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Soils are notoriously spatially heterogeneous and many soil properties are tem-
porally variable. Spatial variability of soil properties has a profound infl uence on 
agricultural and environmental processes, such as plant–water–soil interactions, 
water fl ow, and solute transport, resulting in within-fi eld plant yield variation and 
degradation of soil quality, to mention only a few. Field-scale mapping of spatial 
variability and monitoring of temporally dynamic soil properties is necessary for a 
variety of edaphic activities, such as soil surveys, reclamation, crop selection, site-
specifi c management, and soil quality assessment. There are various approaches 
for characterizing soil spatial variability, but none of these has been as extensively 
investigated and is as reliable and cost effective as apparent soil electrical conduc-
tivity (ECa) directed soil sampling. Geospatial measurements of ECa are well suited 
for characterizing the spatial distribution of soil properties because they are reliable, 
quick, and easy to take with GPS-based mobilized ECa measurement equipment. 
Directed soil sampling based on geo-referenced measurements of ECa is a proven 
and robust means of characterizing the spatial variability of any soil property that 
infl uences ECa, including sol salinity, water content, texture, bulk density, organic 
matter, and cation exchange capacity. It is the goal of this methodology paper to 
provide an overview of the characterization of soil spatial variability across multiple 
scales using ECa–directed soil sampling with a focus on the fi eld scale. Mobile ECa 
equipment, protocols, guidelines, special considerations, data reliability tests, and 
strengths and limitations are presented for characterizing spatial and temporal vari-
ation in soil properties using ECa–directed soil sampling.

Abbreviations: ANOCOVA, analysis of covariance; rb, bulk density; CEC, cation exchange capacity; DPPC, 
dual pathway parallel conductance; ECa, apparent soil electrical conductivity (dS m−1); ECe, electrical 
conductivity of the saturation extract (dS m−1); EMh, electromagnetic induction measurement in the hori-
zontal coil confi guration; EMI, electromagnetic induction; EMv, electromagnetic induction measurement 
in the vertical coil confi guration; ER, electrical resistivity; ERT, electrical resistivity tomography; ESAP, 
ECe, Sampling, Assessment, and Prediction; FSR, fi eld-specifi c regression; GIS, geographic information 
systems; GPR, ground penetrating radar; GPS, global positioning system; IDW, inverse distance weight-
ing; MMSD, minimization of the means of the shortest distances; MSSD, mean squared shortest distance; 
MWMSD, minimization of the weighted means of shortest distance; OLS, ordinary least square; OM, or-
ganic matter; PCA, principal components analysis; RSSD, response surface sampling design; SP, satura-
tion percentage; SSA, spatial simulated annealing; TDR, time-domain refl ectometry; q, water content; UK, 
universal kriging.

BACKGROUND AND RATIONALE FOR 
ECa–DIRECTED SOIL SAMPLING TO CHARACTERIZE SPATIAL VARIABILITY

All soil properties are spatially variable, and some are temporally variable as well 
(e.g., water content and salinity). The signifi cance of within-fi eld spatial variability 
of soil properties has been scientifi cally acknowledged and documented since the 
classic paper by Nielsen et al. (1973) concerning the variability of fi eld-measured soil 
water properties. As an example, the complex spatial nature of soil salinity at the 
surface is depicted in Fig. 1. The complexity of soil variability makes soil mapping a 
formidable and onerous task.

The characterization of soil spatial variability is without question one of the most 
signifi cant areas of concern in soil science because of its broad reaching infl uence 
on fi eld- and landscape-scale processes related to agriculture and the environment, 
including solute transport, water fl ow, within-fi eld variation in crop yield, and soil 
salinity accumulation, to mention just a few (Corwin and Lesch, 2013, 2014). There 
are a variety of methods for potentially characterizing soil spatial variability includ-
ing ground penetrating radar (GPR), aerial photography, multi- and hyper-spectral 
imagery, time-domain refl ectometry (TDR), and apparent soil electrical conductivity 
(ECa). However, none of these approaches have been as extensively investigated as 
the use of ECa (Corwin and Lesch, 2005a).

The geospatial measurement of ECa (dS m−1) using geophysical techniques such 
as electrical resistivity (ER) and electromagnetic induction (EMI) is a sensor tech-
nology that has played, and continues to play, a major role in addressing the issue 
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of fi eld-scale spatial variability characterization, particularly 
in mapping soil salinity, water content, and texture (Corwin 
and Lesch, 2005a; Doolitt le and Brevik, 2014). Since its early 
agricultural use for measuring soil salinity, the application of 
ECa has evolved into a widely accepted means of establishing 
the spatial variability of a variety of soil physical and chemi-
cal properties that either directly or indirectly infl uence the 
ECa measurement (Corwin and Lesch 2003, 2005a; Corwin, 
2005, 2008; Doolitt le and Brevik, 2014). Scientists at the USDA-
ARS US Salinity Laboratory have led the development of an 
integrated platform of mobilized ER and EMI equipment, soft -
ware, and protocols for mapping soil spatial variability that 
has evolved into a standardized methodology (Corwin, 2008).

Apparent soil electrical conductivity is a measure of the 
bulk conductivity of the soil; that is, ECa is a measure of any-
thing conductive within the volume of measurement and is 
infl uenced, whether directly or indirectly, by any edaphic prop-
erty that aff ects bulk soil conductance. Measurements of ECa 
are complex because they refl ect the infl uence of the interac-
tion of several soil physical and chemical properties. This is a 
consequence of the fact that ECa is a product of three parallel 
pathways of conductance, as illustrated in Fig. 2. The three 
parallel pathways of current fl ow that contribute to the ECa 
measurement include: (i) a solid–liquid pathway (Pathway 1) 
primarily via exchangeable cations associated with clay miner-
als, (ii) a liquid phase pathway (Pathway 2) via salts contained 
in the soil water occupying the large pores, and (iii) a solid 
pathway (Pathway 3) via soil particles that are in direct and con-
tinuous contact with one another (Rhoades et al., 1989, 1999a).

Because of these pathways of conductance, ECa is infl u-
enced by a complex interaction of salinity (i.e., ECe, electrical 
conductivity of the saturation extract, dS m−1), saturation 
percentage (SP), water content (q), bulk density (rb), organic 
matt er (OM), cation exchange capacity (CEC), clay content and 
mineralogy, and temperature. The infl uences of salinity, water 
content, and temperature on electrical conductivity have been 
well known and documented (US Salinity Laboratory Staff , 
1954). Saturation percentage and rb are both directly infl u-
enced by OM and texture, particularly clay content in mineral 
soils (Stiven and Khan, 1966; Rhoades et al., 1990; Gavlak 
et al., 2003). Saturation percentage is especially refl ective of 

the texture in mineral soils. The exchange surfaces on clays 
and OM provide a solid–liquid phase pathway primarily via 
exchangeable cations. Consequently, clay content (and min-
eralogy), CEC, and OM are recognized as factors infl uencing 
ECa measurements. Measurements of ECa must be interpreted 
with these interacting factors in mind.

The ability to measure a particular target property or 
properties with ECa depends on the property or proper-
ties dominating the ECa measurement at the specifi c site of 
measurement. For instance, consider the measurement of soil 
salinity by ECa. To measure only soil salinity, the electrical 
conductance of only the soil solution (Pathway 2) is required. 
Since ECa measures more than just soil salinity due to its three 
conductance pathways, the interpretation of the meaning of 
the ECa measurement is complex. If salinity is suffi  ciently high 
(i.e., when ECa is greater than 1–2 dS m−1) to dominate the ECa 
measurement, then other properties such as texture or water 
content may not be easily determined by ECa, unless they hap-
pen to be correlated with salinity, which most oft en occurs 
when salinity is infl uenced and controlled in large part by the 
hydraulic regime created by texture. In essence, at high salin-
ity levels the infl uence of salinity on the ECa measurement 
dominates to the point where the infl uence of other soil prop-
erties (i.e., water content, texture, rb, CEC, OM, mineralogy) 
becomes insignifi cant. In these instances, ECa is essentially 
measuring only soil salinity. However, when salinity is low, 
and there is litt le signifi cant infl uence of salinity on the ECa 
measurement (i.e., ECa < 1 dS m−1), then the interpretation of 
the meaning of the ECa measurement can only be established 
from ground-truth soil samples from which a relationship 
between ECa and all potential soil properties infl uencing ECa 
can be established. In an ECa range of 1 to 2 dS m−1, it is likely 
that several soil properties (e.g., salinity, water content, tex-
ture, bulk density) are infl uencing ECa in a signifi cant manner.

From a pore-scale perspective, electrolyte conduction 
through pores dominates over surface conduction when a 
high concentration of electrolyte occupies the pores. However, 
when the electrolyte concentration is dilute in the pore fl uid, 
the eff ects of clay and surface conduction become important 

Fig. 1. Aerial view of a typical salt-affected fi eld, showing the complex 
spatial patterns of salinity (source: Corwin and Lesch, 2013). Fig. 2. Schematic illustrating the three conductance pathways 

for the apparent soil electrical conductivity (ECa) measurement 
(modifi ed from Rhoades et al., 1989). Pathway 1 is the solid–
liquid conductance pathway, Pathway 2 is the liquid conductance 
pathway, and Pathway 3 is the solid conductance pathway.
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(Boadu and Seabrook, 2006). The amount and distribution of 
clay, as well as the concentration of an electrolyte in the pore 
fl uid, infl uence spectral electrical response measurements in 
a complex way that is not separable, but coupled (Boadu and 
Seabrook, 2006). It is the inseparable infl uence of soil proper-
ties on ECa, particularly at ECa < 1 to 2 dS m−1, that causes the 
fi eld-scale mapping of soil properties solely from geospatial 
ECa measurements to be problematic, necessitating the col-
lection of ground-truth soil samples to calibrate ECa to those 
properties infl uencing ECa at a particular site.

Even though the measurement of ECa is complex, it is 
also reliable, easy to take, and easy to mobilize, making it a 
valuable mapping tool. An understanding and interpretation 
of geospatial ECa data can only be obtained from ground-
truth measurements of soil properties that correlate with ECa 
from either a direct infl uence or indirect association. Due to 
its complexity and ease of mobilization, geospatial measure-
ments of ECa are used as a surrogate of soil spatial variability 
to direct soil sampling when mapping soil salinity or other tar-
get soil properties (e.g., texture, water content) at fi eld scales 
and larger spatial extents. The approach for characterizing soil 
spatial variability from soil samples guided by variations in 
geospatial ECa measurements is referred to as ECa–directed soil 
sampling. Characterizing spatial variability with ECa–directed 
soil sampling is based on the notion that when ECa correlates 
with a soil property or properties, then spatial ECa information 
can be used to identify sites that refl ect the range and spatial 
variability of the property or properties (Corwin and Lesch, 
2005b). These sites serve as soil sampling locations for ground 
truth to calibrate ECa to the target property or properties.

The inseparable infl uences of the soil properties aff ect-
ing ECa is a complication that can be dealt with on a pedon 
scale using the models of Rhoades et al. (1990) and Lesch and 
Corwin (2003). At fi eld scale, the eff ects are best separated 
out statistically on a fi eld-by-fi eld basis using soil samples 
obtained from an ECa–directed soil sampling design to 
develop a fi eld-specifi c model to calibrate ECa to a target prop-
erty, such as salinity, water content, or clay (Lesch et al., 2005). 
By adopting a direct calibration approach, one can optimally 
adjust for confounding soil property eff ects, while simultane-
ously obtaining an assessment of the accuracy and usefulness 
of the fi tt ed model.

Numerous ECa studies have been conducted that have 
revealed the site specifi city and complexity of geospatial 
ECa measurements with respect to the particular property or 
properties infl uencing the ECa measurement at a study site. 

Corwin and Lesch (2003) point out the fi eld specifi city of geo-
spatial ECa measurements, which may be the consequence 
of geomorphological and anthropogenic factors. Corwin and 
Lesch (2005a, 2013) provided a compilation of ECa studies 
and the associated edaphic property or properties that either 
directly or indirectly infl uence ECa. These edaphic properties 
(and their earliest associated agricultural reference) include 
directly measured properties, such as salinity (Rhoades et al., 
1976), water content (Rhoades et al., 1976), texture (Williams 
and Hoey, 1987), bulk density (Rhoades et al., 1999b), organic 
matt er (Greenhouse and Slaine, 1983), and CEC (McBride et 
al., 1990), and indirectly measured properties, such as ground-
water recharge (Cook and Kilty, 1992), heavy metals (Corwin 
and Ahmad, 2015), herbicide partition coeffi  cients (Jaynes et 
al., 1995), leaching (Rhoades, 1981), pH (Bekele et al., 2005), 
soil map unit boundaries (Fenton and Lauterbach, 1999), and 
soil drainage classes (Kravchenko et al., 2002).

Table 1 provides a list of ground-based proximal sensor 
categories (i.e., sensors that take measurements from within 
a distance of 2 m from the soil surface) and the soil proper-
ties infl uencing each category of proximal sensor. Each sensor 
is typically aff ected by more than one agronomic soil prop-
erty, with ER and EMI infl uenced by the most properties. 
To help understand and interpret complex geospatial ECa 
measurement and to provide the full complement of spatial 
data needed to completely characterize not only edaphic but 
anthropogenic, topographic, meteorological, and biological 
properties that infl uence plant growth, multiple proximal sen-
sors are recommended. For instance, Rodrigues et al. (2015) 
observed that the combined use of g-ray spectrometry (e.g., as 
a proxy for texture) and apparent electrical conductivity (e.g., 
as a proxy for salinity) could be used to map all target soil 
properties and therefore understand and manage crop-yield 
spatial variability. In Italian coastal soils aff ected by saltwa-
ter intrusion, Scudiero et al. (2013) could model contrasting 
properties infl uencing crop yield only by combining mea-
surements of apparent electrical conductivity (e.g., proxy for 
salinity) and bare-soil refl ectance (e.g., proxy for organic car-
bon content).

In instances where ECa correlates with a particular soil 
property, an ECa–directed soil sampling approach will estab-
lish the spatial distribution of that property with an optimum 
number of site locations, which signifi cantly reduces labor 
costs compared to grid sampling (Corwin et al., 2003a,b). 
Details for conducting a fi eld-scale ECa survey for the purpose 
of characterizing the soil spatial variability are in Corwin and 
Lesch (2005b). Protocols specifi cally for mapping soil salinity 

Table 1. Soil properties infl uencing proximal sensors.† 

Category of proximal sensor

Agronomic soil property

Texture
(sand, silt, clay 

content) OM q
EC 

or Na
Cp or 

rb

Depth of 
topsoil 

or hard pan pH
Residual NO3 

or total N
Other 

macronutrients CEC

ER and EMI X X X X X X X X
Optical and radiometric X X X X X X
Mechanical X X
Acoustic and pneumatic X X X
Electrochemical X X X X

† Modifi ed from Adamchuk et al. (2004). ER, electrical resistivity; EMI, electromagnetic induction; OM, soil organic matt er; q, water content; EC, 
electrical conductivity (salinity); Na, sodium content, Cp, compaction; rb, bulk density, CEC, cation exchange capacity.
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with ECa–directed soil sampling are in Corwin and Lesch 
(2013).

Environmental and agricultural scientifi c literature is 
replete with studies that have failed to follow the guidelines 
and protocols fi rst developed by Corwin and Lesch (2003, 
2005b, 2013). Subsequently, there is extensive published 
research regarding the application of ER and EMI to map 
edaphic properties with dubious spatial data. Standards for 
conducting ECa–directed soil sampling that will be widely 
adopted by those using ER or EMI to map edaphic properties 
are needed. The objective here is to provide an overview of 
the standardized methodology of fi eld-scale characterization 
of soil spatial variability using ECa–directed soil sampling by 
describing mobile ECa equipment, protocols, guidelines, spe-
cial considerations, tests for data reliability, and strengths and 
limitations.

MOBILIZED ECa MEASUREMENT EQUIPMENT
Detailed descriptions of the theory, operation, and con-
struction of ER and EMI instrumentation were provided by 
Rhoades et al. (1999a) and Hendrickx et al. (2002a). Mobilized 
ECa–measurement equipment using ER or EMI instrumenta-
tion has been in use for more than two decades for the purpose 
of mapping and monitoring fi eld-scale spatial soil salinity pat-
terns (Rhoades, 1992, 1993; Corwin, 2008; Doolitt le and Brevik, 
2014). The design of a mobilized ECa measurement system 
consists of four basic components: (i) ECa measurement sensor, 
(ii) global positioning system (GPS), (iii) hardware interfacing, 
and (iv) transport platform.

