC variation than the ECa variation. In all three sites, the ECa measurements of VCP 

correlated well with the DGW velocity, since the DOI is shallow in VCP. Furthermore, 

among these three sites, both instruments performed well regarding the silt loam site (Toy 

et al., 2010). De Benedetto et al. (2012) mapped the spatial variation of clay by integrating 

GPR, EMI, and geostatistical techniques. In this study, the authors applied EMI to assess 

the soil texture and GPR to detect the soil horizons. Additionally, the spatial variation of 

SWC was studied by combining GPR data and EMI data with geostatistical techniques. 

The authors found that data from GPR and EMI could be used as auxiliary variables to 

estimate the SWC through geostatistical techniques (Barca et al., 2019; De Benedetto et al., 

2019). The reviewed literature emphasizes the importance of the integration of EMI and 

GPR data and geostatistical techniques in the estimation of the spatial and temporal 

variation of soil properties such as SWC, clay content, and OM/OC to provide the 

information needed to support PA (Barca et al., 2019; De Benedetto et al., 2012, 2022). 

Jonard et al. (2013) showed the potential of GPR and EMI techniques to evaluate the effect 

of different tillage practices, including conventional tillage, deep loosening tillage, and 

reduced tillage on SWC. Moghadas et al. (2010) analyzed the full-wave joint inversion of 

GPR and EMI data for reconstructing two-layered soil. Several inversion strategies were 

studied, including data fusion methods and sequential inversion, and the complementarities 

between GPR and EMI were illustrated and discussed using objective function plots. 

Previous studies in the literature show that both GPR and EMI methods have advantages 

and disadvantages when it comes to soil studies (Table 2.3). GPR is commonly used for 

estimating SWC because the relationship between Kr and SWC is not significantly 
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influenced by other factors, resulting in relatively accurate estimations. On the other hand, 

EMI has a broader range of applications compared to GPR, because ECa measured by EMI 

is affected by multiple factors, as mentioned above. However, the effective use of EMI for 

estimating soil properties and states necessitates site-specific calibrations to be conducted. 

Nevertheless, even in the absence of such calibrations, EMI has demonstrated its usefulness 

as a valuable tool for mapping distinct soil units and delineating management zones. 

Regarding other soil properties, GPR is still in the early stages of application development. 

EMI has been shown to work well in clayey soils, whereas GPR is more suitable for low-

conductive soils. Researchers have reported that GPR data necessitate more sophisticated 

data processing and interpretations than EMI. The additional limitations of GPR include its 

high capital costs and the need for highly skilled personnel to operate it and 

interpret/analyze the data. 

2.6 Summary and Future Directions 

GPR and EMI have been successfully applied in soil studies to assess various soil properties 

and their spatial and temporal variability. Compared to traditional methods, the non-

destructive nature of GPR and EMI offers several advantages in terms of their application 

to the agricultural landscape, such as their ability to make repeated measurements, save on 

labor, and provide more extensive spatial coverage (in terms of both vertical and horizontal 

spatial variability) with geo-referenced data. Compared to the traditional point scale 

measurements, GPR and EMI applications in soil studies have a larger sampling volume 

(including a higher penetration depth and wider footprint), which is primarily controlled by 

the frequency, antenna separation, and coil orientation. Thus, mapping soil proxies related 
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to EMI (ECa) and GPR (Kr) techniques in the agricultural landscape can predict and map 

the spatiotemporal variability of soil properties and states. The possession of this 

information is fundamental to obtain the information required to determine the management 

zones in support of PA, where the application rate, amount, and timing of the agricultural 

inputs and their management can be optimized. 

SWC and EC are the two main soil parameters influencing GPR and EMI proxies. GPR is 

widely used for SWC estimation and is well-established with different data collection and 

processing methods; these include direct ground wave velocity, reflected wave velocity, 

transillumination method, and full waveform inversion, and their application to different 

soil types under different conditions. The application of EMI is comparatively broad as it 

has been tested for estimating SWC, soil salinity, and a few other properties. Furthermore, 

some EMI studies have considered several interrelated soil properties and states at the same 

time. The estimation of other soil properties such as soil compaction, soil texture/clay 

content, soil organic matter/soil organic carbon, soil pH, and cation exchange capacity, in 

addition to soil hydraulic properties such as water holding capacity, infiltration capacity, 

water repellency, and hydraulic conductivity, using both techniques is therefore warranted. 

Additionally, the responses of GPR and EMI techniques are favoured for different soil 

properties, even though all these properties are directly or indirectly related to each other. 

Future directions of EMI and GPR require a focus on the estimation and mapping of many 

soil properties simultaneously within the agricultural landscape to support applications in 

PA. 



60 

 

For example, the influence of different soil properties on EM field strengths (EMI) and 

wave propagation (GPR) under heterogeneous and variable soil conditions such as alternate 

wetting and drying, plowing and compaction, and high and low saline conditions should be 

investigated. Most research studies on advancing data analysis and the interpretation of 

these two techniques have been conducted under control conditions and through modeling 

approaches by only considering one or a few variables at a time. However, when it comes 

to the actual field application of these two techniques, the situation is more complex and 

heterogeneous under natural and managed conditions. Thus, the combined effect of 

different soil properties and states on the proxies of GPR and EMI should be further 

investigated under variable field conditions. This approach will provide the necessary 

information to enhance the prediction accuracy of soil properties and states and their 

variability in both spatial and temporal scales within the agricultural landscape. Prediction 

accuracy can be further enhanced using advanced modeling approaches such as artificial 

intelligence by incorporating heterogeneous (both temporally stable and variable) field 

conditions. 

The main disadvantages of these two techniques are the difficulty of the real-time data 

processing and interpretation of most of the properties. However, advanced, computer-

based commercial solutions are progressively becoming available, such as gprSense 

(http://www.gprsense.com, accessed on 26 December 2022) for real-time GPR full-wave 

inversion, in addition to SWAT (soil, water, and topography) maps (https://swatmaps.com, 

accessed on 25 March 2023) for agronomic decision-making in agricultural landscapes, 

such as that regarding variable-rate fertilizer, seed, soil amendment, pesticide applications, 
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and precision water management. Both the GPR and EMI techniques are EM techniques, 

even though the operating principles of the techniques are quite different. Therefore, 

integrating these two techniques can provide the information needed to advance the PA by 

assessing several soil properties at once by amending the negative aspect of one technique 

with that of the other. Thus, the future direction of EMI and GPR applications in soil studies 

to support PA needs to focus on research questions for potential integration by considering 

both techniquesô similarities, differences, and advantages and disadvantages. 
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Table 2. 1 

Comparison between low-frequency and high-frequency electromagnetic methods 

 

 

 

 

 

 

 

 

Description/ Property Low-frequency Method 

Electromagnetic Induction 

High-Frequency Method 

Ground-penetrating radar 

Operating frequency 

range 

1-100 kHz 10-3600 MHz 

Dominant current Conduction current Displacement and conduction 

currents 

Operation method EM induction 

(Strength of the 

electromagnetic field) 

Wave propagation 

(Reflection, Refraction, 

scattering) 

Primary physical 

property 

Electrical conductivity Dielectric permittivity 
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Table 2. 2 

Summary of the effective depth of the ground-penetrating radar direct ground wave studies. 

Frequency  

(MHz) 

Soil type Effective depth (m) Source 

200  Silty clay 0ï0.10 (Wet 

Condition) 

Chanzy et al., (1996) 

200  Aeolian sand 

(Podzolic) 

0ï1.20  van Overmeeren et al., 

(1997) 

50  Aeolian sand 

(Podzolic) 

0ï3.00  van Overmeeren et al., 

(1997) 

900  Clay to loamy sand 0ï0.20  Hubbard et al., (2002) 

450  Sandy loam 0ï0.20 (Wet 

Condition) 

Galagedara et al., (2003a) 

450  Sandy loam and  

sandy clay loam 

0ï0.11 (Wet 

Condition) 

0ï0.14 (Dry 

Condition)  

Grote et al., (2003) 

900  Sandy loam and  

sandy clay loam 

0ï0.07 (Wet 

Condition) 

0ï0.10 (Dry 

Condition) 

Grote et al., (2003) 

100  Sandy loam 0ï0.85 (A)  

0ï0.50 (B) 

*Galagedara et al., 

(2005c)  

200  Sandy loam 0ï0.38 (A) 

0ï0.26 (B) 

*Galagedara et al., 

(2005c) 

450  Sandy loam 0ï0.26 (A) 

0ï0.16 (B) 

*Galagedara et al., 

(2005c) 
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* Modelling Results; A ï Dry over wet layer; B ï Wet over dry layer 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

900  Sandy loam 0ï0.13 (A) 

0ï0.09 (B) 

*Galagedara et al., 

(2005c) 

250  Sand 0ï0.15 Pallavi et al., (2009)  

400  Loamy soil 0.10ï0.20 (Wet 

Condition) 

0.10ï0.30 (Dry 

Condition) 

Thitimakoran et al., 

(2016) 
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Table 2. 3 

Ground-penetrating radar (GPR) and electromagnetic induction (EMI) shortcomings and 

perspectives for agricultural applications. 

