
ABSTRACT 

BANG, JISU. Characterization of Soil Spatial Variability for Site-Specific Management 

Using Soil Electrical Conductivity and Other Remotely Sensed Data (Under the direction 

of Jeffrey G. White and Randy Weisz). 

Field-scale characterization of soil spatial variability using remote sensing 

technology has potential for achieving the successful implementation of site-specific 

management (SSM). The objectives of this study were to: (i) examine the spatial 

relationships between apparent soil electrical conductivity (ECa) and soil chemical and 

physical properties to determine if ECa could be useful to characterize soil properties 

related to crop productivity in the Coastal Plain and Piedmont of North Carolina; (ii) 

evaluate the effects of in-situ soil moisture variation on ECa mapping as a basis for 

characterization of soil spatial variability and as a data layer in cluster analysis as a 

means of delineating sampling zones; (iii) evaluate clustering approaches using different 

variable sets for management zone delineation to characterize spatial variability in soil 

nutrient levels and crop yields.  Studies were conducted in two fields in the Piedmont and 

three fields in the Coastal Plain of North Carolina. Spatial measurements of ECa via 

electromagnetic induction (EMI) were compared with soil chemical parameters 

(extractable P, K, and micronutrients; pH, cation exchange capacity [CEC], humic matter 

or soil organic matter; and physical parameters (percentage sand, silt, and clay; and plant-

available water [PAW] content; bulk density; cone index; saturated hydraulic 

conductivity [Ksat] in one of the coastal plain fields) using correlation analysis across 

fields. We also collected ECa measurements in one coastal plain field on four days with 

significantly different naturally occurring soil moisture conditions measured in five 



increments to 0.75 m using profiling time-domain reflectometry probes to evaluate the 

temporal variability of ECa associated with changes in in situ soil moisture content.  

Nonhierarchical k-means cluster analysis using sensor-based field attributes including 

vertical ECa, near-infrared (NIR) radiance of bare-soil from an aerial color infrared (CIR) 

image, elevation, slope, and their combinations was performed to delineate management 

zones.  

The strengths and signs of the correlations between ECa and measured soil 

properties varied among fields. Few strong direct correlations were found between ECa 

and the soil chemical and physical properties studied (r2 < 0.50), but correlations 

improved considerably when zone mean ECa and zone means of selected soil properties 

among ECa zones were compared. The results suggested that field-scale ECa survey is not 

able to directly predict soil nutrient levels at any specific location, but could delimit 

distinct zones of soil condition among which soil nutrient levels differ, providing an 

effective basis for soil sampling on a zone basis.   

The strengths of the correlations of ECa with measured soil properties varied 

depending on soil moisture conditions. In general, the strongest correlations were 

observed when ECa was measured under relatively dry conditions.  The results suggest 

that the spatial and temporal ECa variability measured under different soil moisture 

conditions could be a critical factor when evaluating the ability of ECa to predict soil 

chemical and physical characteristics important to soil and crop productivity and 

management.  

The relationships of sensor-based field attributes as clustering variables to group soil test 

parameters and crop yields varied among fields. Most of the clustering data combinations 



effectively captured the within-zone variability of soil test parameters and crop yield, but 

the use of different variables for cluster analysis resulted in different results in terms of 

capturing soil test and yield variability by management zones. The results indicate that 

zones created by cluster analysis could provide a way to group and manage spatial 

variability of soil nutrients within fields; however, appropriate selection of clustering 

variables for each individual field could be critical to implement cluster analysis for 

developing management zones. 
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INTRODUCTION 

Site-specific management (SSM) has received considerable attention due to the 

three main potential benefits of: 1) increasing input efficiency, 2) improving the 

economic margins of crop production, and 3) reducing environmental risks.  Uniform 

management of crops grown under spatially variable conditions can result in less than 

optimum yields due to nutrient deficiencies as well as excessive fertilizer application that 

may potentially reduce environmental quality (Redulla et al., 1996).  Therefore, SSM 

requires the development of agronomic strategies to manage spatially variable fields 

more efficiently by applying crop inputs in accordance with the specific requirements of 

different within-field areas.  Recommendation algorithms for varying inputs may be 

established assuming a sound understanding of the within-field variability of the soil 

chemical and physical properties. Therefore, a study of soil spatial variability necessary 

to optimize site-specific soil management in North Carolina should be performed.   

In past studies, grid sampling combined with geostatistical analysis has been used 

to describe soil spatial variability. However, due to the cost and labor intensity associated 

with intensive grid sampling, the concept of management zones has received considerable 

attention as a means to improve efficiency and reduce sampling costs.  A management 

zone is defined as a sub-region of a field that expresses a relatively homogeneous 

combination of yield-limiting factors for which a single rate of a specific crop input is 

appropriate (Doerge, 1999).  Sensor-based information such as remotely sensed data has 

shown potential for the development of management zones, because sensor-based 

measurements can provide noninvasive, quantitative, and repeatable data reflecting 

potential field productivity at relatively low cost.  
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Apparent soil electrical conductivity (ECa) has become one of the most frequently 

used measurements to develop soil and crop management zone strategies due to its 

potential correlation with soil properties affecting crop productivity (Johnson et al., 2001; 

Schepers et al., 2004).  Maps of ECa along with other sensor-based field information such 

as landscape attributes and aerial images have been suggested as potential resources for 

developing management zones (Fridgen et al., 2004; Schepers et al., 2000; Chang el al., 

2003; Schepers et al, 2004).  To use these data for developing management zones, spatial 

relationships between these data and variation of soil properties and crop yield in a given 

field should be quantified and the factors responsible for that variation identified.   We 

hypothesize that soil-based management zones using sensor-based data could be 

promising tools to improve site-specific crop management in North Carolina.  The goal of 

our proposed research is to develop strategies for optimal characterization of soil 

chemical and physical properties that are important for site-specific soil and crop 

management in agricultural fields of the Coastal Plain and Piedmont of North Carolina. 

 

The objectives of this research were to  

i) examine the spatial relationships between ECa and soil chemical and 

physical properties to determine if ECa could be useful to characterize the 

spatial variability of soil properties related to crop productivity to facilitate 

SSM in agricultural fields of the Coastal Plain and Piedmont of North 

Carolina. 
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ii) evaluate the effects of in-situ soil moisture variation on ECa mapping as a 

basis for characterization of soil spatial variability and as a data layer in 

cluster analysis as a means of delineating sampling zones. 

iii) evaluate clustering approaches using different variable sets for 

management zone delineation to characterize the spatial variability of soil 

nutrient levels and crop yields in agricultural fields of the Coastal Plain 

and Piedmont of North Carolina.   

 

Apparent Soil Electrical Conductivity (ECa) 

Apparent soil electrical conductivity (ECa) has become one of the most frequently 

used measurements to characterize field variability for application to site-specific 

management (SSM) due to its relative ease of use and its potential correlation with soil 

characteristics that can affect crop productivity.  In fact, ECa has no direct effect on crop 

growth and yield, but the spatial variation of ECa has been shown to be correlated with 

soil properties affecting crop productivity.  Several studies have reported that ECa is 

related to variation in crop productivity caused by soil differences (Jaynes et al., 1995; 

Kitchen et al., 1999; Luchiari et al., 2001).  In general, ECa can be affected by a number 

of different soil properties, including soil water content (Kachanoski et al., 1988; 

Kachanoski et al., 1990;), soil organic matter (Jaynes et al., 1995; Banton et al., 1997), 

drainage conditions (Kravchenko et al. 2002), salinity (Williams and Hoey, 1987; 

McNeill, 1992), soil texture (Williams and Hoey, 1987; Banton et al., 1997), and depth to 

claypan horizons (Doolittle et al., 1994; Sudduth et al., 1995; Kitchen et al., 1999).  

Because many of these factors are related to crop yields, ECa
 measurements can be used 
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on some soils as a surrogate measure of soil chemical and physical properties at low cost 

(Jaynes, 1996; Clark et al., 2001; Hartsock et al., 2001).  

It is important to understand the basic theories and principles of ECa measurement 

to appreciate their application in characterizing soil spatial variability for site-specific soil 

and crop management.  The electrical conductivity model suggested by Rhoades et al. 

(1989) indicate that ECa measurement is a function of soil physical and chemical 

properties such as soil salinity, saturation percentage, soil moisture content, and soil bulk 

density.  Using equations [1]-[6] formulated by Rhoades et al. (1989), the ECa can be 

estimated:   
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where: 

ECa = apparent bulk soil electrical conductivity (dS m-1) 

ECSS = electrical conductivity of the soil-solid pathway (dS m-1) 

ECW = average electrical conductivity of the soil water (dS m-1) assuming equilibrium 

(ECW = ECSW = ECCW ) 
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ECe =  electrical conductivity of saturation extracts (dS m-1)  

θSS = volumetric water content in the soil-solid pathway (cm3 cm-3) 

θSW: = volumetric water content in the soil-water pathway (cm3 cm-3) 

θw = total volumetric water content (cm3 cm-3) 

SP = saturation percentage  

PW = soil gravimetric water content (g cm-3)   

ρb = soil bulk density (g cm-3).  

 
Since soil bulk density and saturation percentage are closely associated with the soil 

texture and soil moisture, ECa measurements in non-saline soils could be driven primarily 

by soil texture and soil moisture (Corwin and Lesch, 2003).  Both soil texture and soil 

moisture are primary controlling factors affecting soil water availability to crops. Because 

soil water is one of the essential factors that affect yield variation, ECa maps often exhibit 

similar spatial patterns to yield maps.  Therefore, spatial measurement of ECa has been 

examined as a potential measurement for explaining variability in crop productivity.  

Currently, there are two primary methods of measuring ECa, the direct or contact 

method and a non-contact method that utilizes electromagnetic induction (EMI).  Contact 

methods use voltage between electrodes in contact with the soil, directly measure the 

resistance of the soil to the resulting current, the reciprocal of which is a direct measure 

of ECa.  The principle of electromagnetic induction used to measure ECa is shown in Fig. 

1.1 (Rhoades et al., 1989).   A radio frequency transmitter coil generates primary time-

varying magnetic fields.  These magnetic fields induce circular eddy-current loops in the 

soil.  The magnitude of these loops is proportional to the electrical conductivity of the 
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soil in the area surrounding that loop.  Each current loop generates a secondary 

electromagnetic field that is proportional to the value of the current flowing within the 

loop.  A receiver coil in the vicinity of the transmitter coil intercepts a portion of the 

electromagnetic field from each loop and through the instrument circuitry and appropriate 

functions, a measurement of ECa is derived.   

Rapid spatial measurement of ECa can be accomplished using non-contact EMI 

sensors (McNeil, 1992) or direct-contact sensors such as rolling coulters that measure 

electrical resistance directly (Lund et al., 1999).  The EM38 (Geonics Limited, 

Mississauga, Ontario, Canada) is a non-invasive sensor that uses the principle of EMI to 

measure ECa.  The EM38 is a lightweight bar designed to be carried by hand and provide 

stationary ECa readings.  The EM38 is designed specifically for measuring ECa in the 

surface 0 to 0.75 m of soil in the horizontal mode and from 0- to 1.5-m depth in the 

vertical mode.  This is approximately the same depth as the rooting zone of annual crops.  

Sensitivity to the near surface in the vertical dipole mode is relatively low but increases 

with depth, with maximum sensitivity at about 30 to 60 cm.  In the horizontal dipole 

mode, sensitivity is at a maximum at the surface and decreases exponentially with depth 

(McNeil, 1992; McKenzie et al., 1989).  The other popular ECa sensor, the Veris Model 

3100 sensor cart (Veris Technology, Salina, Kansas), identifies soil variability by directly 

sensing ECa.  As the Veris 3100 cart is pulled through the field, a pair of coulter 

electrodes transmits an electrical current into the soil, while two other pairs of coulter 

electrodes measure the voltage drop.  The measurement electrodes provide ECa values 

over approximately 0- to 30-cm (shallow reading) and 0- to 90-cm depths (deep reading) 

(Lund et al, 1999).   Sudduth et al. (1999) compared ECa measurements obtained using 



 8

EMI and direct sensing methods.  Maps generated from the two sensors exhibited similar 

patterns at the field scale. Differences between maps were attributed to variations in 

sensing depth between the two sensors. 

Management Zones 

The concept of management zones has been proposed as a solution to the 

problems associated with grid sampling as well as a method to more efficiently apply 

crop inputs in site-specific management (SSM).  The delineation of management zones is 

a way of classifying the spatial variability within a field into subregions with similar soil 

properties and crop growth parameters, where a uniform rate of a particular crop input is 

appropriate (Doerge, 1999).  The basic idea of management zones is that fields can be 

sampled using a zone or directed sampling method where soil samples are composited 

from field subregions (zones) similar input use efficiency, crop yield potential, or 

environmental impacts (Pocknee et al., 1996).  Each management zone can be 

characterized via the minimal amount of sampling required to describe soil characteristics 

within it.  Therefore, zone sampling can minimize the number of soil samples necessary 

for field characterization compared to intensive grid sampling.   

To attain maximum efficiency of crop inputs through a management zone strategy, 

the following practical considerations for defining management zones were suggested by 

Doerge (1999): a relationship with crop yield, free or low cost of data, data that are 

quantitative and repeatable, high density of the data, and scale of the data appropriate to 

the variable rate management anticipated.  Therefore, remote sensing technology is 

especially appealing to identify management zones because it is noninvasive and cost-

effective (Mulla and Schepers, 1997) and has the potential to provide high density 



 9

quantitative data.  Additionally, scientific evidence supporting the practical use of remote 

sensing technology to characterize soil characteristics important to management is 

increasing (Varvel et al., 1999).  

A number of procedures have been used to identify within-field management 

zones for site-specific management (SSM).  The potential resources for the field 

characteristics commonly used to define management zones are management history, 

aerial images, terrain attributes, yield maps, soil surveys, and sensors for detecting soil 

property information (e.g., electrical conductivity) (Doerge, 1999).  For example, one 

approach uses relatively stable soil properties such as ECa and/or landscape features in 

conjunction with soil-landscape models to estimate patterns of soil variability (Bell et al, 

1995).  Topographic attributes and landscape position data have been widely used to map 

within-field areas of high and low productivity based on water availability (Jones et al., 

1989; Jaynes et al., 1995; Sudduth et al., 1997).  In these studies, footslope positions 

generally out-yielded side-slope positions unless ponding resulted from poor drainage. 

Spatial measurements of ECa have also been used to delineate management zones based 

on yield variability caused by soil water differences (Jaynes et al., 1995; Sudduth et al., 

1995).  Fraisse et al. (1999) showed that ECa, elevation, and slope were the most useful 

attributes for the delineation of within-field management zones.  Franzen et al. (2000) 

determined that zones based on topography significantly reduced the amount of sampling 

required and that variable-rate N applications were profitable provided soil N variability 

was great enough.  Spatial patterns in wheat yield and soil fertility in the Palouse region 

of Washington have been correlated to patterns in soil organic matter (SOM), and 

management zones have been created based on varying levels of SOM (Mulla, 1993).  
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Higher yields were associated with higher SOM and the yield differences between each 

management zone were statistically significant. 

An alternative source of high spatial resolution information that has been used in 

the development of potential management zones is image-based remote sensing.  Fleming 

et al. (2004) used aerial images of soil color, topography, and farmers� management 

experience to delineate MZ in two irrigated Iowa cornfields.  Bare-soil images along with 

elevation, aspect, slope, and soil electrical conductivity have been applied to delineate 

soil-based management zones (Blackmer and Schepers, 1996; McCann et al., 1996; 

Fleming el al., 2004; Gerwig el al., 2000; Luchiari et al., 2001; Schepers et al., 2000). 

Multi-year yield maps have been used to develop yield zones.  Researchers have 

begun to examine the patterns observed in yield maps, based on the premise that crop 

yield variation is affected by soil spatial variability (Boydell and McBratney, 1999; 

Flowers et al., 2005).   Kitchen et al. (1995) used a classified yield map from the previous 

year to determine �yield potential� zones within a field.  Their success was quantified by 

applying variable N fertilizer according to yield goals calculated for each zone, and 

observing a reduction in residual soil nitrate (NO3) in comparison with uniform treatment 

within the zones. When more than one year�s yield maps are available for a field, the 

recognition of stable response patterns becomes important for the determination of 

management units.  Van Uffelen et al. (1997) proposed a weighted taxonomic distance 

measure to quantify the similarity between patterns in yield maps over 8 years of 

simulated data.  A benefit of the simulation process is that yield levels displayed in the 

dominant pattern may be utilized as the yield goals for the management units.  Lark and 

Stafford (1997), using actual yield data, employed a fuzzy multivariate clustering 
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analysis on three years yield data in an attempt to define regions of a field that may 

present similar factors limiting/governing yield.   

Landscape Attributes Related to Yields and Soil Properties 

Landscape attributes have been shown to be a critical factor affecting yield 

variability.  Since plant-available water and soil physical and chemical properties vary 

with landscape position and contribute to differences in plant response and yields, 

landscape attributes have shown a potential to explain yield variability in previous studies.  

Wibawa et al. (1993) found that yield potentials were different depending on landscape 

positions.  Higher corn yields were found on footslopes than backslopes, which had 

higher yields than summit positions.  Relationships between spatial variability of field 

parameters and corn yield variation were evaluated by Karlen et al. (1999).  They 

reported that the corn yield variation was correlated with landscape attributes.  Khakural 

et al. (1999) also found that landscape position was related to soybean and corn yields.  

Nolan et al. (1995) reported that landscape position was related to yield increases due to 

fertilizer additions in an Alberta field.  They found that wheat and canola yield responses 

due to N fertilizer additions were greater on footslope positions than on shoulderslope 

positions.  Yield differences were primarily influenced by differences in nutrient 

efficiency related to soil available water.  Fiez et al. (1994) found that landscape position 

in eastern Washington explained 63% of the winter wheat yield variation.  Slope and 

aspect were the primary factors in explaining yield variation due to different soil moisture 

availability.  Fiez et al. (1995) found that N uptake efficiency was different depending on 

landscape position, thus different landscape positions required different amount of N 

fertilization.  Bruulsema et al. (1996) reported that relationships between corn yield and 
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landscape position varied depending on fields in Minnesota.  Wyciskalla et al. (2000) 

also reported that landscape attributes were correlated to soil chemical and physical 

properties, but not to corn yield in the Illinois fields.  

Previous studies have also showed correlations between landscape attributes and 

soil chemical and physical properties.  Brubaker et al. (1993) also reported that soil 

properties varied with landscape position in eastern Nebraska fields. Extractable K, CEC, 

clay content, and soil organic matter generally decreased down slope, while sand and silt 

contents, pH, extractable Ca and Mg, and base saturation (BS) generally increased down 

slope. Khakural et al. (1996) reported that landscape attributes were correlated with 

nutrient levels and soil texture in glacial soils.  Pachepsky et al. (2001) found that slope 

derived from a digital elevation model (DEM) was correlated to soil texture.  They 

reported that 60% of the variation in soil water content, which was correlated to soil 

texture, was explained by landscape attributes. 

 The potential relationship of landscape attributes with soil properties and crop 

yields observed in these studies suggests that landscape properties could be essential 

information for SSM, especially for developing management zones.   

Aerial Soil Imagery in SSM  

Remotely sensed images have been proposed as auxiliary attributes for directed 

sampling for SSM (Bhatti et al., 1991; Mulla, 1997; McCann et al., 1996; Franzen et al., 

1999).  Optical remote sensing technology offers the potential for identifying fine-scale 

spatial patterns in soil properties and crop yield within fields, and optimizing the soil 

sampling strategy to quantify those patterns.  
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Remote sensing provides three major types of imagery: aerial photography, 

airborne imagery from video and digital cameras, and satellite imagery. Aircraft-based 

remote sensing can provide valuable information for SSM application because of its 

ability to acquire timely high resolution imagery over an entire field or even a larger area 

during the growing season. Therefore, images from aircraft-based sensors have a unique 

role for monitoring seasonally variable soil and crop conditions and for time-specific and 

time-critical crop management. Among the advantages of airborne imagery are its low 

cost, real-time or near-real-time availability of imagery for visual assessment and 

computer image processing, and its ability to obtain high spatial resolution spectral data 

in the visible to mid-infrared region of the spectrum (Everitt and Escobar, 1989; Mausel 

et al., 1992; Everitt et al., 1995). Therefore, it has been used in precision agriculture for 

study of soil and crop conditions (Blackmer and White, 1996; Tomer et al., 1997). Digital 

aerial and satellite remote sensing technology allows detailed information on a 1 m scale 

to be collected across a field. Despite the current evolution of ever more sophisticated 

digital imaging systems, aerial film photography remains one of the most reliable and 

most widely used forms of remotely sensed imagery. Airborne imagery from both video 

and digital cameras is a fairly new remote sensing technique. It has been used as a 

versatile data-gathering tool for assessing natural resources and monitoring agricultural 

crops since the 1980s (Everitt and Nixon, 1985; Pearson et al.,1994). Current satellite 

imagery has also been satisfactory for identifying crop types and monitoring severe plant 

growth problems, but it still has coarse spatial resolutions, long repeat cycles, and high 

cost relative to aerial imagery. Moreover, satellite imagery is expensive and delivery time 

from acquisition to the user is long.  
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For SSM, there are specific requirements on the spatial, spectral, and temporal 

resolutions of remotely sensed imagery. Since precision farming requires detailed 

information about soil and crop conditions, a spatial resolution of 5 m or less seems to be 

required and some specific applications may need resolutions in the order of centimeters 

(Robert, 1996). Timeliness is also a very important requirement for using remote sensing 

data in some agricultural applications. Some applications such as crop stress, disease, and 

pest management may require information within a few hours to a few days of when the 

problems occur, while others may require information at regular intervals over the 

growing season. Moreover, the frequency of image acquisition needs to be flexible to 

account for cloud interference. Airborne video and digital imagery can meet most of the 

spatial, spectral, and temporal requirements for SSM.  

Soil color can provide information about surface soil conditions such as soil 

moisture and organic matter for site-specific management practices (Schepers and 

Blackmer, 1996). Black and white images effectively display surface soil organic matter 

that can be correlated to soil texture and landscape position. The advantage of aerial 

photographs is that they are easily obtained, cover a large area, and are relatively 

inexpensive. McCann et al. (1996) determined that black and white aerial photographs 

could be used as a cost-effective method to delineate soil management units. In a glacial 

till soil in Saskatchewan, management units made from the photographs had a close 

relationship to intensively measured soil properties related to soil organic matter. Mulla 

et al. (2000) found that targeted sampling utilizing near infrared (NIR) images of bare 

soil and crop canopies resulted in significant savings over uniform rate lime applications. 

Plant et al. (1999) used color-infrared (CIR) aerial photographs taken under bare soil 
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conditions and during the cropping season to identify the variability of soil texture, weed 

levels, and soil P levels. Results were used to subdivide two fields with high spatial 

variability into management zones. Yang and Anderson (1999) delineated management 

zones by classifying aerial CIR digital video images of grain sorghum fields into zones of 

homogeneous spectral response using an unsupervised classification procedure. Spectral 

responses in the green, red, and near infrared (NIR) portions of the spectrum were used to 

estimate biomass, leaf area index (LAI), and crop yield.  Grain yields were found to be 

significantly different among the production zones. 

Cluster Analysis 

Cluster analysis has been one of the most frequently used computational methods 

to develop soil and crop management zones (Fridgen et al., 2004; Schepers et al., 2000; 

Chang el al., 2003; Schepers et al, 2004).  Since the primary objective of cluster analysis 

is to define the structure of the data by placing the most similar observations into groups, 

cluster analysis is appropriate to delineate management zones.   

Cluster analysis is generally characterized as a descriptive, atheoretical, and 

noninferential method.  Since cluster analysis has no statistical basis upon which to draw 

statistical inferences from a sample to a population, it is used primarily as an explanatory 

technique.  Therefore, clustering solutions may not be unique, as the cluster membership 

for any number of solutions is dependent upon many elements of the procedure, and 

many different solutions can be obtained by varying one or more elements.  The cluster 

solution is totally dependent upon the variables used as the basis for 

similarity/dissimilarity measure.  The addition or deletion of relevant variables can have a 

substantial impact on the resulting solution of cluster analysis (Stamatis, 2002; Hair et al., 
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1998), resulting in different management zones for a given field.  The selection of 

relevant variables for cluster analysis could be critical to attain maximum efficiency of 

management zone strategy.   