Three types of ECa measurement mobile sensors are avail-
able: (i) invasive four-electrode ER sensors, (ii) noninvasive 
EMI sensors, and (iii) TDR sensors. Invasive ER and nonin-
vasive EMI sensors are the most popular sensors because the 
commercial development of a TDR sensor for use on a mobile 
apparatus has not progressed to a level where it is as effi  cient 
in operation as ER and EMI. Invasive four-electrode sensors 
can take the form of either insertion probes or surface arrays, 
with the latt er being the confi guration used for mobilized ECa 
measurement systems. Examples of invasive ER four-elec-
trode sensors confi gured as fi xed-surface arrays include the 
equipment developed by Rhoades (1992, 1993) and Carter et al. 
(1993) and the commercial sensor technology used in the Veris 
3100 system (Veris Technologies).1 Commercial examples 
of EMI sensors include the Geonics EM-31, Geonics EM-38, 
DUALEM-1, DUALEM-2, DUALEM-21, and GF CMD-1 soil 
conductivity meters (Geonics Ltd., Dualem, GF Instruments), 
all of which can be easily mobilized. The DUALEM and GF 
equipment have the advantage of not requiring calibration. 
Comparisons between commercial EMI and ER equipment 
(Sudduth et al., 2003; Gebbers et al., 2009; Serrano et al., 2014) 
and between various commercial EMI sensors (Saey et al., 
2009a; Urdanoz and Aragüés, 2012; Heil and Schmidhalter, 
2015) are available in the literature.

There are two basic GPS systems that can be used in 
mobile ECa–measurement equipment: (i) self-contained sys-
tems and (ii) stand-alone GPS receivers that require external 
data logging. The diff erence between the two is not in the 
GPS receiver technology, but in the interfacing. Self-contained 
GPS systems include data loggers and soft ware programs that 

allow the user to record, modify, and/or store GPS coordinate 
data independent of att ached sensors or hardware interfacing. 
Stand-alone GPS receivers typically must be connected to a 
microprocessor or electronic controller to store and/or process 
GPS coordinate data. The Trimble Pathfi nder Pro-XRS and 
Trimble Ag132 GPS systems (Trimble) are examples of avail-
able commercial GPS systems.

Hardware interfacing is needed to link the ECa measure-
ment sensor data with associated GPS coordinate data and 
to control the timing of the data acquisition. The complexity 
of the hardware interface depends on the type and number 
of sensors and the extent of real-time data processing; con-
sequently, the hardware interface tends to be system specifi c 
and expensive. However, in a simple mobile ECa measure-
ment system with a single electrical conductivity meter (i.e., 
single EM-38) the hardware interface can be omitt ed by direct 
output of real-time sensor data through an RS-232 serial con-
nection with the data capture capability of the GPS system. 
The Veris system comes complete with interfacing and record-
ing hardware, only requiring the user to plug in a compatible 
GPS receiver.

The fi nal component of the mobile ECa measurement sys-
tem is the transport platform, which consists of either tow-able 
or self-mobilized platforms. The transport platform is optional 
since an ECa survey can be conducted on foot with a basic ECa 
system consisting of an ECa sensor (ER or EMI), GPS, and data 
logger. Pickups, all-terrain vehicles, and tractors have been 
used as transport platforms to tow an ECa sensor. The fi xed-
array four electrode (Rhoades, 1992, 1993) and Veris 3100 
(Lund et al., 1999; Sudduth et al., 1999) are examples of ER sen-
sor platforms that are towed. Simple nonmetallic platforms 
have also been developed to tow EMI instrumentation (Jaynes 
et al., 1993; Cannon et al., 1994; Kitchen et al., 1996; Freeland 
et al., 2002). An example of a self-mobilized platform includes 
a modifi ed hydraulic-driven spray tractor with insertion-type, 
four-electrode ECa sensors located on the rig’s undercarriage 
that are driven into the ground with the hydraulic system, and 
a nonmetallic cylinder located at the front end that houses 
an EM-38, which is raised, lowered, and rotated 90° with the 
hydraulic system (Rhoades, 1992, 1993; Carter et al., 1993). In 
general, motorized platforms are more sophisticated, versa-
tile, and expensive to develop than platforms that are towed 
behind a vehicle.

System integration can be dedicated or autonomous. In 
a dedicated system, all ECa measurement sensors and GPS 
equipment are integrated directly into the transport platform. 
This system relies on extensive hardware interfacing and a 
central computer or controller to manage the data acquisition 
and data storage. In an autonomous system the GPS receiver 
and each ECa measurement sensor can be easily removed from 
the platform and used independently. The Trimble Pathfi nder 
Pro-XRS is an example of an autonomous system, whereas the 
Trimble Ag132 GPS is a dedicated system.

Surveys of ECa to characterize soil spatial variability are 
used as spatial information to direct a soil sampling scheme 
that will provide the necessary ground-truth information to 
establish the spatial distribution of those soil properties corre-
lated with ECa within a fi eld. For this reason, the inclusion of 
soil sampling equipment directly onto the platform is advan-
tageous. The addition of soil sampling equipment allows the 
platform to serve as both an ECa survey system and a soil 1 All references to commercial equipment and instrumentation are provided solely 

for the benefi t of the reader and does not imply the endorsement of the USDA.
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sampling rig, which increases the 
versatility of the system. Figures 3 
and 4 illustrate the components of 
a GPS-based mobile ECa measure-
ment system (Fig. 3a) developed at 
the US Salinity Laboratory. The sys-
tem consists of a dual-dipole EM-38 
that simultaneously measures ver-
tical (EMv) and horizontal (EMh) 
electromagnetic induction ECa (see 
Fig. 3b), a Giddings soil core sampler 
(Giddings Machine Co.) mounted on 
the front of the rig (see Fig. 3c), and 
a Trimble Pro-XL GPS system (see 
Fig. 4). The Trimble Pro-XL GPS sys-
tem consists of a MC-V data logger, 
TANS receiver, batt ery pack, and 
dome antenna.

The use of mobile EMI equip-
ment has three advantages over the 
use of mobile ER equipment: (i) the 
ability to take measurements on dry 
and stony soils, (ii) the ability to 
traverse fi elds with growing crops, 
and (iii) the ability to traverse fi elds 
with beds and furrows. Under dry 
soil conditions, the physical con-
tact needed between ER electrodes 
and soil for continuous electrical 
current fl ow is diffi  cult to maintain. 
Stony soils are damaging to the 
ER electrodes. Crops and bed–fur-
row systems pose a problem for 
ER equipment, such as the Veris 
3100, because of destruction of the 
crop and beds by the electrodes and 
soil–electrode contact problems on 
an uneven soil surface. The coulters or insertion probes of 
ER equipment are on a fi xed-height or limited-height adjust-
able platform that cannot clear most crops, nor are they easily 
adjusted to conform to abrupt changes in microtopography as 
found in bed–furrow systems. In contrast, EMI equipment is 
designed so the platform clears most crop canopies and the 
EM-38 slides down furrows.

REVIEW OF PROCEDURE: PROTOCOLS, STRENGTHS, 
LIMITATIONS, AND INTERFERENCES

In instances where ECa correlates with a particular soil prop-
erty, an ECa–directed soil sampling approach will establish the 
spatial distribution of that property with an optimum number 
of site locations to characterize the variability and keep labor 
costs minimal (Corwin et al., 2003b). Also, if ECa is correlated 
with crop yield, then an ECa–directed soil sampling approach 
can be used to identify those soil properties that are causing 
variability in crop yield (Corwin et al., 2003a). The purpose of 
an ECa survey from a soil quality perspective is to establish 
the within fi eld variation of soil properties that infl uence the 
fi eld’s intended use (e.g., agricultural productivity, environ-
mental protection, wastewater recycling, etc.). The purpose of 
an ECa survey from a site-specifi c crop management perspec-
tive is to establish the within-fi eld variation of soil properties 

infl uencing the variation in crop yield (Corwin et al., 2003a; 
Corwin and Lesch, 2010).

Corwin and Lesch (2003, 2005b, 2013) developed proto-
cols and guidelines for characterizing soil spatial variability 
from ECa–directed soil sampling, with emphasis given to 
mapping soil salinity. A detailed discussion of each step in the 
protocols was provided by Corwin and Lesch (2005b, 2013). 
Table 2 presents a modifi cation of the step-by-step protocols 
developed by Corwin and Lesch (2005b, 2013). The basic 
elements of a fi eld-scale ECa survey applied to soil quality 
assessment, monitoring of soil property changes, and site-spe-
cifi c crop management include (i) recording of metadata, site 
description, GPS control and boundary points, and ECa sur-
vey objective; (ii) ECa survey design; (iii) georeferenced ECa 
data collection; (iv) soil sample design based on georeferenced 
ECa data; (v) soil sample collection; (vi) physical and chemi-
cal analysis of pertinent soil properties; (vii) development of 
a stochastic and/or deterministic calibration of ECa to a target 
property (e.g., soil salinity); (viii) spatial statistical analysis; 
(ix) geographic information system (GIS) database develop-
ment; and (x) graphic display of spatial data.

The protocols to measure and map the spatial vari-
ability of a target soil property (e.g., salinity, water content, 
texture) at fi eld scale are an eff ort to minimize soil property 
eff ects outside the target property of interest and to avoid the 

Fig. 3. Mobile electromagnetic induction equipment (source: Corwin and Lesch, 2005b): (a) 
complete rig; (b) close-up of sled holding the Geonics dual-dipole EM-38 soil electrical conductivity 
meter; and (c) close-up of Giddings soil core sampler.

Fig. 4. Connection between 
(a) dual-dipole EM-38 soil 
electrical conductivity meter 
and Trimble MC-V Pro-XL 
system consisting of (b) 
MC-V data logger, (c) TANS 
receiver, (d) battery pack, 
and (e) dome antenna 
(source: Corwin and Lesch, 
2005b).
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confounding infl uence of soil condition eff ects. This is repre-
sented schematically in Fig. 5, where soil property eff ects (e.g., 
soil temperature, water content, texture, bulk density, and 
OM) are primary infl uences on the ECa measurement, and 
soil condition eff ects are secondary infl uences when consid-
ering soil salinity as the target property. Soil property eff ects 
include any soil property infl uencing ECa other than the tar-
get property, while soil condition eff ects are infl uences such as 
metal, surface roughness, soil compaction, and surface geom-
etry (e.g., presence of beds and furrows). Accurate maps of 
the target property will not be obtained using ECa–directed 

sampling unless the primary infl uences are understood and 
the secondary infl uences are minimized.

The protocols for ECa–directed soil sampling are appli-
cable to both nonsaline (i.e., ECe <4 dS m−1, which roughly 
corresponds to an ECa <0.5 to 1 dS m−1, depending on the tex-
ture) and saline (i.e., ECe >4 dS m−1, which corresponds to an 
ECa >0.5 to 1 dS m−1, depending on the texture) soils. However, 
salinity, particularly in saline soils, will tend to dominate the 
ECa measurement, masking the infl uence of other soil prop-
erties infl uencing bulk soil conductance. This creates greater 
diffi  culty in characterizing the spatial patt erns of water content, 

Table 2. Apparent soil electrical conductivity (ECa) protocols for mapping spatial variability.†
1. Metadata, site description, GPS, and ECa survey objective

a. Record metadata (e.g., equipment used, data format, date and time of data collection, etc.).
b. Study site description: site location, soil survey information, presence or absence of vegetation, type of irrigation, topography, and surface 

condition.
c. Select GPS coordinate system, establish control points and boundary points.
d. Defi ne the project’s/survey’s objective (e.g., inventorying, spatiotemporal monitoring, site-specifi c management, etc.).
e. Establish the target property (i.e., the property to be mapped) or properties based on the project’s objective.

2. ECa survey design
a. Establish ECa measurement intensity (i.e., number and location of traverses and space between ECa measurements with careful 

consideration of edge eff ects).
b. Minimize secondary infl uences on ECa (e.g., compaction, surface roughness and geometry, metal).
c. Special ECa survey design considerations

(1.) presence of beds and furrows: perform separate surveys for the beds and for the furrows
(2.) vineyards with metal trellising

(a.) maximize distance from metal for surveys with electromagnetic induction (EMI)
(b.) place an insulator between metal posts and trellis wires to break the conductance loop from the soil to the posts along the wires and 

back into the soil (this applies to both ER and EMI surveys)
(3.) presence of drip lines: perform separate ECa surveys over and between drip lines
(4.) variations in surface geometry or roughness: perform separate surveys with separate sampling designs for each area diff ering in surface 

roughness or surface geometry (i.e., disked, beds and furrows, etc.)
(5.) temporal studies

(a.) reference all ECa measurement to 25°C or
(b.) conduct ECa surveys at same time of day and same day of year

3. ECa data collection with mobile GPS-based ECa equipment (e.g., electrical resistivity or EMI)
a. When using EMI, conduct drift  runs to determine the eff ect of ambient temperature on EMI instrumentation.
b. Georeference site boundaries and signifi cant physical geographic features with GPS.
c. Assure that water content at study site is at or near fi eld capacity (³70% fi eld capacity) throughout the fi eld (if water content is <70%, then 

do not conduct ECa survey).
d. Measure georeferenced ECa data at the pre-determined spatial intensity and record associated metadata.
e. Keep speed of mobile GPS-based equipment <10 km h−1 to reduce GPS positional errors.

4. Soil sample design based on geo-referenced ECa data
a. Statistically analyze ECa data using an appropriate statistical sampling design (i.e., model- or design-based sampling design) to establish the 

soil sample site locations.
b. Establish site locations, depth of sampling, sample depth increments, and number of cores per site (>100 soil samples are desirable but the 

total number of samples is largely determined by the resources available to analyze the soil properties of concern).
5. Soil core sampling at specifi ed sites designated by the sample design

a. Obtain measurements of soil temperature through the profi le at selected sites.
b. At randomly selected locations obtain duplicate soil cores within a 1-m distance of one another to establish local-scale variation of the target 

property (and other soil properties) for 20% or more of the sample locations.
c. Record soil core observations (e.g., temperature, color, CaCO3, gleying, organic matt er, mott ling, horizonation, textural discontinuities, etc.).

6. Laboratory analysis of target property and other ECa–correlated soil properties relevant to the project objectives
7. Stochastic and/or deterministic calibration of ECa to target property (and to other soil properties)
8. Spatial statistical analysis to determine the soil properties infl uencing ECa

a. Perform a basic statistical analysis of the target property (and other relevant soil properties) by depth increment and by composite depth 
over the depth of measurement of ECa.

b. Determine the correlation between ECa and target property (and between ECa and other soil properties) by composite depth over the depth 
of measurement of ECa.

9. GIS database development
10. Graphic display of spatial distribution of target property (and other properties correlated to ECa) using various interpolation methods (e.g., 

inverse distance weighting, cubic spline, geostatistics)
† Modifi ed from Corwin and Lesch (2005b, 2013). EMI, electromagnetic induction; GIS, geographic information system; GPS, global 

positioning system. 
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texture, OM, etc., except when these properties correlate with 
salinity. In contrast, salinity in nonsaline soils (or more spe-
cifi cally where ECa is below about 1 dS m−1) no longer has an 
overriding infl uence. Therefore, properties like water content, 
texture, OM, and others are more easily modeled using a fi eld-
specifi c model that calibrates the target property to ECa.

The protocols also apply to both nonirrigated (i.e., dry-
land farming) and irrigated fi elds. However, issues related 
to adequate water content (i.e., water content at or near fi eld 
capacity) are generally less of a concern for irrigated fi elds 
than dryland fi elds because regular irrigation maintains water 
content at optimal levels. Greater awareness should be given 
to water content levels on dryland fi elds when conducting an 
ECa survey.

The goal of the protocols is to mitigate the infl uence of 
variations in surface geometry (fl at vs. beds–furrows), sur-
face roughness (disked vs. smooth), temperature (both soil 
temperature eff ects and ambient temperature eff ects on the 
instrumentation), water content, compaction, edge eff ects, and 
textural discontinuity to assure reliable, accurate ECa survey 
data. Failure to follow the ECa–directed soil sampling proto-
cols will likely render spurious, unreliable ECa measurements, 
resulting in inaccurate calibration of ECa to the target property 
and erroneous maps of the target property or properties.

INDIVIDUAL STEPS IN THE ANALYSIS

Step 1: Metadata, Site Description, GPS, 
and ECa Survey Objective

Record the metadata (e.g., equipment used to collect data, 
data format and organization, date of data collection), descrip-
tive information for the study site (e.g., climate, vegetation, 
general geographic features), and relevant GPS information, 
including: (i) general site location, (ii) GPS coordinate system 
used, (iii) control points, (iv) GPS boundary points, (v) soil 
survey information (e.g., soil type), (vi) presence or absence of 
vegetation, (vii) type of irrigation (i.e., natural rainfall, sprin-
kler, drip, fl ood), (viii) topography, and (ix) surface conditions 
(e.g., smooth, disked, beds–furrows).

Once metadata and basic descriptive site information 
have been collected, establish the objective of the ECa–direct 
soil sampling survey. For example, is the objective of the 

survey to inventory and/or monitor soil quality, to establish 
within-fi eld variation in soil properties infl uencing plant yield, 
to serve as ground truth for a regional-scale assessment of a 
target property, or some other purpose? The survey’s objec-
tive must be defi ned based on the project goals and available 
resources (e.g., personnel, funding, analytical capabilities).