Aspect GPR EMI 

SWC estimate SWC by measuring Kr, 

 

relationship between Kr and SWC is 

quite independent from other 

properties  

 

 

does not require a site-specific 

calibration 

estimate SWC by measuring soil 

ECa  

relationship between ECa and SWC 

is affected by other properties such 

as soil salinity, clay content, 

temperature and porosity 

 

requires a site-specific calibration 

Soil salinity lack of studies  well studied  

Other soil 

properties 

lack of studies with other soil 

properties  

ECa depends on several factors; 

therefore, different studies related 

ECa to other soil properties 

Mapping 

layers 

provide high-resolution imaging of 

soil structure, layering, stratigraphy, 

groundwater table, and root 

architecture by utilizing wave 

reflections 

detect roots, layering, contaminated 

zones, and groundwater table 

indirectly by measuring changes in 

soil ECa, even though the resolution 

is much lower than GPR 

Influence of 

soil type 

works well in sandy soils (low 

conductive soils), and some 

difficulties (e.g., limit the penetration 

depth) in clay-rich and/or high-

conductive soils 

works well in clay-rich soils (high 

conductive soils) and some 

difficulties in sand- rich (resistive) 

soils 
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Field 

surveys  

has contact issues for on-ground 

(ground-coupling) surveys on rough 

surfaces (e.g., Shrubs)   

no contact issues since the 

instrument is generally placed 

above the ground 

Multiple 

depth 

sensing/ 

Depth of 

penetration 

sense multiple depths with different 

frequencies and different waves 

(direct ground wave, reflected wave) 

 

antennas should be changed to 

investigate deeper depths with lower 

resolution or shallow depths with 

higher resolution 

sense different depths with different 

frequencies, inter-coil spacings, and 

coil orientation  

 

sense different depths 

simultaneously compared to the 

GPR 

 

Set Up and 

operation  

may be challenging for non-technical 

individuals without advanced 

geophysics knowledge 

 

with the newest technologies making 

automated robotics to address this 

issue 

relatively straightforward for non-

technical individuals without 

advanced geophysical knowledge 

Instrument 

cost 

relatively expensive compared to 

EMI 

relatively affordable compared to 

GPR  

Data 

processing 

requires sophisticated data 

processing and interpretation skills 

basic data processing and 

interpretation are straightforward 
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Organized folder 1 ï 

primary selected papers Organized folder 2 ï Meta data analysis 

(Based on Web of Science results) 

Primary literature selection ï based on title, keywords and 

abstract 

Reviewed literature ï >250 

Journal articles, conference 

papers and books  

1990 ï 2022  

Applications to soil studies 

1942 ï 2022 

Theory and 

Basic Principles 

1995 ï 2022 

Graphically 

presented and 

summarized as 

percentages 

2007 ï 2022 

Developed co-

occurrence term 

maps  

Identified gaps, trends, advantages and disadvantages, and future 

research directions  

Identified subject for 

literature search 

Identified keywords 
GPR, EMI, SWC, soil salinity, 
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Fig. 2.1. Flow chart of the review methodology. 
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Fig. 2.2. Ground-penetrating radar (GPR) surveys with a) ground-coupled antennas 

(GPR instrument by S. Pathirana), b) air-coupled antennas (GPR prototype by S. 

Lambot). 

Fig. 2.3. Ray paths of ground-penetrating radar (GPR) wave propagation in a two-

layer soil which has different dielectric permittivity values (modified from Huisman 

et al. (2003). 
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Fig. 2.4. Data acquisition methods in ground penetration radar (GPR) applications, (a) 

fixed offset, (b) common mid-point, (c) wide-angle reflection and refraction, (d) zero 

offset profiling, (e) multiple offsets gathering, and (f) vertical reflection profiling 

methods (modified from Liu et al. (2017). 

Fig. 2.5. High-resolution soil moisture map obtained with drone-borne GPR and full-

wave inversion (FWI) in an agricultural field in Belgium (GPR prototype by S. 

Lambot). 
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Fig. 2.6. Current flow paths in the electromagnetic induction (EMI) technique (modified 

from De Carlo et al. 2021). 

 

Fig. 2.7. Electromagnetic Induction (EMI) surveys with a) Multi-coil EMI sensor (CMDï

MINIEXPLORER) (EMI instrument by S. Pathirana), and b) Multi-frequency EMI 

sensor (GEM-2) (EMI instrument by L. Galagedara). 
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Fig. 2.8. Integral depth and sampling volume variation of (a) multi-coil (MC) and (b) 

multi-frequency (MF) electromagnetic induction (EMI) sensors (modified from 

Keiswetter & Won (1997). 
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(c) (b) (a) 

(f) (e) (d) 

Fig. 2.9. Spatial variability of apparent electrical conductivity (ECa) measured using a 

multi-coil electromagnetic (EMI) sensor with vertical dipole ((a) = 0~0.5; (b) = 0~1.0; (c) 

= 0~1.8 m) and horizontal dipole ((d) = 0~0.25; (e) = 0~0.5; (f) = 0~0.9 m) orientations 

(S. Pathirana and L. Galagedara) 
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Fig. 2.10. Number of studies conducted from 1995 to 2022 to assess soil water content, 

soil salinity, soil compaction, soil texture, and soil organic carbon using the ground-

penetrating radar (GPR) and electromagnetic induction (EMI) methods, showing the 

dominance of GPR in SWC measurement in contrast to the predominant use of EMI for 

salinity measurements. 

Fig. 2.11. Percentage of soil properties and states estimated using (a) ground-penetrating 

radar (GPR) and (b) electromagnetic induction (EMI) from 1995 to 2022. 
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(b) 

Fig. 2.12. Term maps of key word network during last 15 years (2007-2022) in a) 

ground penetrating radar (GPR) and b) electromagnetic induction (EMI). 
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 Abstract 

Geophysical methods like ground-penetrating radar (GPR) and electromagnetic induction 

(EMI) offer non-destructive, high-resolution alternatives for soil sampling.  This study aims 

to understand subsurface stratifications in boreal podzolic soil employing an integrated 

GPR-EMI technique and soil sampling. The GPR and EMI confirmed each technique's 

findings. They provided insights into the spatial variability of electrical conductivity, 

textural changes, and stratification (detected mainly by GPR reflections) in the soil profile. 

The assessed soil properties revealed the existence of two contrasting layers within 0-0.60 

m depth. The study highlights the potential of using integrated GPR-EMI to identify 

subsurface stratification in boreal podzolic soil. 

Keywords: EMI depth inversion; GPR depth slices; geophysical techniques; integration; 

subsurface stratigraphy 
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3.1 Introduction 

Near-surface geophysical techniques like ground-penetrating radar (GPR) and 

electromagnetic induction (EMI) have emerged as alternative methods to estimate soil 

properties and state variables in the agricultural landscape to support precision farming 

(Pathirana et al., 2023). Identifying subsurface structures and soil stratification is crucial to 

estimating soil properties and state variables using geophysical techniques. Traditionally, 

soil coring, or open pit excavation, has been used to study soil profiles, providing valuable 

insights into soil characteristics, including color, texture, organic matter (OM) content, and 

ion concentrations (Evans & Cameron, 1985). However, these methods are tedious, labor-

intensive, disruptive, and limited to point-scale information. GPR and EMI can overcome 

these limitations by providing rapid, non-invasive approaches with high spatial resolution 

and deeper penetration (Dal Bo et al., 2021; Davis & Annan, 1989; Zaj²cov§ & Chuman, 

2019).  

GPR emits high-frequency electromagnetic waves into the soil, generating subsurface 

images through the scattering, reflection, refraction, and attenuation of these waves.  The 

electrical properties of subsurface materials, like dielectric constant and electrical 

conductivity (EC), affect GPR wave propagation and are influenced by water content, 

texture, compaction and soluble salts (Davis & Annan, 1989). EMI diffuses primary fields 

into the ground to evaluate induced secondary fields and measures soil EC, which can be 

correlated to soil composition, texture, salinity, water content and structure (McNeill, 

1980). GPR is widely used to assess subsurface stratigraphy in soils having relatively lower 

EC (Zaj²cov§ & Chuman, 2019). Nevertheless, there is a lack of research on this particular 
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aspect concerning EMI, except for studies on clay pans. Despite the use of EMI and GPR 

on podzols to estimate soil properties and state variables, this aspect remains 

underexplored. The synergistic application of GPR and EMI offers a comprehensive 

framework for elucidating the spatial distribution of soil attributes (Jonard et al., 2013), 

especially in situations where traditional methods may not suffice. 

Building on the demonstrated potential of combined GPR and EMI techniques for detailed 

soil analysis, these techniques provide critical soil stratigraphic information without 

requiring extensive excavation or sample collection. Podzolic soils dominate boreal shield 

ecozones and are unique entities characterized by their acidic nature and sandy igneous 

parent materials, resulting in a coarse-textured soil profile (Anderson & Smith, 2011; Evans 

& Cameron, 1985). Podzolic soil profiles feature distinctive soil horizons with varying 

characteristics. Consequently, unraveling this unique soil stratigraphy and distinctive 

horizons presents challenges and opportunities, particularly when assessing their spatial 

variability, pertinent soil properties, and state variables.    

This study aimed to use integrated GPR-EMI techniques to characterize the podzolic soil 

in a specific site in Newfoundland. The objectives were to 1) assess the spatial variability 

of basic soil properties using traditional soil sampling methods and 2) identify and 

characterize soil stratification patterns resulting from changes in soil properties using GPR 

and EMI. This will provide insights into the vertical and horizontal subsurface distribution 

of these specific features. In doing so, the study demonstrates the advantages of using an 

integrated EMI-GPR over traditional sampling methods and explores their potential for 

identifying subsurface stratification in boreal podzolic soils.  
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3.2 Methodology 

Soil profiles were characterized at a study site within the Western Agriculture Center and 

Research Station in Pasadena, Newfoundland, Canada (49Á04ǋ20ǌN, 57Á33ǋ35ǌW). The 

study site is a fallow grassland. A 12 m by 18 m area was designated as the study plot, and 

five locations (A, B, C, D, and E) were selected for soil sampling within the plot to represent 

the entire study plot (Fig. 3.1a).  

Disturbed and undisturbed soil samples were collected at the selected five locations up to 

0.60 m depth at 0-0.10, 0.10-0.20é 0.50-0.60 m layers. Bulk density (BD) was determined 

using the oven-drying method on undisturbed samples. Gravel percentage, soil texture, 

including percentages of sand, silt, and clay (hydrometer method), and OM (loss-on 

ignition method), were determined using disturbed samples based on routine analytical 

methods. 

Descriptive statistics were used on soil sample data to determine the variability in gravel, 

sand, silt, clay, OM percentages, and BD. Due to soil profile changes occurring beyond 

0.30 m, a one-way analysis of variance (ANOVA) test was used to assess the significant 

differences (Ŭ = 0.05) between shallow (0 to 0.30 m) and deeper (0.30 to 0.60 m) soil 

depths. The variability of basic soil properties measured was graphically represented.  

