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Abstract 

Observed variations in the ground electrical conductivity (σb*) measurements obtained with EMI 

instruments depend on several soil proxies that influence crop growth and development such as salinity 

(σe), contents of water (θw), clay (wc) and organic matter (wom) and bulk density (ρb). However, the 

relative contributions of all these to σb* are unknown. This knowledge is needed to improve the planning 

and interpretation of σb* data for precision agriculture applications. Recently, a semi-empirical model has 

been developed to relate σb* measurements taken with an EM38 device to σe, θw, wc, wom and ρb and also 

soil temperature (t). In this work this model was subjected to a global sensitivity analysis (GSA) based on 

the soil data obtained during two surveys carried out, one in summer and the other in autumn, in an ample 

irrigated area in SE Spain. On the basis of the multiple linear regression meta-models developed for the 

σb* measurements, these were found to linearly respond to the soil properties (R2 between 0.92 and 0.96) 

and thus, the GSA could be based on their standardised regression coefficients. According to these, the 

soil characteristics explain the following percentages of variance in σb* (PV): 30 – 34 (σe), 8 – 20 (θw), 32 

– 47 (wc), 0.6 – 2.6 (wom), 5.7 – 7.5 (ρb) and 0.3 – 0.4 (t) with changes from the summer to the autumn 

season of -4, -12 and +15 in the PV explained by the most influential properties, respectively, σe, θw and 

wc. The results of the GSA will help the planning and interpretation of σb* measurements for improving 

crop management.   
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Introduction 

Ground exploration by electromagnetic induction (EMI) is a consolidated technique in precision 

agriculture since it is non-invasive and a good deal of geo-referenced soil electrical conductivity data can 

be fast and cost-effectively gathered (Sudduth et al. 2001; Corwin and Lesch 2003). For EMI application, 

a time-variable magnetic field of Hp amplitude is applied to the soil by means of a transmitting coil (Tx). 

This creates eddy currents within the ground material that, by the same induction principle, generate a 

secondary time-variable magnetic field of Hs amplitude to which a receiving coil (Rx) responds. The 

primary field also affects the Rx and an electrical signal that depends on both is generated and measured 

in this one. This is directly proportional to the ratio of the quadrature component of Hs (Hs,π/2) to Hp, and 

is presented as an electrical conductivity (σb*) to the user (McNeill 1980). This σb* is a depth-weighted 

soil electrical conductivity whose magnitude depends on the characteristics of the device used, mainly on 

the primary field frequency (f = ω/2π), the gap distance between the Tx and Rx (r), the orientation of one 

coil regarding the other, e.g., coplanar or crosswise, and, importantly, on the closeness and orientation of 

both coils to the soil (Callegary et al. 2007).  

Nowadays there are several commercial compact EMI instruments that can be towed on custom-made 

vehicles along large expanses of land for fast, frequent and cost-effective geo-referenced soil surveys. 

The EM38 (Geonics Ltd., Mississauga, Ontario, Canada), which integrates two parallel 1-m apart (r = 1 

m) Tx and Rx coils, a measuring system and two displays is the most used of these (Heil and 

Schmidhalter 2017). EM38 measurements can be commonly taken in two different orientations of the 

device regarding the soil, which are called the horizontal coplanar and vertical coplanar dipole modes 

(σb(Hh)*, σb(Vh)*). Additionally, the measurements in both dipole modes can be taken at different heights 

(h) over the ground. This enables the gathering of a bunch of σb* measurements per site, which is useful 

to conform a dataset to be used either on their own, e.g., Corwin and Rhoades (1990), or alongside other 

proximal and remote sensing data, e.g., De Benedetto et al. (2013).     

Besides the technical characteristics of the EMI instrument, and also its orientation and proximity to the 

ground, the magnitude of the σb* measurements depends on the soil properties on which the soil bulk 

electrical conductivity (σb) depends. These are mainly salinity, usually expressed as the saturation extract 

electrical conductivity at 25 ºC (σe), water volume fraction (θw), and θw-related properties, bulk density 

(ρb), clay mass fraction (wc) and organic matter mass fraction (wom) and OM-related properties (Table 1). 
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All these soil attributes are proxies of crop growth and development and, as a consequence, the usefulness 

the EMI technique has for precision agriculture. 

[Table 1] 

The simultaneous dependency of the EMI measurements on various soil properties has prompted users to 

follow two main methodological alternatives so as to make the most of the data. On the one hand, there is 

the calibration of empirical models for the prediction of one or various soil attributes, mainly σe, θw and 

wc, in areas where the properties that are left outside the calibration are known to negligibly contribute to 

σb*, e.g., Brevik and Fenton (2002), Abdu et al. (2008). On the other hand, there is the use of the σb* 

measurements alongside other data in multivariate fusion applications (De Benedetto et al. 2013).  