Step 2: ECa Survey Design
The ECa measurement intensity and survey design, which 
includes the number and location of traverses and space 
between the ECa measurements, is based on the ECa sur-
vey objective. Measurement intensities generally vary from 
every 3 to 5 m between measurement locations for intense 
surveys used in detailed fi eld-scale studies to 75 to 100 m for 
landscape-scale studies of thousands or tens of thousands of 
hectares. Typically, an 18-ha fi eld can be surveyed with mobile 
ECa equipment in one to two 8-h work days at a 5-m spacing, 
which results in roughly 7200 locations where ECa measure-
ments are taken. This level of survey intensity provides a map 
of spatial variation suffi  ciently detailed to meet most intended 
purposes. If the ECa survey is used for site-specifi c manage-
ment, then measurements taken every 5 m are appropriate 
(see Corwin et al., 2003a), whereas if the ECa survey is used for 
the calibration of remote imagery for a regional-scale assess-
ment of salinity, then 10 traverses with measurements taken 
15 to 30 m (or farther) apart within a 30-ha fi eld will suffi  ce 
(see Lobell et al., 2010).

The ECa survey design should focus on minimizing the 
confounding eff ects that secondary infl uences (see Fig. 5) have 
on obtaining reliable ECa data. These secondary infl uences 
include positional off set eff ects, fi eld edge eff ects, metal, sur-
face topography and elevation, surface roughness, irrigation 
management, compaction due to farm vehicles, and ambient 
temperature eff ects on instrumentation.

The issue of positional accuracy in EMI measurements 
of ECa for precision agriculture was addressed by Sudduth 
et al. (2001). Positional off set can be a problem due to both 
the distance from the sensor to the GPS antenna and the data 
acquisition system time lags. Sudduth et al. (2001) found that 
the sensitivity of ECa to variations in sensor operating speed 
and height was relatively minor. Nevertheless, mobile ECa 
equipment should not be operated at speeds higher than 10 
km h−1 to minimize positional off set eff ects.

The ECa survey should be designed to avoid fi eld edge 
eff ects; that is, a buff er area around the edge of the fi eld should 
be made where no ECa measurements are taken. This is partic-
ularly important for ECa surveys that characterize the spatial 
distribution of dynamic soil properties, such as salinity and 
water content. This will eliminate the possibility of the selec-
tion of sampling sites near the fi eld’s edge, which are areas 
where unrepresentative extremes may occur. Edge eff ects can 
be the consequence of a variety of processes and are common 
to agricultural fi elds where the boundary of the fi eld has a 
sharp transition, and the anthropogenic, meteorological, bio-
logical, and edaphic factors infl uencing plants (or animals) 
are not representative of the fi eld as a whole. As an example, 
runoff  from roads surrounding a fi eld can cause increased 
leaching of salts and higher water contents at the edges of 
fi elds. Salts used to de-ice roads at the edge of fi elds can accu-
mulate. Higher temperatures and lower relative humidity at 
the edges of a fi eld can cause increased evapotranspiration, 

Fig. 5. Conceptual path diagram of the primary and secondary 
factors infl uencing an apparent soil electrical conductivity (ECa) 
survey targeted at measuring soil salinity (source: modifi ed from 
Corwin and Lesch, 2013).
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which reduces leaching and lowers water contents, thereby 
increasing salinity. These and other processes can result in 
salinity and water content levels at the edges of fi elds that are 
not representative and do not refl ect the processes occurring 
throughout the rest of the fi eld; consequently, a buff er area 
around the fi eld is recommended where no ECa measure-
ments are taken so the sampling design is not infl uenced by 
unrepresentative edge eff ects.

The issue of edge eff ects infl uencing the sampling design 
is of particular concern for the response surface sampling 
design used in the ESAP (ECe, Sampling, Assessment, and 
Prediction) soft ware developed at the US Salinity Laboratory 
by Lesch et al. (2000) because the soft ware identifi es sampling 
sites by minimizing clustering, which oft en results in the iden-
tifi cation of sites near the edge. To combat the infl uence of 
edge eff ects, ESAP has a built-in means of creating a buff er 
area at the edge of a fi eld where ECa measurements can be 
omitt ed.

As a rule-of-thumb for a rectangular fi eld, the fi rst and 
last traverses and the start and end of each traverse using 
mobile georeferenced ECa equipment should be a distance of 
0.5(w/n) and 0.5(d/n), respectively, from the edge of the fi eld 
to avoid edge eff ects (the distance between traverses is d/n), 
where w is the width of the fi eld, d is the length of the fi eld, 
and n is the number of desired ECa traverses. For nonrectan-
gular fi elds, the fi rst and last traverses and the start and end of 
each traverse can be 0.5(w/n) from the edge of the fi eld, where 
w is now the greatest width of the fi eld. This rule-of-thumb is 
of greatest importance when a small number of soil sample 
sites are selected (e.g., <10), whether by a model- or designed-
based sampling strategy, from a minimal number of traverses 
(e.g., <10). Concern for edge eff ects becomes less of an issue as 
the number of traverses and soil sample sites increases. When 
large numbers of traverses are taken, edge eff ects do not dis-
proportionately infl uence the sampling design, but when few 
traverses are taken, the sampling design is unduly infl uenced 
by less representative ECa values that are the result of pro-
cesses confi ned mainly to the edge of the fi eld.

The infl uence of metal on the ECa measurement is a con-
cern at all times. This includes metal fences, vineyard trellises, 
buried metal objects, and underground metal pipe. Metal 
should be kept outside the volume of measurement whether 
for ER or EMI. Metal is particularly a concern for ECa surveys 
of vineyards with metal trellises. Metal trellises in vineyards 
pose a challenge to ECa surveys, both for EMI and for ER. Use 
of EMI for surveys of ECa within vineyards with metal trellis-
ing have shown that the metal trellis distorts the ECa values, 
causing increases as high as 0.50 dS m−1 or more (Lamb et al., 
2005). Close att ention needs to be given to take EMI measure-
ments of ECa suffi  ciently far from any metal post and trellis 
wires to eliminate any magnetic infl uence on the EMI con-
ductivity reading. An ECa survey of a vineyard with metal 
trellises should take the metal posts and wires of the trel-
lises into account by positioning the EM-38 midway between 
surrounding metal posts and keeping the EM-38 at ground 
level away from the trellis. Corwin and Lesch (2013) found 
that when the trellises were ignored and EMI measurements 
were taken without regard for the position of nearby metal 
posts, the average EMh and EMv were roughly 0.10 dS m−1 
higher, which are spurious elevated results due to the infl u-
ence of metal. When trellises in a vineyard are comprised of 

steel posts, Lamb et al. (2005) recommended that EMI surveys 
should only be conducted where the row spacing is 3 m or 
more and traverses are made mid-row. 

Corwin and Lesch (2013) also found that there is not only 
a magnetic infl uence by the metal trellises, but that there is 
a continuous conductance loop that extends from the soil up 
through the metal post, along the trellis, back down the adja-
cent metal post, and returning into the soil. This conductance 
loop is measured with both EMI and ER; therefore, the infl u-
ence of metal trellises is not solely a magnetic eff ect that only 
infl uences EMI and not ER. The fact that ER is not aff ected by 
magnetic infl uences caused by the presence of metal does not 
mean it is automatically the instrument of choice for vineyards 
with metal trellises. To remove the infl uence of metal on either 
ER or EMI, the conductance loop can be broken by inserting 
an insulator between the metal posts and trellis wires. For 
numerous georeferenced ECa measurements, the insertion 
of an insulator between all trellis wires and supporting posts 
is likely impractical. However, as long as the trellis system 
confi guration (i.e., spacing of posts, dripper guide-wire, and 
cordon, gripper, and foliage wires) remains the same and 
measurements are taken in the same position relative to the 
trellis, the metal infl uences the absolute ECa values in a way 
that can be characterized similarly to “background noise” and 
in most instances can be disregarded.

Surface topography plays a signifi cant role in infl uenc-
ing spatial ECa variation. Slope and aspect will infl uence OM 
content and will determine the level and location of runoff  
and infi ltration, which will infl uence the variation in water 
content and salinity at local scales and larger (Hanna et al., 
1982). Areas where the slope is steep tend to have lower water 
content than areas where a depression occurs. All other fac-
tors being equal, fl at areas tend to be more spatially uniform 
in areal variation of water content. The infl uence of surface 
topography on salinity distribution coincides with the infl u-
ence of surface topography on water fl ow gradients, which 
result in salt transport.

The bed–furrow environment is an example of surface 
topography that can have subtle local-scale variation eff ects. 
The bed–furrow topography can be a source of considerable 
water and salinity variation, particularly over the cropping 
season. Flood irrigation down furrows causes a percentage 
of the irrigation water applied to move laterally and upward 
into adjacent beds due to capillary fl ow. This water movement 
will carry near-surface soluble salts up into the bed, resulting 
in a complex distribution of salinity within the furrow. The 
presence of beds and furrows and drip irrigation requires spe-
cial ECa survey considerations because of the abrupt changes 
that occur in water content and salt accumulation. To get a 
comprehensive understanding of the salinity distribution, 
separate ECa surveys are needed for the furrow and for the 
bed. Similarly, abrupt changes in water content and salinity 
distribution occur under drip irrigation. To get a more realis-
tic understanding of soil salinity distribution in fi elds under 
drip irrigation, fi eld-scale ECa surveys should be conducted 
so that traverses are made within and between drip lines. 
Figure 6 shows the dramatic diff erence in the spatial patt erns 
and magnitude of ECa as measured with EMh for in-row and 
between-row traverses of the drip-irrigated vineyard in Napa 
Valley, California. The in-row average ECa (EMh = 0.75 dS m−1) 
is higher than the between-row average ECa (EMh = 0.52 dS 
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m−1) because of the higher water content below the drip lines. 
The complex three-dimensional nature of salt and water dis-
tribution under drip irrigation cannot be understood without 
surveying both within and between drip lines to avoid misin-
terpretation of the spatial ECa information concerning water 
content and soil salinity.

More extensive sampling schemes must be considered for 
bed–furrow and drip-irrigation systems if knowledge of the 
two-dimensional salinity and/or water content distributions 
is an essential objective of the survey. However, if a detailed 
knowledge of the two-dimensional distributions of a bed–fur-
row or drip-irrigation system is unnecessary, then consistency 
with respect to soil core locations is essential. In these instances, 
all soil cores should be sampled from the same place within 
the bed–furrow or with respect to the drip line. Furthermore, 
the ECa survey data, particularly when using EMI equip-
ment, and soil sample cores should be acquired from exactly 
the same location within the bed–furrow or with respect to 
the drip line. More specifi cally, if ECa data are acquired from 
the furrows, then soil samples should also be acquired from 
the furrows; if ECa data are acquired from the beds, then soil 
samples should also be acquired from the beds; if ECa data are 

acquired in the drip line, then soil samples should be acquired 
in the same location.

When evaluating the infl uence of a target soil property 
on crop growth and yield, composite sampling strategies for 
averaging lateral variations in a bed–furrow or drip-irrigation 
system should be used with caution (Corwin and Lesch, 2005b). 
In composite sampling, soil samples would be acquired from 
both bed and furrow locations (or along and between the drip 
lines) and then mixed together in an eff ort to obtain a more 

“representative” sample of the root zone. There are three rea-
sons for exercising caution when using composite samples for 
averaging lateral variations. First, it doubles the fi eld work 
without providing any knowledge of the two-dimensional, 
bed–furrow (or drip system) salinity distribution. Second, it 
oft en introduces more variability into the sample data through 
poor soil-mixing processes than it removes through averaging. 
Third, it may not be representative of the root zone.

Irrigated agricultural land is typically laser-leveled to 
improve irrigation effi  ciency. Various leveling designs are 
used depending on the method of irrigation and the agricul-
tural crop under production. The three most common designs 
include dead leveling, single-slope leveling, and dual slope 
leveling. All these three designs create a theoretical plane that 
can be writt en mathematically as:

=a +a +a0 1 2SE x y  [1]

where SE represents the surface elevation, x and y represent 
the physical (x, y) coordinates, and the a0, a1, and a2 are the 
coeffi  cients, with a1 and a2 representing the primary and sec-
ondary slopes of the fi eld, respectively. Equation [1] is referred 
to as a fi rst-order trend surface equation. The regression rela-
tionship between the georeferenced ECa measurements and 
soil properties (i.e., salinity, water content, texture) infl uencing 
the ECa measurement can be infl uenced by gradual changes in 
salinity, water content, and/or texture across the survey area 
due to changes in elevation. These gradual changes in salinity, 
water content, and/or texture due to elevation can be taken 
into account through the inclusion of a fi rst-order or second-
order trend surface equation in the regression analysis.

If an ECa survey is conducted on non-graded farmland, 
which exhibits signifi cant local variation in surface elevation, 
then it will usually be necessary to conduct a surface elevation 
survey along with the ECa survey. The elevation data can then 
be directly incorporated into any regression analyses relating 
ECa to soil properties or into the sample design strategy.

The ECa survey design must also consider surface rough-
ness (i.e., smooth or disked surface) and surface geometry (i.e., 
presence and absence of beds and furrow). As an example, 
Fig. 7 shows an EMI survey of ECa (i.e., EMh) of a fi eld where 
the northern end was disked fl at and the southern end was in 
beds and furrows. As can be seen, there is a sharp boundary 
between the fl at disked area and bed–furrow area, showing 
the infl uence of the presence of beds and furrows, which is 
a result of salt accumulation in the beds caused by the lateral 
and upward fl ow of leached salts from the furrow into the bed. 
The roughness of the soil surface can also infl uence spatial 
ECa measurements. Geospatial ECa measurements taken on 
a smooth fi eld surface will be higher than the same fi eld with 
a rough surface from disking. This is because the disturbed 
disked soil acts as an insulating layer to the conductance 

Fig. 6. Napa Valley (Caneros Region) apparent soil electrical 
conductivity (ECa) survey of a vineyard using electromagnetic 
induction (EMI): (a) site locations and (b) EMh and EMv 
measurements between and in row, where EMh and EMv 
are the EMI measurements in the horizontal and vertical coil 
confi gurations (source: Corwin and Lesch, 2013).
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pathways, thereby reducing its conductance (Corwin and 
Lesch, 2013). The extent of the reduction in conductance 
depends on the depth of the plow layer and the coarseness of 
the clods. When conducting a geospatial ECa survey of a fi eld, 
the entire fi eld must have the same surface roughness and 
same surface geometry. If this is not the case, then separate 
ECa surveys should be conducted for areas of diff erent surface 
roughness, and sample sites should be selected separately.

Irrigation management has a pronounced eff ect on deter-
mining areal and profi le ECa distributions within a fi eld. The 
amount and frequency of irrigation will directly infl uence the 
movement of water and soluble salts through the profi le and 
across the fi eld. The water content of the soil during the ECa 
survey will be at least partially determined by the elapsed 
time from the last irrigation event, the presence or absence of a 
crop, and if present, the maturity of the crop. Dryland soils are 
particularly problematic because there may not be suffi  cient 
moisture within the entire soil profi le to provide conductance 
through the liquid pathway (Pathway 2), which is necessary 
for an accurate ECa measurement.

Since a change in irrigation management (e.g., drip, 
sprinkler, or fl ood irrigation) can seriously aff ect the three-
dimensional salinity and water content distributions within a 
fi eld, it is important to avoid conducting an ECa survey (and/
or soil sampling) for an area under more than one irriga-
tion management strategy. This means that any survey area 
must be restricted to an area with the same irrigation man-
agement. Each survey must be conducted entirely within a 
single, homogeneous irrigation management area. The failure 
to restrict EMI readings to an area under a single water man-
agement strategy can result in serious regression model and 
sample design bias with infl ated errors that corrupt the entire 
surveying process.

Another source of potential ECa variation arises from 
soil compaction caused by repetitive traffi  c patt erns of heavy 
agricultural equipment (Brevik and Fenton, 2004; Corwin and 
Lesch, 2005b) or by puddling in paddy rice (Oryza sativa L.) 
fi elds (Islam et al., 2014). In many fi elds, heavy equipment 
is consistently driven down the same set of furrows when 

performing tillage and cultivation operations over the grow-
ing season. This leads to a systematic patt ern of compaction in 
a subset of furrows throughout the fi eld. Figure 8 displays the 
EM-38 horizontal (EMh) readings acquired in 1991 along 30 
adjacent furrows in a buried drip-irrigated cott on (Gossypium 
hirsutum L.) fi eld (Westlands Water District, California) subject 
to repetitive traffi  c infl uences. In this case the traffi  c patt ern 
induced a clearly cyclic patt ern in the EMh readings; the highest 
conductivity readings consistently occurred in the compacted 
furrows, where rb was characteristically higher near the soil 
surface. The data shown in Fig. 8 are atypical. In general, com-
paction induced cyclic patt erns do not have such pronounced 
eff ects on ECa. Nonetheless, caution should be taken to sys-
tematically avoid taking ECa measurements down compacted 
furrows, particularly with EMI equipment. Excessive soil 
compaction will nearly always have at least some eff ect on the 
rb, soil salinity, and water content levels. Random surveying 
(and sampling) of both compacted and noncompacted fur-
rows in the same fi eld will introduce variability that should be 
avoided whenever possible. A simple, but eff ective, means of 
determining furrows that have been compacted by repeated 
traffi  c from heavy equipment is by pushing a long screwdriver 
or rod into the furrow to determine if the resistance is greater 
than adjacent furrows. Islam et al. (2014) used a fl oating soil 
sensor system with the EM-38 EMI sensor to detect soil het-
erogeneity linked to soil compaction, which was useful for 
precision puddling and land preparation in paddy rice fi elds.