Both GPR and EMI surveys were conducted at 1 m intervals, starting from the 0 m line in 

the X direction (Fig. 3.1a). GPR data were collected as a grid survey using a 500 MHz 

center frequency GPR transducer (PulseEKKO Pro, Sensors and Software Inc., Canada). 

Data were processed, and 2D depth slices and radargrams were produced. Depth slices were 

prepared for every 0.30 m depth interval up to 1.8 m to observe the soil profileôs variability 
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based on the strengths of the reflected energy (amplitude). Furthermore, radargrams were 

prepared along the same survey lines in accordance with sampling and EMI surveys to 

observe the underlying layering. EMI data collection was carried out with vertical and 

horizontal coplanar coil orientations using a multi-coil EMI sensor (CMD-MINI 

EXPLORER, GF instruments, Czech Republic) with an electromagnetic frequency of 30 

kHz. The EMI sensor has three inter-coil spacings (Coil 1= 0.32 m, Coil 2 = 0.71 m, and 

Coil 3 = 1.18 m), which produce six integral pseudo depths (McNeill, 1980). 

Electromagnetic depth inversions were produced using EMI-measured apparent electrical 

conductivity (ECa) data during the post-processing employing the CMD PC software. ECa 

depth inversions were carried out at every 0.10 m intervals up to 1.8 m depth, and depth 

inversion profiles were plotted.  

3.3 Results and Discussion  

Soil sample data illustrated that the mean (n=30) percentages of gravel, sand, silt, clay, and 

OM (0 to 0.60 m depth) were 30.5% (Ñ4.97%), 86.8% (Ñ4.98%), 10.7% (Ñ4.24%), 2.5% 

(Ñ0.91%), and 3.8% (Ñ2.05%), respectively. While the average BD (from 0 to 0.60 m depth) 

of the soil was 1.6 g/cm3 (Ñ0.15). All the data sets were normally distributed (Kurtosis < 4 

and Skewness < 2). A one-way ANOVA (n=15) showed that sand, silt, clay, OM 

percentages, and BD were significantly different (p-value < 0.05) between shallow (0 to 

0.30 m) and deeper (0.30 to 0.60 m) depths. However, there was no significant difference 

between shallow and deeper depths in gravel percentage, indicating that the stratification 

is mainly due to soil textural differences. 
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Except for the BD, all the other properties tested were expressed as a percentage, and the 

variability of different properties was high. Therefore, ratios were used in the radar plot to 

optimize the comparison of each property at shallow and deeper depths. For example, 

shallow sand represented in the radar plot shows the ratio between shallow sand % and 

deeper sand %, and vice versa. The radar plots show that the percentage of OM was higher 

at shallow depths compared to deeper depths, whereas the opposite was true for BD (Fig. 

3.1b). Moreover, the sand percentage increased as sampling depth increased, while silt and 

clay percentages decreased with depth (Fig. 3.1b and c). The textural classes of the shallow 

and deeper soils were classified as loamy sand and sand, respectively (Fig. 3.1c). The basic 

soil properties revealed the existence of two significant layers within 0 to 0.60 m depth. A 

previous study at the same site reported that the shallow soil layer has a loamy sand texture 

and a well-sorted sandy soil layer from 0.35 m to 3.47 m depth (Illawathure et al., 2020). 

The higher sand content is attributed to the origins of podzols, which include the weathering 

of sandy parental materials and glacial activities. Visual observations in the field and 

laboratory analysis showed significant changes in the soil profile beyond 0.30 m at all five 

sampling locations, highlighting the change of soil horizon from the O horizon to the B 

horizon.  

The GPR radargrams identified the upper boundary of a layer at approximately 0.30 m and 

the lower boundary at around 1.40 m (Fig. 3.2a). Furthermore, the radargram clearly 

demonstrates the spatial variation of this layer along the entire line from 0 to 12 m. The 2D 

depth slices from GPR show that reflections were not strong within the first 0.30 m, 

indicating a uniform soil layer (Fig. 3.2b). When comparing these depth slices, strong 
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reflections begin to appear from the 0.30-0.60 m slice, steadily intensifying thereafter. The 

strongest reflections appeared within the depth slice of 0.90-1.20 m thickness, followed by 

a subsequent disappearance of reflections (Fig. 3.2b). EMI depth inversions illustrated a 

three-layer soil profile, representing an ñH typeò curve. At shallow depths (< 0.30 m), ECa 

values were low and gradually increased with depth. The highest ECa values were observed 

at ~ 1 m, followed by a gradual decrease with increasing depth (Fig. 3.2c). A similar pattern 

was evident in all depth inversion profiles and GPR profiles, although the depth ranges and 

the strength of the layer around 1 m varied through the study area.  

GPR and EMI reveal a similar pattern, indicating the presence of a specific layer around 

0.30 to 1.40 m depth. Furthermore, localized reflections were found in some locations 

within the identified layer in the GPR radargram, which is similar to the high conductive 

patches found in the EMI depth inversion profiles. As observed in previous studies, this 

layer could be a cemented gravel layer, typically found in the illuviated B horizon of 

Podzolic soils where leached minerals and OM accumulate (Anderson & Smith, 2011; 

Evans & Cameron, 1985). These accumulations, particularly clay and iron oxides, can 

increase the soil's ECa compared to the surface layers. If this layer consists of cemented 

gravel, the ECa can be further increased due to the accumulation of ions, OM, or water. The 

hard soil layers prevented sampling beyond 0.60 m, highlighting the necessity and capacity 

of non-destructive geophysical methods such as GPR and EMI to evaluate subsurface 

stratigraphy. The results of GPR and EMI confirmed each technique's findings.  They 

provided insights into the spatial variability of EC, texture, and stratification in the soil 

profile, which are valuable considerations in predicting soil attributes using GPR and EMI. 
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Using integrated GPR and EMI techniques for soil profile characterization presents several 

limitations. The effectiveness of GPR penetration is significantly reduced under high EC 

conditions due to the attenuation of radar signals, making it more suitable for low EC 

environments. Additionally, accurate depth inversion using EMI requires high-quality data, 

which can be challenging to obtain consistently, particularly under heterogeneous field 

conditions, affecting the reliability of the results. Furthermore, the inherently low EC of 

sand-rich soils can limit the effectiveness of EMI in detecting weaker subsurface features.  

As an initial step, this study primarily relies on visual observations, emphasizing the 

necessity for further studies to include quantitative data analysis and advanced modeling 

techniques to enhance soil characterizationôs robustness and reliability. These limitations 

suggest the need for a more comprehensive methodological framework to fully exploit the 

potential of integrated GPR-EMI techniques for studying soil profiles in diverse conditions. 

Although this study focuses on a limited area, expanding this approach from a single 

location to larger vertical and horizontal scales across different areas can provide valuable 

insights into soil profiles without needing soil excavation. While in its infancy, this 

approach could be further expanded but not limited to mapping the variability of a water 

table and capillary fringe, identifying hardpans, soil horizons, and peat layer thickness 

across different soils and landscapes.   

3.4 Conclusions 

This study investigated soil profile characteristics in boreal podzolic soils in Newfoundland 

using geophysical techniques (GPR and EMI) and soil sampling. Both sampling (up to 0.60 

m) and geophysical data (up to 1.8 m) show consistent patterns, revealing changing soil 
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profiles (distinct soil stratification) with depth. GPR and EMI identified spatial variability 

with distinct soil layers through strong reflections around 1 m depth. This study underscores 

the advantages of using these non-destructive geophysical techniques over traditional 

methods and highlights their potential application for identifying subsurface stratification 

in soil profiles, including boreal podzolic soils.  
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Fig. 3.1 Field sampling locations and basic soil properties. (a) Field diagram showing the 

soil sampling locations and geophysical surveys. (b) Radar plot showing the soil 

properties at shallow (0 to 0.30 m) and deeper (0.30 to 0.60 m) depths. (c) Average soil 

texture at 0.1 m intervals of five soil sampling locations from 0 to 0.60 m depth. 
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Fig.  3.2a. Geophysical imaging of subsurface stratigraphy: 2D profile of ground-penetrating 

radar (GPR) showing the reflection of the bottom and top of the layer (marked with a solid 

line). 
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Fig.  3.2.b. Geophysical imaging of subsurface stratigraphy: GPR depth slices with 0.30 

m thickness from the surface. 
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Fig.  3.2c. Geophysical imaging of subsurface stratigraphy: depth inversion of apparent 

electrical conductivity measured with electromagnetic induction (EMI) showing a 3-layer 

system of the soil profile.  
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 Abstract 

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 
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EMI and GPR data to predict SWC. Strong positive correlations (r Ó 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 SWCïECa relationship. 

Keywords: Apparent electrical conductivity; Electromagnetic induction; Ground-

penetrating radar; Sampling volume; Soil water content; Prediction model 

4.1 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 & 

Galagedara, 2010). Furthermore, SWC controls physical (e.g., penetration resistance, soil 

temperature, and saturation), chemical (e.g., soil salinity, nitrogen mineralization, soil pH), 

and biological (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 
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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 induction (EMI) are near-

surface geophysical techniques that utilize electromagnetic fields. These methods can be 

used to assess and map the spatial and temporal variability of SWC. These two techniques 

fall between remote sensing and point-scale measurements (Binley et al., 2015; Doolittle 

& 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 additional benefits over standard methods (Doolittle & 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 agricultural landscape (Klotzsche et al., 2018; Robinson et al., 

2008; Hubbard & Rubin, 2005; Toy et al., 2010).  

GPR uses high-frequency electromagnetic waves (usually in the range of 10 ï 3600 MHz), 

while EMI uses relatively low-frequency ranges (usually in the range of 1 ï 100 kHz) 

(Davis & 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, 
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respectively (Annan, 2005; Doolittle & Brevik, 2014). GPR-based SWC estimation has 

been widely used in agricultural research. The Kr values vary 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 & 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 reflection 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; 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 influences 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., 1998; 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, 
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2023b), with fewer showing non-linear relationships (Kachanoski et al., 1998; 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 & Parkin, 

2005; Ferr® 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. 4.1). 