Nonhierarchical k-means clustering is commonly used to group data into naturally 

occurring clusters aiming to minimize within-cluster variance and maximize between-

cluster variance (Khattree and Naik, 2000).  Cluster analysis uses the measurement of 

�distances� between observations to group the observations.  The Mahalanobis distance, 

a standardized form of the Euclidean distance, is most frequently used to measure 

dissimilarity (Khattree and Naik, 2000). The Mahalanobis distance approach performs a 

standardization process on the data by scaling in terms of the standard deviations and also 

sums the pooled within-group variance-covariance, which adjusts intercorrelations 

among the variables. The Mahalanobis distance is defined as: 

)()(),( 1 baSbabad −′−= −  

where S�1 is the inverse of the pooled sample variance-covariance matrix, and a and b are 

the respective vectors of measurements on groups 1 and 2. This measure has the distinct 

advantage of accounting for any correlations that might exist between the variables. 

Nonhierarchical k-means cluster analysis using SAS PROC FASTCLUS involves 

three basic steps (Khattree and Naik, 2000). First, the seeds as the initial centroids for the 

k clusters are selected using least squares. Second, all observations are assigned to the 

respective clusters with the nearest seed.  All cluster seeds are updated by replacing old 

seeds with the new cluster centroid. This step is repeated until the changes in cluster seeds 
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become very small or zero. Finally, when all observations are assigned to the clusters 

with seeds nearest to the corresponding observations, the final clusters result.  

One important problem in clustering analysis is to determine the number of 

clusters in a given data structure. A goodness-of-fit criterion such as R2 can only be 

utilized when the sampling distribution of the criterion to enable tests of cluster 

significance is known.  Therefore, ordinary significance tests, such as analysis of 

variance F tests, are not valid for testing differences between clusters. Since clustering 

methods attempt to maximize the separation between clusters, the assumption of random 

samples for the usual significance tests, parametric or nonparametric, are violated.  

The cubic clustering criterion (CCC) (Sarle, 1983) has commonly been used to 

estimate the number of clusters developed from Ward's minimum variance method, k-

means, or other methods based on minimizing the within-cluster sum of squares.   The 

CCC is based on the assumption that clusters are obtained from a uniform distribution on 

a hyperbox or hypercubes of the same size. The first step in devising a valid significance 

test for clusters is to specify the null and alternative hypotheses: 

H0: the data have been sampled from a uniform distribution on a hyperbox. 

Ha: the data have been sampled from a mixture of spherical multivariate normal 

distributions with equal variances and equal sampling probabilities. 

The above assumption is tested using the cubic clustering criterion (CCC) obtained by 

comparing the observed R2 to the approximate expected R2 using an approximate 

variance-stabilizing transformation.  This statistics is the product of  
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and 

 

where R2 represents the proportion of variance explained by clusters.  E(R2) is its 

expected value under the null hypothesis, and p is an estimate of dimensionality of the 

between-cluster variation. Positive values of the CCC mean that the obtained R2 is greater 

than would be expected if sampling from a uniform distribution and therefore indicate the 

possible presence of clusters. A good clustering is indicated by CCC >3. Higher values of 

CCC indicate better clustering. If CCC continues to increase with the number of clusters, 

it may indicate that the observations within a cluster are forming the pockets of several 

subclusters. The number of clusters in a given data structure is determined by the cubic 

clustering criterion (CCC), which is obtained from a uniform distribution on a hyperbox 

or hypercubes of the same size. The performance of the CCC is evaluated by Monte 

Carlo methods. 
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SUMMARY 

Numerous studies have investigated the potential use of ECa to describe soil 

spatial variability at the field scale and to develop management zones for application to 

site-specific management (SSM). Spatial measurements of ECa
 can be used on some soils 

as a surrogate measure of soil chemical and physical properties related to crop yield at 

low cost for SSM (Jaynes, 1996; Clark et al., 2001; Hartsock et al., 2001). Therefore, ECa 

mapping has been used to characterize soil spatial variability for soil sampling design 

(Johnson et al., 2001) and as a data layer for developing soil-based management zones 

(Chang el al., 2003; Fleming et al, 2004; Schepers et al., 2004). Cluster analysis of 

sensor-based field attributes such as ECa, bare soil radiance as captured by aerial 

photography, and terrain attributes such as elevation and slope has been widely applied to 

delineate soil and crop management zones (Chang el al., 2003; Fridgen et al., 2004; 

Schepers et al, 2004).   

In a previous study (Heiniger et al., 2003), ECa was evaluated as a means to 

estimate plant nutrient concentrations in North Carolina soils. This study indicated that it 

was unlikely that ECa could be used to directly estimate soil nutrient content in a field. 

However, the authors suggested that additional research on the relationships of ECa with 

soil moisture and soil texture would be necessary to determine whether ECa could be 

used to establish nutrient management zones. Nevertheless, none of these studies 

examined in detail the relationships between ECa and soil physical parameters, developed 

soil and crop management zones using ECa along with sensor-based field information, 

nor evaluated the efficacy of soil-based management zones in explaining soil nutrient 

variability in North Carolina. In this study, we evaluated: (i) the spatial relationships 



 20

between ECa and soil chemical and physical properties to determine if ECa could be 

useful in characterizing soil properties related to crop productivity and thus useful for 

SSM, (ii) the effects of in-situ soil moisture variation on ECa mapping as a basis for 

characterization of soil spatial variability and as a data layer in cluster analysis to 

delineate sampling zones, and (iii) clustering approaches using different data sets for 

management zone delineation to minimize spatial variability in soil nutrient levels and 

crop yields in agricultural fields of the Coastal Plain and Piedmont of North Carolina. 

This information could be essential for the successful utilization of ECa sensors as well as 

other remote sensing techniques for SSM in North Carolina. 
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Fig. 1. 1. Diagram showing the principle of operation of electromagnetic induction by 

EM 38 (Geonics Ltd., Mississauga, Ontario,Canada). 
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Spatial Relationships between Apparent Soil Electrical Conductivity and Soil 

Properties: Implications for Management Zone Delineation   

ABSTRACT 

Apparent soil electrical conductivity (ECa) has become one of the most frequently 

used measurements to characterize field variability for site-specific management (SSM).  

Our study objective was to examine the spatial relationships between ECa and soil 

chemical and physical properties to determine if ECa could be useful to characterize soil 

properties related to crop productivity for SSM in agricultural fields representative of 

millions of hectares of cropland in the southeastern USA.  Spatial measurements of ECa 

via electromagnetic induction (EMI) were collected in five fields in two physiographic 

regions of North Carolina, the Coastal Plain and the Piedmont. Soil ECa was compared 

with soil chemical parameters (extractable P, K, and micronutrients; pH, cation exchange 

capacity [CEC], humic matter or soil organic matter) and physical parameters (percentage 

sand, silt, and clay; plant-available water [PAW] content; bulk density; cone index; and 

in one of the coastal plain fields, saturated hydraulic conductivity [Ksat]).  The strengths 

and signs of the correlations between ECa and measured soil properties varied among the 

five fields.  Few strong direct correlations were found between ECa and the soil chemical 

and physical properties studied (r2 < 0.50).  Correlations improved considerably when 

zone mean ECa and zone means of selected soil properties among zones derived from 

clustering with ECa were compared.  Our results indicated that field-scale ECa survey has 

limited ability to predict extractable soil nutrient levels directly at a specific location, but 

could be used to delineate distinct sampling or management zones among which soil 

nutrient levels differ, providing an effective basis for soil sampling.  This implies that ECa 
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has the potential use as a data layer for identifying soil-based management zones with 

differing nutrient requirements and crop productivity in important agricultural areas of 

the southeastern USA. 
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INTRODUCTION 

The development of sensors that can provide areally dense data georeferenced 

using the global positioning system (GPS) and analyzed and displayed using geographic 

information systems has provided alternative ways to characterize field-scale soil 

variability for site-specific management (SSM).  Among these are portable sensor that 

measure apparent soil electrical conductivity (ECa) relatively quickly and easily in 

agricultural fields.  Soil ECa (hereafter, ECa) has become one of the most frequently used 

means of characterizing soil spatial variability for site-specific management (SSM) due to 

its ease of measurement and its potential correlation with soil characteristics that can 

affect crop productivity.  Furthermore, spatial measurement of ECa may be particularly 

valuable because it can assess subsoil properties for SSM, while optical remote sensing 

relies on surficial radiation from fields.  

Previous ECa studies for SSM have shown a great potential for application of ECa 

to SSM, since ECa is often correlated to selected soil properties related to crop 

productivity including soil water content (Kachanoski et al., 1988; Kachanoski et al., 

1990), soil organic matter (Jaynes et al., 1995; Banton et al., 1997), drainage conditions 

(Kravchenko et al., 2002), salinity (Williams and Hoey, 1987; McNeill, 1992), soil 

texture (Williams and Hoey, 1987; Banton et al., 1997), and depth to claypan horizons 

(Doolittle et al., 1994; Sudduth et al., 1995; Kitchen et al., 1999). Also, field-scale ECa 

maps have been used as a data layer to define soil-based management zones, since ECa 

may reflect the cumulative effects of a variety of soil properties related to crop yield 

(Kitchen et al., 1999; Hartsock et al., 2001) and is relatively spatially stable over time 

(Sudduth et al., 2000; Mueller et al., 2003). Several researchers have reported that ECa 
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was useful in identifying field sites with different properties (Sudduth et al., 1999; 

Johnson et al., 2001). However, caution is necessary when using this technology because 

of the high sensitivity to soil type and management practice in a given field (Lund et al., 

1998).  In some cases, ECa measurements can be correlated directly to a single soil 

physical property; however, many studies of ECa applications in SSM have shown that 

weak and inconsistent relationships between ECa and soil characteristics can exist, 

depending on fields (Johnson et al., 2001; Heiniger et al., 2003; Mueller et al., 2003).  

These inconsistent relationships could be due to the potentially complex 

interrelationships between ECa and soil characteristics. Thus, it is necessary to understand 

what factors are most significantly influencing the variation of ECa within a specific field 

before this technique can be applied to characterize soil spatial variability or develop 

management zones for SSM.  

 Agricultural fields in the coastal plain and piedmont regions of the southeastern 

USA including North Carolina frequently have multiple soil map units (SMU) within 

them, despite their sometimes relatively small size, and a wide range of soil textures and 

properties. However, the magnitude of this within-field soil spatial variability and its 

relationship with crop productivity are not well documented. Field-scale characterization 

of soil spatial variability is needed to develop effective site-specific management in North 

Carolina. 

 The primary soil characteristics affecting crop productivity in the southeastern 

USA, could be drainage classes in the Coastal Plain and soil texture and landscape 

attributes in the Piedmont.  Drainage classes could be an important soil characteristic 

influencing nutrient distribution, because they affect water flow and solute transport.  
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Drainage classes also affect organic matter accumulation, which in turn can influence 

nutrient retention and water holding capacity.  Because plant available water and soil 

physical and chemical properties vary with landscape position, landscape attributes could 

contribute to differences in crop yields, especially on undulating fields in the Piedmont.  

Soil texture affects yield through water holding capacity or by how nutrients and 

pesticides are retained. Because ECa has been shown to be correlated with drainage 

conditions (Kravchenko et al., 2002) and soil texture (Williams and Hoey, 1987; Banton 

et al., 1997), it would be reasonable to expect that ECa might be helpful in characterizing 

spatial variability of nutrient availability and crop yields for SSM in the southeastern 

USA. 

 Simple correlation analysis is frequently applied for ECa data analysis in precision 

agriculture to determine the predominant factors influencing ECa in a given field (Corwin 

and Lesch, 2003; Kitchen et al., 2003). Therefore, we examined the direct correlation of 

ECa with selected soil chemical and physical properties in this study using simple 

correlation analysis to identify the primary factors associated with ECa variation in a 

given field. The main objective of this chapter is to examine the spatial relationships 

between ECa and soil chemical and physical properties to determine if ECa could be 

useful to characterize soil properties related to crop productivity for SSM in North 

Carolina agricultural fields. We also evaluated the potential use of ECa as a spatial data 

layer for identifying soil-based management zones with differing nutrient requirements 

and crop productivity.  This information could be fundamental for the successful 

implementation of ECa techniques for SSM in North Carolina.  
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MATERIALS AND METHODS 

Field Description 

Research was conducted on five fields in North Carolina. Because the study sites 

varied physiographically and had multiple soil map units within and among fields (Table 

2.1), a wide range of soil textures and properties and a substantial degree of spatial 

variability were expected within and among individual fields.  Table 2.1 shows the 

general descriptions of each field including size, soil sampling grid dimensions, and soil 

types. All fields had varied cropping histories predominated by a two-year corn-wheat-

double-crop soybean rotation.  Previous P, K, and lime applications had been uniformly 

applied based on soil test recommendations. 

There were three fields in the Coastal Plain; two in Wayne County (denoted as 

�Overman� and �Schoolteacher�) and one in Lenoir County (�Kinston�). The Wayne 

County fields were conventionally tilled, while the Kinston field was tilled prior to wheat 

followed by no-till soybean and corn.  These fields were mapped at two different scales: 

Order 2 (1:24 000) and Order 1 (1: <3500) (Table 2.1).  The Overman field had been 

farmer-managed, while the Kinston and Schoolteacher fields were experiment station 

research fields.  The Kinston field at the Lower Coastal Plain Tobacco Research Station, 

Kinston, NC, had been used for a site-specific N management experiment since fall, 2000.  

The soils in this field had been classified as three soil series in different drainage classes 

(Table 2.1).  The Schoolteacher field, which was adjacent to the Little River at the Center 

for Environmental Farming Systems, Goldsboro, NC, was utilized for tillage and cover 

crop research.  
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Two additional fields (�Baker� and �Graham�) were located in the piedmont 

region in Rowan County, North Carolina. These fields were farmer-managed using 

continuous no-tillage practices.  The Graham field was made up of what were once 

smaller independent fields.  Five years before sampling, approximately half the area was 

in pasture. The Baker field was also a composite of several smaller fields, approximately 

half of which were in pasture until seven years prior to sampling.  

 

Data Collection 

The ECa surveys were conducted using a mobile system that included an all-

terrain vehicle, a non-metallic trailer for carrying an EM38 ground conductivity sensor 

(Geonics, Ltd., Mississauga, Ontario, Canada), a differential GPS (DGPS) receiver, and a 

field personal computer (PC) for data collection.  The ECa surveys were conducted 

between March and August 2004 in Kinston; February 2002 in Overman; January 2004 

in Schoolteacher; and October 2004 in Baker and Graham. We used SensorTrack in the 

software program HGIS (Starpal, Inc., Fort Collins, CO) to simultaneously collect DGPS 

and ECa data on a 1-s interval on transects spaced approximately 10 m apart in the coastal 

plain fields and approximately 20 m apart in the piedmont fields.  The resultant data 

density was approximately 350 points ha-1 in the Coastal Plain and 150 points ha-1 in the 

Piedmont. An offset in HGIS was used to account for the distance between the DGPS 

antenna and the EM38.  These surveys were performed in horizontal mode (�horizontal 

ECa�) with an effective measurement depth of about 0.75 m and in vertical mode 

(�vertical ECa�) with an effective measurement depth of about 1.5 m.  The highest 
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sensitivity in vertical mode is at approximately 0.4-m depth, while in the horizontal mode 

it is at the soil surface (McNeil, 1992).   

 Soil samples were collected from 16 to 60-m equilateral triangular grids 

depending on the size of fields (Table 2.1).  A composite soil sample to a depth of 0.2 

meters was taken at each grid location in the conventionally tilled fields, while in the no-

till fields, soils were sampled to 0.1-m depth, both in accordance with North Carolina 

Department of Agriculture and Consumer Services (NCDA&CS) Agronomic Division 

Soil Testing Laboratory recommendations (Hardy et al., 2003). The samples were air-

dried. All samples except those from Kinston were analyzed by the NCDA&CS 

laboratory for: Mehlich-3 (Mehlich, 1984a) extractable P, K, Ca, Mg, Na, Fe, Mn, Cu, Zn, 

and Al; CEC by sum of bases and acidity; base saturation (BS); pH (1:1 H2O); and humic 

matter content by photometric determination (Mehlich, 1984b). The Kinston samples 

were analyzed by Brookside Laboratories (New Knoxville, OH) using the same methods, 

except that in place of HM, soil organic matter (SOM) was determined via loss on 

ignition. Soil organic matter and humic matter are highly correlated (r2 = 0.95; Harrison 

et al., 1976) in North Carolina soils and in the Kinston field (r2 = 0.83; Fig 2.1). Humic 

matter (HM) data in Fig 2.1 were from a previous study (Williams, 2005) wherein soil 

samples were collected on a 20-m equilateral triangular grid by compositing eight cores 

taken within 1 m of a grid point using a 20-mm diameter soil probe to a 20-cm depth and 

analyzed for HM by NCDA&CS Soil Testing Laboratory.   

Soil samples for particle size analysis were recollected from the Overman, 

Graham, and Baker fields using a stratified random sampling.  For each of these fields, a 

kriged ECa map was classified by equal area quantiles using the Geostatistical Analyst in 
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ArcGIS 8.3 (Environmental System Research Institute, Redlands, CA).  Ten geo-

referenced sampling sites were randomly selected in each class for a total of 50 sites 

within each field.  Soil cores were taken to a depth of about 1.5 m using a 7.6-cm 

diameter hydraulically driven soil tube (Giddings Machine Co., Windsor, CO).  The soil 

cores were sectioned into ten 15-cm increments.  Samples were air dried and ground to 

pass a 2-mm sieve after air-drying.  The fractions of sand, silt, and clay (particle size 

distribution) were determined by the hydrometer method after pretreatment to with Na-

hexametaphosphate (Gee and Bauder, 1986). For the statistical analysis, the values of 

percentage sand, silt, and clay were estimated at individual depth intervals of 0 to 15, 15 

to 30, 30 to 45, 45 to 60, 60 to 75, 75 to 90, 90 to 105, 105 to 120, 120 to 135, and 135 to 

150 cm, and at cumulative depth intervals of 0 to 15, 0 to 30, 0 to 45, 0 to 60, 0 to 75, 0 to 

90, 0 to 105, 0 to 120, 0 to 135, and 0 to 150 cm.  

For the Kinston field, soil core samples were taken to a depth of about 1 m using a 

hydraulically driven soil tube (Giddings Machine Co., Windsor, CO) at each of 60 

sampling locations Thirty of these were at the centers of ~61- by 61-m experimental plots 

with a second location per plot placed randomly within the constraints of being an 

adequate distance from the plot center, outside a plot border-harvest buffer area, and 

inline from plot to plot parallel to crop rows to facilitate field operations. These soil cores 

were sectioned into five depth increments of approximately 4 to 12, 19 to 27, 34 to 42, 49 

to 57, and 64 to 72 cm, which corresponded to the centerpoints of the co-located 

multisegment time domain reflectometry probes.  These 7.6-cm diameter by 7.6-cm high 

core segments were immediately placed in soil cans to minimize disturbance.  The soil 

cans were sealed using air-tight plastic caps and stored at 4°C until they could be 
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processed.  A total of 300 relatively undisturbed soil core samples were analyzed in the 

laboratory for saturated hydraulic conductivity (Ksat), soil water retention, bulk density, 

and soil texture.  Saturated hydraulic conductivity was measured using a constant head 

permeameter (Klute and Dirksen, 1986).  Bulk density was determined by drying the 

known-volume core samples in a 105°C oven for at least 24 hours or until constant 

weight and weighing.  Samples were ground and sieved to pass 2 mm. Soil water 

retention was determined on the sieved samples at -33 and -1500 kPa using the pressure 

plate method (Klute, 1986). Plant-available water was determined as the difference in soil 

water retention at -33 and at -1500 kPa (field capacity and permanent wilting, 

respectively; Cassel and Nielsen, 1986).  Soil texture was determined by the hydrometer 

method after pretreatment with Na-hexametaphosphate (Gee and Bauder, 1986). In the 

field, a cone penetrometer (DELMI, Shafter, CA) was used to determine penetration 

resistance (cone index; Bradford, 1986) near the locations where soil samples were 

collected.  For the statistical analysis, the values of soil physical parameters were 

estimated at the individual depth intervals of 4 to 12, 19 to 27, 34 to 42, 49 to 57, and 64 

to 72 cm, and at cumulative depth intervals of 0 to 12, 0 to 27, 0 to 42, 0 to 57, and 0 to 

72 cm. 

For the Schoolteacher field, 5.08-cm-diameter by 150-cm-deep cores were taken 

at 80 sampling locations and divided into 15-cm increments and bagged in plastic for 

transport.  A total of 800 samples were analyzed for particle size distribution, soil water 

retention, and plant available water content as above (Cassel and Nielsen, 1986).      
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Statistical Analysis 

 Interpolated maps of ECa derived from the survey data were produced by ordinary 

kriging using the Geostatistical Analyst in ArcGIS 8.3 (Environmental System Research 

Institute, Redlands, CA).  Because precision farming requires detailed information about 

soil and crop conditions, a spatial resolution of 5 m was considered appropriate (Robert, 

1996).  Because soil physical and chemical properties and ECa data collection were done 

at different intensities or scales, ECa at the soil sampling points was estimated by 

averaging the interpolated raster values within 10 m of each soil sample location to create 

a data matrix containing all variables at the same scale (Magri et al., 2005).  We 

examined direct correlations between ECa and all measured soil physical and chemical 

properties using PROC CORR in SAS version 9.1 (SAS Institute, Cary, NC).  

To evaluate ECa maps as a potential data layer for management zone development, 

nonhierarchical k-means clustering was performed on interpolated ECa maps to group 

ECa into naturally occurring clusters to minimize within-cluster variance and maximize 

between-cluster variance (MacQueen, 1967).  Nonhierarchical k-means clustering was 

performed using the vertical ECa survey of each field with planar X and Y coordinates 

using SAS PROC FASTCLUS (SAS Institute, Cary, NC). To compare the natural data 

structures of the ECa surveys across fields using cluster analysis, the optimal number of 

clusters in a given data structure was determined based on the cubic clustering criterion 

(CCC), which compares the observed R-squared to the expected R-squared from a 

uniform distribution on a hyperrectangle divided into clusters shaped roughly like 

hypercubes (SAS Institute, Inc., 1983).  After cluster analysis, statistical majority filtering 
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was performed using a 25- by 25-m moving window in ERDAS Imagine (Leica, 

Norcross, GA) to remove �salt and pepper� noise and create homogeneous zones. 

Differences in zone means of the soil test parameters most important to crop 

productivity (P, K, pH, CEC, and SOM) among the zones derived from clustering with 

ECa were tested using ANOVA in SAS PROC MIXED, with cluster zones as fixed 

effects and sample points within each zone as repeated observations (Littell et al., 1996).  

Since the independence assumption of the classical ANOVA model is violated when 

spatial correlation is significant, spatial covariance modeling can help avoid 

underestimating or overestimating the standard errors used to test the significance of an 

effect.  We expected a high degree of spatial correlation in our data, and consequently the 

classical ANOVA may not be appropriate for estimating treatment effects. To test this 

and to select an appropriate spatial covariance model if needed, we used the procedure 

outlined by Hong et al. (2005).  In brief, the mixed model including a spatial correlation 

structure via the REPEATED statement was fit using PROC MIXED. The initial values 

of the spatial covariance parameters were determined using S+ SpatialStats 2000 

(Insightful Corp., Seattle, WA) to model the weighted least-squares fit of the 

semivariogram of the residuals of the ANOVA model fit assuming independent errors.  

The restricted maximum likelihood (REML) was then used in PROC MIXED to 

iteratively estimate covariance parameters of the model (Zimmerman and Harville, 1991).  

Gaussian, spherical, and exponential models with and without nugget effects were 

compared to describe the covariance structure. The Akaike Information Criterion (AIC; 

Akaike, 1974) was used to select the best-fit model among the various spatial covariance 
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models tested and compare it to the traditional ANOVA assuming spatial independence, 

the latter to determine if the spatial model was necessary to analyze cluster zone effects. 