Ambient temperature changes can have an eff ect on the 
EMI instrumentation resulting in shift s in ECa measurements 
during the course of the day. Changes in ambient temperature 
during the day cause the EMI sensor to drift , which can con-
tribute to within-fi eld ECa variation. A study by Robinson et 
al. (2004) indicated that the drift  commonly observed in the 
EM-38 is likely due to temperature eff ects on the EM-38 sen-
sor and that a simple refl ective shade over the sensor could 
reduce drift  eff ects considerably. However, an added precau-
tion would be to conduct regular “drift  runs,” where ECa data 
are periodically acquired throughout the day along the same 
transect to adjust for the drift  in the post-processing of ECa 
data. Drift  runs are generally conducted in the morning, noon, 
and late aft ernoon to provide a range of diurnal temperature 

Fig. 7. Effect of the presence of beds and furrows on apparent 
soil electrical conductivity (ECa) measurements when using 
electromagnetic induction taken in the horizontal coil confi guration 
(EMh) (source: Corwin and Lesch, 2013).

Fig. 8. Variations of apparent soil electrical conductivity (ECa) due 
to compaction from repeated heavy equipment operation (source: 
Corwin and Lesch, 2005b).
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eff ects on the EMI instrument. The variations in drift  provide 
the basis for adjusting the ECa measurements. As a rule-of-
thumb, normalization of ECa data using the drift  runs should 
occur when successive drift  runs are shift ed by 5% or more. 
Another means of minimizing the eff ect of temperature is fre-
quent nulling of the I/P reading (Brevik et al., 2004).

The above factors, if not taken into account when con-
ducting an ECa survey, will likely produce a “banding” eff ect. 
For example, if an ECa survey is conducted on a fi eld that has 
spatial and temporal diff erences in water content, soil profi le 
temperature, surface roughness, and surface geometry, then 
bands of ECa such as those found in Fig. 9 will result. These 
bands refl ect the primary and secondary infl uences of soil 
moisture, soil temperature, surface roughness, and surface 
geometry that must be minimized to produce a reliable ECa 
survey that can be used to direct soil sampling to spatially 
characterize the distribution of the target property, which in 
Fig. 9 is salinity.

Step 3: ECa Data Collection 
with Mobile GPS-Based Equipment

There are a number of issues to consider in an ECa survey 
that may have subtle or pronounced eff ects on the accuracy 
and reliability of the ECa measurements. These eff ects relate 
to primary factors (see Fig. 5) that are easily overlooked, but 
may collectively mean the diff erence between useful and 
unreliable data.

Factors Infl uencing Reliability of ECa Measurements
Variation of ECa within a fi eld is due to spatial variation in 
soil properties infl uencing ECa. The spatial heterogeneity of 
these soil properties is the consequence of the interaction of 
(i) soil formation processes, (ii) meteorological processes, and 
(iii) anthropogenic infl uences. Soil formation processes are 
the result of complex interactions between biological, physi-
cal, and chemical mechanisms acting on a parent material 
over time and infl uenced by topography. Meteorological 
processes directly and indirectly infl uence soil formation 
processes. Anthropogenic infl uences are typically related to 
management practices, including crop selection, seed density, 
irrigation method (e.g., drip, sprinkler, fl ood), leaching frac-
tion, and irrigation water quality. To implement an effi  cient 
ECa survey and associated soil sampling plan to reliably char-
acterize spatial variability, an awareness and understanding 
of the primary factors (see Fig. 5) infl uencing within-fi eld ECa 
variations are crucial. Suggestions for ECa surveys and sam-
pling strategies are provided to account for the occurrence of 
the deterministic and stochastic mechanisms that create local 
and within-fi eld ECa variations.

ECa Variation with Soil Temperature
Studies monitoring soil salinity have a temporal component, 
which causes concern with respect to soil temperature eff ects. 
Ideally, ECa measurements should be referenced to 25°C using 
Eq. [2].

=
25EC ECt tC f   [2]

where EC25°C is the EC at 25°C (dS m−1), ft = 0.4470 + 
1.4034exp(−t/26.815) from Sheets and Hendrickx (1995) referred 
to as the temperature correction factor, and ECt is the electrical 

conductance (dS m−1) at temperature t (°C). With respect to 
temperature, a 1°C increase in temperature throughout the 
entire soil profi le typically causes a 1.9% increase in the EMI 
ECa signal readings. Since soil temperature fl uctuations below 
0.3 m in the soil profi le occur rather slowly, the ECa survey 
process can usually be completed before a signifi cant change 
in the bulk average soil profi le temperature occurs. Even 
though soil temperature is a routine and easy measurement, 
it is a measurement that can be disregarded if comparisons 
in a temporal study are made between data taken during the 
same time of day over a narrow time period (e.g., a month) 
when soil temperatures are relatively stable or comparisons 
are made for the same day of the year for long-term studies 
that extend for years. The idea is to compare or use ECa data 
that are at the same soil temperature. If ECa measurements 
are taken at or near the same soil profi le temperatures, then 
minimal soil temperature data are needed. The soil salinity 
monitoring studies by Lesch et al. (1998) and Corwin et al. 
(2006) are examples of how to handle ECa–directed sampling 
with a temporal component. If ECa surveys must be conducted 
under diff erent soil temperatures, then measuring the soil 
temperature profi le and referencing ECa to 25°C is necessary.

ECa Variation with Salinity
In semiarid and arid agricultural areas, salinity is gener-
ally the soil property that dominates the ECa measurement. 
Salinity accumulation occurs where evaporation or evapo-
transpiration exceed irrigation and/or precipitation. The 
predominant mechanism causing the accumulation of salt in 
irrigated agricultural soils is loss of water through evapotrans-
piration, leaving ever increasing concentrations of salts in the 
remaining water. Apparent soil electrical conductivity is not 
generally used as a direct measure of soil salinity, particularly 
at ECa < 1 dS m−1, where the infl uence of conductive soil prop-
erties other than salinity can have an increased infl uence on 

Fig. 9. Illustration of the “banding effect,” which is characteristic 
of a failed apparent soil electrical conductivity (ECa) survey of soil 
salinity, resulting from the disregard of primary (e.g., water content, 
bulk density, temperature, texture) and secondary infl uences (e.g., 
surface roughness, presence of beds and furrows, compaction 
due to heavy equipment) effecting ECa (source: Corwin and 
Lesch, 2013).
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the ECa reading. As a general rule, at ECa values greater than 
about 1 dS m−1 salinity is usually dominating the ECa reading; 
consequently, geospatial ECa measurements are most likely 
mapping soil salinity.

Unlike texture and bulk density, which are static prop-
erties of soils, salinity is a comparatively dynamic property. 
It varies temporally and spatially with depth and across the 
landscape and exhibits high variation across a fi eld and mod-
erate to high local-scale variability (Corwin et al., 2003b). 
Local-scale variation determined from near-surface furrow 
samples acquired 0.5 m apart can vary anywhere from 10 to 
100% due to micro-scale soil composition characteristics and/
or fl uctuations in preferential water fl ow.

Electromagnetic induction instrument readings tend to 
average out this local-scale variation. The degree to which 
this averaging occurs depends directly on the instrument’s 

“footprint” (i.e., the volume of soil incorporated into the sig-
nal response). For example, an EM-38 signal will be infl uenced 
by any electrically conductive material within about 1 to 2 m 
of the instrument (both laterally and vertically). Hence, it is 
typically assumed to have a footprint of about 2 m3. Because 
the volume of soil measured by the EM-38 is so much larger 
than the volume obtained by conventional soil sampling 
techniques, an estimate of the degree of local-scale salinity 
variation needs to be acquired for calibration model purposes 
and for soil quality assessments of spatial variability. Such an 
estimate can be acquired by obtaining duplicate or replicate 
sample cores within a 1-m radius at some of the calibration 
sites during the soil sampling process. The replicate cores 
can then be used to estimate the local-scale salinity variation 
(referred to as the “nugget variation” in geostatistical models 
and as the “pure error estimate” in spatial regression mod-
els). The measured salinity data from these cores can be used 
to construct a residual autocorrelation test, known as a “lack-
of-fi t” test, for assessing the spatial residual independence 
assumption (Lesch et al., 1995a). Techniques for estimating the 
local-scale salinity variation and performing residual lack-of-
fi t tests were described in Lesch et al. (1995a).

In a typical 12 to 16 site calibration sampling design, rep-
licate sample cores are commonly taken at three to four of the 
calibration sites. These three to four sites can either be chosen 
at random (from among the 16 sites) or selected throughout 
the survey area. Additionally, the core separation spacing 
should be the same at all sites, and both the primary and rep-
licate cores should always come from the same location with 
respect to the bed–furrow (or drip line) environment (i.e., both 
from the bed, or both from the furrow).

Variations in salinity through the soil profi le also infl uence 
the ECa measurement. This infl uence is particularly complex 
when ECa is measured with EMI because the depth-weighted 
response function of the instrument (e.g., EM-31 or EM-38) is 
nonlinear. The depth-weighted nonlinearity is refl ected in Eq. 
[3–4], which illustrate the cumulative relative contributions 
to ECa [i.e., R(z)] for a homogeneously conductive material 
below a normalized depth of z based on for vertical and hori-
zontal dipoles, respectively:

=
+2 1/2
1( )

(4 1)vR z
z

  [3]

= + -2 1/2( ) (4 1) 2hR z z z  [4]

When considering 0.3-m depth increments through the 
soil profi le, the greatest response for EMh occurs over the 
0- to 0.3-m depth increment and over the 0.3- to 0.6-m depth 
increment for EMv. Nevertheless, it is possible to determine 
the general shape of the salinity profi le by the relative magni-
tudes of the EMh and EMv readings at a point in the fi eld. For 
salinity-driven ECa surveys, if EMh > EMv, then the salinity 
profi le is inverted and decreases with depth. If EMh < EMv, 
then salinity increases with depth. If salinity is uniform, then 
EMh » EMv.

ECa Variation with Water Content
Soil water content variations aff ect ECa measurements 
(Rhoades et al., 1976). Like salinity, soil water content is a 
dynamic soil property that varies with depth and across 
the landscape, generally with moderate to high local-scale 
variability. In areas under uniform irrigation management 
practices or natural rainfall, the degree of spatial water con-
tent variability is typically minimal provided signifi cant soil 
texture variation is not present. However, some fi elds demon-
strate gradual trends in water content across the extent of the 
fi eld, which may be due to gradual changes in shallow water 
table levels close to the depth of penetration of measurement, 
textural gradations, or nonuniformity of water application 
(e.g., fl ood irrigation establishes a trend of high to low soil 
water content from the head water to tail water ends of a 
fi eld, respectively). In instances where gradual trends occur 
in the soil water content level, trend surface parameters in the 
regression model can be used.

Like salinity, variations in the water content through the 
soil profi le infl uence the ECa measurement, and this infl uence 
is particularly complex when using EMI. As with salinity, it 
is possible to determine the general profi le shape of water 
content. For fi elds where water content is the dominant soil 
property infl uencing the ECa measurement, if water con-
tent decreases with depth, then EMh > EMv. If water content 
increases, then EMh < EMv. If water content is uniform, then 
EMh » EMv.

It is important to remember that if the water content of 
the soil drops too low (e.g., <50–70% of fi eld capacity), then 
the EMI signal readings can become unreliable. In most prac-
tical applications, reliable EMI signal data will be obtained 
when the soil is at or near fi eld capacity. Surveying dry areas 
should be avoided. This is especially true for surveys that use 
ER, which requires close contact between the electrodes and 
soil that can only be att ained when the soil surface is moist.

The original general protocols by Corwin and Lesch 
(2005b) indicated that fi eld-scale ECa surveys should be con-
ducted at or near fi eld capacity across the entire fi eld, but did 
not specify the range of water contents. Field capacity refers 
to the water content at approximately 1/3 bar, and in the fi eld 
is taken to represent the water content at which free drainage 
no longer occurs, which generally occurs 2 to 4 d following 
a rainfall or irrigation (Peters, 1965). In a subsequent paper 
by Corwin and Lesch (2013), data were presented showing 
that between 50 and 70% of fi eld capacity the conductance 
pathways in the solution phase are broken, causing spuri-
ous ECa measurements. Corwin and Lesch (2013) found that 
at least 70% of fi eld capacity is needed down to the depth 
of penetration of the geophysical ECa approach (e.g., ER or 
EMI) to prevent spurious results from occurring caused by 
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discontinuous conductance pathways in the soil solution 
phase. As a general rule, georeferenced ECa data collection 
should be conducted only when the water content through the 
soil profi le of interest is above 70% of fi eld capacity and prefer-
ably as close to fi eld capacity as possible. A gray area exists in 
the range of 50–70% of fi eld capacity. Surveys of ECa are sub-
stantially aff ected below 50% of fi eld capacity and should not 
be conducted on soils that are this dry. 

Suffi  cient water content is needed down to the depth of 
penetration of the geophysical approach to prevent spurious 
and misleading measurements. This has signifi cant ramifi -
cations, particularly for ECa surveys conducted on dryland 
farms, since ECa surveys should only be conducted aft er suf-
fi cient rainfall has occurred (or suffi  cient irrigation water has 
been applied on irrigated crop land) to wet up the soil profi le 
to the appropriate depth of penetration of the ECa measure-
ment instrumentation. If this precaution is not taken, the 
reliability of the ECa survey is dubious. Failure to conduct an 
ECa survey within the identifi ed range of water contents can 
result in spurious data that will render false conclusions about 
the target property or properties.

ECa Variation Induced by Changes in Soil Texture
Soil texture can cause extremely complex spatial patt erns of 
ECa. Under a uniform irrigation distribution, water content 
will generally coincide with texture—soils higher in sand 
have lower water contents than soils higher in clay. Minimal 
complexities in spatial patt erns of ECa occur (i) when there is 
minimal soil texture variability, (ii) when the texture changes 
are smooth and gradual across the fi eld, or (iii) when the 
texture, water content, and salinity variations are strongly 
correlated.

In instances where soil texture is highly spatially variable, 
the ability to characterize that variability may be diffi  cult with 
only geospatial measurements of ECa. Heil and Schmidhalter 
(2012) utilized linear multivariate regression analysis to cali-
brate soil texture to ECa and other parameters:

=b +b +b +×××+b + e0 1 1 2 2 n nY x x x   [5]

where the response variable (Y) represents the target soil 
property (i.e., texture as measured by sand, silt, and clay 
percentage); b0, b1, b2,..., bn represent the empirical regression 
model coeffi  cients; x1, x2,..., xn represent terrain att ributes, ECa, 
cultivation, and fertilizing parameters, as well as the boundary 
of Quaternary sediments; and e represents the residual error 
component associated with the model. Multivariate models 
relating ECa and other edaphic properties to a target property 
are common, particularly when the target property is highly 
spatially variable.

ECa Variation Induced by Other Edaphic Properties
These properties include bulk density, OM, magnetic suscepti-
bility, and presence of resistive material (e.g., gravel, rocks, clay 
layers, bedrock). Generally, signifi cant variation in these prop-
erties needs to be present before a meaningful infl uence on the 
ECa signal reading occurs. In general, bulk density does not 
vary to a signifi cant degree across a fi eld of 10 to 30 ha. Sharp 
variation in bulk density is usually associated with anthropo-
genic infl uences, such as compaction due to farm vehicles, as 
discussed in Step 2. Magnetic susceptibility is seldom a factor 

except for soils high in free iron oxides. In contrast, OM can 
vary spatially, but generally from one soil type to another and 
rarely in arid and semiarid soils does OM have any signifi cant 
infl uence on ECa because OM tends to be <2% and tends to 
be oxidized quickly. Organic matt er is more of a concern in 
the Midwest and southeastern United States and other areas 
of the world with similar propensities to accumulate OM due 
to climate. In these areas, slope and aspect will infl uence the 
accumulation of OM, particularly in gullies and depressions. 
Apparent soil electrical conductivity variation related to OM 
was investigated by Jaynes (1996). Walter et al. (2015) mapped 
peatlands using ECa.

Variation in ECa can be the consequence of variations 
in the depth to clay layers (Doolitt le et al., 1994), water table 
(Schumann and Zaman, 2003), and impermeable layers such 
as bedrock or CaCO3 layer (Jansen et al., 1993; Doolitt le et 
al., 2002). In cases where these resistive or conductive layers 
are within 1.5 m of the soil surface, a signifi cant eff ect on the 
reading will likely occur. For this reason, ECa surveys should 
not be conducted in areas where the depth to these layers is 
less than the depth of penetration of the ECa measurement 
equipment unless the objective of the survey is to locate these 
layers. If depth to clay layers, water table, or impermeable 
layers is not the target property, then some means of avoiding 
their infl uence is necessary, such as keeping the depth of 
measurement of ECa above these layers. As an example, this 
is achieved by taking only EMh measurements of ECa or by 
narrowing the interelectrode spacing of ER to be less than the 
depth to the water table or impermeable layer.