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 
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and sampling depth. In contrast, TDR captures the small-scale heterogeneity of SWC (Fig. 

4.1). 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 & 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 (R
2<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 

surveys on agricultural lands with crops, on-ground GPR encounters contact issues known 
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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 & 

Lambot, 2022).  

Considering these factors, this study hypothesizes 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 horizontal 

scales) and temporal variability of SWC non-destructively. This study aimed to develop 

and evaluate calibration models for EMI to estimate SWC using GPR as ground truth. 

Accordingly, the specific objectives 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". 

4.2 Methodology 

4.2.1 Study Area 

The study was conducted at the Western Agriculture Center and Research Station, Pynnôs 

Brook, Pasadena, (49Ǔ04ǋ20ǌN, 57Ǔ33ǋ35ǌW), Newfoundland, Canada (Fig. 4.2), which is 
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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 0ï0.50 m depth of the site is 

loamy sand (sand = 83.0 % (Ñ1.25); silt = 14.6 % (Ñ1.21); clay = 2.4 % (Ñ0.04); n = 25), 

soil organic matter content (dry mass basis) is 4.18 % (Ñ0.39; n = 25), and the average bulk 

density is 1.31 (Ñ0.01; n = 25) g/cm3. According to the Canadian soil classification, the 

loamy sand soil at the studied site is characterized as an orthic humic podzol (Soil 

Classification Working Group, 1998).  

4.2.2 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 calibration models under natural moisture conditions. 

A 3 m Ĭ 6 m area was selected for the calibration, and a 9 m Ĭ 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 precipitation, 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 

conducted in two stages in the calibration data set: (1) before irrigation as background 
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(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 coils 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 instrument 

was factory calibrated. Prior to each survey, the instrument was warmed up for a minimum 

of 30 min. Given the CMDôs high-temperature stability (Guide for electromagnetic 

conductivity mapping and tomography ï GF instruments), no instrumental drift in ECa 

measurements was anticipated. During the surveys, the instrument was consistently 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 intervals starting from the 0 m line in the X direction resulting in 7 

survey lines for the calibration data set (Fig. 4.3a) and 19 survey lines for the evaluation 

data set (Fig. 4.3b).  
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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 4.1. 

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. 4.3a) and nine survey lines for the model evaluation data set (Fig. 

4.3b). A field-calibrated TDR sensor (FieldScout TDR 350 Soil Moisture Meter, Spectrum 

Technologies, Inc. United States) with 0ï0.20 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 EMI footprint (Fig. 4.3a).  

4.2.3 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 ï 20.6 ÁC (Ñ0.1) and EOI ï 28.5 ÁC (Ñ0.2)) in the 

calibration data set and evaluation data set (20.5 ÁC (Ñ0.1)). ECa is expressed at the 

reference temperature of 25 ÁC. By using Eq. 4.1 and 4.2, ECa measured at an actual 

temperature t (ECt) can be converted to the ECa at 25 ǓC (EC25) (Corwin and Lesch, 2005; 

Sheets and Hendrickx, 1995), where ft is the temperature conversion factor.  

 

Ὢ πȢττχπρȢτπστὩ Ȣ   Eq. 4.1 

Ὁὅ ὪȢὉὅ  Eq. 4.2 
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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 softwareôs assisted pick processing tool and converted to velocities 

(VDGW). Then, respective Kr was calculated using Eq. 4.3, 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. 

4.4).  

ὑ   Eq. 4.3 

Ὓὡὅ υȢσ ρπ ςȢως ρπὑ υȢυ ρπὑ τȢσ ρπὑ  Eq. 4.4 

 

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 locations 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. 4.3).  

Sampling depths (D) were calculated for different GPR frequencies using Eq. 4.5 proposed 

by Galagedara et al. (2005). This equation was initially developed for 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 
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predominantly contains more than 80 % of sand. In Eq. 4.5, ɚ is the wavelength, calculated 

using the operation frequency and propagation wave velocity. 

Ὀ πȢφπρυʇπȢπτφψ   Eq. 4.5 

4.2.4 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 hypothesis 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. 4.4). Principal 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. 4.4).  

In this study, GPR-estimated SWC was used to calibrate the EMI instrument by correlating 

SWCGPR with ECa data. Therefore, two GPR-estimated SWCs (SWC500 and SWC250) were 

compared with SWCTDR using the 1:1 line.  
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Regression models were developed with the selected ECa data sets and GPR frequencies 

based on the results of the one-way ANOVA, correlation analysis, and PCA. The novel 

approach used in this study was to calibrate ECa (EMI measured) with GPR, as both 

methods have a sampling 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 Linôs concordance correlation coefficient (Fig. 4.4). All the statistical analyses 

were done at the 5 % probability level (Ŭ = 0.05).  

4.3 Results and Discussion 

4.3.1 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 significant level (Table 4.2). Consequently, the null hypothesis is 

rejected, signifying that not all means are equal. F values show the variation between the 

group and within the group. F-value is higher than the Fcritical value (4.196) in the data set 

(Table 4.2). 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 Tukeyôs tests (Table 4.2). 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., 
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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.  

4.3.2 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 correlations 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 

<0.001) (Fig. 4.5). 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 correlations with SWCTDR. The HCP1 showed a higher 

correlation (r = 0.878, p-value <0.001) with SWCTDR compared to VCP1 (r = 0.797, p-

value <0.001) (Fig. 4.6), and both correlations are statistically significant (p-value < 0.05).  

4.3.3 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 separation 

(Fig. 4.7). In particular, BKG is characterized by relatively lower PCA scores, while EOI 

displays relatively higher PCA scores along the PC1(Fig. 4.7). All these tested variables 

(SWCTDR, SWC250, SWC500, HCP1, and VCP1) projected in the same direction as PC1, 

indicating a positive correlation with PC1 (Fig. 4.7). Furthermore, these variables exhibit 
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closer proximity to each other and a strong positive correlation (Fig. 4.7), thus justifying 

their selection for the development of regression models.  

4.3.4 Volumetric Soil Water Content Estimated from GPR and TDR  

The scatter plots and the regressions between SWCTDR and SWCGPR in both 500 MHz 

(SWC500; R
2 = 0.95) and 250 MHz (SWC250; R

2 = 0.93) revealed high accuracy, implying 

that GPR provides a valid estimation of SWC (Fig. 4.8). 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. 4.8). Calculated 

sampling depth for GPR 500 MHz (0ï0.19 Ñ 0.03 m) is relatively similar to the TDR 

sampling depth (0ï0.20 m). On the other hand, the sampling depth calculated for GPR 250 

MHz (0ï0.35 Ñ 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 (0ï0.2 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 record 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. 4.8). These results showed that GPR-

estimated SWCs are accurate and can be used to calibrate EMI.  

4.3.5 Development of Simple Linear Regression Models  

Based on the results of one-way ANOVA, correlation, and PCA analyses, VCP1 and HCP1 

measured ECa data were selected to develop simple linear regression (SLR) models with 
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SWC500 and SWC250. SLR models and their details are shown in Table 4.3 and Fig. 4.9. In 

general, SLR models developed between SWC500 and ECa showed higher R
2 than that of 

SWC250 (Table 4.3). Specifically, SWC500 showed higher R
2 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 siteôs 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.  

4.3.6 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. 4.10). Variability is high in SWC250 

compared to SWCs predicted from EMI using developed SLR models from 250 MHz; 

VCP1,250, and HCP1,250 (Figs. 4.10 and 4.11). 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) overestimated with the SWC500 and SWC250 (Fig. 4.11). 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. 4.10). Linôs concordance 
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correlation coefficient showed a poor agreement between GPR-estimated SWC and EMI-

predicted SWC for all the developed SLR models (Fig. 4.10).  

Moreover, descriptive statistics in Table 4.4 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 4.4 and Appendix Fig. 4.A.2). The evaluation 

area has a higher soil OM variability and lower bulk density compared to the calibration 

area. In addition, soil OM content is higher in shallow depths (thatch layer), while deeper 

depths consist of increasing amounts 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 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, 

temperature 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 
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bulk density could be assumed to be stable. Hence, SWCïECa 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 this 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 0ï15 and 0ï20 mS/m, respectively. In other studies, 

Robinson et al. (2012) reported 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 Andre 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 

influence 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 observations and considering the literature indicating the 

considerable influence of ECw on ECa, especially in low EC soil (Martini et al., 2017b; 

Corwin and Lesch, 2003, 2005), the findings suggest a nuanced understanding of ECa -

SWC relationship in such soil conditions.  
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In this 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). This research did not explore the inversion of ECa data due to the requirement of 

high-quality data for all coil spacings and orientations. Furthermore, considerations of soil 

layering with TDR and GPR were not included, aligning with focus on shallow depths 

under the assumption of soil homogeneity.  

Building upon the established context, the controlled conditions of this study, akin to a 

laboratory experiment on boreal podzolic soil, limit the broader applicability of the 

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 this study faces 

limitations due to the low ECa values and their limited range, it lays the groundwork for 

more comprehensive future investigations. The study proposes 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 the novel approach in varied soil environments.  

In contrast, under saline conditions, EMI responses mainly reflect the soilôs 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 
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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 antenna offset for 500 MHz and 250 MHz 

antennas (Table 4.2). Future investigations 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 prediction 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 Kr. Responses of GPR, 

i.e., direct ground wave travel time and, therefore, the 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 
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models to multiple linear regression models by considering different existing models such 

as Archieôs law and Rhoadeôs 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 

increases (Appendix Fig. 4.A.1). However, HCP sensitivity behaves differently, initially 

increasing and then decreasing (Appendix Fig. 4.A.1). Based on the calculations, Table 

4.5 shows the considered sampling volumes of each sensor. GPR (at both frequencies) 

covers a larger sampling volume than the TDR (Table 4.5). Therefore, GPR offers the 

potential to cover a broader range of EMIôs footprint and sampling volume compared to 

TDR.  