 

RESULTS AND DISCUSSION 

Spatial Variability of ECa and Soil Chemical and Physical Properties 

 The whole-field mean vertical ECa in these fields ranged from 2.7 to 28.1 mS m-1, 

with whole-field CVs ranging from 20 to 58% (Table 2.2; Fig. 2.2 to 2.6).  The mean 

horizontal ECa ranged from 1.8 to 18.3 mS m-1 with CVs ranging from 16 to 51% (Table 

2.2).  The mean vertical ECa in the piedmont fields ranged from 22.6 to 28.1 mS m-1, 

which were considerably greater than in the coastal plain fields where mean vertical ECa 

ranged from 2.7 to 5.9 mS m-1 (Table 2.2).  These differences in mean vertical ECa might 

be caused by the gross differences in soil particle size distribution (soil texture) between 

the coastal plain and piedmont soils.  Due to higher electrical conductivity contributed by 

physical contact between soil particles (Corwin and Lesch, 2003), clay soils in the 

piedmont fields would likely be better conductors than the sandy coastal plain soils. 

 The vertical ECa CVs were higher than those for the horizontal ECa in the coastal 

plain fields, while the opposite was found in the Piedmont. In comparing the horizontal 

and vertical ECa maps (Fig. 2.2 to 2.6), the coastal plain fields showed similar patterns 

between the horizontal and vertical ECa maps, while the piedmont fields had moderate to 

considerable dissimilarities between vertical and horizontal ECa patterns. Similar to these 

results, relatively stronger correlations (r > 0.65; Table A.1 to A.3) between horizontal 

and vertical ECa were found in the coastal plain fields compared to the piedmont fields (r 

< 0.36; Table A.4 and A.5).  The low and negative relationship between horizontal and 
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vertical ECa (r = - 0.26; Table A.4) found in the Baker field might be related to past 

management history.  Prior to 1994, this field was divided into two management units, 

one in row-crop production, the other in pasture. The spatial pattern apparent in the 

horizontal ECa map corresponded to the areas of the two prior management units.  The 

past management practice likely had a greater influence on the horizontal ECa survey 

with its highest sensitivity at the soil surface versus the vertical ECa survey with its 

highest sensitivity at approximately 0.4-m depth (McNeil, 1992).  Overall, a wide range 

of both horizontal and vertical ECa and substantial spatial variation were revealed across 

the five study fields.    

Measures of within-field soil chemical and nutrient spatial variability were 

represented by the standard deviation (SD), interquantile range (IQR), and coefficient of 

variation (CV) (Table 2.3). All soil chemical parameters except pH and base saturation 

(BS) showed substantial spatial variability with CVs varying from 12 to 79% (Table 2.3). 

The CV for pH and BS ranged from 3 to 15%.  Both high absolute (SD) and relative 

(CV) measures of variability indicated that relatively high variability of extractable P, K, 

and micronutrients existed.  The CEC and HM, which affect nutrient availability, also 

had relatively high variation within the fields, with CVs ranging from 12 to 60%.  A high 

degree of within-field variation in soil chemical properties related to crop productivity is 

one indicator that whole-field uniform management might not be efficient.   

The results from particle size analysis indicated that the majority of soils in the 

coastal plain fields had greater than 50% sand and less than 20% clay throughout the 

profile (0 to 150 cm-depth), and thus were mostly classified as sandy soils.  The range in 

percentage sand from 0 to 150 cm depth across the three coastal plain fields was 50 to 
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90% (Table A.6 to A.8).  These high sand percentages are typical of many coastal plain 

soils.  Sand content generally decreased with depth, while clay content increased.  

Relatively low average clay content (< 27%) was observed throughout the profiles.  The 

surficial depth increments in the coastal plain fields had low clay content, < 10%.  All the 

coastal plain fields exhibited increases in clay content beginning in the 30- to 75-cm 

depths, which is expected for Ultisols.  The CV of measured clay content of all sample 

points at each depth was relatively higher in the Overman (as high as 69%) and 

Schoolteacher (as high as 72%) fields than in the Kinston field (<34%).   

The piedmont fields had less than 36% sand, greater than 30% clay, and less than 

35% silt, and thus were classified as clay soils (Table A.9 and A.10).  Soils in the 

piedmont fields also showed an increase in clay content between 45- and 75-cm depth. 

The range of average clay content was 28 to 51%, and average clay content in the 

surficial increments was greater than 35%.  The CV of clay content in the Baker field (12 

to 24%) was relatively lower than in the Graham field (17 to 48%). 

The successful use of ECa for SSM requires sufficient spatial variability of soil 

properties to cause significant spatial ECa variability (Johnson et al, 2001). The relatively 

high variation in soil chemical and physical properties found in our study fields combined 

with the high variability in ECa, demonstrated that these fields were ideal for meeting our 

study objectives. 

Direct Relationships between ECa and Soil Chemical Properties 

Of the direct correlations between ECa and soil test P, K, Ca, Mg, Mn, Cu, and Zn 

levels, 31 out of 42 and 12 out of 18 comparisons were significant in the coastal plain and 

piedmont fields, respectively (Table 2.4).  Similar to the results from previous studies 
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(Johnson et al, 2001; Mueller et al., 2003), the strengths and signs of ECa correlations 

with soil nutrients varied among fields.  Except for the Kinston and Baker field horizontal 

ECa survey, the relationship between ECa and soil test P was consistently negative.  

Because P strongly binds to some clays, lower extractable P in association with higher 

ECa might be explained by greater P absorption as surface clay content increased 

(Johnson et al, 2001; Heiniger et al., 2003; Jung el al., 2005).   

Relationships between ECa and the macronutrients K, Ca, and Mg generally 

showed positive correlations with an exception of K with vertical ECa in the Graham 

field. These positive correlations might indicate that ECa was responding to increases in 

some cation concentrations in the soils. There were no significant relationships between 

ECa and Na, indicating that ECa measurements in these fields were not driven primarily 

by salinity. Corwin and Lesch (2003) reported that ECa measurements in non-saline soils 

could be driven primarily by soil texture and soil moisture. 

 The soil chemical properties pH, CEC, BS, and SOM/HM showed 16 significant 

relationships with ECa out of 20 comparisons in the coastal plain fields and in 11 out of 

14 cases in the Piedmont (Table 2.4). While the strengths of these correlations varied 

among fields, with the exception of pH their signs were generally consistent. Correlations 

of ECa with CEC or BS were positive, and with the exception of the Overman field, 

consistently negative with SOM/HM.   

The positive relationships of ECa with both HM and CEC in the Overman field 

make sense, because CEC is mainly associated with HM in coastal plain soils. Based on 

soil map units, the soils in the Kinston and Overman fields could be primarily 

differentiated by drainage conditions (Table 2.1).  Visual comparisons showed that the 
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areas with high ECa and HM in the Overman field corresponded well with the moderately 

well drained Goldsboro and well drained Norfolk which might be relatively wetter than 

the dominant (90%) soil in this field, the arenic Wagram (data not shown). Consequently 

the ECa variation might be associated with drainage conditions in the Overman field. 

However, similar patterns were not found in the Kinston field that also had soil types that 

differed in drainage classification and large spatial variability in HM. In the piedmont 

fields, ECa was positively correlated with CEC, but negatively correlated with HM.  

Because piedmont fields have a clay loam texture, changes in CEC are usually associated 

with changes in clay content. Thus, the positive correlation of ECa would be expected 

with clay content and CEC in these fields.  The Overman, Schoolteacher, and Graham 

fields, which had significant relationships between ECa and CEC, also had  more 

significant correlations between ECa and nutrient levels than the other fields. Since CEC 

can be mainly a function of HM in the coastal plain fields and clay content in the 

piedmont fields, significant relationships between ECa and CEC might imply that ECa 

could be related to drainage condition affecting organic matter accumulation in the 

Coastal Plain and to soil texture in the Piedmont. Therefore, these results indirectly 

suggest that drainage conditions in the Coastal Plain and soil texture in the Piedmont 

likely influence soil nutrient availability.  

The relatively strong correlations of horizontal ECa with P (r = 0.65) and pH (r = 

0.75) in the Baker field were likely due to past management history, since the spatial 

patterns apparent in maps of horizontal ECa, P, and pH showed a close association with 

the areas of the two prior management units.  The area of high ECa in the Baker field 

along the northern edge that had been in long-term row-crop production had received 
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lime and P, and had low HM, while the southern portion that previously had been pasture 

received no lime and P, and had high HM.  Therefore, high surface clay content in Ap 

horizons with low HM could elevate ECa in the long-term row-crop production area.   

The general trends of the relationships between vertical ECa and the soil test 

parameters most important to crop productivity (P, K, pH, CEC, and SOM/HM) across 

the five fields varied in the two physiographic regions (Fig. 2.7 to 2.11).  There were 

distinctly different patterns in the relationships, or lack thereof, between vertical ECa and 

soil test P, K, pH, CEC, and HM between the coastal plain and the piedmont fields.  Soil 

test P, K, pH, CEC, and HM generally decreased with increasing vertical ECa in the 

coastal plain fields (Fig. 2.7 to 2.11).  In the Piedmont fields, vertical ECa generally 

increased with increasing CEC (Fig. 2.10a), while no strong pattern between vertical ECa 

and extractable P, K, pH, and HM was found (Fig. 2.7, 2.8, 2.9, and 2.11). 

The general trends of the relationships between ECa and soil test P, K, pH, CEC, 

and HM were more apparent when zone mean soil test values and zone mean ECa among 

the zones developed from clustering with ECa across the study fields were compared, 

instead of using all sampling points (Fig. 2.12). In 13 out of 25 comparisons, the 

strengths of the relationships between ECa and soil test parameters improved (Fig. 2.13 to 

2.17).  For example, the correlation between mean ECa and P increased to r2 = 0.68 (n = 

7) in the Kinston field compared to the correlation between vertical ECa and P using all 

data points (r2 = 0.07; n = 467) (Table 2.4; Fig. 2.13). The correlations of zone mean ECa 

with soil test K, pH, CEC, and HM also dramatically improved compared to whole-field 

correlations for K, pH, CEC, and HM in the Kinston, Overman, and Graham fields, with 

two exceptions of pH in Kinston and HM in Graham (Fig. 2.14 to 2.17).  Because soil 
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texture and soil moisture could primarily drive ECa variation in non-saline soils (Corwin 

and Lesch, 2003), it is reasonable to assume that clustering with ECa likely divided the 

fields into zones of similar soil texture and soil moisture condition.  By dividing the fields 

into zones of similar soil condition, the predominant factors affecting ECa variation were 

accounted for, and thus the relationships of ECa with soil test parameters were 

strengthened.  

To evaluate the effectiveness of clustering with ECa  to delineate management 

zones, we compared zone P, K pH, CEC, and SOM/HM means using the PROC MIXED 

ANOVA adjusting for the spatial structure of the variability in each field (Table 5).  In 

this study, spatial correlation was significant for all cases, so the spatial model was used 

to test for significance among zone means of the soil parameters.  Mean P, K, pH, CEC, 

and HM were significantly different among zones (p ≤ 0.05) in 10 out of 25 cases. Except 

for the Overman field, mean P was significantly different among ECa zones in these 

fields. Mean K was significantly different in the Overman, Schoolteacher, and Graham 

fields. Zones derived from clustering with ECa thus showed potential to delineate within-

field areas having different nutrient levels, but the significance of the ECa zones varied 

depending on soil test parameters as well as fields.   

Overall results from correlation analysis showed that weak and inconsistent 

relationships between ECa and soil chemical properties (r2 <0.50) were found in five 

North Carolina agricultural fields. There are at least two possible explanations for the 

weak or nonsignificant relationships between ECa and soil chemical properties in the 

study fields. In this study, field-scale ECa survey using continuous measurement devices 

were used, while in the previous studies showing stronger correlations between ECa and 
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soil chemical properties of SOM and CEC (r2 > 0.50) (Jaynes et al., 1995; Banton et al., 

1997), ECa measurements were made only at the specific sampling points where the soil 

samples were actually taken to determine these properties. Interpolation effects might 

have contributed to the different correlation results found in the present study. Individual 

soil parameters can be strongly related to ECa when the spatial variability of a field is 

dominated by highly variable levels of a specific soil chemical or physical parameter that 

affects ECa (Jaynes et al., 1995). In contrast due to the buffering effect of corresponding 

variation in opposing soil parameters affecting ECa, contemporary effects by multiple soil 

characteristics may have caused either weak or nonsignificant relationships between ECa 

and individual parameters at point sources in these study fields.  The stronger correlations 

and the mean differences between zone mean ECa and soil test values among ECa zones 

found in some cases suggest that ECa has the potential to delimit distinct zones of soil 

conditions where soil nutrient levels differ.  Our results indicated that field-scale ECa 

survey using continuous measurement devices was not effective in predicting any of the 

individual soil properties, but that ECa cluster zone maps could show patterns of soil 

spatial variability within fields appropriate for developing management zones.  Therefore, 

the results showed that ECa has the potential to identify management zones with differing 

nutrient requirements.   

 

Direct Relationships between ECa and Soil Physical Properties 

Correlation analysis on the relationships of ECa with percentage sand, silt, and 

clay measured at the cumulative depth intervals showed 174 significant correlations out 

of 240 comparisons (Table 2.6). When the relationships between them were tested at the 
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individual depth intervals (Table A.12), 149 correlations were also significant out of 240 

comparisons, but these were generally weaker than those calculated for the cumulative 

depth intervals. This suggests that ECa could be an indicator of soil characteristics 

integrated over the soil profile. The EM38 measures a depth-weighted average of soil 

conductivity, which may explain why percentage sand, silt, and clay calculated at the 

cumulative depth intervals showed better relationships with ECa than those calculated at 

the individual depth intervals.  The strengths and signs of the direct correlations between 

ECa and percentage sand, silt, and clay varied from field to field (Table 2.5).  While 

percentage sand was positively correlated with ECa in the Kinston field, there were 

negative correlations between them in the other fields. Vertical ECa generally showed 

stronger correlation with sand content than horizontal ECa with an exception of the 

Overman field. Percentage silt was positively correlated with ECa in the Overman and 

Schoolteacher fields, while a negative correlation was found in the Kinston field. There 

were no significant correlations between ECa and silt content in the piedmont fields with 

an exception of horizontal ECa with silt at 0 to 15 cm in the Baker field. Percentage clay 

was positively correlated with ECa in all the study fields except for clay content at 0 to12 

cm in the Kinston field. The positive relationship of ECa with percentage clay is 

consistent with findings in several previous studies (Kachanoski et al., 1988; Johnson et 

al., 2001; Jung et al., 2005). Since the conduction of electricity in soils takes place 

through moisture-filled pores between soil particles, soils with high clay contents 

generally have more continuous water-filled pores that tend to conduct electricity easily 

than sandier soils (Rhoades et al., 1989).  Consequently, soils in the Coastal Plain, where 

sand contents are high, and clay contents commensurately low, are usually more 
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permeable with less continuous water-filled pores with lower moisture contents which 

results in lower ECa than soils in Piedmont. The lack of a physical explanation of the 

contrasting or nonsignificant relationship of ECa with soil texture found in the Kinston 

field might be evidence that there were the other factors controlling ECa that masked the 

influence of soil texture variation in the soil. For example, a scatter plot of ECa versus 

percentage clay (0 � 57 cm) showed no significant relationship using all sampling points, 

but suggested a strong positive correlation (r = 0.91) between ECa and percentage clay 

among some soil samples centralized within the scatterplot (n = 28 out of 60) (Fig. 2.18).  

In examining the sample points that appeared to be outliers of this central tendancy, the 

majority of these sampling locations were primarily associated with high ECa or high 

organic matter.  This implies that large-scale variation of ECa in this field might be the 

result of multiple soil characteristics, while localized variation of ECa was mainly 

contributed by clay content variation. 

The general trend of the relationship between ECa and clay content showed that 

ECa increased linearly with increasing clay contents across the five fields over two 

physiographic regions in North Carolina (r2= 0.80; Fig 2.19b). Similar to the results from 

soil chemical properties, correlations between ECa and clay content improved when zone 

mean ECa was compared with zone mean clay content among zones (Fig. 2.20 and 2.21).  

Except for the Kinston field, correlations between zone mean ECa and clay content 

measured at cumulative depths of 0 to 15 cm, 0 to 75 cm, and 0 to 150 cm among zones 

increased up to r2 = 0.99. Overall, the relationships between zone mean ECa and clay 

content (0 to 75 cm; 0 to 78 cm in the Kinston field) among zones across the five study 
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fields also showed that ECa increased linearly with increasing clay content over two 

physiographic regions in North Carolina (r2= 0.90; Fig. 2.21).    

We also examined the relationship between ECa and several other soil physical 

properties in the Kinston and Schoolteacher fields where such data were available.  The 

direct correlations of ECa with the soil physical attributes of bulk density, PAW, saturated 

hydraulic conductivity [Ksat], and cone index in the Kinston field (discussed in more 

detail in Chapter 3; Table 3.5), and bulk density and PAW in the Schoolteacher field 

(Table A.14) were examined.  In both the Kinston and Schoolteacher fields, bulk density 

in the surficial depth increments was positively correlated with ECa
.  The positive 

correlation between ECa and bulk density was reasonable, since compacted sandy soils in 

the coastal plain fields can have higher connectivity, which can result in higher ECa.  A 

positive correlation between ECa and PAW was observed in the Schoolteacher field, 

while there was a negative correlation between them in the Kinston field. Even though 

these fields are located in the same Coastal Plain region, relationships between soil 

properties and ECa varied depending on the field. Our results indicated that an ECa map 

in a given field would need to be investigated carefully and considerably before an EC 

survey could be used to characterize soil spatial variability for SSM.   

The results showed that the relationships of ECa with soil texture were generally 

stronger than those with chemical properties. This result was similar to the previous 

finding that differences in soil physical properties often influence ECa variation much 

more than differences in soil chemical properties (Jung et al., 2005). Since there were 

close relationships among CEC, soil texture, and ECa, measurements of ECa could be 
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substituted for detailed soil texture mapping to develop nutrient management zone 

showing where soil nutrient levels are likely to be different.    

 

CONCLUSIONS 

The relationships between ECa and soil chemical and physical properties were 

investigated to determine if ECa could be useful to characterize soil spatial variability for 

SSM in North Carolina agricultural fields. Field-scale ECa survey did not provide an 

accurate estimation of any single soil property in the five study fields. Similar to other 

studies (Johnson et al., 2001; Mueller et al., 2003), the strengths and signs of 

relationships between ECa and soil characteristics varied among fields. This result 

suggests that an adequate understanding of the relationships between ECa and soil 

characteristics within individual fields will be required for ECa to be used effectively for 

SSM in North Carolina. However, zones delineated by clustering with ECa showed 

potential to partition the spatial variability of soil test P and K, field-scale measurement 

of ECa could provide the basis for spatial delineation of soil variability for soil sampling 

and for fertilization with these nutrients. This result suggests that ECa maps do have a 

potential use as a data layer for a soil-based management zone strategy in North Carolina.  

Additional research is needed to determine if ECa surveys might be complemented by 

data derived from other remote sensing technologies (e.g., aerial color-infrared 

photography, lidar) in order to more efficiently develop soil-based management zones. 

Research is needed to determine if spatial measurements of ECa can be used along with 

other sensor-based field information in a multivariate analysis to describe the key factors 
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influencing changes in soil nutrient levels and to develop soil-based nutrient management 

zones for North Carolina�s Coastal Plain and Piedmont.  
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Table 2. 1. Field descriptions for the five study fields. 

    Survey Soil type   
Field  Area Grid size scale (USDA soil taxonomy classification) Areal extent 
 ha m   (% of field area) 

Coastal Plain 
Kinston  12.1 16 1:20 000 Norfolk  loamy sand  

(fine-loamy, siliceous, thermic Typic Kandiudult) 
11.9 

    Goldsboro loamy sand 
(fine-loamy, siliceous, thermic Aquic Paleudults) 

29.6 

    Lynchburg sandy loam  
(fine-loamy, siliceous,  thermic Aeric Paleaquults) 

58.5 

   1:3 000 Norfolk  loamy sand  
(fine-loamy, siliceous, thermic Typic Kandiudult) 

10.4 

    Goldsboro loamy sand  
(fine-loamy, siliceous, thermic Aquic Paleudults) 

62.7 

     Lynchburg sandy loam  
(fine-loamy, siliceous,  thermic Aeric Paleaquults) 

26.9 

      
Overman 14.7 21 1:20 000 Wagram loamy sand 

(loamy, kaolinitic, thermic Arenic Kandiudults) 
18.6 

    Norfolk  loamy sand  
(fine-loamy, siliceous, thermic Typic Kandiudult) 

11.8 

    Ruston  loamy sand, 0-2% slope  
(fine-loamy, siliceous, thermic Typic Paleudults) 

18.0 

    Ruston loamy sand, 2-6% slope  
(fine-loamy, siliceous, thermic Typic Paleudults) 

32.0 

    Lumbee sandy loam 
 (fine-loamy , silliceous, subactive, thermic Typic Endoaquults) 

18.9 

    Bibb sandy loam 
(coarse-loamy, siliceous, active, acid, thermic Typic Fluvaquents) 

0.2 
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   1:3 500 Wagram loamy sand, 0-6% slope  
(loamy, kaolinitic, thermic Arenic Kandiudults) 

90.0 

    Wagram loamy sand, 6-10% slope  
(loamy, kaolinitic, thermic Arenic Kandiudults) 

0.2 

    Norfolk loamy sand, 0-2% slope 
(fine-loamy, kaolinitic, thermic Typic Kandiudult) 

2.7 

    Norfolk loamy sand, 2-6% slope 
(fine-loamy, kaolinitic, thermic Typic Kandiudult) 

1.8 

    Goldsboro loamy sand 
(fine-loamy, siliceous, subactive, thermic Aquic Paleudults) 

1.7 

     Noboco loamy sand  
(fine-loamy, siliceous, subactive, thermic Typic Paleudults) 

3.6 

      
Schoolteacher 12 30 1:20 000 Kalmia loamy sand, 0-2% slope  

(fine-loamy , siliceous, semiactive, thermic Typic Hapludults) 
8.0 

    Kenansville loamy sand 
(loamy, siliceous, subactive, thermic Arenic Hapludults) 

30.0 

    Lumbee sandy loam  
(fine-loamy, silliceous, subactive, thermic Typic Endoaquults) 

16.0 

    Wickham loamy sand , 0-2% slope  
(fine-loamy, mixed, semiactive, thermic, Typic Hapludults) 

46.0 

   1:1 200 Bojac sandy loam, 0-3% slope  
(coarse-loamy, mixed, semiactive, thermic, Typic Hapludults) 

37.3 

    State fine sandy loam,  0-2% slope  
(fine-loamy, mixed, semiactive, thermic, Typic Hapludults) 

12.9 

    State fine sandy loam,  2-6% slope  
(fine-loamy, mixed, semiactive, thermic, Typic Hapludults) 

4.7 

    Tomotley fine sandy loam, 0-2% slope  
(fine-loamy, mixed, semiactive, thermic Typic Endoaquults) 

6.9 

    Wahee fine sandy loam, 0-2% slope  
(fine, mixed, semiactive, thermic Aeric Endoaquults) 

11.5 
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    Wickham loamy sand , 0-2% slope  
(fine-loamy, mixed, semiactive, thermic, Typic Hapludults) 

23.2 

     Yeopin very fine sandy loam  
(fine-silty, mixed, semiactive, thermic, Aquic Hapludults) 

3.5 

 
Piedmont 

Baker 26.9 68 1:20 000 Cecil sandy loam, 2-8% slope, eroded 
(clayey, kaolinitic, thermic Typic Kanhapludults) 

13.8 

    Cecil sandy loam, 8-15% slope, eroded 
(clayey, kaolinitic, thermic Typic Kanhapludults) 

17.5 

    Hiwassee clay loam, 2-8% slope, eroded 
(clayey, kaolinitic, thermic Typic Kanhapludults) 

58.4 

    Hiwassee clay loam, 8-15% slope, eroded 
(clayey, kaolinitic, thermic Typic Kanhapludults) 

3.7 

    Mecklenburg clay loam, 2-8% slope, eroded 
(fine, mixed, thermic Ultic Hapludults) 

2.8 

    Pacolet clay loam, 2-8% slope, eroded 
(clayey, kaolinitic, thermic Typic Kanhapludults) 

3.9 

      
Graham 36.4 35 1:20 000 Enon fine sandy loam, 2-8% slope 

(fine, mixed, thermic Ultic Hapludalfs) 
44.1 

    Mecklenburg clay loam, 2-8% slope, eroded 
(fine, mixed, thermic Ultic Hapludalfs) 

37.5 

    Mecklenburg clay loam, 8-15% slope, eroded 
(fine, mixed, thermic Ultic Hapludalfs) 

9.2 

    Sedgefield fine sandy loam, 1-6% slope 
(fine, mixed, thermic Aquultic Hapludalfs) 

9.1 
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Table 2. 2. Descriptive statistics of horizontal and vertical apparent soil electrical conductivity (ECa) measurements in three coastal 
plain and two piedmont fields. 