ECa Variation with Depth
The variation of ECa with depth is primarily due to gradations 
in salinity, texture, and water content through the soil profi le. 
Soil salinity levels can change quite rapidly with depth; it is 
not unusual in some arid zone areas to see relative salinity 
profi le levels fl uctuate by an order of magnitude within the 
top meter of soil. Salinity will vary in the soil profi le primarily 
from the process of leaching, with plant, chemical, and topo-
graphic eff ects contributing to variations. Water content tends 
to increase with depth and will vary according to textural 
distribution. Textural distribution is mainly a consequence of 
soil formation processes. However, anthropogenic eff ects can 
result in increased uniformity of texture within the plow layer 
or can produce other localized variations.

Devising a sampling scheme that accounts for temporal 
and depth variations while maintaining accurate and con-
sistent sampling depths throughout a survey area is critical. 
Without prior knowledge of the distribution of salinity, water 
content, and texture within a profi le, it can be diffi  cult to infer 
the appropriate sample depth design. For this reason, soil 
cores should be acquired to a depth of at least 1.2 to 1.5 m at 
each sample site. If laboratory analysis resources permit, each 
core can be sliced into depth increments, thereby facilitating 
the estimation of prediction functions (e.g., regression models) 
for multiple sample depths.

Electrical resistivity and EMI techniques are both well 
suited for fi eld-scale applications because their volumes of 
measurement are large, which reduces the infl uence of local-
scale variability. Electrical resistivity has a fl exibility that has 
proven advantageous for fi eld application; that is, the depth 
and volume of measurement can be easily changed by altering 
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the spacing between the electrodes. This allows the ECa for 
a discrete depth interval of soil to be easily calculated with a 
fi xed-array four electrode by measuring the ECa of successive 
layers for increasing interelectrode spacing and using the fol-
lowing equation (Barnes, 1952; Telford et al., 1976):
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where xi is the interelectrode spacing, which equals the depth 
of sampling, xi−1 the previous interelectrode spacing, which 
equals the depth of previous sampling, and ECa,x the appar-
ent soil electrical conductivity for a specifi c depth interval. 
However, this approach is an estimation of the conductance 
profi le and has been improved on by combining inverse mod-
eling with electrical resistivity tomography (ERT) or with EMI 
instrumentation having dual-geometry receivers at multiple 
separations from the transmitt er (e.g., DUALEM-421).

Aside from using EMI instrumentation such as the 
DUALEM-421 with multiple intercoil spacing, single dipole 
EMI instrumentation with single intercoil spacing (e.g., EM-38) 
can also measure ECa at variable depths by positioning the EMI 
instrument at various heights above the soil surface in either 
the vertical (EMv) or horizontal (EMh) dipole mode (Rhoades 
and Corwin, 1981; Corwin and Rhoades, 1982). Similar to 
ERT, depth profi ling of ECa with EMI is mathematically com-
plex (Borchers et al., 1997; McBratney et al., 2000; Hendrickx 
et al., 2002b). Though not required, the measurement of ECa 
near the soil surface (i.e., top 0.25–0.5 m) along with spatially 
associated larger soil volume ECa measurements with EMI 
equipment can be used to increase the accuracy of the fi tt ed 
prediction functions that defi ne ECa profi le variation (Lesch 
et al., 1992). Most recently, Triantafi lis and Monteiro Santos 
(2010) used inverse modeling of EM-38 and EM-31 signal data 
to profi le soil salinity. The introduction of EMI instrumenta-
tion such as the DUALEM-421 makes the collection of ECa 
data for profi ling salinity and other target properties easier, 
causing heightened interest in research in the inverse model-
ing of ECa measurements.

The depth of penetration of an EMI sensor is theoretically 
calculated from the skin depth in Eq. [7]:
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where one skin depth is the depth (in meters) at which the 
signal is att enuated by 1/e (about 0.37), a is the att enuation 
constant in the wave equation (Balanis, 1989), s is the sub-
surface electrical conductivity, m is the subsurface magnetic 
permeability, w is the angular frequency, and e is the subsur-
face electrical permitt ivity. However, many of the parameters 
in Eq. [7] are spatially variable, so an empirical alternative has 
been developed to estimate the fi eld-specifi c depth of pene-
tration of any ECa sensor. Soil samples are acquired at each 
sample site (location of the sample sites are established in Step 
4) in 0.3-m increments, typically down to a depth of either 1.2 
or 1.5 m. Correlations between ECa and the target property at 

various composite depths (e.g., 0–0.3, 0–0.6, 0–0.9, 0–1.2, and 
0–1.5 m) are performed. The composite depth with the highest 
correlation is taken as the depth of penetration of the instru-
ment. In resistive soils the EMI signal travels deeper and in 
conductive soils the signal remains shallower as it dissipates 
more readily.

Step 4: Soil Sample Design Based on 
Georeferenced ECa Data

Once a geo-referenced ECa survey is conducted, the data are 
used to establish the locations of the soil core sample sites 
for calibration of ECa to the target property. To establish the 
locations where soil cores are to be taken, either design-based 
(i.e., probability-based) or model-based (i.e., prediction-
based) sampling schemes are used (Corwin and Lesch, 2005b). 
Design-based sampling schemes (e.g., simple random sam-
pling, stratifi ed random sampling, unsupervised classifi cation, 
cluster sampling) have historically been the most commonly 
used and hence are more familiar to most research scientists. 
In general, design-based sampling relies on randomization 
principles for drawing statistical inference (Lesch, 2012). The 
underlying theory supporting the use of design-based sam-
pling strategies is well developed and clearly explained by 
Thompson (1992) and Brus and DeGruĳ ter (1993). Thompson 
(1992) provides an overview of multiple types of design-based 
sampling methods. The aim of design-based sampling meth-
ods is not to estimate models. Design-based methods can be 
useful whenever the reason for sampling does not involve 
spatial modeling; for example, when soil properties (e.g., 
organic matt er content) over diff erent fi elds are compared. 
Unfortunately, design-based sampling is less than ideal when 
the aim is to build a spatial model (e.g., maps, pedotransfer 
functions, plant–soil models). In this case, model-based and 
(in the case when no covariates are available) grid sampling 
are preferred.

Model-based sampling strategies are designed to sup-
port the use of parametric modeling (Lesch, 2012) by explicitly 
focusing on the requirements of a specifi c kind of modeling 
that one intends to use, such as avoiding residuals autocorre-
lation in linear regression modeling (Hengl et al., 2003; Lesch, 
2005a) or minimizing kriging variance (Van Groenigen et al., 
1999). The underlying theory behind this approach for fi nite 
population sampling is discussed by Valliant et al. (2000). 
Lesch (2005a) and Corwin et al. (2010) compare model-based 
and design-based sampling strategies in detail, highlighting 
some of the strengths of model-based sampling approaches.

The validity and eff ectiveness of a sampling strategy is 
fundamental to the ECa–directed soil sampling approach. 
Recent validation and comparison studies of model- and 
design-based sampling strategies for characterizing the spatial 
variability of soil salinity with ECa–directed soil sampling have 
indicated that the model-based sampling approach resulted 
in bett er model discrimination, more precise parameter esti-
mates, and smaller prediction variances than the design-based 
sampling strategy (Lesch and Corwin, 2008; Corwin et al., 
2010). Even though a model-based sampling design, such as 
a response surface sampling design, has been less prevalent 
in the literature, it is concluded from the comparison that 
there is no reason to refrain from its use and, in fact, warrants 
equal consideration. The clear advantage of the model-based 
sampling design, and more specifi cally the use of a response 
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surface sampling design, is that there is a substantial reduc-
tion in the number of samples required to characterize the 
variation in the soil property of interest as compared to other 
approaches. A drawback is that the level of technical knowl-
edge in the use of soft ware such as ESAP (Lesch et al., 2000), 
which uses the response surface sampling design approach, is 
greater than other statistical soft ware.

Several examples of design- and model-based sensor-
directed soil sampling are available in the literature. In this 
section an overview of a selected group of these methodolo-
gies is presented, with particular focus on model-based soil 
sampling for soil mapping through ordinary least square 
regressions with remote and proximal sensor data. The case 
of model-based (and grid-based) sampling when no covariate 
information is available is also discussed.

To map soil property data when no ancillary data are 
available either deterministic (e.g., spline, inverse distance 
weighting) or geostatistical (e.g., kriging) interpolation meth-
ods are used. When no ancillary information is available, 
systematic sampling, as opposed to clustered or random 
sampling, is expected to perform best for reliable and accu-
rate spatial interpolation (Zimmerman et al., 1999; Roberts et 
al., 2004). Systematic sampling is a special case of dispersed 
sampling, which includes all schemes where the average dis-
tance between neighbors is signifi cantly greater than it would 
be for a random distribution (Mitchell, 2005), where the dis-
tance between nearest neighbors is fairly uniform for all the 
sampling locations and clustering is not (or rarely) observed. 
Grid sampling is oft en employed to map soil properties with 
kriging because it is an eff ective way to minimize the average 
interpolation error (Burgess et al., 1981; Burgess and Webster, 
1984). Gridded sampling can be laid out by dividing the area 
of interest in regular polygons (e.g., squares, diamonds) and 
then selecting the center of each polygon as a sampling loca-
tion (aligned systematic grid) or selecting a random point 
within the polygon as a sampling location (non-aligned sys-
tematic grid).

Another effi  cient way of obtaining dispersed sampling 
schemes is through space-fi lling algorithms. Grid sampling 
does not guarantee even-space fi lling (i.e., maximization of 
the dispersion of the sampling locations), especially when 
study areas are irregularly shaped. In this case, model-based 
sampling optimization can be employed. Van Groenigen et 
al. (2000) proposed a solution for this issue by means of the 
minimization of the means of the shortest distances (MMSD) 
criterion. The MMSD criterion aims to minimize the expec-
tation of the distance of an arbitrary (unsampled) point to 
its nearest sampling location. Van Groenigen et al. (2000) 
showed how to fi nd the best fi tness for the MMSD criterion 
with a spatial simulated annealing (SSA) approach. The SSA 
approach allows for a random perturbation of an initial set 
of locations to be replaced by a new set of sampling loca-
tions, as far as the fi tness of the function describing the MMSD 
criterion is improved (i.e., minimized). Local minima of the 
fi tness function are avoided by the use of the Metropolis cri-
terion (Metropolis et al., 1953). The fi tness function will, aft er 
a certain number of iterations “freeze” over a particular set 
of sampling locations that best satisfy the MMSD criterion. 
This approach can be employed using the freeware platforms 
SANOS (Van Groenigen et al., 2000) and MSANOS (Barca 
et al., 2015). As an alternative to the MMSD criterion, other 

space-fi lling criteria can be used, such as the mean squared 
shortest distance (MSSD) criterion, also optimized in a SSA 
fashion, available in the R (R Development Core Team, 2012) 
package spsann (Samuel-Rosa et al., 2015).

When no covariate information is available, one should 
sample the site of interest to suffi  ciently represent the spa-
tial variation of the target soil property. Unfortunately, the 
number of sampling locations needed to properly model the 
spatial variation of the target property cannot be determined 
a priori as it is highly variable and site specifi c. Indeed, it is 
common to observe diff erent spatial structure (e.g., diff erent 
semivariogram structure) for diff erent properties at the same 
fi eld, or for the same property at diff erent fi elds. To overcome 
the uncertainty about the spatial structure of the target soil 
property, it is advisable to use as many sampling locations as 
possible. A high number of sampling locations is also advis-
able to increase the spatial resolution (i.e., block support, pixel 
size) of the resulting soil map (Hengl, 2006).

Monetary and time constraints usually limit the number 
of soil samples taken at a study fi eld to characterize spatial 
variability. The use of intensively sampled ancillary infor-
mation provided by on-the-go sensors (e.g., ER and EMI) or 
remote sensing imagery helps to understand the spatial struc-
ture of a target soil property with high resolution and coverage, 
and, concurrently, reduces the number of soil samples needed 
to properly characterize the spatial variation of a target soil 
property (Viscarra Rossel et al., 2011). Soil samples are needed 
to establish a calibration between the target soil property and 
sensor data. Once the sensor data are calibrated, its data can 
be used to model the spatial variability of the target property.

Several sampling designs have been presented in the 
literature. These sampling designs include, but are not lim-
ited to: Lesch et al.’s (2000) response survey sampling design 
(Lesch, 2005a; Fitzgerald et al., 2006; Corwin et al., 2010; Guo 
et al., 2015), Van Groenigen et al.’s (2000) minimization of a 
weighted means of the shortest distance (Barca et al., 2015; 
Brus and Heuvelink, 2007; Castrignanò et al., 2008; Debba et 
al., 2005; Scudiero et al., 2011), Minasny et al.’s (2007) variance 
Quad-Tree algorithm (Li et al., 2007; Yao et al., 2012), balanced 
sampling (Brus, 2015), and a special case of the latt er known 
as Minasny and McBratney’s (2006) conditioned Latin hyper-
cube (Cliff ord et al., 2014; Kidd et al., 2015; Ließ, 2015).

Many spatial modeling techniques can be used with ancil-
lary data, including regression kriging, co-kriging, and linear 
regression. Oft en, soil mapping accuracy relies much more 
on gathering more useful and higher quality data than using 
sophisticated statistical methods (Minasny and McBratney, 
2007). One of the ways to improve the quality of fi eld data 
is the selection of an appropriate sampling strategy for the 
selected modeling technique (Lesch et al., 1995a). Indeed, dif-
ferent sampling strategies support certain types of modeling 
bett er than others. Consider the following examples. With 
interpolation methods such as regression kriging, a suffi  cient 
number of soil sampling locations should be selected to sup-
port the spatial interpolation of the model residuals. When 
using regression modeling, att ention is given to maximize the 
distance between soil samples to assure spatial independence 
of the regression errors (Hengl et al., 2003; Lesch, 2005a). When 
the covariate data show nonstationarity, a variance Quad 
Tree approach to soil sampling optimization is suggested to 
improve geostatistical modeling (Minasny et al., 2007).
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In ECa–directed soil sampling, a calibration between the 
target soil property and ECa sensor data with ordinary regres-
sion is established followed by interpolation of the intensively 
surveyed ancillary information using techniques such as 
ordinary kriging or inverse distance weighting. Regression 
modeling is chosen because of its relative simplicity, require-
ment of fewer soil samples, and similar performance to more 
sophisticated modeling techniques.

Ordinary least square (OLS) regression modeling repre-
sents a special case of a much more general class of models 
commonly known as linear regression models with spatially 
correlated errors (Schabenberger and Gotway, 2004), hierar-
chical spatial models (Banerjee et al., 2014), or geostatistical 
mixed linear models (Haskard et al., 2007).The latt er class of 
models includes many of the geostatistical techniques famil-
iar to soil scientists, including universal kriging and kriging 
with external drift , as well as OLS regression and analysis of 
covariance models (Lesch and Corwin, 2008). At a selected 
fi eld, a suitable linear equation can be specifi ed that relates 
the target soil property of interest to a linear combination of 
sensor measurements and (possibly) trend surface coordi-
nates. Refer to Lesch and Corwin (2008) and Lesch (2012) for 
in-depth description of the use of OLS regression for predic-
tion of spatial soil property information from ancillary sensor 
data. These suggested publications include extensive details 
on model derivations, residual assumptions, and model vali-
dation tests.

An example of a linear ECa soil sensor calibration equa-
tion is:

( )= +e1, 2, , , ,, ,..., , ,i i i n i x i y i iy f x x x c c   [8]

where y is the dependent variable (i.e., the target soil property, 
e.g., ECe) at each ith location, x is the sensor readings for n ECa 
soil sensor measurements, and cx and cy are the associated ith 
survey site coordinate locations. A random error component, e, 
is associated with the model at each ith location. Equation [8] 
can be viewed as a “signal (i.e., sensor readings) + trend (i.e., 
coordinates)” model (Lesch, 2012). The trend surface com-
ponents are optional and should only be included if they are 
found to be necessary (i.e., if the associated regression param-
eter estimates are statistically signifi cant or if the inclusion 
of such components is needed to address an obvious spatial 
trend in a residual plot). Multiple OLS regression analysis 
makes several key assumptions, including: no or litt le multi-
collinearity between explanatory variables, homoscedasticity, 
and normality of the residuals (Achen, 1982). The optimal 
estimation of Eq. [8] or similar regression models depends on 
the assumptions placed on the spatial randomness of the error 
component. If the errors can be assumed to be approximately 
uncorrelated, then OLS fi tt ing techniques can be used (Lesch 
and Corwin, 2008). The Moran’s I test for residual spatial auto-
correlation (Cliff  and Ord, 1981) can be used to test for this 
assumption. Lesch and Corwin (2008) and (Mitchell, 2005) pro-
vide a detailed description on the defi nition and calculation of 
this test. Commercial soft ware platforms, such as SAS (SAS 
Institute Inc.) and ArcMap (ESRI) feature tools for the calcula-
tion of Moran’s I test. Alternatively, the spdep library (Bivand 
et al., 2011) in R can also be used. If the errors are observed to 
be autocorrelated, then the model can be effi  ciently estimated 
using maximum likelihood or restricted maximum likelihood 

fi tt ing techniques, which account for the spatial structure of 
the residuals (Litt ell et al., 2006). Such model estimation is sup-
ported by several commercial soft ware platforms (e.g., SAS), 
but is also available in the spdep library in R. As an alterna-
tive to the maximum likelihood approach, regression kriging 
can be used if there are enough samples to support the spatial 
interpolation of the regression errors.