4.4 Conclusions 

This study used Kr and ECa as proxies of GPR and EMI, respectively, in order to develop 

and assess regression models for SWC estimation. Two GPR frequencies, specifically 250 

MHz and 500 MHz, along with two EMI coil orientations, VCP and HCP, with 0.32 m inter 

coil spacing, were correlated with each other and with SWCTDR. Among these variables, 

Kr250, Kr500, VCP1, and HCP1 displayed strong positive correlations with SWCTDR. In order 

to meet the desired sampling depth range, the study 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 R
2 values (>0.90), indicating their 

potential suitability for calibrating EMI to estimate SWC. SLR models constructed between 
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VCP1 and HCP1 with SWC500 demonstrated higher R
2 values than those obtained 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, highlighting the potential of 

GPR in calibrating EMI for SWC estimation. Both methods offer similar sampling volumes 

compared to point-scale TDR measurements, which are impractical 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 the understating of the EMIïGPR relationship 

and to improve the calibration 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 

information. 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 conditions. This can be achieved by integrating 

different geophysical or standard methods, thereby expanding the applications of EMI in 

estimating the spatial and temporal variations of soil properties and conditions within the 
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agricultural landscape. Such advancements would greatly support the implementation of 

precision agriculture.  
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Table 4. 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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Table 4. 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 <0.001 

Kr500  30 5.15a 9.19b 55.79 <0.001 

Kr250  30 5.14 a 6.83 b 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 <0.001 

n ï number of samples, p-value ï 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 Tukeyôs test. 
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Table 4. 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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Table 4. 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 - - - - 
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Table 4. 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* 17396 

GPR 250 MHz 0-0.35* 97533 

EMI VCP1 0-0.25* 41904 

EMI HCP1 0-0.50* 167619 

* Approximate values.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



166 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.  4.2. The study site located at the Western Agriculture Center and Research Station, 

Pasadena, Newfoundland, Canada (49Á 04ǋ 20ǌ N, 57Á 33ǋ 35ǌ W). 

Fig. 4.1. Representation of the different sampling volumes of electromagnetic induction 

(EMI) and time domain reflectometry (TDR). 
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Fig.  4.4. Flow chart of the statistical data analysis for model calibration and evaluation.  
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Fig.  4.5. 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. 
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Fig. 4.6. 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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Fig.  4.7. 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 background (BKG) and end of irrigation (EOI). 



172 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

(a) 

(b) 

Fig.  4.8. Scatter plots of soil water content (SWC) measured from time domain 

reflectometry (SWCTDR) versus ground-penetrating radar (SWCGPR) for 500 MHz (a), and 

250 MHz (b). The solid lines correspond to the 1:1 line and the dashed lines correspond to 

the regression line (linear). 
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(b) 

(a) 

Fig.  4.9. 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. 
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(a) 

(b) 

Fig.  4.10. 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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Fig.  4.11. Comparison of soil water content (SWC) variability predicted from 

electromagnetic induction (EMI) using developed regression models and estimated from 250 

MHz (SWC250) and 500 MHz (SWC500) ground-penetrating radar (GPR). 



176 

 

4.5 Appendices 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.  4.A.1. Depth sensitivity of a) CMD MiniExplorer (Guide for electromagnetic 

conductivity mapping and tomography ï GF instruments) and b) Ground-penetrating radar 

(GPR) 500 MHz and 250 MHz developed using Eq. 5. 

(a) (b) 

Fig.  4.A.2. Spatial variability of apparent electrical conductivity in the model evaluation 

data set, a) coil 1 vertical coplanar coil orientation, and b) coil 1 horizontal coplanar coil 

orientations. 
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 Abstract 

Tillage and soil compaction affect soil properties, processes, and state variables influencing 

soil health, hydrodynamics, and crop growth. Assessing soil compaction levels using 

traditional methods, such as soil sampling and penetration resistance, is inefficient for 

scaling up from plot to field scales. Geophysical methods like Ground-penetrating Radar 

(GPR) and Electromagnetic Induction (EMI) are becoming prominent for assessing soil 

properties and state variables in agriculture due to their ability to overcome the limitations 

of traditional methods. However, a research gap exists in non-destructively estimating bulk 

density changes related to tillage and soil compaction. This study aimed to (1) assess the 

influence of soil compaction on GPR and EMI responses in boreal podzolic soil and (2) 

develop and evaluate prediction models to determine soil bulk density using GPR and EMI. 

The experiment was conducted by compacting loamy sand-textured soil using a lawn roller. 

mailto:epspathirana@mun.ca
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GPR data were collected to determine the soil dielectric constant (Kr) and the direct ground 

wave amplitude (ADGW), along with EMI-measured apparent electrical conductivity (ECa) 

under three compaction levels (no, four and ten roller passes). Relationships between Kr, 

ADGW and ECa and the average bulk density of 0ï0.30 m depth at three compaction levels 

were tested. A Random Forest (RF) regression approach was employed to identify the most 

significant variables for predicting bulk density. Simple and multiple linear regression 

(SLR and MLR, respectively) models were developed using ECa and Kr and were 

subsequently evaluated. Results revealed significant differences between the measured 

bulk density and geophysical data across the tested compaction levels. During the model 

development, SLR and MLR showed R2 > 0.65, and the model evaluation showed a root 

mean square error of < 0.14 g/cm3. This study highlights the potential of using GPR and 

EMI for the non-destructive prediction of bulk density in the agricultural landscape. 

However, further research is needed to explore the applicability and limitations of this 

approach across varying water contents, electrical conductivities, and soil types. 

Keywords: Apparent electrical conductivity; boreal podzolic soil; dielectric constant; 

random forest; soil compaction 

5.1 Introduction 

Soil compaction is a major issue in sustainable agriculture, whether it occurs naturally or 

results from heavy farming machinery, land use change, and livestock farming 

(Akinsunmade et al., 2019; Batey, 2009; Hoefer et al., 2010; Hanxiao et al., 2022; Milne & 

Haynes, 2004; Nawaz et al., 2012). Tillage and soil compaction impact various soil 

properties, including bulk density, porosity and soil strength, which affect soil processes 
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such as infiltration and drainage (Akinsunmade, 2021; Al-Gaadi, 2012; De Moraes et al., 

2017, 2019; Kar et al., 2023; Ren et al., 2022; Nawaz et al., 2012). These altered soil 

processes subsequently impact state variables, including soil water content (SWC), 

saturation and soil salinity. Ultimately, changes in soil properties, processes, and state 

variables adversely affect soil functions by limiting air and water availability, hindering 

nutrient uptake, and increasing resistance to root growth and mechanical impedance. This 

leads to increased surface runoff and soil erosion, adversely affecting soil health, crop 

growth, and yield (Batey & McKenzie, 2006; Liu et al., 2022; Romero-Ruiz et al., 2018; 

Schmªck et al., 2022; Nawaz et al., 2012). 

The traditional methods commonly used to assess soil compaction levels include the 

measurement of soil bulk density using undisturbed soil sampling (then bulk density) and 

penetration resistance. Determining soil bulk density involves destructive and time-

consuming procedures, requiring labor-intensive efforts and only providing point-scale 

measurements. The accuracy of soil sampling for bulk density determination relies heavily 

on the operatorôs expertise, particularly in deep soils, loose soils, and those rich in roots, 

sand, gravel, and stones (Meng et al., 2023). Similarly, penetration resistance 

measurements, being resource-intensive and offering point-scale (1D soil profile) data, are 

susceptible to the influence of both the operatorôs performance (personal bias) and 

variations in soil water content (Krzic et al., 2005; Lardy et al., 2022; Ren et al., 2022; 

Romero-Ruiz et al., 2018). Consequently, accurately estimating soil compaction with high 

resolution across agricultural landscapes is challenging.  
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Near-surface electromagnetic geophysical techniques like ground-penetrating radar (GPR) 

and electromagnetic induction (EMI) offer a non-destructive, efficient and cost-effective 

means of assessing and comprehending soil properties and state variables in agricultural 

fields. The majority of previous research has primarily focused on estimating SWC 

(Badewa et al., 2018; Galagedara et al., 2003a; Galagedara et al., 2003b; Huisman et al., 

2003; Klotzsche et al., 2018; Lambot et al., 2004; Mensah et al., 2023; Minet et al., 2010; 

Pathirana et al., 2024; Wu et al., 2019) and soil salinity (Akramkhanov, 2014; Alsharahi et 

al., 2016; Corwin & Lesch, 2014; Doolittle et al., 2001; De Carlo et al., 2022; Ferrara et 

al., 2013; Wijewardana et al., 2017) using GPR and EMI. However, there is a lack of 

research emphasis on using GPR or EMI for soil bulk density and penetration resistance 

estimations as indicators of soil compaction (Pathirana et al., 2023).  

Recent studies have utilized GPR to assess and map compaction caused by heavy farming 

machinery in agricultural fields and have identified inverse relationships between GPR 

wave amplitude and compaction (Akinsunmade, 2021; Akinsunmade et al., 2019, 2021; 

Wang et al., 2016). Increasing soil bulk density caused greater wave reflection at the soil 

surface, reducing wave energy transmitted into the ground and penetration depth 

(Akinsunmade, 2021; Akinsunmade et al., 2019, 2021). Roodposhti et al. (2020) examined 

how compaction affects the GPR dielectric constant (Kr) and SWC, finding a linear 

relationship between compaction and Kr when SWC remained constant. Gates et al. (2023) 

reviewed GPR data processing and analysis methods related to soil horizon thickness and 

bulk density in forest soils.  
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With respect to EMI applications, higher apparent electrical conductivity (ECa) values were 

reported under compacted conditions, and a linear relationship was found between ECa and 

bulk density (Al-Gaadi, 2012; Brevik & Fenton, 2004; Hoefer et al., 2010). Galambosova 

et al. (2020) observed significantly different ECa values between compacted and non-

compacted areas in silty clay soils, while Ren et al. (2022) revealed a lack of a strong 

correlation between ECa and bulk density. However, a positive correlation was observed 

between ECa and clay content, thereby suggesting that clay content variability may mask 

the smaller effects of soil compaction. Schmªck et al. (2022) reported a strong correlation 

between ECa and bulk density in the subsoil, but only a weak correlation in the shallow (0ï

30 cm) plowed layer. By employing machine learning to cluster EMI data, Romero-Ruiz et 

al. (2024) identified three distinct zones (heavy, moderately, and non-compacted) based on 

EMI signatures, which aligned well with measured data.  