  Coastal Plain   Piedmont  
 Kinston Overman Schoolteacher Baker Graham 
  ECH� ECV� ECH ECV ECH ECV ECH ECV ECH ECV 
 -------------------------------------------------------     mS m-1     ------------------------------------------------------- 
Mean 1.8 3.1 5.7 5.9 1.8 2.7 5.0 22.6 18.3 28.1 
Standard deviation 0.6 1.2 0.9 1.6 0.9 1.5 2.1 5.7 7.2 5.5 
Minimum 0 0.1 4.1 3.1 0.01 0.01 0.1 5.7 0.01 6.1 
Maximum 4.6 6.6 10.3 12.1 5.0 7.9 16.7 36.2 56.9 54.2 
Interquartile range 0.7 1.2 1 2.2 1.3 2.1 3.0 9.0 9.7 6.9 
CV (%) 33 38 16 28 51 58 43 25 39 20 
� ECH: Horizontal measurement of ECa. 
� ECV: Vertical measurement of ECa. 
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Table 2. 3. Descriptive statistics of selected soil chemical properties in three coastal plain and two piedmont fields. 

Field n Statistic P K Ca  Mg Mn Zn Cu pH CEC BS HM 
   ---------------------------     g m-3     ------------------------  cmol kg-1 ------- % -------

 
Coastal Plain 

Kinston 467 Mean 150 118 540 119 5.3 2.4 1.0 5.89 5.42 81 1.49 
  Minimum 46 56 174 38 2.0 0.7 0.4 5.10 2.29 58 0.60 
  Maximum 406 248 1385 252 15.0 10.6 2.8 6.80 12.45 97 4.16 
  SD� 56 30 170 39 1.6 0.6 0.3 0.31 1.56 8 0.55 
  IQR� 69 37 194 50 2 1.7 0.4 0.40 1.80 11 0.51 
  CV (%) 37 25 31 33 31 23 30 5 29 9 37 
              
Overman 342 Mean 129 86 173 57 11.9 4.2 1.5 5.44 2.45 63 0.46 
  Minimum 22 23 73 21 3.4 1.6 0.4 4.60 1.30 32 0.13 
  Maximum 388 256 670 144 28.6 12.0 3.2 6.90 5.40 90 2.29 
  SD 50 33 60 18 4.8 1.9 0.4 0.32 0.62 10 0.28 
  IQR 60 43 70 23 6.4 2.2 0.6 0.4 0.80 13 0.19 
  CV (%) 39 38 35 32 40 45 29 6 25 15 60 
              
Schoolteacher 100 Mean 190 187 552 157 55.3 3.6 1.3 6.07 5.51 82 0.69 
  Minimum 17 85 262 72 16 1.4 0.4 5.10 3.1 56 0.36 
  Maximum 494 326 1080 255 124 18.9 8.0 6.90 8.9 95 1.43 
  SD 93 51 138 43 26.4 2.9 1.0 0.33 1.08 8 0.24 
  IQR 132 82 170 54 44.5 2.0 0.9 0.40 1.40 10 0.23 
  CV (%) 49 27 25 27 48 79 78 5 20 10 35 

 
Piedmont 

Baker 62 Mean 35 169 NA§ NA NA NA NA 6.11 7.48 NA 0.37 
  Minimum 11 92 NA NA NA NA NA 5.10 5.70 NA 0.13 
  Maximum 92 385 NA NA NA NA NA 7.00 10.30 NA 0.86 
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  SD 20 51 NA NA NA NA NA 0.51 0.91 NA 0.18 
  IQR 25 51 NA NA NA NA NA 0.9 1.2 NA 0.29 
  CV (%) 57 30 NA NA NA NA NA 8 12 NA 48 
              
Graham 361 Mean 37 188 1730 495 246 4.9 2.1 6.47 14.12 93 0.32 
  Minimum 0 39 1074 261 72 2.0 1.0 5.40 9.60 76 0.13 
  Maximum 123 467 2706 894 408 10.6 3.7 7.10 21.50 98 1.15 
  SD 18 83 243 88 57 1.3 0.5 0.26 1.74 3 0.12 
  IQR 22 115 315 100 73 1.7 0.6 0.30 2 4 0.13 
    CV (%) 49 44 14 18 23 27 24 4 12 3 38 
� SD: Standard deviation. 
� IQR: Interquantile range. 
§ NA: Data is not available. 
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Table 2. 4. Significant (p ≤ 0.05) correlation coefficients (r) between horizontal and vertical apparent soil electrical conductivity (ECa) 
and selected soil chemical parameters in three coastal plain and two piedmont fields. 

  Coastal Plain   Piedmont  
Soil  Kinston Overman Schoolteacher Baker Graham 
attributes ECH� ECV� ECH ECV ECH ECV ECH ECV ECH ECV 

 --------------------     Pearson correlation coefficient, r      ------------------------- 
P 0.21 -0.26 -0.24 -0.35 -0.39 -0.56 0.65 -0.27 NS -0.11 
K NS NS 0.56 0.53 0.48 0.29 NS 0.26 NS -0.38 
Ca NS NS 0.37 0.31 0.47 0.21 NA§ NA 0.36 0.53 
Mg 0.12 NS 0.37 0.31 0.50 0.23 NA NA 0.35 0.67 
Mn NS NS 0.22 0.26 -0.44 -0.45 NA NA 0.29 NS 
Zn -0.56 -0.19 0.41 0.47 NS NS NA NA 0.29 0.37 
Cu 0.10 NS 0.26 0.27 NS -0.29 NA NA NS NS 
Na NS NS NS NS NS NS NA NA NS NS 
pH 0.15 -0.06 NS -0.14 0.26 NS 0.75 -0.33 0.21 0.23 
CEC NS NS 0.38 0.38 0.50 0.22 0.33 NS 0.35 0.54 
BS 0.14 NS 0.24 0.13 0.29 NS NA NA 0.23 0.36 
HM¶ -0.17 -0.30 0.29 0.39 NS NS -0.47 NS NS -0.20 
� ECH: Horizontal measurement of ECa. 
� ECV: Vertical measurement of ECa. 
§ NA: Data is not available.  
¶ For the Kinston field, soil organic matter was used. 
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Table 2. 5. Field-scale apparent soil electrical conductivity (ECa) zone means and significance for soil test P, K, pH, cation exchange 
capacity (CEC), and humic matter (HM) or soil organic matter (SOM) measured in the five study fields.  Zones were generated from 
k-means cluster analysis of vertical ECa surveys. Differences among means were tested using PROC MIXED with a best-fit spatial 
covariance model.   

  Soil attribute means within ECa zones  
 Soil attribute (unit) I II III IV V VI VII VIII IX Pr >F 
            

Coastal Plain 
Kinston P, g m-3 155 156 146 149 143 134 176   ** 
 K, g m-3 123 115 114 116 119 114 126   NS 
 pH 5.86 5.9 5.78 5.77 5.9 5.96 6.01   NS 
 CEC, cmol kg-1 54.5 56 50.8 50.6 56.2 54 56.7   NS 
  SOM, % 1.46 1.68 1.33 1.35 1.49 1.42 1.69   * 
            
Overman P, g m-3 180 207 180 191 193 184 171 162 164 NS 
 K, g m-3 91 92 81 83 82 90 89 122 109 ** 
 pH 5.33 5.45 5.45 5.46 5.46 5.47 5.37 5.34 5.33 NS 
 CEC, cmol kg-1 2.68 2.81 2.55 2.80 2.88 2.77 2.60 3.07 2.43 NS 
  HM, % 0.52 0.45 0.38 0.44 0.48 0.47 0.40 0.67 0.69 NS 
            
Schoolteacher P, g m-3 107 262 163 121 182 211 198   *** 
 K, g m-3 199 178 211 102 143 182 160   *** 
 pH 6.44 6.31 6.38 6.32 6.45 6.30 6.41   NS 
 CEC, cmol kg-1 6.00 5.83 5.92 5.97 5.99 5.89 5.95   NS 
 HM, % 0.59 0.62 0.63 0.69 0.64 0.61 0.68   NS 
            

Piedmont 
Baker P, g m-3 32 22 52       *** 
 K, g m-3 182 175 168       NS 
 pH 6.07 5.69 6.69       *** 
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 CEC, cmol kg-1 7.58 7.40 7.68       NS 
  HM, % 0.36 0.34 0.25       NS 
            
Graham P, g m-3 38 33 36 47 31     *** 
 K, g m-3 151 127 175 240 185     ** 
 pH 6.49 6.51 6.38 6.46 6.51     NS 
 CEC, cmol kg-1 14.94 16.67 13.78 13.57 14.26     *** 
  HM, % 0.33 0.26 0.34 0.35 0.29     NS 
*Significant at 0.05 probability level. 
**Significant at 0.01 probability level. 
***Significant at 0.001 probability level. 
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Table 2. 6. Significant (p ≤ 0.05) correlation coefficients (r) between horizontal and vertical apparent soil electrical conductivity 
(ECa) and percentage sand, silt, and clay in three coastal plain fields and two piedmont fields. 

   Coastal Plain   Piedmont  
Soil  Kinston Overman Schoolteacher Baker Graham 
texture Depth� ECH� ECV§ ECH ECV ECH ECV ECH ECV ECH ECV 
 (cm) -----------------------------------     Pearson correlation coefficient, r      ---------------------------------------- 
Sand 0-15 NS 0.41 -0.50 -0.40 -0.56 -0.63 -0.27 -0.32 -0.29 -0.42 
 0-30 NS 0.39 -0.56 -0.39 -0.60 -0.69 -0.38 NS -0.29 -0.41 
 0-45 NS 0.41 -0.70 -0.48 -0.61 -0.69 -0.30 NS NS -0.42 
 0-60 NS 0.41 -0.76 -0.55 -0.59 -0.66 NS NS NS -0.50 
 0-75 NS 0.38 -0.77 -0.57 -0.56 -0.62 NS NS NS -0.56 
 0-90 NA ¶ NA -0.76 -0.58 -0.54 -0.60 NS -0.28 NS -0.62 
 0-105 NA NA -0.74 -0.59 -0.53 -0.58 NS -0.32 NS -0.68 
 0-120 NA NA -0.73 -0.62 -0.52 -0.57 NS -0.32 NS -0.72 
 0-135 NA NA -0.71 -0.63 -0.50 -0.56 NS -0.32 NS -0.74 
 0-150 NA NA -0.70 -0.65 -0.49 -0.56 NS -0.34 NS -0.75 
            
Silt 0-15 NS -0.40 0.47 0.31 0.57 0.61 -0.29 NS NS NS 
 0-30 -0.29 -0.43 0.46 NS 0.56 0.64 NS NS NS NS 
 0-45 -0.31 -0.43 0.48 NS 0.57 0.64 NS NS NS NS 
 0-60 -0.31 -0.42 0.42 NS 0.56 0.62 NS NS NS NS 
 0-75 -0.32 -0.39 0.41 NS 0.54 0.59 NS NS NS NS 
 0-90 NA NA 0.40 NS 0.51 0.58 NS NS NS NS 
 0-105 NA NA 0.39 NS 0.49 0.56 NS NS NS NS 
 0-120 NA NA 0.38 0.29 0.47 0.55 NS NS NS NS 
 0-135 NA NA 0.37 0.30 0.45 0.54 NS NS NS NS 
 0-150 NA NA 0.36 0.31 0.44 0.53 NS NS NS NS 
            
Clay 0-15 NS -0.35 0.29 0.36 0.46 0.58 0.41 NS 0.32 0.49 
 0-30 NS NS 0.43 0.46 0.56 0.67 0.47 NS 0.28 0.47 



 74

 0-45 NS NS 0.62 0.54 0.61 0.70 0.31 NS NS 0.43 
 0-60 NS NS 0.66 0.59 0.59 0.67 NS NS NS 0.49 
 0-75 NS NS 0.68 0.59 0.57 0.63 NS NS NS 0.52 
 0-90 NA NA 0.67 0.57 0.56 0.60 NS 0.31 NS 0.58 
 0-105 NA NA 0.67 0.57 0.56 0.59 NS 0.34 NS 0.65 
 0-120 NA NA 0.68 0.60 0.58 0.59 0.30 0.33 NS 0.70 
 0-135 NA NA 0.68 0.63 0.57 0.59 0.35 0.33 0.28 0.73 
  0-150 NA NA 0.67 0.64 0.57 0.58 0.36 0.34 0.28 0.73 
�For the Kinston field, the depth increments of 0 to 12, 0 to 27, 0 to 42, 0 to 57, and 0 to 72 cm were used. 
� ECH: Horizontal measurement of ECa. 
§ ECV: Vertical measurement of ECa. 
¶ NA: Data is not available.  
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Table 2. 7. Significant (p ≤ 0.05) correlation coefficients (r) between apparent soil 
electrical conductivity (ECa) and soil physical parameters of plant available water (PAW) 
and bulk density measured at individual and cumulative depth intervals in the 
Schoolteacher field (n = 80). 

� ECH: Horizontal measurement of ECa 
� ECV: Vertical measurement of ECa 
§ NA: data not available 
 

 

  PAW Bulk density 
Depth ECH� ECV� ECH ECV 

cm -----------------     Pearson correlation coefficient, r     ----------------- 
     
 Individual intervals 

0-15 0.55 0.49 0.28 0.30 
15-30 0.56 0.38 0.54 0.61 
30-45 0.62 0.43 0.25 0.45 
45-60 0.53 0.48 0.34 0.54 
60-75 0.49 0.36 NS 0.41 
75-90 0.42 0.40 NS NS 

90-105 0.38 0.26 NA§ NA 
105-120 0.38 0.36 NA NA 
120-135 0.38 NS NA NA 
135-150 0.35 NS NA NA 

     
 Cumulative intervals 

0-15 0.55 0.49 0.28 0.30 
0-30 0.64 0.48 0.43 0.48 
0-45 0.68 0.50 0.41 0.54 
0-60 0.68 0.53 0.40 0.56 
0-75 0.66 0.51 0.36 0.54 
0-90 0.64 0.51 0.32 0.50 

0-105 0.62 0.48 NA NA 
0-120 0.62 0.49 NA NA 
0-135 0.61 0.48 NA NA 
0-150 0.60 0.46 NA NA 
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Fig. 2. 1. Relationship between humic matter and soil organic matter in the Kinston field.  
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Fig. 2. 2. Kriged field-scale apparent soil electrical conductivity (ECa) maps of (a) 
horizontal measurement (ECH) and (b) vertical measurement (ECV) in the Kinston field.   
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Fig. 2. 3. Kriged field-scale apparent soil electrical conductivity (ECa) maps of (a) 
horizontal measurement (ECH) and (b) vertical measurement (ECV) in the Overman field.   
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Fig. 2. 4. Kriged field-scale apparent soil electrical conductivity (ECa) maps of (a) 
horizontal measurement (ECH) and (b) vertical measurement (ECV) in the Schoolteacher 
field.   
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Fig. 2. 5.  Kriged field-scale apparent soil electrical conductivity (ECa) maps of (a) 
horizontal measurement (ECH) and (b) vertical measurement (ECV) in the Baker field.   

. 
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Fig. 2. 6. Kriged field-scale apparent soil electrical conductivity (ECa) maps of (a) 

horizontal measurement (ECH) and (b) vertical measurement (ECv) in the Graham field.  
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Fig. 2. 7. Relationship between vertical apparent soil electrical conductivity (ECa) and 
extractable P across three coastal plain and two piedmont fields in North Carolina. 
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Fig. 2. 8. Relationship between vertical apparent soil electrical conductivity (ECa) and 

extractable K across three coastal plain and two piedmont fields in North Carolina. 
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Fig. 2. 9. Relationship between vertical measurement of apparent soil electrical 

conductivity (ECa) and pH across three coastal plain and two piedmont fields in North 

Carolina. 
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Fig. 2. 10. Relationships between vertical measurement of apparent soil electrical 

conductivity (ECa) and cation exchange capacity (CEC) across (a) three coastal plain and 

two piedmont fields and (b) all five study fields in North Carolina. 
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Fig. 2. 11. Relationships between vertical measurement of apparent soil electrical 

conductivity (ECa) and humic matter (HM) across three coastal plain and two piedmont 

fields in North Carolina. 
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Fig. 2. 12.  Overall relationships between zone mean vertical measurement of apparent 
soil electrical conductivity (ECa) and zone mean soil test P, K, pH, cation exchange 
capacity (CEC), and humic matter (HM) within zones derived from clustering on ECa 
within each of the five study fields.   
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Fig. 2. 13.  Relationships between zone mean vertical measurement of apparent soil 
electrical conductivity (ECa) and zone mean soil P among zones derived from clustering 
with ECa across (a) three coastal plain fields and (b) two piedmont fields. Each point 
represents mean ECa and mean P of a zone. Each regression represents relationship 
between ECa and extractable P for a field. Asterisk indicates that relationship is 
significant at the 0.05 probability level.
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Fig. 2. 14. Relationships between zone mean vertical measurement of apparent soil 
electrical conductivity (ECa) and zone mean soil K among zones derived from clustering 
with ECa across (a) three coastal plain fields and (b) two piedmont fields. Each point 
represents mean ECa and mean K of a zone. Each regression represents relationship 
between ECa and extractable K for a field. Asterisk indicates that relationship is 
significant at the 0.05 probability level. 
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Fig. 2. 15. Relationships between zone mean vertical measurement of apparent soil 
electrical conductivity (ECa) and zone mean pH among zones derived from clustering 
with ECa across (a) three coastal plain fields and (b) two piedmont fields. Each point 
represents mean ECa and mean pH of a zone. Each regression represents relationship 
between ECa and pH for a field. Asterisk indicates that relationship is significant at the 
0.05 probability level.
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Fig. 2. 16. Relationships between zone mean vertical measurement of apparent soil 
electrical conductivity (ECa) and zone mean cation exchange capacity (CEC) among 
zones derived from clustering with ECa across (a) three coastal plain fields and (b) two 
piedmont fields. Each point represents mean ECa and mean CEC of a zone. Each 
regression represents relationship between ECa and CEC for a field. Asterisk indicates 
that relationship is significant at the 0.05 probability level. 

 



 92

 

Fig. 2. 17.  Relationships between zone mean vertical measurement of apparent soil 
electrical conductivity (ECa) and zone mean humic matter (HM; soil organic matter in the 
Kinston field) among zones derived from clustering with ECa across (a) three coastal 
plain fields and (b) two piedmont fields. Each point represents mean ECa and mean HM 
of a zone. Each regression represents relationship between ECa and HM for a field. 
Asterisk indicates that relationship is significant at the 0.05 probability level. 
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Fig. 2. 18. A scatter plot between vertical measurement of apparent soil electrical 
conductivity (ECa) and clay content (0 – 57 cm) in the Kinston field.  
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Fig. 2. 19.  Relationship between vertical measurement of apparent soil electrical 
conductivity (ECa) and clay content (0 – 75 cm) across (a) three coastal plain fields and 
two piedmont fields and (b) all five study fields in North Carolina.
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Fig. 2. 20. Relationships between zone mean vertical measurement of apparent soil 
electrical conductivity (ECa) and zone mean clay content at cumulative depths of 0 to 15 
cm (cl15), 0 to 75 cm (cl75), and 0 to 150 cm (cl150), among zones derived from 
clustering with ECa in a field for the (a) Overman, (b) Schoolteacher, (c) Baker, and (d) 
Graham fields (for the Kinston field, none of relationships were significant). Each point 
represents mean ECa and mean clay content of a zone. Each regression represents 
relationship between ECa and clay content at cumulative depths of 0 to 15, 0 to 75, and 0 
to 150 cm for a field. Asterisk indicates that the relationship is significant at the 0.05 
probability level. 
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Fig. 2. 21. Overall relationships between mean vertical measurement of apparent soil 
electrical conductivity (ECa) and mean clay content (0 � 75 cm) among zones derived 
from clustering with ECa across five study fields.    
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Table A. 1. Significant (p ≤ 0.05) correlation coefficients (r) between horizontal and vertical measurement of apparent soil electrical 
conductivity (ECa); green, red, and NIR bands; elevation; slope; and selected measured soil chemical properties (n = 467) in the 
Kinston field. 

 ECH� ECV� Green Red NIR§ Elev.¶ Slope P K Ca Mg Na pH CEC# BS�� Mn Zn Cu 
 --------------------------------------------------     Pearson correlation coefficient, r     -------------------------------------------------- 

ECV 0.63                  
Green NS NS                 
Red 0.11 0.21 0.83                
NIR NS 0.45 0.65 0.76               
Elev. 0.55 0.64 -0.17 NS 0.27              
Slope -0.10 -0.29 0.29 0.20 NS -0.37             
P 0.21 -0.26 -0.21 -0.26 -0.41 NS NS            
K NS NS -0.41 -0.46 -0.39 -0.12 NS 0.40           
Ca NS NS -0.54 -0.61 -0.58 -0.14 NS 0.46 0.60          
Mg 0.12 NS -0.57 -0.64 -0.63 -0.15 NS 0.49 0.63 0.86         
Na NS 0.09 NS NS -0.10 NS NS 0.30 0.25 0.24 0.28        
pH 0.15 -0.06 NS NS NS NS 0.16 0.25 NS 0.25 0.38 0.24       
CEC NS NS -0.61 -0.66 -0.61 -0.14 NS 0.43 0.66 0.93 0.82 0.19 NS      
BS 0.14 NS NS NS NS NS 0.13 0.22 NS 0.27 0.39 0.24 0.98 NS     
Mn NS NS 0.11 0.10 0.15 NS NS NS -0.09 NS NS -0.12 NS -0.09 NS    
Zn -0.56 -0.19 0.16 NS NS -0.40 0.17 0.08 NS NS NS 0.19 NS NS NS 0.09   
Cu 0.10 NS -0.18 -0.19 -0.23 NS NS 0.34 0.22 0.30 0.25 0.22 NS 0.27 0.09 NS 0.12  
SOM�� -0.17 -0.30 -0.57 -0.70 -0.70 -0.34 NS 0.41 0.65 0.72 0.75 0.21 NS 0.78 NS -0.12 0.16 0.23 
� ECH, Horizontal measurement of ECa. 
� ECV, Vertical measurement of ECa. 
§ NIR, Near infrared band of bare soil aerial color infrared image. 
¶ Elev, Elevation. 
# CEC, Cation exchange capacity. 
�� BS, Base saturation. 
�� SOM, Soil organic matter. 
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Table A. 2. Significant (p ≤ 0.05) correlation coefficients (r) between horizontal and vertical measurement of apparent soil electrical 
conductivity (ECa); green, red, and NIR bands; elevation; slope; and selected measured soil chemical properties (n = 342) in the 
Overman field. 

  ECH� ECV� Green Red NIR§ Elev.¶ Slope P K Ca Mg pH CEC# BS�� Mn Zn Cu 
  --------------------------------------------------     Pearson correlation coefficient, r     -------------------------------------------------- 
ECV 0.74                 
Green -0.51 -0.40                
Red -0.58 -0.41 0.94               
NIR -0.46 -0.38 0.87 0.86              
Elev NS 0.35 0.15 0.20 0.12             
Slope NS -0.35 NS NS 0.12 -0.44            
P -0.24 -0.35 0.15 NS 0.14 NS -0.22           
K 0.56 0.53 -0.39 -0.47 -0.43 NS -0.22 NS          
Ca 0.37 0.31 -0.33 -0.38 -0.32 -0.16 -0.13 NS 0.67         
Mg 0.37 0.31 -0.29 -0.35 -0.30 -0.25 NS NS 0.78 0.86        
pH NS -0.14 NS NS NS -0.12 0.26 -0.27 NS 0.26 0.27       
CEC 0.38 0.38 -0.36 -0.43 -0.36 -0.16 -0.29 0.18 0.79 0.82 0.80 NS      
BS 0.24 0.13 -0.13 -0.15 -0.13 -0.11 0.15 -0.23 0.35 0.56 0.58 0.62 0.11     
Mn 0.22 0.26 -0.21 -0.23 -0.29 NS -0.30 NS 0.49 0.38 0.40 NS 0.43 0.19    
Zn 0.41 0.47 -0.37 -0.43 -0.36 NS -0.26 -0.14 0.73 0.68 0.66 0.15 0.65 0.40 0.70   
Cu 0.26 0.27 -0.26 -0.33 -0.29 -0.13 -0.28 0.36 0.57 0.41 0.51 -0.19 0.59 NS 0.33 0.51  
HM�� 0.29 0.39 -0.32 -0.38 -0.39 0.11 -0.44 NS 0.56 0.34 0.33 -0.32 0.60 -0.13 0.41 0.44 0.45
� ECH, Horizontal measurement of ECa. 
� ECV, Vertical measurement of ECa. 
§ NIR, Near infrared band of bare soil aerial color infrared image. 
¶ Elev, Elevation. 
# CEC, Cation exchange capacity. 
�� BS, Base saturation. 
�� HM, Humic matter. 
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Table A. 3. Significant (p ≤ 0.05) correlation coefficients (r) between horizontal and vertical measurement of apparent soil electrical 
conductivity (ECa); green, red, and NIR bands; elevation; slope; and selected measured soil chemical properties (n = 100) in the 
Schoolteacher field. 