The likelihood of the residual errors being approximately 
uncorrelated depends primarily on (i) the method used to 
select the calibration sampling sites and (ii) the degree to which 
the explanatory variables correlate with the response variable 
of interest. The stronger the correlation between sensors and 
target soil variable, the more likely the regression errors will 
be spatially uncorrelated (Lesch, 2005a; Lesch and Corwin, 
2008). The strength of the calibration cannot be known a priori. 
However, sampling schemes can be optimized to minimize 
the chance of observing spatial autocorrelation between resid-
uals, by maximizing the distance between soil samples. Two 
model-based sampling strategies that can be used to optimize 
soil sampling schemes to support OLS modeling are Lesch et 
al.’s (2000) response surface sampling design (RSSD) and Van 
Groenigen et al.’s (2000) minimization of the weighted means 
of shortest distance (MWMSD). The aims of both strategies are 
(i) to ensure that the covariates’ spatial structures are properly 
represented within the limited number of locations where the 
soil is to be sampled and (ii) to obtain a dispersed sampling 
scheme to minimize the chance of observing spatial autocor-
relation between residuals.

Response Surface Sampling Design
The RSSD is tailored to optimize the calibration of intensively 
surveyed soil sensor data to soil analysis of a target property 
or properties using OLS linear regression modeling (Lesch et 
al., 2000). The RSSD aims to select a limited number of soil 
samples (m) to (i) optimize the estimation of the regression 
parameters and (ii) to eliminate or minimize the eff ects of the 
spatially dependent error structure on the estimation process. 
The RSSD optimization is a multistep procedure:

Step 1. The sensor data are transformed into a centered, 
scaled, and decorrelated matrix via principal components 
analysis (PCA).

Step 2. A traditional response surface approach (Myers et 
al., 2009) is selected to, theoretically, facilitate the optimal 
parameterization of the model associated with the PCA 
matrix.

Step 3. An initial set of q “candidate” locations is selected 
(q > m) from the PCA matrix that best match the m design 
levels specifi ed by the response surface design from Step 2.

Step 4. An interactive algorithm, aiming to maximize some 
function of the minimum separation (Euclidean) distance 
between adjacent site locations, is used to select a set of m 
sampling locations from the q candidate sites.

Step 4 is necessary to minimize (or eliminate) possible 
short-range residual correlation eff ects and to support the use 
of OLS modeling. Further details about the principles of the 
RSSD methodology can be found in Lesch et al. (2000) and 
Lesch (2005a). The RSSD has been tested on a variety of sensors, 
including ECa (Lesch, 2005a), remote sensing imagery–surface 
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refl ectance (Fitzgerald et al., 2006), and radar data (Guo et al., 
2015). The RSSD has been previously validated against clas-
sical, non-model-based designs, such as stratifi ed random 
sampling (Corwin et al., 2010) and grid sampling (Guo et al., 
2015), showing optimal performances for the calibration of 
soil sensor data with soil properties.

The freeware ESAP (Lesch et al., 2000) can be used to 
optimize the RSSD sampling scheme. The ESAP soft ware is 
stand-alone freeware that works in the Windows (Microsoft , 
version XP or higher) environment. Response surface sampling 
design optimization with ESAP is generally characterized by 
short computing times (minutes), which is benefi cial, espe-
cially when working with on-the-go sensors. As explained 
above in this chapter, to obtain optimal sensor calibrations, 
soil should be sampled as soon as possible aft er the sensor sur-
vey, so there is litt le to no change in transient soil properties 
(e.g., water content) between sensor survey and soil sampling. 
ESAP can be used to select up to 20 sampling locations in a sin-
gle run. Even for fairly large fi elds characterized by contrasting 
variations in soil properties, 20 RSSD samples should be suf-
fi cient for a successful calibration of the sensor measurements. 
If two or more sensors showing litt le to no collinearity were to 
be used, then up to 20 RSSD samples can be selected per each 
sensor. However, if the user feels that other soil properties 
of interest will not be properly represented by the available 
sensor data, then more sampling locations should be selected 
so that accurate spatial interpolations (e.g., inverse distance 
weighting, ordinary kriging) can be used to map the soil prop-
erty or properties without using the covariate information. In 
such a case, ESAP can be used to select survey points in addi-
tion to the optimal initially selected locations. Because RSSD 
includes a space-fi lling algorithm, it is important to remem-
ber that buff er zones (at the fi eld margins, along draining 
trenches) should be employed when using ESAP-RSSD; oth-
erwise, such areas would be favored by the RSSD, as reported 
by Johnson et al. (2005) and Guo et al. (2015). As previously 
discussed in this chapter, the relationships between soil sensor 
measurements and soil properties are expected to be remark-
ably diff erent at the fi eld edges than in the rest of the fi eld 
because soil properties are, generally, diff erent at the fi eld 
edges due to a variety of anthropogenic, edaphic, and meteo-
rological factors (Sparkes et al., 1998; Corwin and Lesch, 2013).

The ESAP statistical soft ware package estimates fi eld-scale 
spatial soil property patt erns from EMI signal data. It can be 
used to map any target soil property either directly measured 
by ECa (i.e., ECe, texture as measured by SP, water content, rb, 
OM, CEC) or correlated with geospatial ECa measurements at 
a site. ESAP consists of fi ve modules. The ESAP-RSSD module 
provides an optimal soil sample design based on geospatial 
ECa survey data using a response surface sampling design. 
The ESAP-Calibrate module uses regression or deterministic 
equations to predict spatial values of a target property from 
ECa survey data. The ESAP-SaltMapper module maps the tar-
get soil property or properties. The ESAP-SigDPA module is 
preprocessing soft ware for managing raw conductivity/GPS 
data fi les. The ESAP-DPPC Calculator module converts ECa 
data into estimates of ECe using the dual pathway parallel 
conductance (DPPC) model from Rhoades et al. (1989). The 
ESAP-DPPC module is useful in determining the quality and 
reliability of the ECa and target soil property data, which is 
discussed later in this chapter in the section concerning data 

reliability tests. The ESAP freeware is available online (htt p://
www.ars.usda.gov/Services/docs.htm?docid=15992, accessed 
14 Sept. 2016).

Minimization of the Weighted Means of the Shortest 
Distance with Simulated Spatial Annealing

The MWMSD criterion (Van Groenigen et al., 2000) is the 
weighted version of the previously discussed MMSD criterion. 
The MWMSD criterion accounts for fi eld shape and uneven 
distribution of soil properties when selecting the soil sampling 
locations (Scudiero et al., 2011). The MWMSD criterion aims 
to allocate sampling points in areas of expected maximum 
variations (Barca et al., 2015), but, at the same time, spreading 
points as far apart as possible (i.e., minimizing the Euclidean 
distance of any arbitrary unsampled location to the nearest 
sampled location).

Spatial variation of sensor measurements has been used as 
a weight for the MWMSD criterion. For example, Castrignanò 
et al. (2008), Scudiero et al. (2011), and Barca et al. (2015) used 
the gradient map of ECa as a covariate. The gradient map mea-
sures the maximum diff erences (in degrees) between a target 
cell and its contiguous neighbors (i.e., high degree of change 
between neighboring cells indicates high local spatial vari-
ability). The freeware platform SANOS (Van Groenigen et al., 
2000) can be used to optimize a sampling scheme using the 
MWMSD criterion. Unfortunately, support for SANOS has 
been discontinued. However, newer freeware featuring soil 
sampling selection with the MWMSD criterion through spa-
tial simulated annealing has recently been presented (Barca et 
al., 2015).

The optimization of MWMSD sampling schemes gener-
ally requires long processing times (e.g., hours), which makes 
it improbable that soil can be sampled on the same day as 
when ECa sensor measurements are acquired. Similar to RSSD, 
MWMSD-criterion shows a tendency to place soil samples 
at the fi eld margins (Barca et al., 2015; Scudiero et al., 2011). 
Therefore, buff er areas along the fi eld margins should be used 
to mask the sensor data to prevent the selection of soil sam-
pling locations at fi eld margins. In contrast to ESAP-RSSD, 
SANOS can be used to select more than 20 locations per avail-
able ancillary dataset.

Step 5: Soil Core Sampling at Specifi ed Sites 
Designated by the Sample Design

General soil core sampling protocols (Peterson and Calvin, 
1996) and associated quality control and quality assurance 
procedures (Klestra and Bartz, 1996) should be followed. Soil 
cores should be acquired to the same depth and over the same 
depth increments at all the selected sample sites. The depth 
of sampling should correspond to the depth of measurement 
by the ER or EMI instrumentation used to take ECa data. 
Customarily soil cores are taken at 0.3-m depth increments to 
a depth of 1.2 or 1.5 m, which is roughly the depth of measure-
ment of the EM-38. Soil cores should be taken directly over the 
location of the ECa measurement. As the cores are taken, soil 
temperature through the profi le can be measured at selected 
sites, if needed. During sampling, att ention should be taken 
to avoid including any dry, loose soil that may have collapsed 
into the core hole from the soil surface.

An appropriate identifi cation system for labeling the soil 
samples should be established. Any metadata associated with 
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each sample site and the samples, such as observations about 
the depth to water table, abrupt changes in soil texture, hori-
zonation, mott ling, color change, and surface crusting, should 
be recorded. All soil samples should be placed in sealed, air-
tight containers to minimize the loss of moisture, which would 
aff ect water content measurements. The soil samples should be 
immediately placed in an insulated storage container (refrig-
erated, if possible) for protection and to keep the samples cool.

A crucial aspect of Step 5 that has been largely overlooked 
in most past ECa–directed soil sampling studies listed in the 
literature review by Corwin and Lesch (2005a, 2013) is that 
of establishing the local-scale variation through duplicate or 
replicate samples at 20 to 25% or more of the sample sites. The 
primary and duplicate soil core samples are taken within a 
0.5- to 1.0-m radius. Knowledge of the local-scale variation in 
comparison to global-scale variation is important because this 
helps to defi ne sampling requirements (i.e., number of repli-
cates) and to provide a perspective to the small- and large-scale 
variation in the target property that occurs within a fi eld. If the 
local-scale variation approaches global-scale variation, then 
there is just as much variation within a small area (e.g., 1 m2) 
as over the entire fi eld, which makes the ECa–directed sam-
pling approach untenable.

Step 6: Laboratory Analysis of Soil 
Physical and Chemical Properties

General quality control and quality assurance protocols for 
laboratory analysis should be followed (Klestra and Bartz, 
1996). Soil samples should be analyzed as soon as possible 
aft er their collection. All soil sample preparation and analyses 
should be conducted following scientifi cally accepted pro-
cedures such as those outlined in the Soil Science Society of 
America’s Methods of Soil Analysis (Sparks, 1996; Dane and 
Topp, 2002) and the United States Department of Agriculture’s 
Handbook 60 (US Salinity Laboratory Staff , 1954).

The appropriate analyses will depend on the objective of 
the study. There is general agreement by soil scientists on rec-
ommended minimum data sets of soil parameters that should 
be used to quantify soil quality, including biological (micro-
bial biomass, potentially mineralizable N, and soil respiration), 
chemical (pH, ECe, OM, N, P, and K), and physical (texture, 
bulk density, depth of rooting, infi ltration, and water hold-
ing capacity) parameters (Bouma, 1989; Larson and Pierce, 
1991, 1994; Arshad and Coen, 1992; Doran and Parkin, 1994, 
1996). However, soil quality is a function of the intended use 
of the soil; consequently, the appropriate soil properties to 
assess quality will vary accordingly. As an example, Corwin 
et al. (2003b) found the following properties were appropri-
ate for assessing quality of a salt-aff ected, sodic soil used for 
agricultural production: ECe; pH; anions (HCO3

−, Cl−, NO3
−, 

SO4
2−) and cations (Na+, K+, Ca2+, and Mg2+) in the saturation 

extract; trace elements (B, Se, As, Mo) in the saturation extract; 
lime (CaCO3); gypsum (CaSO4); CEC; exchangeable Na+, K+, 
Ca2+, and Mg2+; exchangeable Na percentage; Na adsorption 
ratio; saturated hydraulic conductivity; and leaching fraction. 
Site-specifi c crop management applications generally require 
knowledge of those soil physical and chemical properties 
infl uencing the yield of a specifi c crop and impacting the envi-
ronment. For instance, for an irrigated, arid zone soil located 
on the west side of California’s San Joaquin Valley, Corwin et 
al. (2003a) found pH, B, NO3

−, N, Cl−, ECe, leaching fraction, 

gravimetric water content, rb, clay percentage, and SP to be 
the most signifi cant soil properties when considering edaphic 
infl uences on within-fi eld variations in cott on production.

Step 7: Stochastic and/or Deterministic Calibration 
of ECa to ECe (or Other Target Properties)

Apparent soil electrical conductivity can be calibrated to any 
soil property that signifi cantly infl uences the ECa measure-
ment such as salinity (i.e., ECe), water content, clay content, 
texture as measured by SP, bulk density (rb), and OM. As 
previously mentioned, there are numerous studies that docu-
ment the relationships between soil electrical conductivity 
and various soil physical and chemical properties, includ-
ing soil salinity (Rhoades, 1992, 1996; Rhoades et al., 1989; 
Lesch et al., 1995a; Williams and Baker, 1982), clay content 
(Williams and Hoey, 1987), depth to clay layers (Doolitt le et 
al., 1994), nutrient status (Sudduth et al., 1995), and moisture 
content (Kachanoski et al., 1988), to list a few. Additionally, 
there are articles documenting the use of conductivity sur-
vey information to determine salt loading and fi eld irrigation 
effi  ciency (Rhoades et al., 1997; Corwin et al., 1999) and for 
estimating deep drainage (Triantafi lis et al., 2003). All the data 
analysis and interpretation presented in these papers can be 
classifi ed into two data modeling categories: stochastic and 
deterministic.

Soil salinity (i.e., ECe) or other target properties (i.e., 
water content, SP, rb) can be determined from ECa in two 
ways: a deterministic and a stochastic approach (Rhoades et 
al., 1999a). The preferred approach will vary with the size of 
the area to be assessed, availability of equipment, and the spe-
cifi c objectives. The deterministic approach is the preferred 
approach when signifi cant localized variations in soil type 
exist in the fi eld. However, this approach typically requires 
knowledge of additional soil properties (e.g., soil water con-
tent, SP, rb, temperature). In instances where extensive soil 
property information is lacking, the stochastic approach is 
more appropriate. In the stochastic approach, statistical mod-
eling techniques, such as spatial regression or co-kriging, are 
used to directly predict the soil salinity from ECa survey data. 
In this approach, the models are “dynamic” (i.e., the model 
parameters are estimated using soil sample data collected dur-
ing the survey). The calibration is developed by acquiring soil 
salinity data (or other soil property data, such as SP, texture, 
rb) from a small percentage of the ECa measurement sites and 
estimating an appropriate stochastic-prediction model for 
each depth increment using the paired soil sample and ECa 
data. Using the remaining ECa data in conjunction with the 
established model, the soil salinity levels (or other calibrated 
properties) are predicted at all of the remaining nonsampled, 
measurement locations. The stochastic- and deterministic 
calibration approaches were described in detail by Lesch et 
al. (1995a, b, 2000) and incorporated into the ESAP soft ware 
(Lesch et al., 2000).

In general, stochastic models are based on some form of 
objective sampling methodology used in conjunction with var-
ious statistical calibration techniques. Diff erent soil sampling 
strategies support diff erent types of calibration models (e.g., 
co-kriging, regression kriging, linear modeling). This chapter 
focuses on the use of linear regression methods to map soil 
properties in the presence of ancillary data from EMI or ER 
sensors. Salinity (i.e., ECe) will be used as the target property, 



Soil Science Society of America  p. 19 of 29
Methods
of Soil Analysis

but any property applies that is directly measured by ECa or 
correlated with geospatial ECa measurements at a site.