The calibrations of the σb* measurements on the basis of the soil attributes are usually made by ordinary 

or multiple linear regressions (OLR, MLR), principal components regression (PCR), partial least squares 

regression (PLSR), geostatistical modelling and other related data analysis techniques (Lesch et al. 1995, 

2000; Triantafilis et al. 2000). In this approach, however, the magnitude of the errors derived from 

leaving outside of the calibration the other soil conduction-influential properties is barely known. The 

application of the EMI technique would improve from knowing how much these properties outside of the 

calibration influence the EMI measurements (Brevik and Fenton 2002).      

The most appropriate way to assess the influence that a set of input factors have on model responses is 

through the global sensitivity analysis (GSA) of a numerical or analytical model representing as reliably 

as possible the system under study (Saltelli et al. 2004). Recently, a semi-empirical model of the form σb* 

= σb*(σe, θw, ρb, wc, wom, t) has been developed for use along with the EM38 (Visconti and de Paz 2020) 

and, therefore, the GSA of this model would allow to quantify the relative importance of all the afore-

mentioned soil properties on the EM38 measurements. This is important since EMI continues and will 

continue to be widely used for precision agriculture (Heil and Schmidhalter 2017). 

The objective of this investigation was to assess by means of the GSA of a recently-developed semi-

empirical model, the importance that salinity, the water content, clay and organic matter, bulk density and 

temperature have on EMI measurements, specifically, on the Geonics EM38 σb* measurements taken in 

the vertical and horizontal dipole orientations and at different heights over the ground. 
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The semi-empirical model for σb* prediction  

A model for the prediction of σb* from σp, θw, ρb, wc, wom and t was developed, calibrated and validated in 

an irrigated agricultural area in SE Spain (Visconti and de Paz 2020). This model was based on the linear 

relationship (Eq. 1) between a number (2 × m) of σb* measurements taken with the EM38 in the vertical 

and horizontal dipole orientations and at various heights over the ground from h1 to hm (σb(Vh1)*, σb(Vh2)*,... 

σb(Vhm)*, σb(Hh1)*, σb(Hh2)*,... σb(Hhm)*) and the σb values of another number (n) of soil layers in which the 

ground is conceptually split from d1 to dn (σb(d1), σb(d2),… σb(dn)) (Borchers et al. 1997; Hendrickx et al. 

2002):  
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 (1), 

In Eq. 1 z stands for the downward coordinate, i.e., soil depth, and the matrix coefficients express the 

integrated contribution of each soil layer to the sensor measurements according to the following 

sensitivity functions for the vertical and horizontal dipole modes of the EM38 (McNeill 1980): 
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In the developed model, the σb of each soil layer (σb(d1), σb(d2), … σb(dn)) is related to its σe, θw, ρb, wc, wom and 

t values through the following semi-empirical equation (Visconti and de Paz 2020): 
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where a, b, σp0, kσ, we0, kc,e, B, CEC0, kc,CEC and kom,CEC are the coefficients of the model whose values for 

the study area of the Vega Baja del Segura and Baix Vinalopó are shown in Table 2.  
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[Table 2]  

The coefficients a and b are the parameters of the Rhoades et al. (1976) equation to assess the soil 

tortuosity or formation factor from θw:  

T = a θw + b                                   (5). 

The coefficients σp0 and kσ are the parameters of the equation to assess the soil pore water electrical 

conductivity at 25 ºC (σp,25) from σe:  

w

ee
σp0p,25 kσ

w

σw
σ                                               (6), 

where we and ww are the gravimetric soil water mass fractions of, respectively, the saturated paste and the 

soil under field conditions. This last is related, in turn, to θw, ρb and water density (ρw) by means of: 

ww = θw ρw/ρb          (7), 

Regarding Eq. 6, the function f(t) is used to take into account the departure of the soil temperature under 

field conditions from the standard 25 ºC that feature σe, and which is given by (Sheets and Hendrickx 

1995; Corwin and Lesch 2005):  

f(t) = 0.4470 + 1.4034e-t/26.815        (8). 

The coefficients we0 and kc,e are the parameters of the equation to assess we from wc: 

we = we0 + kc,e wc                                               (9). 

The coefficient B is the equivalent conductance of the counter-ions on the exchange complex, and CEC0, 

kc,CEC and kom,CEC are the parameters of the equation to assess the soil cation exchange capacity (CEC) 

from both wc and wom:  

CEC = CEC0 + kc,CEC wc + kom,CEC wom       (10). 

Then, Eq. 4 arises as the result of replacing the given values of T, σp,25, we and CEC in the following 

physically-based equation for σb prediction (Kelleners and Verma 2010): 
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Materials and methods 

Study area 

The irrigated area of the Vega Baja del Segura and Baix Vinalopó is located in SE Spain between latitude 

W and Xº N and longitude Y and Zº W. It is 55,000 ha large and it was selected as the study area from 

which data on σe, θw, ρb, wc, wom and t at different soil depths were collected. Following the FAO soil 

classification scheme (IUSS Working Group WRB 2006), this area is characterised mostly by calcaric 

Fluvisols, but also by Calcisols, Regosols and gleyic Solonchaks (Ortiz et al. 2008). Soils are silty loam 

to silty clay loam in texture and clays are predominantly hydrated micas. The climate in the area is arid to 

semi-arid Mediterranean, i.e., it is characterised by very dry and hot summers with mild winters and with 

few and often intense rainfalls in autumn and spring.  