� ECH, Horizontal measurement of ECa. 
� ECV, Vertical measurement of ECa. 
§ NIR, Near infrared band of bare soil aerial color infrared image. 
¶ Elev, Elevation. 
# CEC, Cation exchange capacity. 
�� BS, Base saturation. 
�� HM, Humic matter. 

  ECH� ECV� Green Red NIR ELV Slope P K Ca Mg Na pH CEC BS Mn Zn Cu 
 --------------------------------------------------     Pearson correlation coefficient, r     -------------------------------------------------- 
ECV 0.70                  
Green -0.35 -0.43                 
Red -0.49 -0.51 0.87                
NIR -0.43 -0.48 0.86 0.97               
ELV -0.30 -0.41 0.63 0.63 0.59              
Slope 0.22 0.30 NS NS -0.21 -0.32             
P -0.39 -0.56 0.29 0.32 0.29 0.40 -0.24            
K 0.48 0.29 NS -0.33 -0.32 NS NS -0.27           
Ca 0.47 0.21 -0.39 -0.49 -0.42 NS NS NS 0.60          
Mg 0.50 0.23 -0.41 -0.52 -0.46 NS NS NS 0.64 0.93         
Na NS NS NS NS NS NS NS 0.26 NS NS NS        
pH 0.26 NS NS NS NS NS NS -0.21 0.23 0.57 0.61 NS       
CEC 0.50 0.22 -0.44 -0.55 -0.52 NS NS ns 0.69 0.90 0.89 NS 0.32      
BS 0.29 NS NS NS NS NS NS ns 0.34 0.62 0.60 NS 0.80 0.28     
Mn -0.44 -0.45 0.37 0.38 0.31 0.54 -0.30 0.44 NS NS NS NS NS NS NS    
Zn NS NS NS NS NS NS NS 0.30 0.20 0.41 NS 0.27 NS 0.37 NS NS   
Cu NS -0.29 NS NS NS 0.21 -0.20 0.50 NS 0.34 0.30 NS NS 0.38 NS 0.27 0.46  
HM NS NS -0.26 -0.33 -0.33 -0.29 NS 0.20 NS 0.32 0.28 NS -0.20 0.45 NS 0.21 0.29 0.29
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Table A. 4. Significant (p ≤ 0.05) correlation coefficients (r) between horizontal and vertical measurement of apparent soil electrical 
conductivity (ECa); green, red, and NIR bands; elevation; slope; and selected measured soil chemical properties (n = 62) in the Baker 
field. 

 ECH� ECV� Green Red NIR§ Elev.¶ Slope P K pH CEC# 
 --------------------------------------------------     Pearson correlation coefficient, r     -------------------------------------------------- 

ECV -0.26           
Green NS NS          
Red NS NS 0.95         
NIR NS NS 0.75 0.75        
Elev NS 0.36 NS NS NS       
Slope NS -0.26 NS NS NS -0.41      
P 0.65 -0.27 NS NS NS 0.27 -0.27     
K NS 0.26 NS NS NS NS NS NS    
pH 0.75 -0.33 NS NS NS 0.31 NS 0.62 NS   
CEC 0.33 NS NS NS NS NS NS NS 0.62 0.27  
HM�� -0.47 NS NS NS NS NS NS -0.44 0.57 -0.67 NS 
� ECH, Horizontal measurement of ECa. 
� ECV, Vertical measurement of ECa. 
§ NIR, Near infrared band of bare soil aerial color infrared image. 
¶ Elev, Elevation. 
# CEC, Cation exchange capacity. 
�� HM, Humic matter. 
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Table A. 5. Significant (p ≤ 0.05) correlation coefficients (r) between horizontal and vertical measurement of apparent soil electrical 
conductivity (ECa); green, red, and NIR bands; elevation; slope; and selected measured soil chemical properties (n = 361) in the 
Graham field. 

 ECH� ECV� Green Red NIR§ Elev.¶ Slope P K Ca Mg Na pH CEC# BS�� Mn Zn Cu 
      --------------------------------------------------     Pearson correlation coefficient, r     -------------------------------------------------- 

ECV 0.36                  
Green -0.12 -0.13                 
Red NS NS 0.96                
NIR -0.25 -0.18 0.73 0.69               
Elev 0.26 NS NS NS -0.15              
Slope -0.19 -0.22 NS NS NS -0.28             

P NS -0.11 0.10 0.10 0.12 NS NS            
K NS -0.38 -0.16 -0.22 NS -0.17 0.20 0.22           
Ca 0.36 0.53 -0.23 -0.21 -0.23 0.11 NS NS NS          
Mg 0.35 0.67 -0.20 -0.17 -0.23 0.14 -0.15 -0.13 -0.29 0.89         
Na NS NS NS NS NS NS NS NS NS NS NS        
pH 0.21 0.23 -0.30 -0.30 -0.17 0.11 NS -0.13 NS 0.61 0.57 NS       

CEC 0.35 0.54 -0.23 -0.20 -0.23 NS NS NS NS 0.97 0.90 NS 0.53      
BS 0.23 0.36 -0.22 -0.22 -0.14 0.18 -0.14 -0.24 NS 0.60 0.62 -0.10 0.75 0.46     
Mn 0.29 NS -0.19 -0.16 -0.20 0.16 -0.11 -0.01 0.10 0.12 0.12 NS 0.31 NS 0.27    
Zn 0.29 0.37 -0.19 -0.19 -0.14 NS -0.13 0.26 NS 0.53 0.54 NS 0.53 0.50 0.49 0.44   
Cu NS NS NS NS NS 0.23 -0.37 NS NS NS 0.18 NS 0.10 NS NS 0.34 0.32  

HM�� NS -0.20 NS NS NS -0.19 -0.12 0.37 0.14 -0.35 -0.38 NS -0.38 -0.32 -0.36 0.20 NS 0.28 
� ECH, Horizontal measurement of ECa. 
� ECV, Vertical measurement of ECa. 
§ NIR, Near infrared band of bare soil aerial color infrared image. 
¶ Elev, Elevation. 
# CEC, Cation exchange capacity. 
�� BS, Base saturation. 
�� HM, Humic matter. 
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Table A. 6. Descriptive statistics of percentage sand, silt, and clay (n = 60) for individual and cumulative depth intervals in the 
Kinston field. 
Depth  Sand (%) Silt (%) Clay (%) 
(cm) Mean SD CV Min Max Mean SD CV Min Max Mean SD CV Min Max 

  
 Individual intervals 

0-12 62.8 9.13 14.54 30.6 73.7 27.4 6.02 21.97 19.3 50.1 9.8 2.89 29.49 6.3 19.3 
12-28 59.4 8.54 14.38 25.3 71.1 26.4 6.03 22.84 18.9 52.9 14.25 4.76 33.40 6.7 26 
28-46 52.5 4.89 9.31 31.31 60.65 25.6 5.05 19.73 15.7 49.4 21.9 5.17 23.61 10.9 38.1 
46-62 51.7 5.72 11.06 34.1 65 24.5 4.98 20.33 5.03 39 23.8 6.32 26.55 13.4 51.9 
62-78 51.3 5.12 9.98 38.7 60.7 23.9 4 16.74 14.1 33.7 24.8 5.51 22.22 14.5 40.2 

  
 Cumulative intervals 

0-12 62.8 9.13 14.54 30.6 73.7 27.4 6.02 21.97 19.3 50.1 9.8 2.89 29.49 6.3 19.3 
0-28 61.1 8.53 13.96 29.9 71.3 26.9 6.18 22.97 19.1 49..7 12 3.44 28.67 6.5 20.5 
0-46 58.2 6.65 11.43 31.6 66.2 26.5 5.39 20.34 19.1 49.1 15.3 3.09 20.20 9.3 24.4 
0-62 56.6 5.8 10.25 34.1 63.9 26 4.94 19.00 17.8 46.6 17.4 3.39 19.48 11.1 26.1 
0-78 55.5 5.12 9.23 39.1 62.9 25.6 4.53 17.70 17.6 42.5 18.9 3.46 18.31 12.4 28.1 
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Table A. 7. Descriptive statistics of percentage sand, silt, and clay (n = 50) for individual and cumulative depth intervals in the 
Overman field. 

Depth  Sand (%)  Silt (%) Clay (%) 
(cm) Mean SD CV Min Max Mean SD CV Min Max Mean SD CV Min Max 

                
 Individual intervals 

0-15 84.5 4.1 4.85 74.1 90.5 10.8 3.62 33.52 5.7 22.4 4.6 1.44 31.30 2.8 8.8 
15-30 83.3 5.13 6.16 66.8 89.1 11.3 4.6 40.71 6.2 25.7 5.3 1.74 32.83 2.8 10.6 
30-45 78.4 8.25 10.52 49.7 89 12.9 4.93 38.22 5.7 29.8 8.7 6.07 69.77 3.9 36.8 
45-60 73.1 9.99 13.67 44.2 89.3 12.4 5.66 45.65 3.17 29.9 14.5 9.84 67.86 4.2 39.9 
60-75 65.7 9.79 14.90 38.2 88.1 10.6 4.64 43.77 3.6 25.9 23.6 9.57 40.55 5 40.6 
75-90 63.6 8.77 13.79 39.14 84.4 9.8 4.6 46.94 2.9 24.2 26.6 8.31 31.24 5 44.3 
90-105 63.94 9.21 14.40 36.9 79 9.8 4.74 48.37 2.9 26.3 26.3 7.65 29.09 7.4 44.3 
105-120 64.2 10.28 16.01 28.1 81.5 10.2 4.89 47.94 3.3 27.5 25.8 7.66 29.69 12.8 49.3 
120-135 65.3 9.87 15.11 27.4 81.5 9.4 5.3 56.38 2 27.7 25.3 7.05 27.87 12.3 49.3 
135-150 64.9 9.07 13.98 33 81.5 9.6 5.1 53.13 1.8 25.9 25.3 7.13 28.18 12.5 45 

  
 Cumulative intervals 

0-15 84.5 4.1 4.85 74.1 90.5 10.8 3.62 33.52 5.7 22.4 4.6 1.44 31.30 2.8 8.8 
0-30 83.9 4.5 5.36 70.7 89.8 11.1 3.99 35.95 6.1 23.6 5 1.49 29.80 2.9 8.9 
0-45 82.1 5.13 6.25 64.9 88 11.7 4 34.19 6.5 25.7 6.2 2.6 41.94 3.3 17.3 
0-60 79.8 5.85 7.33 59.7 87.1 11.9 4.18 35.13 6.5 25.9 8.3 3.89 46.87 3.8 21 
0-75 77 6.12 7.95 55.4 86.5 11.6 4.1 35.34 6.5 25.2 11.4 4.3 37.72 4.3 22.3 
0-90 74.8 6.22 8.32 52.9 86 11.3 4 35.40 6.1 25.1 13.9 4.5 32.37 4.5 23.7 
0-105 73.2 6.44 8.80 50.6 84.9 11.1 4 36.04 6.3 25.2 15.7 4.7 29.94 4.9 25.5 
0-120 72.1 6.64 9.21 49 83.5 11 4 36.36 5.9 25.5 16.9 4.8 28.40 6.7 26.1 
0-135 71.3 6.75 9.47 47.5 82 10.9 4 36.70 5.7 25.8 17.9 4.8 26.82 9.2 27.6 
0-150 70.7 6.71 9.49 47.1 80.9 10.7 4 37.38 5.6 25.8 18.6 4.8 25.81 10.2 28.9 
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Table A. 8. Descriptive statistics of percentage sand, silt, and clay (n = 50) for individual and cumulative depth intervals in the 
Schoolteacher field. 

Depth  Sand (%) Silt (%) Clay (%) 
(cm) Mean SD CV Min Max Mean SD CV Min Max Mean SD CV Min Max 

                
 Individual intervals 

0-15 68 11.62 17.09 34.8 85.1 25 9.1 36.40 11.1 47.4 7.1 3 42.25 2.2 17.8 
15-30 60.8 16.5 27.14 20.3 85.7 26.1 10.2 39.08 8.6 59 13.1 8 61.07 4.1 36.1 
30-45 52.9 19.4 36.67 15.6 84.1 27.1 10.4 38.38 9 50 20 9.8 49.00 4.4 38.3 
45-60 53 19.93 37.60 10 86.8 25.4 12.1 47.64 5.3 57.1 21.7 8.7 40.09 5.7 40.6 
60-75 59.9 19.75 32.97 16.4 93 22.1 13 58.82 2.8 53.9 18 7.5 41.67 3.3 34.1 
75-90 68.1 19.5 28.63 16.1 93.9 18.3 13 71.04 2.8 53.3 13.6 7.1 52.21 1.7 30.6 
90-105 77.6 16.3 21.01 18 94.3 12.1 11 90.91 0.7 53.2 10.3 6 58.25 2.5 28.9 
105-120 85.9 14.1 16.41 26.8 98 7.3 9.7 132.88 0.7 50.2 6.9 4.92 71.30 0.8 23 
120-135 88.1 12.8 14.53 26.1 97.6 6.1 9 147.54 0.7 53.5 5.8 4.16 71.72 1.2 22.4 
135-150 89.5 9.74 10.88 37.1 97.6 4.9 7 142.86 0.4 43.6 5.6 3.33 59.46 1.7 19.4 

                
 Cumulative intervals 

0-15 68 11.62 17.09 34.8 85.1 25 9.1 36.40 11.1 47.4 7.1 3 42.25 2.2 17.8 
0-30 64.4 13.4 20.81 27.6 83.7 25.5 9.2 36.08 11 45.5 10.1 5.11 50.59 4.2 26.9 
0-45 60.5 14.9 24.63 23.8 83.7 26.1 9.37 35.90 10.6 46.9 13.4 6.17 46.04 4.4 29.4 
0-60 58.6 15.6 26.62 25 84.3 25.9 9.85 38.03 9.7 48.3 15.5 6.24 40.26 4.7 28.3 
0-75 58.9 16 27.16 25.1 84.5 25.1 10.3 40.92 9.6 49.4 16 6.12 38.25 4.6 28.1 
0-90 60.4 16.1 26.66 23.6 85.3 24 10.4 43.42 9.5 48.9 15.6 6 38.46 4.1 28.3 
0-105 62.9 15.7 24.96 22.8 86.4 22.3 10.2 45.74 8.6 49.5 14.8 5.79 39.12 4.3 28.1 
0-120 65.8 15 22.80 23.3 87.6 20.4 9.79 47.99 7.7 49.6 13.8 5.5 39.86 4.3 27.4 
0-135 68.2 14.3 20.97 23.6 88.4 18.8 9.4 50.00 7.1 50.1 12.9 5.2 40.31 4.3 26.8 
0-150 70.4 13.6 19.32 25 89.1 17.4 8.92 51.26 6.5 49.4 12.2 4.9 40.16 4.1 26.1 
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Table A. 9. Descriptive statistics of percentage sand, silt, and clay (n = 50) for individual and cumulative depth intervals in the Baker 
field. 

Depth  Sand (%) Silt (%) Clay (%) 
(cm) Mean SD CV Min Max Mean SD CV Min Max Mean SD CV Min Max 

                
 Individual intervals 

0-15 36 7.96 22.11 18.7 51.3 28.3 4.14 14.63 19.4 36.7 35.8 8.25 23.04 21 53 
15-30 29.7 8.8 29.63 11.9 50 26.6 4.68 17.59 17.7 36.7 43.5 9.61 22.09 21 62.5 
30-45 22.8 8.36 36.67 9.9 50.6 25.8 5.58 21.63 15.4 40.5 51.2 9.51 18.57 21 65.9 
45-60 23.6 8.6 36.44 10.8 49.3 27.1 7.44 27.45 14.9 47 48.9 9.37 19.16 23 65.9 
60-75 23.9 8.5 35.56 10.7 50 29.7 7.51 25.29 14.2 48.6 46 8.56 18.61 26 64.2 
75-90 25.4 9.2 36.22 10.7 51.4 31.9 7.15 22.41 15 47.2 42.1 8.98 21.33 23 62.1 
90-105 26.9 8.3 30.86 11.1 50.8 34.7 7.04 20.29 20.5 49.8 37.9 8.46 22.32 21 57.4 
105-120 28.3 9.8 34.63 11.4 57.6 34.6 7.82 22.60 15.5 48.8 36.4 8.13 22.34 19 54.1 
120-135 29.3 9.42 32.15 14 58.8 36.8 7.95 21.60 15.4 50.1 33.3 7.72 23.18 19 50.3 
135-150 29.7 9.03 30.40 13.6 48 36.8 7.94 21.58 15.5 51.4 33.1 7.94 23.99 18 52.5 

                
 Cumulative intervals 

0-15 36 7.96 22.11 18.7 51.3 28.3 4.14 14.63 19.4 36.7 35.8 8.25 23.04 21 53 
0-30 32.9 7.74 23.53 15.3 48.4 27.4 3.88 14.16 20.4 36.7 39.6 8.3 20.96 21 57.4 
0-45 29.5 7.07 23.97 14.3 49.1 26.9 3.75 13.94 20.5 35.4 43.5 7.53 17.31 21 57.7 
0-60 28 6.52 23.29 14.4 47.5 27 4.14 15.33 20.2 38.3 44.9 6.61 14.72 25 56.9 
0-75 27.2 6.14 22.57 14.9 45 27.5 4.44 16.15 19.9 40.3 45.1 5.7 12.64 30 56.9 
0-90 26.9 6.09 22.64 15.8 43.5 28.2 4.61 16.35 19.8 41.5 44.6 5.34 11.97 32 57.8 
0-105 26.9 5.99 22.27 16.9 41.4 29.2 4.76 16.30 20 42.7 43.6 5.24 12.02 31 57.5 
0-120 27.1 6.11 22.55 16.7 41.8 29.8 4.83 16.21 20.4 42.5 42.7 5.17 12.11 31 56.6 
0-135 27.3 6.25 22.89 16.4 43 30.6 4.95 16.18 20.7 42.6 41.7 5.16 12.37 31 55.6 
0-150 27.6 6.27 22.72 16.4 42.7 31.2 5.02 16.09 20.2 41.7 40.8 5.18 12.70 30 54.5 
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Table A. 10. Descriptive statistics of percentage sand, silt, and clay (n = 50) for individual and cumulative depth intervals in the 
Graham field. 

Depth  Sand (%) Silt (%) Clay (%) 
(cm) Mean SD CV Min Max Mean SD CV Min Max Mean SD CV Min Max 

                
 Individual intervals 

0-15 31.8 9.16 28.81 12.6 48.7 33 4.73 14.33 20.4 45.1 35.2 8.66 24.60 13.4 56.5 
15-30 27.7 10.7 38.63 4.2 45.1 30.1 4.94 16.41 18.1 43.7 42.2 9.6 22.75 30.5 72.6 
30-45 23.3 9.87 42.36 6.3 42.2 27.4 6.01 21.93 13.2 45.5 49.3 9.41 19.09 38 75.3 
45-60 24.8 10.3 41.53 7.6 42.5 28.8 5.66 19.65 17.5 41.8 46.4 9.33 20.11 30 72.2 
60-75 25.6 11.9 46.45 4.4 45.8 31.2 5.67 18.17 20.9 46.3 43.2 10.2 23.61 29.1 64.7 
75-90 27.2 12.4 45.59 1.13 47.9 33 6 18.18 22.5 47.4 39.9 11.2 28.07 23.5 72.7 
90-105 30.6 13.5 44.02 10.9 57.1 34.5 6.41 18.58 17.6 54.6 34.9 13.2 37.82 14.8 67.8 
105-120 31.5 13.1 41.68 12 61.1 35.8 7.42 20.73 12.7 56.9 32.7 13.9 42.57 10.6 72.2 
120-135 33.1 12.3 37.16 16.1 62.1 36.3 7.2 19.83 13.8 53.8 30.6 13.5 44.12 8.9 67.1 
135-150 35.8 12.8 35.75 18.5 76.8 36.3 9.27 25.54 15.6 61.8 28 13.6 48.39 0.7 60.3 

                
 Cumulative intervals 

0-15 31.8 9.16 28.81 12.6 48.7 33 4.73 14.33 20.4 45.1 35.2 8.66 24.60 13.4 56.5 
0-30 29.8 9.05 30.37 10.7 44.3 31.6 4.21 13.32 23.6 44.4 38.7 8.4 21.71 24.4 63.5 
0-45 27.6 8.43 30.54 12 40.7 30.2 4 13.25 21.6 44.8 42.2 8.02 19.00 31.4 65.5 
0-60 26.9 7.97 29.63 11 39.5 29.8 3.76 12.63 21 40.9 43.3 7.36 17.00 33.2 60.1 
0-75 26.6 8.22 30.90 11.3 40.4 30.1 3.74 12.43 21 39.4 43.2 7.47 17.29 33.2 58.3 
0-90 26.7 8.39 31.42 12.3 41.4 30.6 3.71 12.12 21.4 38.8 42.7 7.62 17.85 32 56.5 
0-105 27.3 8.63 31.61 12.3 43 31.2 3.7 11.86 21.9 40.4 41.6 7.9 18.99 29.6 55.8 
0-120 27.8 8.81 31.69 12.3 44.5 31.7 3.83 12.08 22.5 42.4 40.5 8.27 20.42 27.3 55.9 
0-135 28.4 8.93 31.44 12.8 46.4 32.2 3.96 12.30 21.5 43.7 39.4 8.53 21.65 25.2 56.1 
0-150 29.1 8.96 30.79 13.4 47 32.6 4.24 13.01 20.9 45.5 38.2 8.7 22.77 23.5 56.1 
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Table A. 11. Field-scale apparent soil electrical conductivity (ECa) zone means and significance for soil test P, K, pH, CEC, and HM 
measured in the five study fields. Zones were generated from k-means cluster analysis of vertical ECa surveys. Differences among 
zone means were tested using PROC GLM.   