According to Archie’s Law (Archie, 1942) and Rhoades et 
al. (1976), ECa measurements are a multiplicative function of 
salinity, soil tortuosity (depending on soil texture, density and 
particle geometry, particle pore distribution, and organic mat-
ter content), and water content. Therefore, when calibrating 
the ECa measurements over a soil property (e.g., ECe), the fol-
lowing power model can be used (Corwin and Lesch, 2014):

e aEC ECa *= b e   [9]

where a and b are coeffi  cients that take into account the 
eff ects of non-target edaphic factors on ECa, and e* is a ran-
dom (multiplicative) error component (dS m−1). In Eq. [9], 
the error component is a multiplicative factor defi ned as the 
ratio between ECe and the explanatory term of the equation 
(Tian et al., 2013). Equation [9] can be parameterized using the 
OLS approach, once a natural logarithm (ln) transformation is 
performed, so that the multiplicative nature of the ECa–ECe 
relationship becomes additive:

( ) ( ) ( )e aln EC ln ln EC= b +a +e   [10]

where e is a random (additive) error component, equal to ln(e*).
It is important to establish the general form of the cali-

bration equation relating ECa to the target property, which 
for demonstration purposes has been selected to be salinity 
or ECe. Most calibration equations of soil properties are spa-
tially referenced regression models. A spatially referenced 
regression model is just an ordinary regression equation that 
includes the soil property calibrated with ECa and trend sur-
face parameters (i.e., x and y coordinates). Accounting for 
trend surface parameters and the measurement of ECa using 
EMI, Eq. [10] becomes

( ) ( ) ( ) ( ) ( )e 0 1 v 2 h 3 4ln EC ln EM ln EM x y=b +b +b +b +b +e    [11]

where ECe is the electrical conductivity of the saturation extract 
(dS m−1); b0, b1, b2, b3, and b4 represent the empirical regression 
model coeffi  cients; x and y are the easting and northing UTM 
coordinates (m), and e is the error term. If both EMv and EMh 
are reliable and there is no multicollinearity, then Eq. [11] is 
unchanged. However, if the EMv data are unreliable with 
respect to the target property, then the b1 ln(EMv) term in Eq. 
[11] drops out, or if the EMh data are unreliable then the b2 
ln(EMh) term drops out.

The ECa data should be calibrated against target soil 
property data that correspond to the depth of measurement of 
the instrument. The depth of measurement for EMh is roughly 
0.75 m and for EMv is roughly 1.5 m. However, the depth of 
measurement for both EMh and EMv will vary from one loca-
tion to the next. Consequently, it is advisable to estimate the 
depth of measurement for EMh and EMv for each fi eld. This 
can be done by correlating EMv ECa (and EMh ECa) to ECe 
for each composite depth of 0 to 0.3, 0 to 0.6, 0 to 0.9, 0 to 
1.2, and 0 to 1.5 m. The composite depth with the highest cor-
relation coeffi  cient (r) is the estimated depth of penetration. 
Consequently, the ECa to ECe calibration is determined using 
ECe data for the composite depth with the highest r. This, of 
course, suggests that soil samples need to be collected and 
analyzed at 0.30-m depth increments to a depth of 1.5 m at 
each sample site within a fi eld. This may or may not be within 
the scope project resources, in which case this may not be pos-
sible. If estimating the depth of measurement for a fi eld is not 
within resources, then using soil samples collected to a depth 
of 1.2 or 1.5 m is generally suffi  cient.

The study by Corwin et al. (2010) demonstrates the pro-
cess of calibration. The study was a detailed survey of ECa 
that was used to map soil salinity (i.e., ECe) in an irrigated 
alfalfa (Medicago sativa L.) fi eld near San Jacinto, CA. Figure 10 
shows EMv ECa measurements (16122 locations) and 20 soil 
sampling locations selected from those measurements using 
a response surface sampling design. At the site, EMh and EMv 
were collinear, showing a variance infl ation factor [i.e., 1(1 − 
R2)−1; O’Brien, 2007] of 17.2 (18.6, when ln transformed). In 
this example, the EMv readings of ECa were used to model 

Fig. 10. Electromagnetic induction measurement in the vertical coil confi guration (EMv) of apparent electrical conductivity for the 0- to 1.5-m 
soil profi le at 16122 survey locations across a 32.4-ha fi eld near San Jacinto, CA.
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ECe spatial variability according to Eq. 
[11] with the b2 ln(EMh) term removed.

As an alternative to discarding 
the b2 ln(EMh) term to remove the 
multicollinear signal eff ect, one could 
regress the fi rst two standardized 
principal component scores com-
puted from the EMh and EMv readings 
(Lesch, 2005a). With R2 = 0.740 and F = 
51.2, the regression was signifi cant at 
the p < 0.001 level (Fig. 11a). The inter-
cept (b0 = 1.2 ± 0.12, value ± SE) and 
the slope (b1 = 0.65 ± 0.09) were both 
signifi cant (p < 0.001). The site x and y 
coordinates were not included in the 
regression model because they were 
not signifi cant. The random nature of 
e was confi rmed, allowing for the use 
of Eq. [11] in the calibration (Lesch and 
Corwin, 2008). The assumption of nor-
mality for e was supported by a mean 
error (6 ´ 10−6) that was close to zero. 
Residual normality was tested using 
the Shapiro–Wilk test (Shapiro and Wilk, 1965), which was 
nonsignifi cant. The residuals were also tested for spatial auto-
correlation using the Moran’s I test for spatial autocorrelation 
(Cliff  and Ord, 1981) showing nonsignifi cant spatial structure. 
In addition to the tests on the regression assumptions, a jack-
knife resampling can give indications of the robustness of the 
model (Efron and Gong, 1983). Equation [11] was resampled 
(i.e., leave-one-out) and reparameterized at each iteration so 
that the variability in slope and intercept coeffi  cients could be 
assessed in terms of jackknife variance (s2

JK):

( )2
JK

1

1 N

i
i

N x x
N =

-
s = -å  [12]

where x is the coeffi  cient value based on all of the N (i.e., 20) 
samples, and ix  is the coeffi  cient value based on leaving out 
the ith observation. The jackknife variances for the intercept 
(0.010) and slope (0.007) were remarkably small in comparison 
with the coeffi  cient values based on all samples (the smaller 
the jackknife variance, the more robust the model). Equation 
[11] was back-transformed (Fig. 11b) rendering an observed–
predicted R2 = 0.762 and RMSE = 0.55 dS m−1. Equation [11] 
was used to estimate ECe at the 16122 locations (Fig. 12).

Deterministic conductivity data modeling and inter-
pretation can be performed either from a geophysical or a 
soil science approach. In the geophysical approach, math-
ematically sophisticated inversion algorithms are generally 
employed. These approaches, which rely heavily on geophysi-
cal theory, have met with limited success for the interpretation 
of near-surface ECa data. Part of the reason for the lack of suc-
cess is that most geophysical inversion approaches assume: (i) 
that there are multiple conductivity signal readings available 
for each survey point and (ii) that distinct, physical strata dif-
ferences exist within the near-surface soil horizon. Neither of 
these conditions are typically satisfi ed in most ECa surveys.

A more common interpretation technique used, particu-
larly in salinity inventorying work, is to employ some form 
of deterministic ECa to salinity model (i.e., an equation which 

converts ECa to ECe based on knowledge of other soil proper-
ties). One model of this type that has been shown to be useful 
is the DPPC model developed by Rhoades et al. (1989, 1990) 
and extended by Lesch and Corwin (2003). This model is based 
on the idea that electrical conductivity of soil can be modeled 
as a multipathway parallel electrical conductance equation. 
This model has been shown to be applicable to a wide range of 
typical agricultural situations (Corwin and Lesch, 2003). The 
DPPC model demonstrates that soil electrical conductivity 
can be reduced to a nonlinear function of fi ve soil properties: 
ECe, SP, volumetric soil water content, rb, and soil tempera-
ture. In Rhoades et al. (1990) the DPPC model was used to 
estimate fi eld soil salinity levels based on ECa survey data and 
measured or inferred information about the remaining soil 
physical properties. Corwin and Lesch (2003) and Lesch et al. 
(2000) showed that this model can also be used to assess the 
degree of infl uence that each of these soil properties has on the 
acquired ECa–survey data.

In the deterministic approach, either theoretically 
or empirically determined models convert ECa into ECe. 
Deterministic models are “static” (i.e., all model parameters 
are considered known and no ECe data need to be determined). 
For example, Eq. [13] from the DPPC model of Rhoades et al. 
(1989) is a deterministic approach:

2
ss ws ws ss

a w ws wc
ss ws ws s

( ) EC EC
EC ( )EC

( EC ) ( EC )

é ùq + qê ú= + q -qê úq + qê úë û
 [13]

where qw = qws + qwc = total volumetric water content (cm3 
cm−3); qws and qwc are the volumetric soil water content in the 
soil water pathway (cm3 cm−3) and in the continuous liquid 
pathway (cm3 cm−3), respectively; qss is the volumetric water 
content of the surface-conductance (cm3 cm−3); ECws and 
ECwc are the specifi c electrical conductivities of the soil water 
pathway (dS m−1) and continuous liquid pathway (dS m−1); 
and ECss is the electrical conductivity of the surface conduc-
tance (dS m−1). Soil ECa is converted into ECe using Eq. [13–18] 
originally developed by Rhoades et al. (1989):

Fig. 11. Observed versus predicted (a) natural logarithm transformed soil salinity (ECe) 
calculated with Eq. [10] and (b) back-transformed ECe for a 32.4-ha fi eld near San Jacinto, CA. 
Soil salinity is represented by the electrical conductivity of a saturated soil paste extract (ECe, 
dS m−1). R2 is the coeffi cient of determination, ME is the mean error, and RMSE is the root 
mean square error. Dashed line is a 1:1 relationship.
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where PW is the percent water on a gravimetric basis, rb is the 
bulk density (Mg m−3), SP is the saturation percentage, ECw is 
the average electrical conductivity of the soil water assuming 
equilibrium (i.e., ECw = ECsw = ECwc), and ECe is the electrical 
conductivity of the saturation extract (dS m−1).

Step 8: Spatial Statistical Analysis
In the past, the fact that ECa is a function of several soil 
properties (i.e., soil salinity, texture, and water content) has 
sometimes been overlooked in the application of ECa mea-
surements to site-specifi c crop management. In areas of saline 
soils, salinity dominates the ECa measurements and inter-
pretations are oft en straightforward. However, in areas other 
than arid zone soils, texture and water content or even OM 
may be the dominant properties measured by ECa. To use 
spatial measurements of ECa in a soil quality or site-specifi c 
crop management context, it is necessary to understand what 
factors are most signifi cantly infl uencing the ECa measure-
ments within the fi eld of study. There are two commonly used 
approaches for determining the predominant factors infl u-
encing ECa measurement: (i) wavelet analysis and (ii) simple 
statistical correlation.

An explanation of the use of wavelet analysis for deter-
mining the soil properties infl uencing ECa measurements was 
provided by Lark et al. (2003). Even though wavelet analysis is 
a powerful tool for determining the dominant complex inter-
related factors infl uencing ECa measurement, it requires soil 
sample data collected on a regular grid or equal-spaced tran-
sect. Grid or equal-spaced transect sampling schemes are not 
as practical for determining spatial distributions of soil salinity 
(or some other correlated soil property) from ECa measure-
ments as the statistical and graphical approach fi rst developed 
by Lesch et al. (1995a,b, 2000).

The most practical means of interpreting and under-
standing the tremendous volume of spatial data from an ECa 
survey is through statistical analysis and graphic display. 
Details describing the statistical and graphical approach for 
determining the predominant soil property infl uencing ECa 
measurements are found in Corwin and Lesch (2003). For a soil 
quality assessment a basic statistical analysis of all physical 
and chemical data by depth increment provides an under-
standing of the vertical profi le distribution. A basic statistical 
analysis consists of the determination of the mean, minimum, 
maximum, range, standard deviation, standard error, coeffi  -
cient of variation, and skewness for each depth increment (e.g., 

0–0.3, 0.3–0.6, 0.6–0.9, and 0.9–1.2 m) and by composite depth 
(e.g., 0–1.2 m) over the depth of measurement of ECa. In the 
case of ECa measured with ER, the composite depth over the 
depth of measurement of ECa is based on the spacing between 
the electrodes, while in the case of EM-38 measurements of 
ECa the composite depth for the EMh measurement is about 
0–0.75 to 1.0 m and 0–1.2 to 1.5 m for EMv. The calculation 
of the correlation coeffi  cient between ECa and mean value of 
each soil property by depth increment and composite depth 
over multiple sample sites determines those soil properties 
that correlate best with ECa and those soil properties that are 
spatially represented by the ECa–directed sampling design.

Crop yield monitoring data in conjunction with ECa sur-
vey data can be used from a site-specifi c crop management 
perspective to (i) identify those soil properties infl uencing 
yield (Corwin et al., 2003a) and (ii) delineate site-specifi c 
management units (Corwin and Lesch, 2010). For site-specifi c 
crop management, an understanding of the infl uence of spa-
tial variation in soil properties on within-fi eld crop-yield (or 
crop quality) variation is desired. To accomplish this using 
ECa, crop yield (or crop quality) must correlate with ECa 
within a fi eld. If crop yield (or crop quality) and ECa are cor-
related, then basic statistical analyses by depth increment 
(e.g., 0–0.3, 0.3–0.6, 0.6–0.9, and 0.9–1.2 m) and by composite 
depths (e.g., 0–0.3, 0–0.6, 0–0.9, and 0–1.2 m) are performed. 
As before, the correlation between ECa and mean values of 
each soil property for each depth increment and each com-
posite depth establishes those soil properties that are spatially 
characterized with the ECa–directed sampling design. The 
correlations between crop yield (or crop quality) and physi-
cal and chemical soil properties will also establish the depth 
of concern (i.e., the root zone of the crop), which will be the 
composite depth that consistently has the highest correlation 
of each soil property (i.e., each soil property determined to 
be signifi cant to infl uencing yield) with crop yield (or crop 
quality). Exploratory graphical analyses (i.e., scatt er plots of 
crop yield or crop quality and each soil property) are then 
conducted for the depth of concern to determine the linear or 
curvilinear relationship between the signifi cant physical and 
chemical properties and crop yield (or crop quality). A spatial 
linear regression is formulated that relates the signifi cant soil 
properties as the independent variables to crop yield (or crop 
quality) as the dependent variable. The functional form of the 
model is developed from the exploratory graphic analysis. 
The model is adjusted for spatial autocorrelation, if necessary, 
using restricted maximum likelihood or some other technique. 
This entire spatial statistical analysis process is clearly demon-
strated by Corwin et al. (2003a) and Corwin and Lesch (2005c).

To use spatial measurements of ECa in a site-specifi c crop 
management context, it is not only necessary to understand 
what factors most signifi cantly infl uence ECa measurements 
within the fi eld of study, but also to know those factors that 
most signifi cantly infl uence within-fi eld variation in crop 
yield (or crop quality). Corwin et al. (2003a) used sensitivity 
analysis simulations to arrive at the dominant edaphic and 
anthropogenic factors infl uencing within-fi eld cott on yield 
variations. Sensitivity analysis involves increasing a single 
independent variable (i.e., edaphic factors) and observing the 
resultant eff ect on the dependent variable (i.e., crop yield or 
crop quality). This is done for each independent variable. The 
relative eff ect of each independent variable on the dependent 
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variable determines the independent variable that most sig-
nifi cantly infl uences the dependent variable.

Step 9: GIS Database Development
The organization, manipulation, and graphic display of spatial 
soil and ECa data are best accomplished with GIS. Spatial soil 
property data are entered into any of the several commercially 
available GIS soft ware packages, such as ArcGIS. Once the 
spatial data are entered, maps of the soil physical and chemi-
cal properties can be easily prepared.

Step 10: Graphic Display
Step 10 focuses on the methods of interpolation that are avail-
able to display the spatial distribution of a target property 
or other properties. Inverse distance weighting (IDW), cubic 
spline, and various geostatistical approaches are the prevalent 
choices. Previous studies comparing interpolation methods 
have met with mixed results. In some instances kriging has 
been found to perform the best (Laslett  et al., 1987; Warrick 
et al., 1988; Leenaers et al., 1990; Kravchenko and Bullock, 
1999), and in others IDW has been found superior (Weber and 
Englund, 1992; Wollenhaupt et al., 1994; Gotway et al., 1996). 
A common means of determining which method is the best 
to use for a particular spatial data set is to use the statistical 
approach of jackknifi ng to establish the interpolation method 
that minimizes the prediction error (Isaaks and Srivastava, 
1989). Bourgault et al. (1997) provided a useful toolbox of 
geostatistical approaches used on a soil salinity data set and 
advised the use of cross-validation to identify the approach 
that is best. The advantage of using a geostatistical approach 
for interpolation over IDW or cubic spline is an assessment 
of spatial uncertainty that can be obtained from geostatistical 
approaches.