Jonard et al. (2013) explored the effectiveness of GPR and EMI in assessing the impact of 

different tillage practices on SWC in silty loam soil. The authors highlighted that tillage 

practices notably affect penetration resistance and SWC in the upper soil layers, and GPR 

is more sensitive to these changes than EMI. The study confirmed that tillage practices 

significantly influence GPR measurements but not EMI, underscoring the potential of these 

techniques for optimizing agricultural management (Jonard et al., 2013).  

Theoretical and empirical models, including Archieôs law (Archie, 1942) and the Complex 

Refractive Index Model (CRIM) (Birchak et al., 1974), suggest that soil compaction affects 

proxies of GPR (Kr) and EMI (ECa). Archieôs law relates ECa to soil porosity (bulk density). 

In contrast, CRIM shows that bulk Kr changes with soil porosity and soil water saturation, 
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which is also related to variations in bulk density. Hence, proxies from GPR and EMI can 

potentially infer soil compaction and bulk density changes.  

While the aforementioned studies provide evidence that compaction affects EMI and GPR 

responses, however limited studies conducted to predict and map soil compaction levels 

non-destructively in the agricultural landscape. Theoretical models indicate that bulk 

density correlates with both ECa and SWC inferred from GPR-measured Kr. Since Kr and 

ECa, soil physical properties sensed by GPR and EMI, are influenced by compaction. 

Therefore, they can serve as proxies for bulk density. GPR wave amplitude is influenced 

by Kr and ECa, depending on frequency and reflections (Annan, 2005; Doolittle & Brevik, 

2014; Lambot et al., 2006; Wu & Lambot, 2022). Integrating EMI and GPR may enhance 

bulk density prediction by leveraging the unique strengths of each method. This study 

introduces a novel approach to non-destructively estimating spatial variability of bulk 

density by integrating EMI and GPR data at the field scale under different compaction 

levels. Mapping soil compaction is crucial for precision agricultural management, as deep 

tillage of compacted layers requires substantial energy, time, and cost. Spatial variability 

maps of soil compaction could reduce energy needs by targeting tillage efforts on highly 

compacted areas (Freeland et al., 1998). This integrated approach improves the accuracy of 

bulk density predictions, thereby enabling better-informed decisions in soil management 

and agricultural practices.  

The study hypothesizes that predictive models for soil bulk density can be developed using 

ECa and Kr proxies from EMI and GPR, respectively, along with direct ground wave 

amplitude (ADGW) from GPR. Overall goal of this study was to construct and evaluate the 
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non-destructive predictive capability of prediction models to determine soil bulk density 

using GPR and EMI. Accordingly, the specific objectives were to (1) assess the impact of 

soil compaction on GPR (Kr, ADGW) and EMI (ECa) responses in boreal podzolic soil and 

(2) develop and evaluate the non-destructive predictive capability of prediction models to 

determine soil bulk density using GPR and EMI.  

5.2 Material and Method  

5.2.1 Study Area 

The study was conducted in a newly plowed grassland at the Western Agriculture Center 

and Research Station (49Ǔ 04Ω 20Ϊ N, 57Ǔ 33Ω 35Ϊ W), Pasadena, Newfoundland, 

Canada, which is managed by the Department of Fisheries, Forestry and Agriculture, 

Government of Newfoundland and Labrador, Canada (Fig. 5.1). Basic soil properties in the 

0 ï 0.30 m depth of the studied area are given in Table 5.1. According to the Canadian soil 

classification, the loamy sand soil at the studied site is characterized as an orthic humic 

podzol (Soil Classification Working Group, 1998).  

5.2.2  Experimental Compaction  

The experimental plots were prepared in the plowed grassland. Initial plowing5 was done 

using a moldboard plow and a disk harrow (~0.30 m depth). A day before field data 

collection, the plots were manually plowed using a spading fork with five tines (0.30 m 

long). Grasses and rocks were removed manually, and the plots were levelled using a rake.  

 
5 Forceful overturning and mashing of the soil underneath topsoil and expose. 
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In this experiment, a 3 m x 8 m area was selected and divided into four 3 m x 2 m sub-plots 

(Fig. 5.2). Field data were collected under three compaction levels: 1) before compaction 

(labeled as NP, after plowing), 2) after four roller passes (4P), and 3) after ten roller passes 

(10P), totalling 14 roller passes with previous compaction. The soil was compacted using 

a water-filled lawn roller with an average mass of 116.7 kg, and a pressure of 956.5 N/m2 

(Fig. 5.3). EMI and GPR surveys and undisturbed soil sample collections were carried out 

at each compaction level of NP, 4P and 10P.  

5.2.3 Field Data Collection 

Continuous mode EMI surveys were conducted using a 30 kHz frequency multi-coil EMI 

sensor (CMDïMINIEXPLORER, GF instruments, Brno, Czech Republic) to collect ECa 

data (Fig. 5.4a). The EMI sensor has three inter-coil spacings (Coil 1: 0.32 m, Coil 2: 0.71 

m, and Coil 3: 1.18 m). It can be employed in two coil orientations (vertical coplanar ï 

VCP and horizontal coplanar ï HCP), which produces six integral pseudo depths (Short 

Guide for electromagnetic conductivity mapping and tomography ï GF instruments; 

McNeill, 1980). This study primarily focused on shallow depths (~0.30 m), consistent with 

both soil sampling and the depth of 500 MHz GPR direct ground wave, the ECa data from 

VCP and HCP measurements at the shortest inter-coil spacing (0.32 m) were selected. 

However, the VCP data from EMI coil 1 showed over 50 % negative values, leading to its 

exclusion from subsequent analysis. Only the HCP data from coil 1 were retained and 

henceforth considered as the measured ECa. Before the survey, the instrument was warmed 

for a minimum of 30 min to ensure operational stability. Due to the high-temperature 

stability of the CMD MINIEXPLORER (Short Guide for electromagnetic conductivity 
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mapping and tomography ï GF instruments), no instrumental drift in the ECa measurements 

was expected. During the surveys, the instrument was carried using the provided handle 

with an average height of 0.20 m above the ground, and the same person conducted all the 

surveys to maintain a consistent instrument height (Fig. 5.4a).  

GPR data were collected using a 500 MHz center frequency GPR system (PulseEKKO Pro, 

Sensors and Software Inc., Mississauga, Ontario, Canada) (Fig. 5.4b). A common mid-

point (CMP) survey approach was used to obtain the direct ground wave amplitude (ADGW) 

and direct ground wave velocity (VDGW) at each location. CMP data were collected at four 

Y locations (1, 3, 5, and 7 m) along each of the X lines spaced at 0.5, 1.5, and 2.5 m intervals 

(Fig. 5.2). This method resulted in the collection of three CMP datasets per plot, totalling 

12 GPR datasets for each compaction level. The antennas were initially spaced 0.23 m apart 

(default value), with subsequent antenna movement of 0.1 m step size (transmitter and 

receiver antennas adjusted by 0.05 m each time). Each CMP dataset comprised seven traces, 

reaching a final antenna separation of 0.83 m.  

Undisturbed soil samples were collected in the same locations with GPR (Fig. 5.2) for 

laboratory gravimetric bulk density determination at depth 1 (0.00 ï 0.10 m), depth 2 (0.10 

ï 0.20 m) and depth 3 (0.20 ï 0.30 m). Undisturbed soil cores were oven-dried at 105 ÁC 

for 24 h, and then they were weighed. The bulk density was determined by dividing the 

mass of dry soil by the volume of the soil core.  

5.2.4 Pre-processing of Geophysical Data  

Soil ECa is affected by soil temperature, which is variable; therefore, EMI measured ECa 

data were corrected to 25 ÁC (i.e., EC25) using the soil temperatures measured during the 



198 

 

different compaction levels: NP (19.9 ÁC), 4P (24.7 ÁC), and 10P (26.3 ÁC) (Eq.s 5.1 and 

5.2) (Sheets and Hendrickx, 1995, U.S. Salinity Laboratory Staff, 1954).  

Ὁὅ ὪȢὉὅ  Eq. 5.1 

Ὢ πȢττχπρȢτπστὩ Ȣ    Eq. 5.2 

where EC25 is the electrical conductivity at 25 ÁC;  

ft is the temperature conversion factor.  

ECt is the electrical conductivity measured at the temperature t.  

Class post maps were prepared with temperature-corrected ECa data and used to check 

negative values and filter out outliers. After filtering, interpolated ECa maps were 

developed for each compaction level (NP, 4P and 10P) using ordinary (point) kriging with 

a grid resolution of approximately 0.081 m x 0.081 m after fitting variograms to each 

dataset. Data points from interpolated ECa maps were extracted by digitizing at 

corresponding sampling locations of soil sampling and GPR data collection (as shown in 

Fig. 5.2) for subsequent analysis.  

In GPR data, the direct ground wave travel times were picked using the GPR processing 

softwareôs assisted pick processing tool. Picked travel times were plotted with antenna 

separations to find the VDGW (Annan, 2005). Then, the respective Kr was calculated using 

the relation: Eq. 3,  

ὑ   Eq. 3 
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where c is the speed of electromagnetic waves in free space, i.e., 0.3 m/ns (Annan, 2005). 

SWCs were calculated using Eq. 4, incorporating calculated Kr (Topp et al., 1980).  

Ὓὡὅ υȢσ ρπ ςȢωςρπὑ υȢυ ρπὑ τȢσ ρπὑ   Eq. 4 

It is worth noting that the use of Toppôs equation may lead to a few percent errors in SWC 

estimation due to its simplification, particularly given the different compaction levels in 

this study. However, these errors are generally minor compared to other uncertainties in 

field conditions and do not significantly impact the overall results of our study, which uses 

GPR-derived Kr. In addition, GPR traces were plotted, and ADGWs were picked.  