  Soil attribute means within ECa zones  
 Soil attribute (unit) I II III IV V VI VII VIII IX Pr >F 
            

Coastal Plain 
Kinston P, g m-3 152 180 117 131 166 99 224   *** 
 K, g m-3 127 104 108 108 119 117 127   *** 
 pH 5.83 6.06 5.84 5.83 5.88 5.81 6.10   *** 
 CEC, cmol kg-1� 6.38 5.01 4.70 4.69 5.05 5.23 6.11   *** 
  SOM, %� 1.70 1.30 1.21 1.04 1.34 1.59 2.04   *** 
            
Overman P, g m-3 126 156 125 154 131 97 137 79 116 *** 
 K, g m-3 92 82 74 75 80 83 97 108 153 *** 
 pH 5.35 5.49 5.43 5.47 5.48 5.45 5.40 5.39 5.33 NS 
 CEC, cmol kg-1 2.63 2.40 2.15 2.29 2.49 2.34 2.71 2.57 3.42 *** 
  HM, % 0.66 0.39 0.36 0.38 0.40 0.40 0.39 0.51 0.97 *** 
            
Schoolteacher P, g m-3 87 287 189 106 210 239 224   *** 
 K, g m-3 213 167 202 119 163 195 186   *** 
 pH 6.44 6.01 6.08 6.00 6.13 6.10 5.91   *** 
 CEC, cmol kg-1 6.09 5.43 5.48 5.71 5.12 5.72 5.32   *** 
 HM, % 0.60 0.69 0.70 0.79 0.59 0.70 0.68   *** 
            

Piedmont 
Baker P, g m-3 31 21 54       *** 
 K, g m-3 189 167 135       ** 
 pH 6.04 5.65 6.69       *** 
 CEC, cmol kg-1 7.62 7.30 7.41       NS 
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  HM, % 0.44 0.42 0.21       *** 
            
Graham P, g m-3 38 37 36 48 31     *** 
 K, g m-3 139 52 160 250 202     *** 
 pH 6.52 6.60 6.39 6.43 6.51     *** 
 CEC, cmol kg-1 14.79 16.45 13.57 13.64 14.35     *** 
  HM, % 0.32 0.27 0.35 0.32 0.30     * 
* Significant at 0.05 probability level. 
** Significant at 0.01 probability level. 
*** Significant at 0.001 probability level 



 109

Table A. 12. Significant (p ≤ 0.05) correlation coefficients (r) between apparent soil electrical conductivity (ECa) and percentage sand, 
silt, and clay measured at individual depth intervals in three coastal plain fields and two piedmont fields. 
Soil  Kinston Overman Schoolteacher Baker Graham 
texture Depth� ECH� ECV§ ECH ECV ECH ECV ECH ECV ECH ECV 
 (cm) -----------------------------------     Pearson correlation coefficient, r      ---------------------------------------- 
            
Sand 0-15 NS 0.41 -0.50 -0.40 -0.56 -0.63 -0.32 -0.27 -0.29 -0.42 
 15-30 NS 0.34 -0.57 -0.36 -0.58 -0.68 NS -0.42 NS -0.34 
 30-45 NS 0.30 -0.70 -0.47 -0.58 -0.63 NS NS NS -0.34 
 45-60 NS NS -0.70 -0.55 -0.47 -0.51 NS NS NS -0.48 
 60-75 NS NS -0.60 -0.46 -0.43 -0.44 NS NS NS -0.60 
 75-90 NA¶ NA -0.54 -0.47 -0.37 -0.41 -0.30 NS NS -0.65 
 90-105 NA NA -0.56 -0.56 -0.34 -0.39 -0.36 NS NS -0.76 
 105-120 NA NA -0.49 -0.59 -0.33 -0.34 NS NS NS -0.74 
 120-135 NA NA -0.46 -0.55 NS -0.31 -0.28 NS NS -0.70 
 135-150 NA NA -0.41 -0.59 NS -0.28 -0.33 NS NS -0.62 
            
Silt 0-15 NA NA 0.47 0.31 0.57 0.61 NS NS NS NS 
 15-30 -0.34 -0.43 0.44 NS 0.51 0.61 NS NS NS NS 
 30-45 -0.30 -0.33 0.42 NS 0.55 0.59 NS NS NS NS 
 45-60 NS -0.26 NS NS 0.49 0.53 NS NS NS 0.33 
 60-75 -0.26 NS 0.29 NS 0.44 0.48 NS NS NS 0.38 
 75-90 NA NA NS 0.31 0.35 0.43 NS NS NS NS 
 90-105 NA NA 0.29 0.36 0.26 0.36 NS NS NS NS 
 105-120 NA NA NS 0.33 0.23 0.29 NS NS NS NS 
 120-135 NA NA NS 0.32 NS 0.28 NS NS NS NS 
 135-150 NA NA NS 0.35 NS 0.24 NS NS NS NS 
            
Clay 0-15 NS -0.35 0.29 0.36 0.46 0.58 NS NS 0.32 0.49 
 15-30 NS NS 0.49 0.48 0.55 0.63 NS NS NS 0.38 
 30-45 NS NS 0.59 0.47 0.56 0.63 NS NS NS NS 
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 45-60 NS NS 0.56 0.51 0.40 0.43 NS NS NS 0.44 
 60-75 NS NS 0.46 0.36 0.37 0.35 NS NS NS 0.49 
 75-90 NA NA 0.42 0.33 0.38 0.34 NS NS NS 0.62 
 90-105 NA NA 0.51 0.45 0.44 0.38 NS NS 0.28 0.73 
 105-120 NA NA 0.52 0.56 0.50 0.41 NS NS 0.31 0.75 
 120-135 NA NA 0.46 0.54 0.35 0.35 NS NS 0.29 0.69 
  135-150 NA NA 0.40 0.54 0.33 0.33 NS NS NS 0.55 
�For the Kinston field, the depth increments of 4 to 12, 19 to 27, 34 to 42, 49 to 57, and 64 to 72 cm were used. 
� ECH: Horizontal measurement of ECa. 
§ ECV: Vertical measurement of ECa. 
¶ NA: Data is not available 
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Characterizing Field-Scale Soil Electrical Conductivity-Soil Moisture Relations  

for Site-Specific Management 

ABSTRACT 

 Field-scale characterization of soil spatial variability is a prerequisite to optimize 

site-specific management (SSM).  Apparent soil electrical conductivity (ECa) has been 

used effectively to map soil spatial variability in many areas.  We studied the effects of 

ECa-soil moisture relationships on characterization of soil spatial variability and zone 

delineation for SSM.  Soil samples taken from a 12-ha field in the North Carolina Coastal 

Plain were analyzed for soil physical parameters (bulk density; percentage sand, silt, and 

clay; plant-available water content; cone index; saturated hydraulic conductivity [Ksat]) 

and chemical parameters (extractable P and K, pH, cation exchange capacity, organic 

matter, and micronutrients).  We collected ECa measurements via electromagnetic 

induction (EMI) on four days with significantly different naturally occurring soil 

moisture conditions measured in five increments to 0.75 m using profiling time-domain 

reflectometry probes.  A map of the CV of ECa for the four dates indicated that spatial 

patterns of ECa were relatively stable (CV < 25%) over changes in soil moisture content 

in greater than 85% of field.  The strengths of the correlations of ECa with measured soil 

properties varied depending on soil moisture conditions.  Few strong direct correlations 

were found between ECa and the soil physical properties studied (r2 < 0.50), but overall, 

correlations improved when ECa was measured under relatively dry conditions.  Soil 

characterization by ECa zones was considerably influenced by temporal ECa variability 

measured under different moisture conditions.  The impacts of temporal ECa variations 

were less important when zones were derived from ECa along with elevation and the near 
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infrared band (NIR) of an aerial image than from ECa only.  Our results suggest that the 

spatial and temporal ECa variability measured under different soil moisture conditions 

could be a critical factor when evaluating the ability of ECa to predict other soil 

characteristics important to soil and crop productivity and management. 

 

Abbreviations:  BS, base saturation; CEC, cation exchange capacity; CIR, color 

infrared; DGPS, differential global positioning system; ECa, apparent soil electrical 

conductivity; ECH, apparent soil electrical conductivity measured in the horizontal mode; 

ECV, apparent soil electrical conductivity measured in the vertical mode; EMI, 

electromagnetic induction; Ksat, saturated hydraulic conductivity; NIR, near infrared; 

PAW, plant available water; PC, personal computer; SOM, soil organic matter; SSM, 

site-specific management; TDR, time domain reflectometry.   
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INTRODUCTION 

Field-scale characterization of soil spatial variability is a prerequisite to optimize 

site-specific management (SSM).  Apparent soil electrical conductivity (ECa) has been 

used to map soil spatial variability for SSM, due to its relatively quick and efficient data 

collection at the field scale and its potential correlation with soil characteristics that can 

affect crop productivity.  Studies have shown that ECa can be correlated with soil water 

content (Kachanoski et al., 1988; Kachanoski et al., 1990; Reedy and Scanlon, 2003), soil 

organic matter (Jaynes et al., 1995; Banton et al., 1997), drainage conditions 

(Kravchenko et al. 2002), salinity (Williams and Hoey, 1987; McNeill, 1992), soil texture 

(Williams and Hoey, 1987; Banton et al., 1997), and depth to claypan horizons (Doolittle 

et al., 1994; Sudduth et al., 1995; Kitchen et al., 1999).  Soil ECa mapping has been used 

to characterize soil spatial variability for soil sampling design (Johnson et al., 2001; 

Heiniger et al., 2003) and as a data layer for developing soil-based management zones 

(Chang el al., 2003; Fleming et al, 2004; Schepers et al., 2004).  However, variability in 

soil electromagnetic response is frequently due to multiple soil characteristics acting 

simultaneously.  Due to the potentially complex interrelationships between ECa and soil 

characteristics, an adequate understanding of field-specific ECa variability is needed to 

determine if and how this technique can be applied effectively to characterize soil spatial 

variability for site-specific management.   

The electrical conductivity model formulated by Rhoades et al. (1989) described 

ECa as a function of soil moisture content, soil salinity, saturation percentage, and bulk 

density.  Consequently the primary dynamic factor controlling ECa variation could be soil 

moisture.  Thus, the dynamic spatial and temporal variability of the volumetric soil 
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moisture content could be critical parameters in evaluating ECa in terms of its ability to 

predict other soil characteristics.  Knowledge of the spatial and temporal distribution of 

soil moisture content within a field may be crucial in understanding and evaluating field-

scale ECa variability.   

Several studies have evaluated electromagnetic induction (EMI) techniques for 

monitoring and measuring soil moisture content.  Kachanoski et al. (1988) found strong 

correlation (r2 as great as 0.96) between ECa and soil moisture content in the upper 0.5 m 

of the profile at 52 sampling locations in a 1.8-ha field that had a wide range of soil 

texture and moisture regimes.  Sherlock and McDonnell (2003) reported significant 

correlations between ECa and gravimetric soil moisture content (r2> 0.60).  Soil water 

content monitored with neutron probes was compared with ECa by Kachanoski et al. 

(1990), Sheets and Hendrickx (1995), and Reedy and Scanlon (2003).  In these studies, 

ECa measurements were made at point locations.  None of these studies investigated the 

relationships of soil water content with field-scale ECa surveys made using more 

continuous measurement devices, nor the relative ability of ECa to capture the spatial 

variability of agriculturally important soil chemical and physical properties at the field-

scale under various soil moisture conditions. 

The high frequency (14.6 kHz) EM38 �ground conductivity meter� (Geonics Ltd., 

Mississauga, Ontario, Canada) measures a depth-weighted average of soil conductivity. 

Since the electromagnetic field created by the EM38 travels primarily through 

electrolytes in the soil solution, readings are influenced by the continuity of soil water 

throughout the measured profile. To understand how ECa survey indicates soil 

characteristics, it is essential to understand how electricity is conducted through the soil 
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profile.  Two primary pathways have been suggested for electrical conduction in the soil 

(Rhoades et al., 1989; Corwin and Lesch, 2003).  In sufficiently moist soils, soil solution 

is the major pathway through which electricity is conducted, primarily through the 

contiguous large pores of the soil occupied by water.  However, when there is not enough 

soil moisture retained in the contiguous pores to allow direct connections through the soil 

profile, the surface of soil particles and small discontinuous pores of the soil are the main 

pathway that electrical conduction occurs.  The primary soil factors that influence the 

movement of electricity through these two pathways can be described using electrical 

conductance model formulated by Rhodes et al. (1989).  When there is sufficient soil 

moisture for electricity to flow through the continuous liquid pathway, the primary 

influencing factors are the volumetric contents of soil moisture in the contiguous pore 

pathways and the electrical conductance of the soil moisture in those pathways. On the 

other hand, if electricity flows through the soil surfaces and small pores due to 

insufficient moisture in the soil, for example, when soil moisture is < 60 to 70% of field 

capacity, conductivity is controlled by characteristics of soil particles and small pores 

such as the volume of the soil particles, the volume and conductivity of water in the small 

pores, and the surface-conductance of soil particles. 

Previous studies have considered ECa survey as a potential input in the 

development of management zones (Johnson et al., 2001; Schepers et al., 2004).  Cluster 

analysis of georeferenced field characteristics such as soil ECa; bare soil radiance as 

captured by aerial photography, terrain attributes such as elevation, slope, and aspect; and 

crop yield has been widely applied to delineate soil and crop management zones.  Cluster 

analysis aims to characterize the structure of the data by grouping similar observations.  
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Johnson et al. (2001) applied unsupervised clustering to ECa maps to delineate different 

soil conditions for a zone sampling strategy.  Cluster analysis of an ECa map alone or 

with auxiliary data such as terrain attributes and bare-soil images has been widely used to 

delineate soil-based management zones (Schepers et al., 2000; Chang et al., 2003; 

Fridgen et al., 2004; Schepers et al, 2004).  Cluster analysis has no statistical basis upon 

which to draw statistical inferences from a sample to a population.  Therefore, the cluster 

solution is primarily dependent upon the variables used as the basis for similarity-

dissimilarity measure.  Different variables can have a substantial impact on the resulting 

solution.  The use of ECa for management zone delineation is based on the assumption 

that the ECa map does not change over time with dynamic soil properties.  Therefore, it is 

important to know whether and how ECa maps measured under various moisture 

conditions affect the clustering results for sampling zone delineations.  

We hypothesized that the spatial and temporal variability of ECa associated with 

in-situ soil moisture variation may significantly influence the ability of ECa to predict soil 

properties.  Our objectives were to evaluate the effects of in-situ soil moisture variation 

on ECa mapping as a basis for characterization of soil spatial variability and as a data 

layer in cluster analysis as a means of delineating sampling zones. This information could 

be essential for the successful utilization of ECa sensors for SSM. 

 

MATERIALS AND METHODS 

Field Description 

This study was conducted in a 12-ha field at the Lower Coastal Plain Tobacco 

Research Station, Kinston, NC.  The soils in this field have been classified and mapped 
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(Fig. 3.1) in a first-order survey (North Carolina Agricultural Experiment Station, 1977) 

as three soil series in different drainage classes: well-drained Norfolk loamy sand (fine-

loamy, siliceous, thermic, Typic Paleudults), moderately well drained Goldsboro loamy 

sand (fine-loamy, siliceous, subactive, thermic Aquic Paleudults), and somewhat poorly 

drained Lynchburg sandy loam (fine-loamy, siliceous, thermic Aeric Paleaquults).  This 

field has been used for a site-specific N management experiment since fall, 2000.  Since 

that time, the field has been in a two-year wheat-double-crop soybean (year 1)-corn (year 

2) rotation common to the region, with conventional tillage before wheat and no-till 

soybean and corn.  

Apparent Soil Electrical Conductivity and Water Content Measurements 

Four ECa surveys were conducted using the EM38 (Geonics, Ltd., Mississauga, 

Ontario, Canada) between March and August 2004.  Four different survey dates that were 

expected to exhibit contrasting soil moisture content were selected based on previous soil 

moisture data collected in the field using time domain reflectrometry (TDR) probes and 

by monitoring daily precipitation from the nearest experiment station rain gauge.  Two 

ECa surveys were conducted on 13 and 20 March 2004 using a mobile system that 

included an all-terrain vehicle, a non-metallic trailer carrying the EM38, a differential 

global positioning system (DGPS), and a field personal computer (PC) for data 

collection.  Using the SensorTrack data collection system in the software program HGIS 

(Starpal, Inc., Fort Collins, CO), DGPS and ECa data were collected simultaneously on a 

1-s interval on transects spaced ~ 9-m apart (Fig. 3.1), resulting in a data density of 350 

to 400 points ha-1.  An offset in HGIS was used to account for the distance between the 

DGPS antenna and the EM38.  These surveys were performed in horizontal mode 
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(�horizontal ECa�) with an effective measurement depth of about 0.75 m and in vertical 

mode (�vertical ECa�) with an effective measurement depth of about 1.5 m.  The highest 

sensitivity in vertical mode is at approximately 0.4-m depth, while in the horizontal mode 

it is at the soil surface (McNeil, 1992).  To collect data under sufficiently dry soil profile 

conditions to be discernable from wetter conditions, the other two ECa surveys were 

conducted on 15 July and 11 August 2004 when corn was growing in the field.  These 

surveys were conducted by a two-person team, with one person hand-carrying the EM38 

and the other staying 6-m away with the attached data-recording PC and DGPS.  For the 

latter two surveys, ECa measurements were made only in the vertical mode since 

horizontal mode response is very sensitive to variation in the spacing between the EC 

meter and the soil surface (McNeil, 1980).  All data collection was done at 1-s intervals 

along transects that passed approximately 1 m away from the locations of installed TDR 

probes (Fig. 3.1), resulting in a data density of 100 to 150 points ha-1. 

Volumetric soil water content was measured using Moisture Point (E.S.I. 

Environmental Sensors Inc, Victoria, BC, Canada) profiling TDR probes at 60 locations 

within the field.  Thirty probes were installed at cell centers within a regular 60-m grid.  

The additional 30 probes were placed randomly within the constraints of being an 

adequate distance from the cell center, outside a cell border-harvest buffer area, and 

inline from plot to plot parallel to crop rows to facilitate field operations.  Fifty-eight 

profiling TDR probes measured the average moisture content over the length of five 

segments with 15-cm increments (E.S.I. model PRB-H) and the remaining two probes 

had four segments with 15-cm increments (E.S.I. model PRB-K).  Volumetric soil water 

content TDR data were obtained during the course of the ECa surveys.  
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Soil Physical and Chemical Properties 

 Soil core samples were taken to a depth of about 1 m using a hydraulically driven 

soil tube (Giddings Machine Co., Windsor, CO) at each of 60 sampling locations near the 

installed TDR probes (Fig. 3.1).  The soil cores were sectioned into five depth increments 

of approximately 4 to 12, 19 to 27, 34 to 42, 49 to 57, and 64 to 72 cm, corresponding to 

the centerpoints of the TDR segments.  These 7.6-cm diameter by 7.6-cm high core 

segments were immediately placed in soil cans to minimize disturbance.  The soil cans 

were sealed using air-tight plastic caps and stored at 4 °C until they could be processed.  

A total of 300 relatively undisturbed soil core samples were analyzed in the laboratory for 

Ksat, soil water retention, bulk density, and soil texture.  Saturated hydraulic conductivity 

was measured using a constant head permeameter (Klute and Dirksen, 1986).  Bulk 

density was determined by drying the known-volume core samples in a 105°C oven for at 

least 24 hours or until constant weight and weighing.  Samples were ground and sieved to 

pass 2 mm. Soil water retention was determined at -33 and -1500 kPa using the pressure 

plate method (Klute, 1986). Plant-available water was determined as the difference in soil 

water retention at -33 and -1500 kPa (field capacity and permanent wilting, respectively; 

Cassel and Nielsen, 1986).  Soil texture was determined by the hydrometer method after 

pretreatment to with Na-hexametaphosphate (Gee and Bauder, 1986). 

In the field, a cone penetrometer (DELMI, Shafter, CA) was used to determine 

penetration resistance (cone index; Bradford, 1986) at the same locations where soil 

samples were collected.  In addition, a total of 564 soil samples were collected from 0- to 

0.15-m depth on an approximately 16-m equilateral triangle grid in Oct.-Nov. 2000.  

Each sample was analyzed for soil organic matter (SOM) by loss on ignition; pH-H2O; 
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Mehlich-3 extractable P, K, Ca, Mg, Na, B, Fe, Mn, Cu, Zn, and Al; cation exchange 

capacity (CEC) by sum of bases and acidity; and base saturation (BS) (Mehlich, 1984).  

Elevation data were derived from North Carolina Floodplain Mapping Program lidar data 

(http://www.ncfloodmaps.com) with a horizontal posting distance of ~1 m and a vertical 

accuracy of ~15 cm.  A bare-soil aerial color infrared (CIR) photo was acquired on 

November, 2004, with a ground pixel resolution of ~0.55 m using a DuncanTech 

MS3100 digital multispectral camera (DuncanTech Inc. Auburn, CA).  Geographic 

coordinates of four corners in the field were collected using DGPS for image 

georegistration. Digital images were georegistered using ERDAS Imagine version 8.7 

(Leica, Norcross, GA); the root mean square (RMS) error after georegistration was less 

than 1 m.  In this study, the NIR band of the image corresponding to wavelengths 

between ~750 - 850 nm with maximum sensitivity at ~780 nm was used. 

Statistical Analysis 

 Interpolated maps of ECa derived from survey data were produced using the 

Geostatistical Analyst in ArcGIS 8.3 (Environmental System Research Institute, 

Redlands, CA) by ordinary kriging to a 5- by 5-m cell.  Since precision farming requires 

detailed information about soil and crop conditions, a spatial resolution of five meters 

was considered appropriate (Robert, 1996).  To compare ECa surveys for different soil 

moisture conditions at a common relative measurement scale, the kriged ECa maps were 

standardized to a mean of 0 and variance of 1.  Standardized data were only used to map 

ECa for the purpose of visual comparison.  All other statistical analyses were done on the 

raw or kriged ECa values.  Since soil physical and chemical properties and ECa data were 

collected at different intensities or scales, ECa at soil sampling points was estimated by 
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averaging the four nearest interpolated rasters from kriged ECa maps.  We examined 

direct correlations of ECa with surficial soil chemical properties and with soil physical 

properties measured both over cumulative depth intervals and at individual depth 

increments using JMP 5.1 (SAS Institute, Cary, NC).  Since the EM38 measures a depth-

weighted average of soil conductivity, we report mainly the relationships between ECa 

and soil physical properties averaged over cumulative depth intervals.  Semivariogram 

analysis of ECa data was done using the geostatistical software GS+ (Gamma Design 

Software, St. Plainwell, MI) to compare the spatial correlation structure of the four 

vertical ECa surveys.   

Since cluster analysis has been widely applied to delineate soil conditions and 

management zones for site-specific management, nonhierarchical k-means clustering was 

used to group ECa data into naturally occurring clusters aiming to minimize within-

cluster variance and maximize between-cluster variance (MacQueen, 1967).  The three 

soil series mapped in this field indicate that one of the predominant factors causing soil 

spatial variability would likely be drainage classes characterized by different levels of 

organic matter at the soil surface.  As a result, this field might be more effectively divided 

by cluster analysis on data layers related to drainage conditions such as the bare-soil 

image and terrain attributes together with ECa. Consequently, each of the ECa surveys, X 

and Y coordinates, and two additional variables of elevation and the bare-soil image NIR 

brightness values were used as variables for cluster analysis.  The kriged ECa and 

elevation maps, and the NIR image were scaled to the same resolution of the 5- by 5-m 

grid point files for cluster analysis.  Cluster analysis was performed using each of the four 
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vertical ECa surveys with planar X and Y coordinates using SAS PROC FASTCLUS 

(SAS Institute, Cary, NC).     

Since the degree of soil variability captured generally increases as the number of 

management zones increases (Flowers, 2005), zones derived from cluster analysis of the 

X and Y coordinates alone were used as �control zones� to evaluate the effectiveness of 

the other variables. Thus, we performed cluster analysis on the X and Y coordinates alone 

to generate the same number zones as each cluster method. Since most of the clustering 

procedures in SAS use dissimilarity measures only, the Mahalanobis distance, a 

standardized form of the Euclidean distance, was used to measure dissimilarity (Khattree 

and Naik, 2000).  The Mahalanobis distance approach not only performs a 

standardization process for scaling the data, but also sums the pooled within-group 

variance-covariance, which adjusts intercorrelations among the variables.  To compare 

the natural data structures of the ECa surveys under various soil moisture conditions using 

cluster analysis, the optimal number of clusters in a given data structure was determined 

based on the cubic clustering criterion (CCC), which compares the observed R-squared to 

the expected R-squared from a uniform distribution on a hyperrectangle divided into 

clusters shaped roughly like hypercubes (SAS Institute, Inc., 1983).  After cluster 

analysis, statistical majority filtering was performed using a 25- by 25-m moving window 

in ERDAS Imagine (Leica, Norcross, GA) to remove �salt and pepper� noise and develop 

homogeneous zones. Thus, each cluster represented a sampling zone for site-specific 

management, with a sampling zone defined as all homogeneous zones within the same 

cluster. A sampling zone thus could consist of multiple non-contiguous areas.  
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To compare different clustering approaches for zone sampling to characterize 

spatial variation in the soil test parameters most important to crop productivity (P, K, pH, 

CEC, and SOM), clusters were tested using ANOVA in SAS PROC MIXED, with cluster 

zones as fixed effects and sample points within each zone as repeated observations 

(Littell et al., 1996).  Since the independence assumption of the classical ANOVA model 

is violated when spatial correlation is significant, spatial covariance modeling can help 

avoid underestimating or overestimating the standard errors used to test the significance 

of an effect.  Since our study focused on judging how well zones captured soil test spatial 

variability in similar fields, the spatial mixed model analysis would be more effective 

than classical ANOVA when significant spatial correlation existed.  To test this and to 

select an appropriate spatial covariance model if needed, we used the procedure outlined 

by Hong et al. (2005) modified for our case which did not include a RCBD design 

structure.  In brief, the mixed model including a spatial correlation structure via the 

REPEATED statement was fit using PROC MIXED. The initial values of the spatial 

covariance parameters were determined using S+ SpatialStats 2000 (Insightful Corp., 

Seattle, WA) to model the weighted least-squares fit of the semivariogram of the 

residuals of the ANOVA model fit initially assuming independent errors.  The restricted 

maximum likelihood (REML) was then used in PROC MIXED to iteratively estimate 

covariance parameters of the model (Zimmerman and Harville, 1991).  Gaussian, 

spherical, and exponential models were compared to describe the covariance structure.  