As an example, the ECe estimations in Fig. 12a were inter-
polated to obtain continuous salinity values across the fi eld 
shown in Fig. 12b. The ECe estimations showed a northeast–
southwest trend. Therefore, the point data were interpolated 
using universal kriging (UK). The data were normalized 
with a natural logarithm transformation. To carry out the 
interpolation, the spatial correlation structure of soil salin-
ity was modeled by an isotropic exponential semivariogram, 
n[ln(ECe)]:
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  [19]

where h represents the nugget variance, s the spatial vari-
ance component (partial sill), h the lag distance, and r the 
range. Specifi cally, h was 0, s was 0.078, and r was 280 m. 
The interpolation was performed using a minimum of 20 and 
maximum of 40 neighbors using Arc Map (version 10.1, ESRI). 
The interpolated surface was characterized by a leave-one-
out cross-validation R2 of 0.989 and RMSE of 0.09 dS m−1. A 
salinity map interpolated using IDW would have returned 
leave-one-out cross-validation R2 of 0.985 and RMSE of 0.10 
dS m−1. This marginal diff erence in performance between 
geostatistical (UK) and deterministic (IDW) interpolation 
methods indicates that, when dealing with very intensive 
sensor measurement grids, less sophisticated interpolation 
techniques can be employed, leading to results of equivalent 
quality. The UK (point) interpolation was used to create a soil 
salinity map on a 2 ´ 2 m support (Fig. 12b). When compared 

with the 20 soil samples, the mapped salinity values showed 
R2 of 0.753 and RMSE of 0.56 dS m−1. The salinity prediction 
accuracy slightly degenerated from Eq. [10]. The build-up of 
error throughout the procedure should always be considered 
when mapping soil properties (Heuvelink, 1998). Nelson et al. 
(2011) described a methodology to budget error in soil map-
ping according to diff erent sources of uncertainty (e.g., GPS 
positioning, soil sampling and laboratory malpractice, weak 
relationships between target soil property and sensor data, 
interpolation errors).

DATA QUALITY AND PROCESSING 
There are four tests that can be conducted to evaluate the 
reliability of the ECa survey and target property data. The 
reliability tests will be discussed from the perspective of the 
use of EMI measurements of ECa (i.e., EMh ECa and EMv ECa). 
However, the same discussion applies to ER measurements of 
ECa, except shallow ECa measurements with ER (i.e., ideally 
this is 0–0.75 m, but when using Veris equipment, 0–0.3 m will 
suffi  ce) correspond to EMh and deep ECa measurements with 
ER (i.e., ideally this is 0–1.5 m, but when using Veris equip-
ment 0–0.9 m will suffi  ce) correspond to EMv.

Fig. 12. Soil salinity (a) estimated using Eq. [11] at the 16122 
soil apparent electrical conductivity survey locations and (b) 
interpolated on a 2 ´ 2 m block support for a 32.4-ha fi eld near 
San Jacinto, CA.
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The fi rst test is to look at the magnitude of the ECa measure-
ment. In most instances the EMv and EMh ECa measurements 
will be greater than 0.05 dS m−1. However, sometimes the mea-
surements are <0.05 dS m−1, which usually occurs for soils that 
are medium or coarse textured, with very low levels of salinity 
and/or low water contents. Fine-textured soils with clay con-
tents greater than 30 to 40% will usually have EMv and EMh 
ECa measurements >0.1 dS m−1. The second test involves the 
calculation of the ratio EMh/EMv. If EMh/EMv < 1, then the 
profi le is a regular profi le, which means that the target prop-
erty (i.e., ECe, texture as measured by SP, or water content) 
increases with depth. If EMh/EMv = 1, then the profi le is a 
uniform profi le, which means that the target property is uni-
form or oscillates with depth. If EMh/EMv > 1, then the profi le 
is an inverted profi le, which means that the target property 
decreases with depth. If the depth profi le of the target prop-
erty does not correspond with the EMh/EMv ratio, then the 
EMh and/or EMv measurements may be dubious. The third 
test involves a graph of EMv vs. EMh and determination of the 
correlation coeffi  cient (r) or identifi cation of outliers. If r ³ 0.8, 
then the data are reliable. If 0.5 < r < 0.8, then possible prob-
lems exist with the ECa data because the upper portion of the 
soil profi le is too dry or the lower portion of the soil profi le has 
(i) a textural discontinuity such as a sand lens, (ii) a shallow 
water table, or (iii) bed rock. The fourth, and most useful, test 
involves the use of the DPPC model of Rhoades et al. (1989), 
which is the ESAP-DPPC module. If entering the soil property 
values for ECe, rb, SP, and water content does not result in the 
calculation of the associated ECa (the calculated ECa may not 
exactly match the observed ECa, but they should be close) at 
a given soil sample site, then there is a problem with the data. 
Unfortunately, the DPPC model only indicates that there is a 
problem. It does not indicate if the problem is with the ECa 
measurement or the soil data (i.e., ECe, rb, SP, or water con-
tent). A limitation of the DPPC model is that it is most suitable 
for mineral soils and is not applicable to high OM soils.

FARM-, LANDSCAPE-, AND REGIONAL-SCALE 
SOIL MAPPING

Multiple-fi eld ECa survey data oft en exhibit an abrupt change 
in magnitude across fi eld boundaries, which presents a 
challenge to the conversion of ECa to ECe (or water content 
or other temporally dynamic target property infl uenced by 
management) at spatial extents of hundreds to tens of thousands 
of hectares (i.e., landscape scale). The abrupt change is caused 
by various reasons: (i) between-fi eld variation in fi eld average 
water content due to irrigation method, frequency, and timing; 
(ii) between-fi eld variation in soil texture; (iii) conditions of the 
soil surface (e.g., till vs. no-till) due to management practices 
that aff ect soil compaction; (iv) surface geometry (i.e., presence 
or absence of beds and furrows); (v) temperature diff erences 
(i.e., ECa surveys conducted at diff erent times of the year); and 
(vi) between-fi eld spatial variation in salinity (Corwin and 
Lesch, 2014).

Calibration models are oft en used to adjust out an abrupt 
change. Within similar geomorphological sett ings, farm- to 
landscape-scale soil mapping from ECa–directed soil sampling 
can be addressed with analysis of covariance (ANOCOVA) lin-
ear regression models (Harvey and Morgan, 2009; Corwin and 
Lesch, 2014). The ANOCOVA models account for changes in 
the relationships between the target soil property and sensor 

data due to additive or multiplicative interference of other 
factors, such as agronomic management (e.g., presence or 
absence of beds and furrows in a fi eld) or edaphic (e.g., diff er-
ent levels of soil moisture, diff erent texture) factors. In recent 
years, ANOCOVA models have been tested for the use of ECa 
to map soil salinity (Corwin and Lesch, 2014, 2016) and texture 
(Harvey and Morgan, 2009) over multiple fi elds (i.e., land-
scape scale of 1–10 km2).

Consider the case in which a sensor reading (Xĳ ) is used 
to map a target soil property (Yĳ ) using calibration location i 
for a selected group of fi elds j. The relationship between X and 
Y is expected to vary between fi elds. When this relationship 
changes due to a multiplicative infl uence (b) resulting from 
a secondary (nontarget) factor, such as water content or soil 
tillage, the calibration equation for the sensor readings can be 
described with a power model Eq. [20], which is the general 
form of Eq. [9]:

a= b eY X  [20]

where a is the exponential term and e is a random (multiplica-
tive) error component defi ned as the ratio between dependent 
and explanatory terms of the equation (Tian et al., 2013). Once 
a natural logarithm (ln) transformation is performed on Eq. 
[20], the multiplicative nature of the relationship becomes 
additive:

( ) ( ) ( ) ( )= b +a + eln ln ln lnij j ij ijY X   [21]

where the intercept parameter (b) is uniquely estimated 
for each fi eld j, but the slope coeffi  cient (a) is assumed to 
be constant for a particular group of fi elds characterized by 
similar geomorphologic sett ings. In Eq. [21], ln(e) is a random 
(additive) error component. Therefore, Eq. [21] can be param-
eterized using an OLS approach, provided the assumptions of 
this type of spatial modeling are respected.

The benefi t of using ANOCOVA linear models lies in 
the fact that once the model is established over a selected 
number of fi elds, it can be extended to all the other fi elds in the 
farmland of interest by means of an intensive sensor survey 
and from one to three soil samples that are used to calculate 
the fi eld-specifi c ANOCOVA intercept (b).

The defi nitive studies of regional-scale (i.e., spatial 
extents covering hundreds of thousands or millions of 
hectares) mapping of soil properties, particularly salinity, are 
Lobell et al. (2010) and Scudiero et al. (2015). These studies 
used multiyear remote imagery (i.e., Landsat 7 and MODIS) 
in combination with ECa–directed soil sampling. The remote 
imagery and other covariates were used with ground-truth 
measurements of soil salinity from ECa–directed soil sampling 
to develop a regression model. Mapping soil properties over 
regional scales with remote imagery requires signifi cant 
monetary investment and labor commitment. The following 
considerations on regional-scale soil sampling and mapping 
will aid preliminary decision-making:

1. When using remote sensing or other environmental 
covariates as ancillary predictors, always base their maps 
on actual ground-truth data. The use of remote and near-
ground sensing data, such as vegetation indices calculated 
from satellite refl ectance, must always be calibrated for 
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each specifi c geographic zone, type of sensor used, and 
intended type of application. For example, the same 
(canopy refl ectance) vegetation index (i.e., normalized 
diff erence vegetation index) can be used to monitor 
water stress (texture-related edaphic stress) in certain 
areas (Scudiero et al., 2014) or soil salinity in a diff erent 
geographical area (Lobell et al., 2010). Diff erent crop cover 
can alter the outputs of the prediction models (Scudiero 
et al., 2015; Zhang et al., 2015), as refl ectance properties 
vary remarkably across plant species because of diff erent 
phenotypes (e.g., chlorophyll content, canopy size) and 
diff erent responses to the same stress levels (e.g., stress-
tolerant crops vs. nontolerant crops).

2. Regression-based soil mapping, at any scale, requires 
good representation of the target property in the ground-
truth dataset. Over large areas, good spatial coverage is 
not a necessary requirement as clustered sampling can be 
employed (Ließ, 2015; Lobell et al., 2010), provided that 
the sampling locations are selected far enough apart to 
avoid residual spatial autocorrelation. Ideally, one should 
select the soil sampling locations across the region of 
interest according to the frequency statistics of the selected 
ancillary data. When working at regional scale, however, 
it is diffi  cult to properly represent such variability using 
a relatively limited number of soil samples (Ließ, 2015). 
When dealing with a single sensor, one could select the 
ground-truth locations by means of a stratifi ed random 
sampling, where the strata are quantile classes of the 
selected ancillary variable, as done by Lobell et al. (2010). 
When accurate data on geomorphologic sett ings (e.g., soil 
orders) are available, Ließ (2015) suggested that Jenny’s 
factor model of soil formation should be followed. As the 
interactions between factors of soil formations infl uence 
the output soil property value, one should always consider 
these interactions within their sampling design: to truly 
represent an area, it is not enough to guarantee that we are 
not systematically misrepresenting the density function of 
a particular predictor, but in addition, all typical landscape 
positions of the area should be well represented (Ließ, 2015). 
Additionally, one could employ multiple predictors across 
the region of interest. In this case, not only the frequency 
distribution of the diff erent predictors should be considered, 
but also their correlation structure should be conserved 
(Cliff ord et al., 2014; Kidd et al., 2015; Ließ, 2015). This 
can be done by using principal component analysis on the 
ancillary data (Lesch, 2005a) or by using methods such as the 
conditioned Latin hypercube sampling strategy (Minasny 
and McBratney, 2006). Selection of soil sampling locations, 
over large areas, that represents the covariates correlation 
structure and frequency statistics is supported by the ACDC 
function in the package spsann (Samuel-Rosa et al., 2015) in 
R (R Development Core Team, 2012).

3. When dealing with regional-scale mapping, one should 
always consider how to deal with land inaccessibility issues. 
Reasons for such inaccessibility are several, including 
issues with access of private land, remoteness (Cliff ord et 
al., 2014), and personal safety (Van Zĳ l et al., 2012; Wu et 
al., 2014). Recent papers by Cliff ord et al. (2014), Kidd et al. 
(2015), and Ließ (2015) addressed the inaccessibility issue 
in the selection of ground-truth locations for soil mapping. 
There defi nitely is a need for fl exibility within “real-world” 
conditions (Kidd et al., 2015). Indeed, once a baseline 
soil sampling scheme is selected, it can be modifi ed by 
selecting alternative soil sampling locations that would be 
less ideal (in terms of the fi tness function used in the design 
optimization), but would allow good representativeness of 

the predictors frequency statistics and would guarantee 
accessibility (Cliff ord et al., 2014).

4. When sampling for ground truth, especially if coarse 
resolution ancillary data are used (e.g., MODIS refl ectance 
has 250 ´ 250 m resolution), the within pixel spatial 
variability should always be addressed (Garrigues et al., 
2002). Each target ground-truth pixel or fi eld can be mapped 
using soil sensor surveys calibrated over a limited amount 
of soil samples. This strategy will properly characterize 
subpixel spatial variability and increase the number of 
ground-truth locations (in comparison with using only 
soil sample) (Lobell et al., 2010; Scudiero et al., 2015; Wu 
et al., 2014). Alternatively, when such an approach is not 
feasible, a nonaligned block sampling design can be used 
for capturing both small and large variation over large 
areas (Cobo et al., 2010; Urban, 2002).
The most signifi cant advances in the mapping of soil prop-

erties over multiple scales with ECa–directed soil sampling 
have been in the area of mapping soil salinity. Diff erent scales 
require diff erent ECa– ECe calibration modeling approaches 
when mapping soil salinity with EMI (Corwin and Lesch, 2014, 
2016; Scudiero et al., 2015). At fi eld scale (<1 km2) a fi eld-specifi c 
regression model (FSR) is appropriate (Corwin and Lesch, 2013):

( ) ( ) ( )e, 0, 1, v, 2, h,ln EC ln EM ln EMijk jk jk ik jk ik ijk=b +b +b +e   [22]

At landscape scale (1–10 km2), an analysis of covariance model 
(ANOCOVA) is appropriate (Corwin and Lesch, 2014, 2016):

( ) ( ) ( )e, 0, 1, v, 2, h,ln EC ln EM ln EMijk jk j ik j ik ijk=b +b +b +e    [23]

At regional scale (10–105 km2), a model based on a vegetative 
index (e.g., CRSI, NDVI, or EVI) and other covariates infl uencing 
a plant’s response to salinity is needed (Scudiero et al., 2015):

( ) ( ) ( ) ( )
e
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EC
CRSI rain temperature texture

=

b +b +b +b +b +e     
[24]

where i refers to the soil sample site (i = 1, 2, 3,..., nk), j refers to 
the soil sample depth (j = 1, 2, 3,..., p), and k refers to the fi eld 
(k = 1, 2, 3,..., M).

Considerable progress has also been made in mapping 
soil texture from ECa at multiple scales (Neudecker et al., 2001; 
Vitharana et al., 2008; Harvey and Morgan, 2009; Saey et al., 
2009b; Walter et al., 2015). The most notable of these from a 
regional-scale perspective is Saey et al. (2009b), which mapped 
texture over 3000 km2 in Belgium.

ADVANTAGES AND DISADVANTAGES 
OF ECa-DIRECTED SOIL SAMPLING

Even though ECa–directed sampling is widely used for 
mapping fi eld-scale spatial variability, there are defi nite 
advantages, disadvantages, and limitations that determine 
where and under what conditions it is best used and where 
there might be concerns for its use. There are three advantages 
of ECa–directed sampling. First, it substantially reduces the 
number of soil samples compared to grid sampling since it 
uses geospatial ECa measurements as a surrogate to establish 
the optimum number and location of sample sites to charac-
terize the range and variability of a target soil property. The 
reduction in the number of samples greatly reduces labor 
and cost. Second, ECa–directed sampling renders quick and 
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reliable results that are statistically tied to ground-truth mea-
surements from soil samples, so there is a direct relationship 
with salinity or another target property that is highly corre-
lated with ECa at the study site. Third, EMI is a nondestructive 
measurement and ER results in minimal soil disturbance.

The disadvantages of ECa–directed soil sampling do not 
overshadow the advantages, but are nonetheless worthy of 
careful consideration. First, the complex interactions of vari-
ous soil properties and their resulting infl uences on the ECa 
measurement make it a complex measurement that is oft en 
diffi  cult to interpret. Second, ECa–directed sampling requires 
expensive and technologically sophisticated geophysical and 
GPS equipment and requires trained personnel to operate it.

There are four major limitations that determine the con-
ditions under which ECa–directed sampling must be used. 
First, there must be suffi  cient water content (i.e., ³70% of fi eld 
capacity) so continuous conductance pathways are maintained 
down to the depth of penetration of the geophysical approach 
used to measure ECa (i.e., ER or EMI). This may be of particu-
lar concern for soils with impermeable layers, dryland soils, or 
shallow soils above bedrock. Second, the ER approach requires 
good physical contact between the electrodes and soil surface, 
and, as such, ER is not generally used in stoney soils or soils 
with dry surfaces. Third, fi elds with wide ranging soil textures 
present a challenge since it may become diffi  cult for the entire 
fi eld to be at or near fi eld capacity. Fourth, soils that have a 
shallow water table, impermeable layer, or shallow depth to 
bedrock are problematic because each of these will interfere 
with the current fl ow resulting in spurious ECa measurements 
that do not refl ect the conductance of the target property (i.e., 
unless the target property is to determine the depth to a shal-
low water table, impermeable layer, or bedrock). In instances 
where a shallow water table, impermeable layer, or shallow 
depth to bedrock exists, then ER or EMI measurements should 
be taken so that their depth of penetration is above the water 
table, impermeable layer, or bedrock.
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