[Figure 1] 

Soil surveys  

The soil data were obtained from two surveys of the study area, each one made up of 28 sites, the first one 

in the early-to-mid summer 2006 and the second one in late autumn 2010. In the first survey the sites 

were distributed in the whole area according to a systematic random sampling design while in the second 

one, the same design was used but only in the central alluvial part of the area (Fig. 1). The sampling 

design including the site selection process was undertaken in a geographical information system (GIS). 

The navigation to each site in the study area was done using a global navigation satellite system (GNSS) 

device. 

[Figure 1] 

Soil samplings and measurements 

In each site of the first and second surveys four disturbed soil cores were obtained from four distinct soil 

layers, which were the upper topsoil (0-0.1 m), lower topsoil (0.1-0.3 m), subsurface soil (0.3-0.65 m or 

0.3-0.6 m) and subsoil (0.65-0.95 m or 0.6-0.9 m), by drilling with a Riverside auger 0.1 m in diameter. 



8 

 

The 0.3-0.65 and 0.65-0.95 m depth intervals were used in the first survey whereas the 0.3-0.6 and 0.6-0.9 

m were in the second one. Once extracted, all the samples were sealed in separated plastic bags and taken 

to the laboratory for the determination of σe, ww, wc and wom. 

Alongside the soil drilling the soil temperature was measured with a WET-2 sensor (Delta-T Devices 

Ltd., Cambridge, UK) at the depths of 0, 0.1, 0.3 and 0.5 m. Then, the temperature was empirically 

modelled in each site as a function of depth (z) with this equation:  

t = γ zδ           (12), 

where γ and δ are two empirical coefficients independently calculated for each site by means of the 

ordinary least-squares regression (OLR) of the logarithmic transformation of Eq. 12. This way, a t 

estimate was made for the depth corresponding to the middle point of every soil layer that had been 

sampled by augering, i.e., 0.05, 0.2, 0.475 (summer 2006) or 0.45 (autumn 2010) and 0.8 (summer 2006) 

or 0.75 m (autumn 2010). 

Besides, in the second survey, another location 1-2 m away from the one that had been drilled with the 

Riverside auger, was also drilled to take four undisturbed soil cores 0.05 m in diameter and height from 

the depth intervals 0-0.05, 0.1-0.15, 0.3-0.35 and 0.5-0.55 m using a 0753SA volumetric sampler 

(Eijkelkamp, Giesbeek, The Netherlands).  

Soil determinations 

The disturbed soil samples from both surveys were, first of all, analysed for ww by drying of a 

representative 20 g subsample in an oven at 105 ºC during 24 h.  

The undisturbed soil cores from the validation sampling were also oven-dried at 105 ºC for 24 h, weighed 

and then, ρb determined for the depth intervals 0-0.05, 0.1-0.15, 0.3-0.35 and 0.5-0.55 m. Then, a bulk 

density estimate was calculated for the middle point of the depth intervals that had been sampled by 

augering, i.e., 0-0.1, 0.1-0.3, 0.3-0.65 (summer 2006) or 0.3-0.6 (autumn 2010) and 0.65-0.95 (summer 

2006) or 0.6-0.9 m (autumn 2010) using the following equation: 

ρb = ε zζ           (13), 
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where ε and ζ are two empirical coefficients independently calculated for each site by means of the OLR 

of the logarithmic transformation of Eq. 13, using only the two bulk density data closer to the depth 

interval of interest. Then, the reciprocal of Eq. 7 where ρw = 1 g cm-3 was used to estimate the θw at the 

different soil depth intervals sampled by augering in each site. In the first survey, this was done by using 

the study-area mean ρb value for each depth interval. In the second survey, this was done by using the ρb 

values determined for each specific site. 

After taking the subsample for ww determination, the disturbed soil samples from both surveys were 

spread out on trays and left to dry at room conditions. Following this, the samples were gently 

deaggregated to pass a 2-mm mesh sieve and the air-dry fine earth saved for the σe, wc and wom 

determinations.  

The saturated paste method of Rhoades (1996) using deionized water (~ 1 μS cm-1) and 400 g of air-dry 

fine earth was used to determine σe. To perform the electrical conductivity measurement, a microCM 

2201 conductimeter (Crison, Barcelona, Spain) equipped with a 1.1 cm-1 cell and a temperature probe was 

used.  

The Bouyoucos hydrometer method using NaPO3 0.25% (w/v) in water as dispersing medium and 20 g of 

air-dry fine earth was applied to determine wc (Gee and Or 2002).  

The Walkley and Black method was applied to determine wom. The hypotheses that only 78% of the soil 

organic matter reacts in its mild oxidation conditions, and that it is made of 58% carbon were used in the 

calculations (Nelson and Sommers 1996).  