5.2.5 Data Analysis 

Descriptive statistics were used to assess the data set. One-way analysis of variance (one-

way ANOVA) was conducted on the entire dataset at three compaction levels (NP, 4P and 

10P), to assess the significant differences of the applied compaction on the ECa, Kr, ADGW, 

SWC estimated from GPR (SWCGPR), and measured soil bulk density. The null hypothesis 

was that the group means of NP, 4P, and 10P were not equal in the 0.05 significance level. 

Correlation analyses were carried out between measured average bulk densities of 0ï0.30 

m depth (BD0-30) with proxies from GPR and EMI. Box plots were created to examine the 

variability of bulk density, and the percentage changes were calculated to better understand 

the effect of compaction on the bulk density in each compaction level and depth. 

Random forest (RF) is a supervised machine-learning algorithm developed from regression 

trees. In this study, the RF regression approach was used to select responses from GPR and 

EMI, facilitating the development of regression models for predicting soil bulk density. RF 

models were constructed by changing the number of trees and hyperparameters to evaluate 
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the robustness of variable importance rankings, and the most suitable model was selected. 

The methodology involved a two-step process: 1) a bootstrapped sample of the dataset was 

used to grow each tree, introducing diversity among the trees; and 2) the importance of 

each predictor variable was calculated by measuring the decrease in prediction accuracy 

when the values of that variable were randomly permuted while keeping other variables 

constant. The variable importance scores were averaged across all trees in each RF model, 

allowing the ranking of variables based on their relative importance on soil bulk density 

prediction. This approach provided a comprehensive understanding of which proxies (ECa 

or Kr) and variables (ADGW) are most influential in predicting soil bulk density in the studied 

dataset. 

Based on the results of RF, simple linear regression (SLR) and multiple linear regression 

(MLR) models were developed using the most influential variables to predict soil bulk 

density. Variance inflation factor (VIF) was estimated to test multicollinearity. Regression 

models were developed using 24 data points with 8 data points from each compaction level, 

and model evaluation was conducted with 12 data points, including 4 data points from each 

compaction level. Data from all three compaction levels were incorporated in both the 

development and evaluation of the regression models to increase the variability of bulk 

density. The data for developing and evaluating the regression models were randomly 

selected in the NP; then, the exact locations were used for the 4P and 10P. Developed 

regression models were applied to the evaluation dataset. The accuracy of the developed 

regression models was evaluated by comparing the predicted and measured bulk densities. 
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This comparison was conducted using a 1:1 line, the Root Mean Square Error (RMSE), and 

a two-tailed t-test. 

5.3 Results and Discussion 

5.3.1 Variability of Data and Analysis of Variance 

Descriptive statistics of the dataset are shown in Table 5.2. When considering the sensor 

data, the range of SWC and Kr was comparatively higher than the range of ECa in the 

studied dataset. All the datasets were normally distributed (i.e., Kurtosis <4 and Skewness 

<2). 

According to the one-way ANOVA results, the probability values (p- value) of all the 

variables were less than the 0.05 significance level. Therefore, the null hypothesis was 

rejected, indicating that not all means are equal (Table 5.3). F-values explained the 

variation between the group and within the group whereby the F-value is higher than the 

Fcritical value (3.28) in the datasets. Therefore, the mean difference is significant in the 

dataset under the 0.05 significance level. With the influence of applied soil compaction, 

mean values increased across all datasets (Table 5.3), showing the influence of soil 

compaction on GPR and EMI responses (Appendix 5.1). The Tukey test results imply 

significant differences in bulk density and ECa from EMI between NP, 4P and 10P. 

However, there is no significant difference between 4P and 10P in GPR responses (Kr, 

ADGW, and SWCGPR). Nevertheless, there is a significant difference between the pre-

compaction (NP) and post-compaction (4P and 10P) levels. According to the one-way 

ANOVA results, all the variables responded to the applied roller compaction. 
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5.3.2 Variability of Bulk Density with Applied Compaction 

The box plot shows the variability of measured BD0-30 under three compaction levels (Fig. 

5.5a). As expected, NP marked the lowest bulk density, and bulk density gradually 

increased from NP to 4P and then from 4P to 10P with the applied roller compaction (Fig. 

5.5a). On the other hand, the BD0-30 variation decreases with applied roller compaction 

(Fig. 5.5a) as the depth 1 (upper depths) has lower bulk densities compared to depth 3 in 

NP. With the applied compaction, upper depths are compacted easily. Therefore, depth-

based variability was minimal in 10P compared to the NP (Fig. 5.5b). 

Bulk density increased across all three tested soil depths, from NP to 4P and from 4P to 

10P. Depth 1 showed the highest percentage increase, with 25.5 % from NP to 4P and 16.9 

% from 4P to 10P, as expected, compared to depths 2 and 3 (Fig. 5.5c). The roller 

compaction affects all depths due to applied pressure, however, the relative effect of 

compaction diminishes with the depth. Furthermore, the percentage change is greater from 

NP to 4P in depths 1 and 2 than from 4P to 10P. This is because the soil in the NP was 

loosely packed, making it easier to compact compared to the soil after the 4P, which had 

already undergone compaction with four roller passes (Fig. 5.5c). The percentage increase 

in depth 3 remained consistent, with 7.8 % from NP to 4P and 8.2 % from 4P to 10P.  

5.3.3 Correlation Analysis  

All the correlations between the BD0-30 and Kr, ADGW (from GPR) and ECa (from EMI) are 

significant at a 95 % (Ŭ = 0.05) probability level. The relationship between the BD0-30 and 

proxies from EMI and GPR showed strong positive correlations. The Pearson correlation 

coefficient (r) between the BD0-30 and Kr, as well as ADGW from GPR, showed values of r 
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= 0.72 (p = 0.000) and r = 0.71 (p = 0.000), respectively (Fig. 5.6a and b). On the other 

hand, r = 0.89 (p = 0.000) between the average bulk density and ECa measured from EMI 

(Fig. 5.6c).  

5.3.4 Random Forest  

By considering both linear and non-linear behaviors, the RF regression provided valuable 

insights into the factors influencing the prediction of soil bulk density. Among the different 

variables considered, ECa measured using EMI emerged as the primary contributor to the 

prediction of soil bulk density since ECa showed the highest mean increase error compared 

to Kr and ADGW (Fig. 5.7a). Furthermore, in the RF regression, the variable importance of 

Kr was found to be higher than that of ADGW (Fig. 5.7a). In the cross-validation process 

used to assess the reliability of the developed RF model, the comparison between measured 

and model-predicted bulk densities along the 1:1 line illustrated the effectiveness of the 

model in predicting soil bulk density with the included parameters (Fig. 5.7b). The RMSE 

of the prediction was found to be 0.11 g/cm3.  

5.3.5 Development of Linear Regression Models  

Based on the variable importance of RF regression for predicting soil bulk density, ECa and 

Kr data were selected to develop the SLR and then MLR models (Table 5.4). The SLR 

model developed with ECa showed a higher R
2 than that was developed with Kr (Table 

5.4). The VIF of the MLR is < 5 for both Kr and ECa, indicating the absence of 

multicollinearity of dependent variables. Additionally, the MLR model demonstrated a 

higher R2 and lower RMSE compared to the developed SLR models (Table 5.4). 
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5.3.6 Evaluation of Linear Regression Models 

The evaluation of the developed linear regression models revealed that the prediction 

accuracy of these models is satisfactory, with most data points plotted closer to or scattered 

around the 1:1 line (Fig. 5.8). The comparison between the predicted bulk density from 

regression models and the measured bulk density from soil samples showed no significant 

from the 1:1 line at 0.05 significance level (the regression slope between predicted and 

measured bulk density =1) (Table 5.5). These results reveal that the three regression models 

could predict soil bulk density accurately. Among the SLR models, by comparing with 

measured bulk density, ECa predicted bulk density showed the lowest RMSE value of 0.11 

g/cm3, while it was 0.14 g/cm3 for Kr predicted bulk density. On the other hand, MLR 

models showed the lowest RMSE value of 0.10 g/cm3 compared to the two SLR models. 

All three regression models underestimated the predicted bulk densities for measured 

values exceeding 1.5 g/cm3 (Fig. 5.8). The RMSE observed in this study (<0.14 g/cm3) is 

within the RMSEs observed in the other bulk density predictions, such as pedotransfer 

functions under various land use conditions (Sevastas et al., 2018; Palladino et al., 2021). 

When considering a 30 cm soil profile as a three-phase system (i.e., consisting of solid, 

water and air), the quantities of solid and water content remain constant, while air content 

reduces during compaction with applied roller passes. Consequently, the air-filled pore 

space decreases during compaction, leading to an increase in saturation percentage due to 

the reduction in porosity with increasing bulk density. In this study, the air content was 

reduced by 7.5 cm (from 13.2 to 5.7 cm) from NP to 10P (Calculation ï Appendix 5.2). 

After the roller passes, mineral particles become densely packed, reducing macropores 
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while the amount of water remains constant. This results in an increased amount of water 

and clay content per unit volume compared to the NP, thereby increasing bulk Kr and ECa, 

which facilitates electrical conductivity pathways. 

This study introduces a novel approach by aiming to predict soil bulk density using GPR 

and EMI responses, rather than focusing on how soil compaction affects GPR and EMI 

responses. As the initial step, certain limitations were identified in this study. The research 

was conducted on a specific soil type, namely Loamy sand-podzolic soil, characterized by 

relatively higher percentages of sand and gravel content compared to typical agricultural 

soils. GPR and EMI responses are primarily influenced by SWC and soil salinity, and 

broadly, ECa measurements rely on several soil properties, including bulk density/porosity, 

soil texture/ mineralogy, and soil organic matter. However, at the studied site and during 

the experiment, the variability of ECa and SWC values was observed to be relatively low 

with a narrow range. Due to the low values and limited range of SWC under this study, the 

impact of SWC on the soil compaction and, thus, on bulk density may have been minimal. 