The Akaike Information Criterion (AIC; Akaike, 1974) was used to select the best spatial 

component for the mixed-models analyses.  The AIC values in the PROC MIXED output 

were compared among a the initial ANOVA assuming spatial independence and the 
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spatial covariance models to determine if the spatial model was necessary to analyze 

cluster zone effects.  

We also compared the total residual variance of P, K, pH, CEC, and SOM 

associated with each clustering approach using the pooled variance 2
Ps  described by 

Chang et al. (2003).  The 2
Ps  is a weighted average of the variances of each zone ( 2

is ) 

calculated as 
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RESULTS AND DISCUSSION 

Spatial and Temporal Variability of Soil Moisture Content 

There were differences in average volumetric moisture contents at the five 

individual depth increments of 0 to 15, 15 to 30, 30 to 45, 45 to 60, and 60 to 75 cm from 

the four survey dates (Fig. 3.2).  Moisture contents between the ECa surveys of 13 and 20 
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March were only different at the surface (0-15 cm).  Also, there were no differences in 

moisture content at the 15- to 30-cm depth among the ECa surveys of 13 and 20 March 

and 11 August, and at the 60- to 75-cm depth between the ECa surveys of 15 July and 11 

August.  Comparisons of mean volumetric moisture content measured over the 

cumulative depth intervals of 0 to 15, 0 to 30, 0 to 45, 0 to 60, and 0 to 75 cm showed 

that only the cumulative 0- to 60-cm depth intervals for the ECa surveys of 13 March and 

11 August were not different (data not shown).  These results indicate that the four survey 

days represented relatively pronounced differences in soil moisture conditions which we 

characterized as �wet� (20 March), �surface dry� (13 March), �subsoil dry� (11 August), 

and �dry� (15 July).   

The surface increment (0-15 cm) exhibited greater spatial and temporal variability 

of soil water content than did the subsoil (15-75 cm); the CV across locations for the 0- to 

15-cm depth ranged from 20 to 30%, while for the increments between 15- and 75-cm 

depth it ranged from 9 to 16% (data not shown).  The highest CVs for soil moisture 

content across locations at all five depth were observed in the dry condition of 15 July.   

The temporal variability of soil moisture content across the four survey dates 

within the individual depth intervals also decreased with depth: the CV for 0 to 15 cm 

was 20 ± 9%; for 15 to 30 cm, 14 ± 6%; for 30 to 45 cm, 10 ± 4%; for 45 to 60 cm, 9 ± 

4%; and for 60 to 75 cm, 7 ± 4%.  Moderate to strong correlations (r2 > 0.50) of soil 

moisture content within the same cumulative depth intervals of 0 to 15, 0 to 30, 0 to 45, 0 

to 60, and 0 to 75 cm measured on the four survey dates  were observed in 27 out of 30 

comparisons (data not shown).  The horizontal spatial distribution of soil moisture 

content averaged over all depth increments was relatively constant (Fig. 3.3), even 
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though there were substantial temporal variations at specific locations.  The surface (0�30 

cm) on the wet day of 20 March was nearly at field capacity (Fig. 3.2).  Most average 

moisture contents over the depths measured on the three survey dates of 13 and 20 March, 

and 11 August were greater than 70% of field capacity.  On the dry condition of 15 July, 

average moisture contents by depth were less than 70% of field capacity, and 25 to 50% 

of locations had moisture contents < 60% of field capacity.  The moisture condition 

(<60�70% of field capacity) of the 15 July survey suggests that electrical conduction 

would have occurred primarily though soil particle surfaces or small discontinuous pores.  

 

Effects of Soil Moisture on Spatial and Temporal Variability of Apparent Soil 

Electrical Conductivity 

The greatest mean ECa for both the vertical and horizontal measurements was 

observed for the 20 March survey (wet), while the lowest mean was observed for the 13 

March survey (surface-dry) (Table 3.1).  The mean vertical ECa from each of the four 

survey dates using all data points were statistically different.  Also, the mean vertical ECa 

calculated using only the data from the common transects for the four survey dates were 

significantly different.  There were no differences between the mean vertical ECa 

measured on 20 March (wet) and 13 March (surface-dry) using all data points (9-m 

transects spacing) and those using only the data from the common transects (Fig. 3.1).  

This suggests that the effects of the different data collection intensities were negligible.  

Both absolute and relative measures of variability such as standard deviations and CV for 

the four ECa vertical surveys were similar (Table 3.1), indicating that the different 

moisture conditions did not have much affect on the variability of ECa among survey 
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dates. Horizontal ECa had lower means, standard deviations, and CVs than vertical ECa.  

As mentioned above, the spatial distribution of soil moisture content was fairly uniform 

among dates.  For the vertical surveys, the interquartile range (IQR) was greatest for the 

20 March survey (wet) and the lowest for the 15 July survey (dry).   

Spatial patterns of normalized vertical ECa were relatively stable over the four 

surveys (Fig. 3.4).  The quantile CV map for the original vertical ECa data across survey 

dates (Fig. 3.5) indicates that approximately 85% of field had CV < 25%.  High CV areas 

corresponded to low elevation areas (r = −0.61; data not shown). Correlation coefficients 

among the 5- by 5-m kriged maps of the four vertical ECa surveys ranged from r = 0.70 

to 0.94 (Table 3.2).  The highest correlation was found between the 13 and 20 March 

surveys (wet and surface-dry, respectively), which had similar soil moisture conditions 

between the 15- and 75-cm depths (Fig. 3.2).  This indicates that the changes in surface 

soil moisture content had little effect on vertical ECa.  The lowest correlation was 

observed between the 20 March (wet) and 11 August (subsoil-dry) surveys, which had 

the greatest contrast in vertical distributions of soil moisture (Fig. 3.2).   

The semivariogram model parameters (nugget, sill, and range) showed that 

vertical ECa exhibited substantial spatial correlation (nugget to sill ratios from ~1�15%) 

and that the spatial correlation structures differed among the different ECa surveys (Table 

3.3).  Consistent with the results for the survey ECa means, the different intensities of 

data collection had only minor effects on the ECa semivariograms (data not shown).  The 

largest range of spatial dependence (478 m) occurred in the vertical ECa survey of 20 

March (wet), which showed the lowest CV of soil moisture content (0 - 75 cm), while the 

smallest range (167 m) was observed in the vertical ECa survey of 15 July (dry), which 
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showed the highest CV of soil moisture content (0 - 75 cm).  The results indicated that 

under wetter conditions, soil moisture and ECa within the field were relatively uniform, 

resulting in the longer range of spatial correlation.  Conversely, under dryer condition soil 

moisture was more variable, so the shorter range of spatial correlations in ECa was 

observed.  Thus, the spatial correlation structure of ECa varied under different soil 

moisture conditions.       

Correlation analysis on the relationships between ECa and volumetric moisture 

content measured on the four survey dates at the cumulative depth intervals of 0 to 15, 0 

to 30, 0 to 45, 0 to 60, and 0 to 75 cm showed only six significant correlations out of 30 

comparisons (Table 3.4).  When the relationships between ECa and volumetric moisture 

contents were tested at the individual depth intervals of 0 to 15, 15 to 30, 30 to 45, 45 to 

60, and 60 to 75 cm (Table B.1), six significant correlations out of 30 comparisons were 

also observed, but these were weaker than those calculated for the cumulative depth 

intervals.  The gravimetric moisture contents tested at the cumulative depth intervals 

showed more significant correlations (12) with ECa than volumetric moisture contents 

(Table B.1).  All the significant correlations were from the vertical ECa surveys of 13 

March (surface-dry) and 20 March (wet).  There were no significant correlations between 

ECa and soil moisture for the vertical ECa surveys of 11 August (subsoil-dry) and 15 July 

(dry).  Since the EM38 measures a depth-weighted average of soil conductivity, soil 

properties calculated at the cumulative depth intervals can show better relationships with 

ECa.  Even though some relationships were statistically significant, these correlations 

were relatively weak and negative.  Other studies have found weak and negative 
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relationships between soil moisture content and ECa (Johnson et al., 2001; Corwin and 

Lesch, 2003).   

There are at least two possible explanations for the weak and negative 

relationships between soil moisture content and ECa.  There was relatively little variation 

in subsoil moisture across the study site for each survey date, which may have been 

insufficient to cause significant spatial ECa variability.  The study by Kachanoski et al. 

(1988) reporting high correlation (r=0.88) between moisture content and ECa was 

conducted in a field that had a wide range of texture variation (65 and 41 percentage 

points for sand and clay, respectively) and soil moisture (30 percentage points) in the 

upper 0.5 m of the profile.  In contrast, our study field had a relatively narrow range of 

variability in soil texture (24 and 16 percentage points for sand and clay, respectively) 

and soil moisture content (<20 percentage points for all four surveys) in the upper 0.75m 

of the profile.  Since spatial variation of ECa in this field is likely the result of multiple 

soil characteristics, variability of other factors (e.g., soil compaction and texture, 

discussed below) might mask the contribution of moisture content on ECa variation.  Due 

to the weak relationships between soil moisture content and ECa, we concluded that that 

the spatial variability of soil moisture at 0- to 75-cm depth cannot be directly determined 

by field-scale ECa survey at this site.  

Effects of Spatiotemporal Variation of Soil Moisture Content                                        

on Characterizing Soil Properties using Apparent Soil Electrical Conductivity   

In examining the direct correlations of ECa from the four surveys with the soil 

physical attributes (bulk density; PAW; -33 and -1500 kPa water retentions; percentage 

sand, silt, and clay; Ksat; cone index) over the cumulative depth intervals, 97 significant 
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relationships were observed out of 264 comparisons (Table 3.5).  Most of these 

relationships were too weak (r2 < 0.50) to directly predict any of the soil physical 

properties from ECa.  The strengths of ECa correlations with soil physical properties 

varied with changing soil moisture conditions. Correlation analysis between ECa and soil 

physical attributes measured at the individual depth intervals of 0 to 15, 15 to 30, 30 to 45, 

45 to 60, and 60 to 75 cm showed only 63 significant relationships (Table B.2).  Similar 

to the previous results from relationships between ECa and soil moisture content, soil 

properties calculated at the cumulative depth intervals generally showed better 

relationships with ECa than those for the individual depth intervals.  For all physical 

properties examined except cone index, the correlations strengthened as the subsoil 

became drier, with the strongest correlations under relatively dry conditions (15 July 

survey). With few exceptions (Ksat and cone index), the signs of the correlations remained 

consistent over survey dates. 

Vertical ECa was positively correlated with bulk density, percentage sand, and 

cone index (Table 3.5).  In the EC model of Rhoades et al. (1989), bulk density is one of 

the primary factors affecting ECa variability.  There was a zone of high cone index and 

bulk density at ~25-cm depth (not shown) indicative of a tillage pan (Duffera et al., in 

review), so we examined the relationships between ECa and cone index at 5-cm depth 

intervals.  The results revealed that most of the significant correlations between vertical 

ECa and cone index occurred between the depths of 0 to 25 cm.  The positive correlations 

of ECa with bulk density, sand content, and cone index were reasonable, since compacted 

soils can have higher connectivity, which can result in higher ECa.   The coarse-textured 
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and well-drained soils of the North Carolina Coastal Plain are particularly prone to the 

formation of tillage pans (Campbell et al. 1974; Cassel, 1981).   

Soil ECa was negatively correlated with PAW and Ksat.  If soil ECa in this field is 

determined primarily by compaction related to sandy soils, it is reasonable that ECa 

would have a negative correlation with PAW, which tends to be low in sandy soils.  Since 

coarse-textured Ap horizons have low PAW and tillage pans dense enough to restrict root 

growth into subsoil moisture, there may be a negative relationship between ECa and yield 

for drought-sensitive crop that is limited by soil moisture in this and similar coastal plain 

fields.   

Measured ECa was not correlated with percentage clay with the exception of the 

0- to 12-cm depth for the15 July ECa survey (dry).  The lack of relationships between ECa 

and percentage clay in this field might be due to the low vertically averaged percentage 

clay (0�75 cm) of < 28% and low clay CV of 18% in the upper 0.75m of the profile.  The 

scatter plot between ECa and percentage clay showed localized strong positive 

correlations (up to r = 0.91) between ECa and percentage clay for some soil samples       

(n = 28 out of 60).  In examining 32 sample points not showing high correlation with clay, 

these sampling locations were primarily associated with high ECa or high organic matter.  

This implies that large-scale variation of ECa in this field might be the result of multiple 

soil characteristics, while localized variation of ECa was mainly contributed by clay 

content variation. The type of clay might be another potential factor that contributed to 

low and nonsignificant correlations between ECa and clay content, since the siliceous 

clay mineralogy in the Kinston field (Table 2.1) could be less conductive than other type 

of clay.  Generally (26 out of 34 comparisons among seven soil physical properties with 
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four to five depth increments), correlations between ECa and measured soil physical 

properties were strongest when ECa was measured under relatively dry conditions.  These 

results are consistent with the higher correlations found between ECa and soil texture 

under dry condition than under wet conditions as reported by Banton et al. (1997). Dryer 

soils have lower conductance than wet soils due to the greater discontinuity of their soil 

solution conduction paths.  However, the effectiveness of ECa as a predictor of some soil 

properties may be better under dryer conditions, since electrical currents have a tendency 

to flow via soil solid surfaces and small pores in dryer soils.  

Most (52 out of 90 comparisons) of the linear relationships of ECa with soil 

chemical properties (pH, SOM, CEC, BS, P, K, Ca, Mg, Fe, Mn, Na, B, Cu, Zn, Al) were 

significant, but the correlations were generally weak (|r| ≤ 0.56, Table 3.6).  With few 

exceptions, the correlations between ECa and measured chemical properties were 

negative.  Since sandy soils with weak structure due to low SOM content are likely to 

form compact tillage pans in coastal plain soils of North Carolina, the negative 

relationship between ECa and SOM could be related to compact tillage pans.  As with soil 

physical properties, the strengths of ECa correlations with soil chemical properties varied 

depending on soil moisture conditions, with the strongest correlations generally found 

when ECa was measured under relatively dry conditions (15 July survey) with few 

exceptions.  These results were similar to the findings of Mueller et al. (2003) that 

relationships were changed by temporal variation of ECa, even if the spatial pattern of 

ECa was relatively stable over time.  Our results suggest that spatial and temporal 

variability of ECa measured in different moisture conditions could be critical parameters 

for evaluating ECa in terms of predicting soil characteristics.  
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Effects of Spatiotemporal Variation of Soil Moisture Content on Management Zone 

Approaches Incorporating Apparent Soil Electrical Conductivity 

The results from nonhierarchical k-means cluster analysis showed seven to eight 

zones naturally formed within each of the four vertical ECa surveys (ECa zones) (Fig. 

3.6a to 3.6d; Table 3.7).  When nonhierarchical k-means cluster analysis was performed 

using each of the four ECa surveys with two additional variables, elevation and brightness 

values of the NIR band of the digital aerial image (ECa-elevation-NIR zones), five to six 

zones were formed  (Fig. 3.6e to 3.6h; Table 3.8).  Clustering of these eight different 

variable sets resulted in various numbers of zones naturally formed within the data, but 

visual comparisons generally showed somewhat similar patterns of zones formed (Fig. 

3.6a to 3.6h).  In general, fewer zones were formed from ECa surveys with two additional 

variables of elevation and IR than from ECa surveys alone.  The fewest zones (five) were 

formed from the 15 July ECa survey (dry) with elevation and the aerial image NIR band.  

To evaluate the effectiveness of clustering these different data as ways of delineating soil 

sampling management zones, we compared mean P, K pH, CEC, and SOM among zones 

using the PROC MIXED analysis of variance adjusting for the unique spatial structure of 

the variability (Table 3.7 and 3.8).  In this study, spatial correlation was significant for all 

cases, so the spatial model was used to test the significance of parameters.  The analysis 

showed that mean P was significantly different among ECa zones from clustering of 

vertical ECa alone for the 20 and 13 March and the 15 July surveys, while mean K was 

only significantly different among ECa zones for the 20 March ECa survey; mean SOM 

was significantly different among ECa zones for the 20 March and the 15 July surveys 

(Table 3.7).  Similar to the ECa zones, the mean P was significantly different among ECa-
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elevation-NIR zones from clustering using vertical ECa for the 20 and 13 March and the 

15 July surveys (Table 3.8).  Except for ECa-elevation-NIR zones from clustering of 

vertical ECa 13 March survey, significantly different mean K was observed among the 

ECa-elevation-NIR zones (P ≤ 0.05) (Table 3.8).  Mean pH was not significantly different 

among the ECa zones nor the ECa-elevation-NIR zones.  Among all ECa-elevation-NIR 

zones, mean CEC was statistically different, while mean CEC was not significantly 

different among any of the ECa zones (Table 3.7 and 3.8).  None of the control zones 

associated with clustering of these eight different variable sets effectively partitioned the 

variability of P, K, pH, CEC, and SOM, except for CEC with four control zones (Table 

3.7 and 3.8).  This indicated that clustering using these data sets as variables performed 

better in creating sampling zones than a simple division of the field.  We also compared 

clustering using elevation and the aerial image NIR band without ECa to evaluate their 

effectiveness in capturing spatial variability of soil test values.  No zones were effective 

in capturing the relatively small variability in soil pH in this field. Zones developed from 

elevation and NIR (elevation-NIR zones) effectively captured the variability of K, CEC, 

and SOM (Table 3.8). The ECa -elevation � NIR zones generally tended to do a better job 

than elevation-NIR zones, with a few exceptions of K with the ECa -elevation � NIR 

zones using the 13 March survey and SOM with the ECa -elevation � NIR zones using 

the 20 March and 11 August surveys   (Table 3.8).  Overall, the variability of P, K, CEC, 

and SOM that was captured by both ECa zones and ECa -elevation � NIR zones depended 

on which ECa survey was used for clustering, but ECa -elevation � NIR zones showed 

more consistent results for capturing variability of P, K, CEC, and SOM than ECa zones.  

This suggests that the temporal variation in ECa measured under different soil moisture 
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conditions could influence considerably zone delineation, but its impacts would be less 

important when zones were derived from vertical ECa with elevation and IR than from 

ECa alone. 

Agronomically, the P status in the majority (99%) of the samples was very high 

(Hardy et al., 2003), indicating that no yield response would be expected by the addition 

of fertilizer P.  The effectiveness of ECa in partitioning the spatial variability of lower 

levels of soil test P in similar soils remains to be determined. Only 29 % of the field 

showed medium soil K nutrient status, with the majority (71 %) of the samples having 

high soil K status, indicating moderate or little to no response to K fertilizer, respectively.  

Thus, even though mean soil test P and K levels differed among zones developed from 

the different data sets, none or few of these zones required additional P and K fertilization.  

However, some zones with pronounced differences in mean soil test values would require 

separate sampling for long-term nutrient management. Therefore, our results could be 

essential for the successful utilization of ECa for the development of sampling zones. 

As an alternative way to evaluate clustering using the different data sets for 

delineating sampling zones, we compared the total residual variance ( 2
ps ) of P, K, pH, 

CEC, and SOM associated with each data set expressed as a percentage of the whole-

field residual variance ( 2
fieldwholes − ) (Fig. 3.7).  Most of the eight different data sets used 

for clustering significantly lowered P, K, pH, CEC, and SOM 2
ps  compared to 2

fieldwholes −  

(P = 0.05 ) with two exceptions of pH using the 11 August and 15 July ECa surveys with 

elevation and NIR. The magnitude of reduction of the P, K, pH, CEC, and SOM 2
ps  

varied depending on the data used.  Considering clustering using the vertical ECa surveys 

alone (Fig. 3.7a), zones derived from the 15 July ECa survey (dry) were the most 
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effective in reducing 2
ps of P, K, pH, CEC, and SOM, with the greatest reduction (40%) 

for P.  The different variance reductions associated with the different vertical ECa surveys 

indicated that the temporal variability of ECa measured under different soil moisture 

conditions influenced the efficiency with which cluster zones captured soil test spatial 

variability.  

Soil test P, K, CEC, and SOM 2
ps  from the ECa- elevation-NIR zones were all 

significantly different from 2
fieldwholes − .  With the exception of P zones from the 15 July 

(dry) vertical ECa survey, larger reduction of P, K, CEC, and SOM 2
ps was observed 

using the vertical ECa survey with elevation and the aerial image NIR band (Fig. 3.7b) 

than with the individual vertical ECa surveys, even though the former generated fewer 

clusters.  Clustering on elevation and the NIR band without vertical ECa survey data was 

frequently as or more effective in reducing 2
ps than clustering on ECa alone.  However, 

clustering soil test P, K, CEC, and SOM using ECa with elevation and NIR reduced 2
ps  

more than using only elevation and NIR (Fig. 3.7b).  Relative to clustering using only the 

individual vertical ECa surveys, differences in the reduction of P, K, CEC, and SOM 2
ps  

were smaller among the four vertical ECa surveys when combined with elevation and 

NIR.  The standard deviation of percentage 2
ps reduction of P, K, pH, CEC, and SOM 

among four different ECa� elevation-NIR zones was < 3%, while for ECa zones it ranged 

from 3 to 14%.  Similar to the results from the PROC MIXED analysis, the ECa -

elevation � NIR zones showed less variability in clustering than the ECa zones. 
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Even though clustering into zones effectively reduced 2
ps  of most soil test values 

compared to 2
fieldwholes − , it was important to determine if the reductions were simply due to 

field division.  Similar to the results of Flowers et al. (2005), the total residual variance 

decreased somewhat when the field was divided into the same number of control zones as 

generated from clustering the study data by clustering only on the X and Y coordinates 

(Fig. 3.7).  In 11 out of 20 cases, clustering with the vertical ECa surveys alone resulted in 

total residual variance for P, K, pH, CEC, and SOM that were somewhat lower than the 

associated control zones, and substantially lower for P using the 15 July (dry) ECa survey.  

Excepting P with the March 20 (wet) ECa survey, all clustering approaches using the 

vertical ECa surveys with elevation and NIR captured up to 40% more P, K, CEC, and 

SOM variability than the control zones.  These results indicated that sampling zones 

created by cluster analysis on ECa with elevation and NIR were more effective than a 

simple field division.   

The effectiveness of elevation and NIR in capturing the spatial variability of soil 

test parameters is likely an expression of the importance of soil drainage as a force 

driving spatial variability in this field.  Soil surface elevation and ECa both tend to be 

strongly related to drainage conditions (Kravchenko et al. 2002). Also, the NIR 

reflectance of bare soil could be a good indicator of the spatial distribution of organic 

matter (Varvel et al. 1999) which is affected by subsurface and surficial drainage 

conditions in coastal plain soils.   

Overall, the results indicated that characterization of soil properties by zones 

developed using ECa survey could be influenced by the temporal variability of ECa 

surveys measured under different soil moisture conditions. The comparisons of zone 
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means and variance reductions indicated that the temporal variability of ECa made under 

different moisture conditions had less influence on the efficiency of cluster zones from 

vertical ECa survey with elevation and NIR than from ECa survey only.  

 

CONCLUSIONS 

Our main objective was to determine if the temporal variability of ECa surveys 

measured under different moisture conditions would affect the relationships of ECa with 

selected soil chemical and physical properties. We also wanted to compare the efficiency 

of sampling zones developed by ECa surveys measured under different moisture 

conditions with or without additional variables of elevation and NIR.  Field-scale ECa 

surveys were measured under significantly different moisture conditions to test these 

objectives.  

The spatial patterns of ECa measured under different soil moisture conditions 

were relatively stable.  However, the relationships of ECa and soil physical and chemical 

properties varied considerably depending on moisture conditions. The poor temporal 

stability of relationships between ECa and other soil properties indicated that soil 

moisture conditions when ECa is measured can be critical.  Based on our analyses, ECa 

measured under relatively dry soil conditions generally showed better correlation with the 

physical and chemical characteristics of these coastal plain soils.  Therefore, we 

recommend that ECa survey be conducted under the relatively dry conditions in similar 

coastal plain soils.  