Empirical cumulative probability distributions 

For each soil property, i.e., σe, θw, wc, wom, ρb and t, various descriptive statistics including the Pearson’s 

skewness coefficient and the extremes of the empirical cumulative probability distribution (CPD), i.e., the 

minimum and maximum values, were assessed. Then, the empirical cumulative probability distributions 

(CPD) of the 24 properties were graphed and subsequently, a logistic function and a third-degree 

polynomial were fitted to each one. Between these, the function with the highest R2 was selected as 

representative of the empirical CPD in the subsequent calculations.  

Global sensitivity analysis of the semi-empirical model for σb* prediction 
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The importance of the soil properties on the σb* was evaluated by means of the GSA of the semi-

empirical model that represents the soil conduction under EMI. The importance of each property, i.e., σe, 

θw, wc, wom, ρb and t, was independently quantified in each survey using, as importance index, the 

percentage of variance (PV) in the σb* measurements explained by each one following a Factors 

Prioritisation Setting (FPS) (Saltelli et al. 2004). The σb* measurements analysed were those that would 

have been taken in the horizontal and vertical dipole EM38 modes at m heights (m = 5) from 0 to 2 m in 

0.5 m step increments over the ground, thus making a total of ten EMI measurements.  

To perform each FPSs a high number of simulations (1000) were carried out by selecting each time 

independent but empirically-distributed values for σe, θw, wc, wom, ρb and t in the four soil layers, i.e., the 

upper topsoil, lower topsoil, subsurface soil and subsoil. In order to fulfil the conditions of being 

independently selected and thus, orthogonal, but distributed according to the empirical CPDs, first of all, 

1000 random numbers bounded within 0 and 1 were independently generated for each property. These 

values with uniform distribution were redistributed to follow the known CPD of each property by 

interpolation in the fitted empirical CPD functions. Finally, the random but empirically distributed value 

of each property was calculated by linear interpolation using the minimum and maximum values of the 

corresponding property and the minimum and maximum values of the fitted empirical CPD functions.     

The semi-empirical model was then used to calculate the ten σb* measurements in each of the 1000 

simulations of the FPS. Once these σb* predictions were obtained, a meta-model for the prediction of each 

of the ten σb* measurements on the basis of the 24 soil properties was developed by MLR. The advantage 

of the MLR approach to apply the FPS is that, provided the coefficients of determination (R2) of the MLR 

meta-model are high enough, the importance indices of each variable included in the model are directly 

the ratios B2/ΣB2 of the squared standardised regression coefficients (B2) (Saltelli et al. 2004). 

All the calculations to fit the CPD functions and to do the FPS were carried out in an MS Excel 

spreadsheet. 

Results 

Soil properties 
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The σe values measured in the first survey were higher than in the second one, and the difference widened 

as the soil was shallower (Table 3). Interpretation of both observations indicates the effect of the season 

in which each survey was carried out. The first one was carried out in the early-to-mid summer when soil 

salinity is higher because of the high evapotranspiration, rainfall absence characteristic of the 

Mediterranean climate in the area and, hence, plenty of irrigations and salt inputs to the agricultural soils 

therein and the resulting scarce leaching. In contrast, the second survey was in late autumn when soil 

salinity is lower because of the lower evapotranspiration and, overall, the leaching effect of the autumn 

rainfalls characterising again the Mediterranean climate in the area. Additionally, the effect of the 

different season in which each survey was carried out showed up in θw (Table 3). As expected, soil water 

contents were lower in the summer survey than in the autumn one and, again, the shallower the soil the 

wider the difference.  

Regarding clay and organic matter mass fractions, i.e., wc and wom, this latter only in the topsoil layers (0-

0.1 and 0.1-0.3 m), were higher in the summer survey (Table 3). This fact can be interpreted as a 

consequence of the higher clustering of the second survey sites in the alluvial part of the study area where 

the soils have finer textures and are also a bit higher in organic matter (Fig. 1).  

Regarding bulk density, it increased from the upper topsoil down to the subsoil, however, increments 

progressively decreased.    

Finally, regarding soil temperature, it was higher in the summer survey than in the autumn one (Table 3). 

Differences between summer and autumn temperatures were between 18 and 11 ºC. Differences in 

temperature between both surveys also decreased as soil depth increased as expected (West 1952) (Table 

3).   

[Table 3] 

Empirical cumulative probability distributions 

The properties with skewness coefficients within the [-0.5, 0.5] bounds, i.e., wc at most depths, wom in the 

topsoil layers and t at all depths, might be considered to follow an almost normal distribution, whereas 

those with skewness coefficients outside those bounds might not according to Bulmer (1979) (Table 3). 

There were properties with remarkably positive skewness, even over 1, i.e., σe at all depths and wom at 
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depth in the autumn survey. This fact points towards a log-normal distribution, which is often found for 

many soil properties at regional scales (Brejda et al. 2000). However, there were also properties with 

remarkable negative skewness, i.e., θw at all depths.  

Logistic functions and third-degree polynomials were tried to fit the empirical cumulative probability 

distribution (CPD) of each property in both surveys. Then, the function that best fitted the points, i.e., 

with the highest R2, was selected as representing its CPD and used in the ensuing FPSs.    