With low variability in ECa and SWC, ECa values likely responded strongly to applied soil 

compaction. In high salinity or SWC environments, EMI responses predominantly indicate 

soil salinity or SWC states, with minimal influence from bulk density. 

In both calibration and evaluation datasets, this study observed relatively low values and 

variability in the ECa values measured by EMI. It is noteworthy 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, consistently low ECa values and limited variability were 

observed (Altdorff et al., 2018, 2020; Badewa et al., 2018, 2019; Pathirana et al., 2024). 
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Given this established context, the controlled conditions of this study, which are more likely 

to be a laboratory experiment on boreal podzolic soil, may limit the broader applicability 

of our findings. Despite facing the primary limitation of low ECa values and their limited 

range, the study lays the foundation for more comprehensive investigation in the future. As 

an initial step, the present study analyzed the measured ECa data, while subsequent research 

should expand on the proposed approach by incorporating advanced data processing 

techniques, including calibration, conversion, and inversion of ECa data (von Hebel et al., 

2019) to enhance the applicability of the novel approach in diverse soil environments. 

Moreover, soil compaction varies across different soil textures, SWCs, and organic matter 

contents, limiting the responses and applicability of GPR and EMI techniques in different 

textures (Hamza and Anderson, 2005). For future research directions, it is imperative to 

establish and refine prediction models under diverse conditions to evaluate their 

applicability across varying scenarios. Therefore, the same approach, along with integrating 

petrophysical relationships involving ECa, bulk density/porosity, SWC/saturation and pore 

water electrical conductivity across various soil textures, is essential. This comprehensive 

approach is necessary to advance this novel method and enhance its effectiveness in 

predicting soil bulk density non- destructively, serving as a valuable soil compaction 

assessment tool over the agricultural landscape. 

5.4 Conclusions  

In this study, ECa from EMI, along with the Kr and ADGW from GPR, were employed to 

predict soil bulk density, a key indicator of soil compaction. The proxies from GPR (Kr and 

ADGW) and EMI (ECa) responded effectively to applied soil compaction, showing strong 
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positive correlations with measured BD0-30. Random forest regression models identified 

ECa as the most important variable for predicting soil bulk density, outperforming both Kr 

and ADGW from GPR, leading to more accurate bulk density predictions at the studied site. 

Additionally, simple and multiple linear regression models developed for bulk density 

predictions using two proxies achieved higher R2 values (>0.50). Consequently, GPR and 

EMI have emerged as promising non-destructive technologies, offering the advantage of 

assessing larger sample volumes. While traditional point-scale measurements remain 

essential for calibrating predictive models, these techniques show significant potential for 

extending soil bulk density estimation across larger agricultural landscapes. 

This study demonstrated that both ECa from EMI and Kr from GPR can effectively predict 

soil bulk density, showing strong correlations with measured values. While EMI using SLR 

proved sufficient for soil bulk density assessments at the studied site, the integration of 

GPR data, particularly through MLR models, offered slight improvements in prediction 

accuracy by incorporating SWC, which plays a significant role in influencing ECa. The 

combined use of EMI and GPR provides a more robust, non-destructive approach for bulk 

density estimation, with GPR contributing valuable data on SWC. Further research is 

needed to refine prediction models under diverse conditions to improve their applicability. 

Given that both ECa and GPR measurements are influenced by various soil properties and 

conditions, response variations across different soils and management practices may occur. 

Additionally, differences in soil compaction across textures may affect the effectiveness of 

employing these geophysical techniques. Exploring these factors will be crucial for 
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optimizing the integrated use of EMI and GPR to predict soil bulk density in field 

applications. 
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Table 5. 1 

Basic soil properties of the experimental site show the sandy nature of the soil.  

Soil property Mean value (ÑStandard deviation) 

Sand (%) 87.6% (Ñ 0.94) 

Silt (%) 8.9% (Ñ 1.59) 

Clay (%) 3.5% (Ñ 1.09) 

Soil textural class  Loamy sand 

Gravel (% by weight) 31.6 % (Ñ 2.04) 

Soil organic matter content (% by dry mass 

basis) 

4.77 % (Ñ 0.70) 

Number of samples n = 12. 
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Table 5. 2 

Descriptive statistics of studied variables. 

Variable Min Max Mean  Standard 

deviation 

Median Kurtosis Skewness 

SWCGPR (%) 9.24 24.19 17.75 3.67 18.82 -0.11 -0.67 

Kr 5.53 12.93 9.52 1.81 10.00 -0.24 -0.50 

ADGW (mV) 4214 11953 8880 1549 9097 0.98 -0.74 

ECa (mS/m) 0.08 1.23 0.61 0.36 0.70 -1.35 -0.12 

BD(0-30) (g/cm
3) 0.98 1.62 1.31 0.17 1.32 -0.98 -0.10 

Sample number, n = 36 including 12 from each compaction level; NP, 4P and 10P 
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Table 5. 3 

Results of one-way analysis of variance (ANOVA) and Tukey tests of no passes (NP), after 

four passes (4P) and after ten passes (10P) at the 0.05 significance level. 

Variable n Mean ï NP Mean ï 4P Mean ï 10P  F-value p-value 

BD0-30 (g/cm
3) 36 1.11a 1.33b 1.48c 53.15 <0.001 

Kr 36 7.739a 9.952b 10.879b 19.93 <0.001 

SWCGPR (%) 36 14.111a 18.688b 20.466b 19.97 <0.001 

ADGW (mV) 36 7687a 9018b 9936b 9.49 <0.001 

ECa (mS/m) 36 0.1689a 0.7021b 0.9481c 82.45 <0.001 

n ï number of samples; p-value ï probability value; different letters(a, b, c) within the same 

row indicate a significant difference between different compaction efforts (NP, 4P and 10P). 

The mean difference is significant at the 0.05 level: Fcritical =3.28. 
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Table 5. 4 

Regression equations, coefficient of determination (R2), root mean square error (RMSE), 

p-value and variance inflation factor (VIF) of developed regression models. 

Regression Equation R2 RMSE (g/cm3) p-value VIF 

BD0-30 =1.043 + 0.418 ECa 80 0.075 <0.001  

BD0-30 = 0.7840 + 0.05612 Kr 63 0.090 <0.001  

BD0-30 = 0.93 + 0.0212 Kr + 0.2734 

ECa 

83 0.062 <0.001 Kr ï 2.606 

ECa ï 2.606 
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Table 5. 5 

Summary of statistical comparison of measured and predicted bulk densities of regression 

models (at 0.05 significance level; degree of freedom =11; ttable =2.201). 

Regression tcalculated Slope = 1  Deviation from 1:1 line 

BD0-30- ECa 0.084 NS No 

BD0-30-Kr 0.703 NS No 

BD0-30- Kr and ECa 0.583 NS No 

BD0-30 ï average bulk density, ECa ï Apparent electrical conductivity measured from 

electromagnetic induction (EMI), Kr ï dielectric constant estimated from ground-

penetrating radar (GPR), NS ï Nonsignificant. 
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Fig. 5.1.  The study site located at the Western Agriculture Center and Research Station, 

Pasadena, Newfoundland, Canada. 

Fig. 5.2.  Field schematic showing the data collection procedure of electromagnetic 

induction (EMI), ground-penetrating radar (GPR) and soil samples under no passes (NP), 

four passes (4P) and ten passes (10P). 
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Fig.  5.3. Soil compaction (4P and 10P) using a water-filled lawn roller. 
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Fig. 5.4. Field data collection using (a) electromagnetic induction (EMI) continuous 

mode, and (b) ground-penetrating radar (GPR) common mid-point method (CMP). 

(a) 

(b) 
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Fig. 5.5a. Boxplot of average bulk densities (0 ï 0.30 m) measured under three soil 

compaction levels; NP ï no passes, 4P ï four roller passes, and 10P ï ten roller passes.  
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Fig. 5.5c. Percentage change of soil bulk density in three depths, from NP to 4P, and from 

4P to 10P. 

Fig. 5.5b. Variability of bulk densities in three depths (0 ï 0.10 m; 0.10 ï 0.20 m; 0.20 ï 

0.30 m) and three compaction levels (NP, 4P, and 10P; Each data point shows the mean 

value and standard deviation (n = 12)). 



219 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.6a. Correlation between average bulk density (0 - 0.30 cm) and dielectric constant 

(Kr) estimated from ground-penetrating radar (GPR). 
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Fig. 5.6b. Correlation between average bulk density (0 - 0.30 cm) and direct ground wave 

amplitude (ADGW) of ground-penetrating radar (GPR). 
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Fig. 5.6c. Correlation between average bulk density (0 - 0.30 cm) and apparent electrical 

conductivity (ECa) measured from electromagnetic induction (EMI) horizontal coplanar 

orientation.  
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Fig. 5.7. Regression random forest (RF) results: a) variable importance, and b) scatter 

plots of measured vs predicted bulk densities with the RF model. The dashed line 

corresponds to the 1:1 line and the solid line corresponds to the linear fit. 

(a) 

(b) 
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Fig. 5.8a. Scatter plots of measured soil bulk density and simple linear regression (SLR) 

model predicted soil bulk density. SLR model developed from apparent electrical 

conductivity (ECa). The dash lines correspond to the 1:1 line. 
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Fig. 5.8b. Scatter plots of measured soil bulk density and simple linear regression (SLR) 

model predicted soil bulk density. SLR model developed from dielectric constant (Kr). 

The dash lines correspond to the 1:1 line. 
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Fig. 5.8c. Scatter plots of measured soil bulk density and multiple linear regression 

(MLR) model predicted soil bulk density. MLR model developed from apparent electrical 

conductivity (ECa) and dielectric constant (Kr). The dash lines correspond to the 1:1 line. 
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5.5 Appendices  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) 

                        NP                                                                        10P 

(b) 

Fig.  5.A.1. Compaction effect on a) apparent electrical conductivity measured from 

electromagnetic induction (EMI) and b) radargram from ground-penetrating radar (GPR), 

under no passes (NP) and after 10 roller passes (10P). 

Appendix 1 






























































































































