Global sensitivity analysis of the semi-empirical model for σb* prediction 

According to the R2 values of the MLR meta-models, these could explain between 92 and 94% of the 

variance in the summer survey (Table 4) and between 95 and 96% in the autumn one (Table 5). Since 

these values are well over 90%, the semi-empirical model can be considered monotonic and its output 

variance overwhelmingly made up of first-order effects (Saltelli et al. 2004). According to these 

characteristics the semi-empirical model variance could be split into separate contributions from each soil 

property on the basis of the corresponding standardised regression coefficients (B) that showed up in the 

MLR meta-models.  

On the basis of the B2/ΣB2 ratios, salinity, i.e., σe, explained between 32 and 42% of the variance in the 

σb* measurements in summer with the higher values occurring in the horizontal dipole and at the lower 

heights (Table 4). In autumn, the variance explained by salinity decreased by 4% on average to range 

between 29 and 30% with no differences among dipoles and heights (Table 5).  

The other soil property that best explained the EMI measurements was the soil clay mass fraction. As 

shown in Table 4, wc explained between 29 and 33% of variance in summer with little differences among 

dipoles and heights. In autumn, interestingly, the percentage of explained variance by the clay mass 

fraction increased by 15% on average to range between 45 and 49%, thus overcoming the influence of 

salinity on the EMI measurements (Table 5).  

The third property with more influence on the EMI measurements was the water volume fraction with 

between 16 and 21% of explained variance in summer (Table 4). In autumn, this percentage severely 

decreased by 12% on average to fluctuate between 7 and 9% (Table 5).    
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The bulk density explained most of the remaining variance in the EMI measurements with averages of 5.4 

and 7.0%, respectively, in summer and autumn with almost no differences among dipoles and heights 

(Table 4 and Table 5). 

The organic matter mass fraction was next with between 0.5 and 1.0% of explained variance in summer 

(Table 4). Nevertheless, in autumn, in a similar way to the clay mass fraction, the organic matter 

increased its share of explained variance, specifically, up to between 1.9 and 6.0%. Remarkably, the σb* 

measurement which was best explained by wom was the one in the horizontal dipole mode directly on the 

soil surface (Table 5).  

Finally, the soil temperature was the property with the least influence on the σb* measurements: 

specifically, 0.4 and 0.3% on average in, respectively, summer and autumn (Table 4 and Table 5).    

[Table 4] 

[Table 5] 

Discussion 

Although the relationship between σb* and some soil properties has been shown to be non-linear in some 

instances (e.g., Lesch et al. 1992; Sudduth et al. 2005), the hypothesis of linearity for assessing the 

salinity and the water and clay contents of soils on the basis of EMI measurements has been 

overwhelmingly used with few exceptions for, e.g., σe (Slavich and Petterson 1990; Slavich 1990), θw 

(Kachanoski et al. 1988) and wc (Hedley et al. 2004; Weller et al. 2007; Saey et al. 2009), and recently 

also wom (García-Tomillo et al. 2017) and OM-related properties (Lardo et al. 2016). The GSA carried out 

in this work has given support to the hypothesis of linearity between σb* and all the relevant variables for 

soil conductivity taken as a set, not individually, because in spite of the apparent complexity of the semi-

empirical model that represents the underlying physical process, the R2 of the MLR meta-models were all 

well over 0.90. However, the most important point of this research is that the soil properties that have 

been known for years to contribute the most to the soil electrical conductivity, i.e., σe, θw, wc, wom, ρb and t 

(McNeill 1992; Rhoades et al. 1999), were all simultaneously included to specifically assess their share of 

influence on the soil EMI measurements taken with the EM38. This is something that had not been done 
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until now to the authors’ best knowledge. The use of all those properties contrasts with the few works 

where EMI has been simultaneously related to more than one soil property at a time.  

Even fewer works have tried to exhaust the properties on which soil σb is known to depend in an area. In 

Brevik and Fenton (2002), the influence that four properties, i.e., θw, wc, t in addition to the carbonate 

mineral content, had on the EM38 measurements in both dipole modes was studied using MLR in soils 

reported to be very low in salt. Nevertheless, the importance of each property was assessed from the 

magnitude of the unstandardized regression coefficients (b), not the standardized ones (B). Moreover, the 

MLR analyses were done on the empirical dataset where the soil properties are known to be more or less 

correlated, not an associated synthetic dataset where, even though the correlations have been broken up, 

the original empirical means, variances and distributions (CPD) have been kept.  

The standardized regression coefficient of an independent variable in a regression analysis indicates the 

number of standard deviations that the dependent variable changes per each change of one standard 

deviation of the independent variable. Therefore, by using the Bs, a bunch of independent variables 

measured in different scales can be compared. Besides, if all the independent variables are uncorrelated, 

each squared standardized regression coefficient (B2) represents the proportion of variance in the output, 

i.e., each EMI measurement, explained by that variable, or either, the share of the R2 accounted for by 

that variable (Chao et al. 2008). Contrary to this, the use of the original collinear variables would have 

made the regression coefficients not interpretable at all (Gunst 1983; Kraha et al. 2012).  

For avoiding the troubles of collinearity, alternatives are principal components regression (PCR) and 

partial least squares regression (PLSR), which have been used in some EMI works (Lesch et al. 1995, 

2000; Triantafilis et al. 2000). However, in this investigation it was not intended to predict the EMI 

measurements, something which was done in a previous work where the semi-empirical model was 

developed (Visconti and de Paz, 2020), but to analyse the importance of the independent variables on the 

EMI measurements by means of that calibrated and validated model. In this regard, the use of 

standardized regression coefficients (B) is the best option. 

Therefore, according to the B2/ΣB2 ratios obtained in the GSAs, the more influential soil attributes on 

EMI measurements are wc, σe and θw in this order with a joint 90% of explained variance, whereas ρb and 

wom are of little importance and t almost irrelevant. The fact that the trio of wc, σe and θw controls the σb* 
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measurements might have been deduced on the basis of the devoted number of articles and R2 values 

found in the EMI research for the last 30 years and from which Table 1 is a representative excerpt, 

however, the specific order is somewhat surprising. Even though the soil salinity in the study area is far 

from negligible; it is on average 4.5 dS/m in summer and 3.4 dS/m in autumn (Table 3), i.e., to both sides 

of the classical boundary between non-affected and salt-affected soils (Richards et al. 1954), the soil clay 

mass fraction, which is 38% on average (Table 3), is almost more influential than σe on the EMI 

measurements.   

Regarding the influence of salinity and clay content on the EMI measurements, it is remarkable that they 

exchanged the first rank from one survey to the other. In order to check if this was a consequence of the 

drop in overall salinity from summer to autumn, the original values of σe in both surveys were increased 

up to 40% in two 20% steps, then decreased down to 40% in the same way and all the GSAs redone. 

According to the results shown in Figure 2 the PV explained by salinity (σe) and therefore, the PV 

explained by the other properties and, remarkably, wc, changed following the mean σe of the dataset in 

which the GSA is based. In fact, the PV explained by σe increases with the mean σe until a maximum PV 

of 45% as long as the values of the other properties keep unchanged.  

Since the influence of the soil properties do not exclusively depend on the model structure but also on the 

area and time of the study, future soil EMI measurements can be planned beforehand in order to select the 

most favourable time to carry out a survey for a property of interest. Interpretation of past EMI 

measurements for crop management can also benefit from this knowledge.       

[Figure 2] 

Conclusions 

The global sensitivity analysis of a recently validated semi-empirical model for the prediction of the 

measurements taken with an EMI device, specifically the EM38 in its characteristic two dipole modes, 

horizontal and vertical, and at various heights over the ground going up to 2 m has given support to the 

hypothesis that, despite the apparent complexity of the relationship, the EMI measurements linearly 

depend on the basic soil properties known to contribute to the soil electrical conductivity: salinity, water, 

clay and organic matter contents in addition to bulk density and temperature. As a consequence, the 

influence that these properties have on the EMI conductivity measurements could be assessed on the basis 
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of the squared standardized regression coefficients of the MLR meta-models developed for the EMI 

measurements following a factors prioritisation setting. The salinity, water and clay contents accounted 

for roughly 90% of the variance in the EMI signals regardless of the specific season that the data came 

from, either summer or autumn. However, in summer, the salinity influence climbed higher because 

salinity was then higher too. In contrast, the influence of the water content decreased as it increased from 

the summer to the autumn survey. For salinity, water and clay contents, the following ratios of 

importance: 2:1:2 and 4:1:6, were found for the summer and autumn surveys. All the results obtained in 

this work are useful in order to understand the scope and interpret the EMI measurements and in order to 

guide future EMI surveys, that is, to know under which circumstances the soil properties of interest 

contribute the most to the EMI signal, e.g., in soils low in salinity, the EMI exploration would inform the 

most about soil texture, whereas in soils low in clay, it would inform the most about soil salinity. 
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Table captions 

Table 1. Characteristics of some relevant electromagnetic induction studies using the EM38 and focusing 

on the detection of basic soil properties down to a maximum of 1.5 m 

Table 2. Values of the parameters of the semi-empirical model featured in Eq. 4 calibrated for the 

prediction of the σb* measurements taken with the EM38 in the study area 
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Table 3. Descriptive statistics of the saturation extract electrical conductivity at 25 ºC (σe), the soil water 

volume fraction (θw), the clay (wc) and organic matter (wom) mass fractions, the bulk density (ρb) and the 

temperature (t) in the soil at different depths in the first summer and second autumn surveys  

Table 4. Percentage of variance in the σb* measurements at the two dipole modes and five heights over 

the ground that was explained by each of the properties included in the global sensitivity analysis of the 

summer 2006 survey data: saturation extract electrical conductivity at 25 ºC (σe), the soil water volume 

fraction (θw), the clay (wc) and organic matter (wom) mass fractions, the bulk density (ρb) and the 

temperature (t) 

Table 5. Percentage of variance in the σb* measurements at the two dipole modes and five heights over 

the ground that was explained by each of the properties included in the global sensitivity analysis of the 

autumn 2010 survey data: saturation extract electrical conductivity at 25 ºC (σe), the soil water volume 

fraction (θw), the clay (wc) and organic matter (wom) mass fractions, the bulk density (ρb) and the 

temperature (t) 

Figure captions 

Figure 1. Study area and placement of the sites visited in both surveys  

Figure 2. Percentage of variance explained by salinity (σe) and the clay mass fraction (wc) as a function of 

the mean salinity in both soil surveys 



Soil  
prop. 

Study area 
extension/ 
ha 

Calibration 
(Sites × 
times) 

Calibration R2 Reference 

σe                  2,066 12 0.86 Dakak et al. (2017) 
σe                72,000 173 0.14 – 0.67 Taghizadeh-Mehrjardi et al. (2014) 
σe                   400 84 0.82 – 0.96 Yao and Yang (2010) 
σe                      21 6 0.80 – 0.86 Doolittle et al. (2001) 
σe                    0.94 62 0.80 Lesch et al. (1998) 
σe 0.40 – 0.54 13 – 20  0.67 – 0.85 Díaz and Herrero (1992) 
σe         12,000,000 694 – 796  0.63 – 0.85 McKenzie et al. (1989) 
θw                  0.60 200 0.87 Huang et al. (2018) 
θw                      13 47 0.86 Rallo et al. (2018) 
θw                    19.5 91 0.35 – 0.47 Zhu et al. (2010) 
θw                     0.01 113 0.58 – 0.85 Brevik et al. (2006) 
θw                   0.06 350 0.80 – 0.84 Reedy and Scanlon (2003) 
θw                    0.78 1040 0.58 – 0.64 Sheets and Hendrickx (1995) 
θw                   1.50 52 0.96 Kachanoski et al. (1988) 
wc              300,000 88 0.81 Saey et al. (2009) 
wc                      14 46 0.66 Weller et al. (2007) 
wc                    332 144 – 240  0.61 Sudduth et al. (2005) 
wc                      12 24 0.65 – 0.72 Hedley et al. (2004) 
wc                   244 46 0.72 – 0.77 Triantafilis et al. (2001) 
wom                     10 80 0.36 García-Tomillo et al. (2017) 
ρb                      4 65 0.35 Jung et al. (2005) 

 



Parameter 
σp0/ 
dS m-1 

kσ we0 kc,e 
CEC0/ 
mmolC kg-1 

kc,CEC/ 
mmolC kg-1 

kom,CEC/ 
mmolC kg-1 

Value 0.4 ± 0.4 0.71 ± 0.03 0.11 ± 0.03 0.96 ± 0.09 -12 ± 9 282 ± 24 2310 ± 320 
Equation 6 7 9 
Reference Visconti and de Paz, 2018 Visconti, 2009 
 



 

 Summer 2006 Autumn 2010 
------------------------------------------------------------------ σe /dS m-1 ---------------------------------------------- 
Depth/cm 0-10 10-30 30-65 65-95 0-10 10-30 30-60 60-90 
Count 28 28 28 28 28 28 28 28 
Mean 4.33 3.94 4.83 4.54 2.64 2.89 3.48 4.05 
Std. Dev. 2.48 2.53 3.26 2.61 1.93 2.11 2.81 3.09 
Maximum 11.24 10.84 13.76 13.50 9.42 9.54 11.86 12.83 
Minimum 1.14 1.17 1.35 1.19 0.49 0.93 0.98 0.85 
Skewness 1.00 1.01 1.01 0.54 0.98 0.94 1.31 0.72 
         
---------------------------------------------------------------------- θw ---------------------------------------------------- 
Depth/cm 0-10 10-30 30-65 65-95 0-10 10-30 30-60 60-90 
Count 28 28 28 28 28 28 28 ‒ 
Mean 0.228 0.267 0.289 0.288 0.341 0.333 0.331 ‒ 
Std. Dev. 0.078 0.065 0.090 0.101 0.052 0.060 0.064 ‒ 
Maximum 0.371 0.380 0.570 0.577 0.431 0.427 0.409 ‒ 
Minimum 0.091 0.124 0.135 0.129 0.223 0.209 0.206 ‒ 
Skewness 0.288 -0.239 0.377 0.102 -0.887 -0.589 -0.938 ‒ 
         
------------------------------------------------------------------- wc (%) -------------------------------------------------
Depth/cm 0-10 10-30 30-65 65-95 0-10 10-30 30-60 60-90 
Count 28 28 28 28 28 28 28 27 
Mean 34.7 35.9 36.7 38.8 36.3 38.1 37.9 39.9 
Std. Dev. 8.71 8.81 11.9 14.4 10.9 9.5 12.0 15.8 
Maximum 53.9 58.3 61.3 69.1 60.0 58.8 63.9 69.5 
Minimum 17.3 21.1 16.8 15.2 5.0 14.8 15.1 9.9 
Skewness -0.13 0.71 0.83 0.27 -0.06 -0.55 0.22 -0.46 
         
------------------------------------------------------------------- wom (%) ----------------------------------------------
Depth/cm 0-10 10-30 30-65 65-95 0-10 10-30 30-60 60-90 
Count 28 28 28 28 28 28 28 28 
Mean 2.02 1.21 0.84 0.61 2.55 1.44 0.84 0.56 
Std. Dev. 0.85 0.55 0.40 0.30 1.43 0.92 0.95 0.62 
Maximum 4.57 2.45 2.06 1.19 8.57 3.16 3.59 1.93 
Minimum 0.67 0.36 0.28 0.18 0.60 0.05 0.05 0.05 
Skewness 0.65 0.54 0.16 0.23 0.30 0.36 1.45 1.84 
         
------------------------------------------------------------------ ρb/g cm-3 ---------------------------------------------- 
Depth/cm 0-5 10-15 30-35 50-55 0-5 10-15 30-35 50-55 
Count ‒ ‒ ‒ ‒ 28 28 28 6 
Mean ‒ ‒ ‒ ‒ 1.274 1.392 1.569 1.536 
Std. Dev. ‒ ‒ ‒ ‒ 0.104 0.143 0.165 0.043 
Maximum ‒ ‒ ‒ ‒ 1.449 1.611 1.847 1.599 
Minimum ‒ ‒ ‒ ‒ 1.052 1.073 1.187 1.500 
Skewness ‒ ‒ ‒ ‒ -0.701 -0.709 -0.713 1.209 
         
--------------------------------------------------------------------- t/ºC --------------------------------------------------
Depth/cm 0 10 30 50 0 10 30 50 
Count 24 25 27 15 27 27 24 20 
Mean 28.3 26.3 25.7 24.5 10.8 10.7 12.1 13.7 
Std. Dev. 4.0 2.6 2.5 2.5 3.6 2.4 2.0 1.8 
Maximum 37.0 30.9 32.2 28.0 16.2 14.5 15.3 16.7 
Minimum 21.4 21.6 20.8 20.7 2.5 6.0 8.6 10.7 
Skewness 0.2 -0.2 -0.1 0.0 -0.2 -0.6 -0.9 -0.7 
 



 
Dipole Height/cm R2 σe θw wc wom t ρb Unknown 

Vertical 0 0.929 36.0 18.6 31.8 0.64 0.411 5.35 7.1

Vertical 50 0.930 35.5 19.1 31.9 0.67 0.400 5.44 7.0

Vertical 100 0.927 33.7 20.0 32.5 0.60 0.397 5.44 7.3

Vertical 150 0.925 32.7 20.6 32.8 0.55 0.395 5.43 7.5

Vertical 200 0.924 32.2 20.9 33.0 0.52 0.393 5.42 7.6

Horizontal 0 0.942 41.9 16.4 29.2 1.03 0.399 5.35 5.8

Horizontal 50 0.933 36.8 18.5 31.4 0.76 0.399 5.44 6.7

Horizontal 100 0.928 34.1 19.8 32.4 0.62 0.397 5.45 7.2

Horizontal 150 0.925 32.9 20.5 32.8 0.55 0.395 5.43 7.5

Horizontal 200 0.924 32.3 20.8 33.0 0.52 0.393 5.42 7.6

Count 10 10 10 10 10 10 10 10

Mean 0.929 34.8 19.5 32.1 0.65 0.398 5.42 7.1

Std. Dev. 0.005 2.9 1.4 1.2 0.16 0.005 0.04 0.5

maximum 0.942 41.9 20.9 33.0 1.03 0.411 5.45 7.6

minimum 0.924 32.2 16.4 29.2 0.52 0.393 5.35 5.8
 



 
Dipole Height/cm R2 σe θw wc wom t ρb Unknown 

Vertical 0 0.951 30.2 7.4 48.2 2.14 0.295 6.93 4.9

Vertical 50 0.951 30.0 7.6 47.7 2.61 0.288 7.01 4.9

Vertical 100 0.950 30.1 7.3 48.2 2.18 0.280 6.98 5.0

Vertical 150 0.950 30.2 7.2 48.4 1.95 0.275 6.96 5.0

Vertical 200 0.950 30.3 7.1 48.5 1.85 0.271 6.96 5.0

Horizontal 0 0.958 28.8 8.9 44.7 5.97 0.300 7.20 4.2

Horizontal 50 0.953 29.7 7.8 47.1 3.31 0.292 7.05 4.7

Horizontal 100 0.951 30.1 7.4 48.1 2.29 0.282 6.99 4.9

Horizontal 150 0.950 30.2 7.2 48.4 1.98 0.275 6.97 5.0

Horizontal 200 0.950 30.3 7.1 48.5 1.86 0.271 6.96 5.0

Count 10 10 10 10 10 10 10 10

Mean 0.951 30.0 7.5 47.8 2.61 0.283 7.00 4.9

Std. Dev. 0.003 0.5 0.5 1.2 1.26 0.010 0.08 0.3

Maximum 0.958 30.3 8.9 48.5 5.97 0.300 7.20 5.0

Minimum 0.950 28.8 7.1 44.7 1.85 0.271 6.93 4.2
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