The utility of ECa as a variable in cluster analysis to develop management or soil 

sampling zones was influenced by variations in ECa measured under different soil 
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moisture conditions.   Clustering zones developed from ECa measured under relatively 

dry conditions were particularly effective in partitioning the spatial variability of SOM 

and the very high soil test P levels in the study field. Zones developed from clustering of 

elevation and bare-soil NIR radiance were more effective than ECa alone in capturing 

variability in K, CEC, and SOM. Clustering on ECa with elevation and NIR provided 

better zones for these parameters, and reduced somewhat the variability associated with 

measuring ECa under different soil moisture conditions. Neither ECa nor elevation with 

NIR nor their combination were effective in capturing spatial variability in soil pH  

The spatial and temporal variability of ECa measured under naturally occurring 

soil moisture variation can be a critical factor when evaluating the ability of ECa to 

predict other soil chemical and physical characteristics important to soil and crop 

productivity and management. Our research was limited to three coastal plain soil map 

units in a single field, thus further research is necessary to confirm these results in 

different environments. 
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 Table 3. 1. Descriptive statistics of coastal plain field apparent soil electrical 
conductivity (ECa) measured via electromagnetic induction under four different naturally 
occurring soil moisture conditions. 

  20 March 13 March 11 August 15 July 
 (wet) (surface dry) (subsoil dry) (dry) 
  ECH�  ECV� ECH  ECV ECV ECV 
 ------------------------------     mS m-1     ------------------------------ 
Mean 3.1 3.5 1.8 2.6 3.2 3.1 
Standard deviation  0.9 1.2 0.6 1 1.2 1.2 
Maximum 6.3 6.2 4.6 5.3 6.5 6.6 
Minimum 0.1 0.9 0 0.01 0.1 0.1 
Interquartile range 0.9 1.9 0.7 1.4 1.3 1.2 
CV (%) 29 36 33 38 38 38 
n 4898 4527 5118 4995 2505 2553 

� ECH: Horizontal mode measurement of ECa. 
� ECV: Vertical mode measurement of ECa. 
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Table 3. 2. Correlation matrix of field apparent soil electrical conductivity (ECa) 
measured via electromagnetic induction in the vertical mode under four different 
naturally occurring soil moisture conditions.  Correlation coefficients (r) listed in this 
table are significant at the 0.05 probability level. 

  20 March 13 March 11 August 15 July 
  (wet) (surface dry)  (subsoil dry) (dry) 
 ---------------     Pearson correlation coefficient, r     --------------- 
March 20 (wet) 1 0.94 0.70 0.79 
March 13 (surface dry)  1 0.79 0.83 
August 11 (subsoil dry)   1 0.84 
July 15 (dry)       1 
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Table 3. 3. Semivariogram model parameters (nugget, sill, range) of vertical ECa surveys 
using all data points measured under four different naturally occurring soil moisture 
conditions.  The best-fit theoretical models were determined by coefficient of 
determination (R2) and reduced sum of squares (RSS).   

    Semvariogram model parameters 

Survey date Model  Nugget Sill Range 
Nugget to 
sill ratio R2 RSS

  ---mS2 m-2--- m %   
20 March (wet) Spherical  0.02 2.04 478 1 0.98 0.03
13 March (surface dry) Spherical  0.06 0.93 255 7 0.96 0.12
11 August (subsoil dry) Exponential 0.24 1.56 254 15 0.98 0.02
15 July (dry) Exponential 0.02 1.3 167 2 0.98 0.02
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Table 3. 4.  Correlations between apparent soil electrical conductivity (ECa) and mean 
soil moisture content measured over cumulative depth intervals under four different 
naturally occurring soil moisture conditions (n = 54).  Correlation coefficients for 
cumulative depth intervals and surveys not listed in this table were not significant at the 
0.05 probability level. 

Depth 20 March (wet) 13  March (surface dry) 
(cm) ECV� ECV 

 ------------     Pearson correlation coefficient, r     ------------- 
0-45 -0.34 -0.35 
0-60 -0.41 -0.38 
0-75 -0.46 -0.43 

� ECV: Vertical mode measurement of ECa 
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Table 3. 5.  Significant (p ≤ 0.05) correlation coefficients (r) between soil physical 
parameters and apparent soil electrical conductivity (ECa) measured under four different 
naturally occurring soil moisture conditions (n = 60).  

 Soil  
20 March 

(wet) 
13 March 

(surface dry) 
11 August 

(subsoil dry) 
15 July 
(dry) 

attribute Depth ECH� ECV� ECH ECV ECV ECV 
 --cm-- ---------------     Pearson correlation coefficient, r     --------------- 
Bulk  0-12 NS 0.27 NS 0.31 0.35 0.41 
density 0-28 NS 0.30 0.28 0.37 0.41 0.52 
 0-46 NS NS 0.32 0.33 0.44 0.52 
 0-62 NS NS 0.28 0.27 0.40 0.48 
 0-78 NS NS NS 0.26 0.40 0.46 
PAW§ 0-12 NS -0.25 -0.26 -0.30 -0.41 -0.55 
 0-28 NS -0.30 NS -0.35 -0.47 -0.57 
 0-46 NS -0.34 NS -0.38 -0.48 -0.55 
 0-62 NS -0.35 NS -0.40 -0.47 -0.54 
 0-78 NS -0.37 NS -0.39 -0.45 -0.53 
Field 0-12 NS NS NS NS -0.26 -0.42 
capacity¶ 0-28 NS NS NS NS -0.26 -0.38 
 0-46 NS NS NS NS -0.25 -0.36 
 0-62 NS -0.26 NS -0.26 -0.27 -0.35 
 0-78 NS -0.29 NS -0.27 -0.24 -0.32 
Wilting 0-12 NS NS NS NS NS -0.28 
point# 0-28 NS NS NS NS NS NS 
 0-46 NS NS NS NS NS NS 
 0-62 NS NS NS NS NS NS 
 0-78 NS NS NS NS NS NS 
Sand 0-12 NS NS NS NS 0.29 0.41 
 0-28 NS NS NS NS 0.31 0.39 
 0-46 NS NS NS NS 0.31 0.41 
 0-62 NS NS NS NS 0.32 0.41 
 0-78 NS NS NS NS 0.30 0.38 
Silt 0-12 NS NS NS NS -0.30 -0.40 
 0-28 NS NS -0.29 ns -0.38 -0.43 
 0-46 NS NS -0.31 -0.28 -0.38 -0.43 
 0-62 NS NS -0.31 -0.29 -0.35 -0.42 
 0-78 NS NS -0.32 -0.29 -0.33 -0.39 
Clay 0-12 NS NS NS NS NS -0.35 
 0-28 NS NS NS NS NS NS 
 0-46 NS NS NS NS NS NS 
 0-62 NS NS NS NS NS NS 
 0-78 NS NS NS NS NS NS 
Ksat�� 0-12 0.28 NS NS NS NS NS 
 0-28 0.25 NS NS NS NS NS 
 0-46 NS NS NS NS NS -0.25 
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 0-62 NS NS NS NS NS -0.33 
 0-78 NS NS NS NS NS -0.30 
Cone  0-12 -0.35 0.51 NS 0.39 0.30 0.35 
Index 0-28 NS NS NS NS NS 0.31 
 0-46 NS NS NS NS NS 0.26 
 0-62 NS NS NS NS NS 0.29 
Elevation   0.29 0.57 0.54 0.66 0.51 0.62 

� ECH: Horizontal mode measurement of ECa 
� ECV: Vertical mode measurement of ECa 
§ PAW: Plant available water content (volumetric). 
¶ Field capacity: water retention at -33 kPa. 
# Wilting point: water retention at -1500 kPa. 
�� Ksat: Saturated hydraulic conductivity.  
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Table 3. 6.  Significant (p ≤ 0.05) correlation coefficients (r) between selected surficial 
soil chemical parameters and apparent soil electrical conductivity (ECa) measured under 
four different naturally occurring soil moisture conditions (n = 564).  

  
20 March 

(wet) 
13 March 

(surface dry) 
11 August 

(subsoil dry) 
15 July 
(dry) 

Soil parameter ECH� ECV� ECH ECV ECV ECV 
 -----------------     Pearson correlation coefficient, r     ----------------- 
pH 0.15 -0.06 0.10 NS -0.11 -0.09 
SOM§  -0.17 -0.30 -0.31 -0.33 -0.32 -0.44 
CEC¶ NS NS NS NS -0.12 -0.26 
BS# 0.14 NS 0.11 NS NS NS 
P 0.21 -0.26 NS -0.23 -0.27 -0.33 
K NS NS -0.11 NS -0.09 -0.18 
Ca NS NS NS NS -0.15 -0.27 
Mg 0.12 NS NS NS -0.16 -0.29 
Na NS 0.09 NS NS -0.09 NS 
B NS NS NS NS -0.12 -0.18 
Fe 0.14 NS NS NS -0.09 -0.18 
Mn NS NS NS NS 0.17 0.11 
Cu 0.10 NS NS NS -0.13 -0.12 
Zn -0.56 -0.19 -0.49 -0.33 -0.30 -0.25 
Al -0.14 -0.10 -0.21 -0.12 -0.20 -0.35 

� ECH: Horizontal mode measurement of ECa 
� ECV: Vertical mode measurement of ECa 
§ SOM: soil organic matter  
¶ CEC: cation exchange capacity  
# BS: base saturation 
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Table 3. 7. Means and significance of field-scale apparent soil electrical conductivity (ECa) zones and control zones for soil test P, K, 
pH, CEC, and SOM.  Zones were generated from k-means cluster analysis of four individual ECa surveys under different naturally 
occurring soil moisture conditions.  Control zones were generated from cluster analysis of X, Y coordinates alone; the number of 
control zones (n) were set equal to the number of zones developed from clustering the data described. 

  ECa zone means for soil parameters 
Data layer(s)  ECa zones 
used for clustering Soil parameter I II III IV V VI VII VIII Pr >F 
20 March (wet) P, g m-3 127 140 128 160 151 138 172 157 ** 
 K, g m-3 111 114 110 134 131 104 127 111 *** 
 pH 5.84 5.86 5.82 5.93 5.92 5.91 5.93 5.82 NS 
 CEC, cmol kg-1� 53.2 58.3 51.6 54.2 56.8 48.9 27.5 47.1 NS 
  SOM, %� 1.51 1.42 1.48 1.37 1.55 1.19 1.71 1.2 ** 
13 March (surface dry) P. g m-3 139 151 143 167 116 165 152 132 ** 
 K, g m-3 128 118 123 111 108 120 111 112 NS 
 pH 5.9 5.94 5.86 5.73 5.85 5.92 5.83 5.94 NS 
 CEC, cmol kg-1 56.1 52.2 56.7 49.3 53.5 57.9 50.3 52 NS 
  SOM, % 1.48 1.36 1.47 1.38 1.44 1.72 1.37 1.42 NS 
11 August (subsoil dry) P, g m-3 163 149 161 141 148 137 155   NS 
 K, g m-3 118 124 123 114 114 116 120  NS 
 pH 5.92 5.91 5.94 5.86 5.87 5.81 5.87  NS 
 CEC, cmol kg-1 50.9 60.2 53.4 51.2 54.8 52.8 56.6  NS 
  SOM, % 1.52 1.47 1.49 1.44 1.39 1.47 1.54   NS 
15 July (dry) P, g m-3 155 156 146 149 143 134 176  ** 
 K, g m-3 123 115 114 116 119 114 126  NS 
 pH 5.86 5.9 5.78 5.77 5.9 5.96 6.01  NS 
 CEC, cmol kg-1 54.5 56 50.8 50.6 56.2 54 56.7  NS 
 SOM, % 1.46 1.68 1.33 1.35 1.49 1.42 1.69   * 
Control zones (n = 8) P, g m-3 163 132 141 162 142 146 154 159 NS 
 K. g m-3 121 115 107 124 115 111 122 125 NS 
 pH 5.93 5.85 5.76 6.01 5.89 5.84 5.86 5.87 NS 
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 CEC, cmol kg-1 53.1 51.2 57.1 54.0 50.2 52.1 55.4 60.3 NS 
 SOM, % 1.48 1.29 1.63 1.55 1.31 1.53 1.50  NS 
Control zones (n = 7) P, g m-3 146 151 159 159 140 148 153  NS 
 K, g m-3 116 116 130 115 109 119 124  NS 
 pH 5.97 5.89 5.98 5.86 5.77 5.87 5.87  NS 
 CEC, cmol kg-1 51.7 58.9 53.7 56.4 52.0 54.3 52.1  NS 
 SOM, % 1.59 1.47 1.46 1.41 1.32 1.43 1.60  NS 
*Significant at 0.05 probability level. 
**Significant at 0.01 probability level. 
***Significant at 0.001 probability level. 
� CEC: cation exchange capacity  
� SOM: soil organic matter  
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Table 3. 8. Means and significance of field-scale soil apparent electrical conductivity (ECa) zones and control zones for soil test P, K, 
pH, CEC, and SOM.  Zones were generated from k-means cluster analysis using four individual ECa surveys under different naturally 
occurring soil moisture condition with elevation and the near infrared (NIR) band of a bare-soil aerial CIR image and using elevation 
and NIR only. Control zones were generated from cluster analysis of X, Y coordinates alone; the number of control zones (n) were set 
equal to the number of zones developed from clustering the data described. 

  ECa zone means for soil parameters 
Data layer(s)  ECa-elevation-NIR zones 
used for clustering Soil attribute (unit) I II III IV V VI Pr >F 
20 March (wet)  P, g m-3 131 150 140 156 139 178 ** 
with elevation and NIR K, g m-3 109 117 119 113 122 133 * 
 pH 5.89 5.85 5.87 5.84 6.01 5.85 NS 
 CEC, cmol kg-1� 48.1 56.3 54.9 51.2 54 62.1 ** 
  SOM, % � 1.36 1.49 1.39 1.53 1.46 1.68 NS 
13 March (surface dry) P, g m-3 148 149 142 128 180 137 ** 
with elevation and NIR K, g m-3 126 114 121 110 128 113 NS 
 pH 5.93 5.83 5.95 5.86 5.92 5.84 NS 
 CEC, cmol kg-1 56.2 54.5 53.8 45.5 60.1 57.7 ** 
  SOM, % 1.45 1.49 1.44 1.33 1.8 1.34 *** 
11 August (subsoil dry) P, g m-3 161 151 152 155 118 158 NS 
with elevation and NIR K, g m-3 116 127 117 129 105 121 * 
 pH 5.85 5.88 5.92 5.95 5.88 5.84 NS 
 CEC, cmol kg-1 50.1 57.2 55.1 56.1 47.8 60.3 * 
  SOM, % 1.42 1.41 1.52 1.49 1.46 1.49 NS 
15 July (dry) P, g m-3 147 165 138 145 142  * 
with elevation and NIR K, g m-3 110 128 117 121 113  * 
 pH 5.84 5.92 5.87 5.91 5.87  NS 
 CEC, cmol kg-1 52.9 60.5 53.3 51.4 52.9  * 
  SOM, % 1.40 1.64 1.49 1.52 1.30   ** 
Elevation and NIR P, g m-3 150 153 134 146   NS 
 K, g m-3 111 123 109 123   * 
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 pH 5.85 5.88 5.79 5.97   NS 
 CEC, cmol kg-1 51.5 56.3 49.2 56.3   * 
 SOM, % 1.48 1.53 1.33 1.52   * 
Control zones (n = 6) P, g m-3 161 130 165 148 135 155 NS 
 K, g m-3 128 106 125 119 121 116 NS 
 pH 5.90 5.87 5.96 5.86 5.95 5.80 NS 
 CEC, cmol kg-1 61.1 58.4 56.2 57.4 50.2 53.7 NS 
 SOM, % 1.51 1.37 1.47 1.55 1.31 1.59 NS 
Control zones (n = 5) P, g m-3 165 145 144 152 147  NS 
 K, g m-3 123 111 121 120 117  NS 
 pH 5.97 5.88 5.88 5.83 5.86  NS 
 CEC, cmol kg-1 55.9 55.8 56.3 52.8 51.2  NS 
 SOM, % 1.51 1.51 1.44 1.42 1.49  NS 
Control zones (n = 4) P, g m-3 147 153 146 155   NS 
 K, g m-3 113 119 122 120   NS 
 pH 5.92 5.88 5.94 5.81   NS 
 CEC, cmol kg-1 50.4 51.4 55.9 59.2   * 
 SOM, % 1.52 1.44 1.46 1.46   NS 
*Significant at 0.05 probability level. 
**Significant at 0.01 probability level. 
***Significant at 0.001 probability level. 
� CEC: cation exchange capacity.  
� SOM: soil organic matter.  
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Fig. 3. 1. Sampling locations for soil physical properties, TDR moisture profiling probe 
locations, and transects of apparent soil electrical conductivity (ECa) surveys on four days 
with different naturally occurring soil moisture levels.  
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Fig. 3. 2. Mean volumetric soil moisture content at 0- to 15-, 15- to 30-, 30- to 45-, 45- to 
60-, and 60- to 75-cm depths on four days with different naturally occurring soil moisture 
content measured using profiling time domain reflectometry (TDR) probes installed at 60 
locations. For this study, the 54 (out of 60) readings that were good for all four surveys 
were used.  Soil moisture contents at field capacity and wilting point were determined in 
the laboratory using pressure plates with sieved soil samples in equilibrium with a water 
potential of -33 kPa and -1500 kPa.  Mean volumetric soil moisture content within a 
depth interval followed by the same letter are not significantly different at α = 0.05. 
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Fig. 3. 3. Interpolated maps of soil moisture content (0 � 75 cm) measured on four days 
with different naturally occurring soil moisture conditions on which field-scale apparent 
soil electrical conductivity (ECa) surveys were conducted: (a) 20 March (wet), (b) 13 
March (surface dry), (c) 11 August (subsoil dry), and (d) 15 July (dry). These maps were 
classified by quantiles. 
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Fig. 3. 4. Kriged normalized field-scale apparent soil electrical conductivity (ECa) maps 
derived from surveys conducted (a) 20 March (wet condition), (b) 13 March (surface-dry 
condition), (c) 11 August (subsoil-dry condition), and (d) 15 July (dry condition). 
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Fig. 3. 5. Quantile CV map for apparent soil electrical conductivity (ECa) measured under 
four different naturally occurring soil moisture conditions. 
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Fig. 3. 6. Nonhierarchical k-means clustering maps derived from (a) 20 March apparent 
soil electrical conductivity (ECa) survey (wet condition, number of zone [n] = 8); (b) 13 
March ECa survey (surface dry condition, n = 8); (c) 11 August ECa survey (subsoil-dry 
condition, n = 7); (d) 15 July ECa survey (dry condition, n = 7); (e) 20 March ECa survey, 
elevation, and aerial image near-infrared (NIR) band (n = 6); (f) 13 March ECa survey, 
elevation, and NIR (n = 6); (g) 11 August ECa survey, elevation, and NIR (n = 6); and (h) 
15 July ECa survey, elevation, and NIR (n = 5). Each grayscale shade represents a 
different cluster (management zone).     
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Fig. 3. 7.  The pooled variances ( 2
Ps ) of P, K, pH, CEC, and SOM for (a) clusters derived 

from apparent soil electrical conductivity (ECa) surveys of four different soil moisture 
conditions, and (b) clusters derived from ECa surveys with elevation and aerial image 
near-infrared (NIR) band. Variances were expressed as a percentage of whole field 
variance ( 2

fieldwholes − ).  Asterisks below the horizontal axis indicate that 2
Ps  values are 

significantly different from 2
fieldwholes −  at the 0.05 probability level. The numbers of 

control zones are the same as those for zones developed from clustering the data 
described. 
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Table B. 1. Significant (p ≤ 0.05) correlation coefficients (r) between soil volumetric and 
gravimetric moisture contents measured at the individual and cumulative depth intervals 
and soil electrical conductivity (ECa) under four different naturally occurring soil 
moisture conditions (n = 54) in the Kinston field.  

 
Moisture  Depth 

20 March 
(wet) 

13  March 
(surface dry) 

11 August 
(subsoil dry) 

15 July 
(dry) 

content  (cm) ECH� ECV� ECH ECV ECV ECV 
  ----------------------     Pearson correlation coefficient, r     ----------------------

VMC§ 0-15 NS NS NS NS NS NS 
 15-30 NS NS NS NS NS NS 
 30-45 NS -0.35 NS -0.36 NS NS 
 45-60 NS -0.35 NS -0.31 NS NS 
 60-75 0.30 -0.32 NS NS NS NS 

 0-15 NS NS NS NS NS NS 
 0-30 NS NS NS NS NS NS 
 0-45 NS -0.32 NS -0.36 NS NS 
 0-60 NS -0.40 NS -0.41 NS NS 
 0-75 NS -0.41 NS -0.40 NS NS 
        
GWC¶ 0-15 NS -0.29 NS -0.35 NS NS 
 15-30 NS NS NS NS NS NS 
 30-45 NS NS NS -0.30 -0.29 NS 
 45-60 NS NS NS NS NS NS 
  60-75 0.32 -0.29 NS NS NS NS 
 0-15 NS -0.29 NS -0.35 NS NS 
 0-30 NS -0.29 NS -0.35 NS NS 
 0-45 NS -0.35 NS -0.40 -0.30 NS 
 0-60 NS -0.39 NS -0.42 -0.29 NS 
  0-75 NS -0.40 NS -0.40 NS NS 
� ECH: Horizontal measurement of ECa 
� ECV: Vertical measurement of ECa 
§ VMC, volumetric moisture content 
¶ GWC, gravimetric moisture content 
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Table B. 2. Significant (p ≤ 0.05) correlation coefficients (r) between soil physical 
parameters measured at the individual depth intervals and apparent soil electrical 
conductivity (ECa) measured under four different naturally occurring soil moisture 
conditions in the Kinston field (n = 60). 

 � ECH: Horizontal measurement of ECa 
� ECV: Vertical measurement of ECa 
§ PAW: Plant available water content. 
¶ Ksat: Saturated hydraulic conductivity.  

 Soil   
20 March 

(wet) 
13 March 

(surface dry) 
11 August 

(subsoil dry) 
15 July 
(dry) 

attribute Depth ECH� ECV� ECH ECV ECV ECV 
 cm ---------------     Pearson correlation coefficient, r     --------------- 
Bulk 0-12 NS 0.27 NS 0.31 0.35 0.41 
density 12-28 NS NS NS 0.31 0.35 0.46 
 28-46 NS NS NS NS 0.27 0.27 
 46-62 NS NS NS NS NS NS 
 62-78 NS NS NS NS NS NS 
PAW§ 0-12 NS -0.25 -0.26 -0.30 -0.41 -0.55 
 12-28 NS -0.32 NS -0.36 -0.47 -0.53 
 28-46 NS -0.34 NS -0.37 -0.40 -0.39 
 46-62 NS -0.30 NS -0.33 -0.36 -0.40 
 62-78 0.28 -0.34 NS -0.26 NS -0.33 
Ksat¶ 0-12 0.28 NS NS NS NS NS 
 12-28 NS NS NS NS NS -0.26 
 28-46 NS NS NS NS NS NS 
 46-62 NS NS NS NS NS -0.32 
 62-78 NS NS NS NS NS NS 
Cone 0-12 -0.35 0.51 NS 0.39 0.30 0.35 
index 12-28 NS NS NS NS NS NS 
 28-46 NS -0.25 NS NS NS NS 
  46-62 0.27 NS 0.27 NS NS NS 
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Fig. B. 1. Interpolated maps of soil moisture contents measured under relatively wet 
condition (20 March) measured at the individual and cumulative depth intervals in the 
Kinston field. 
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Fig. B. 2. Interpolated maps of soil moisture contents measured under relatively surface 
dry condition (13 March) measured at the individual and cumulative depth intervals in 
the Kinston field. 
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Fig. B. 3. Interpolated maps of soil moisture contents measured under relatively subsoil 
dry condition (11 August) measured at the individual and cumulative depth intervals in 
the Kinston field. 
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Fig. B. 4. Interpolated maps of soil moisture contents measured under relatively dry 
condition (15 July) measured at the individual and cumulative depth intervals in the 
Kinston field. 
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Fig. B. 5.  Interpolated maps of sand contents measured at the individual and cumulative 
depth intervals in the Kinston field.  
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Fig. B. 6. Interpolated maps of silt contents measured at the individual and cumulative 
depth intervals in the Kinston field. 

 



 174

 
Fig. B. 7. Interpolated maps of clay contents measured at the individual and cumulative 
depth intervals in the Kinston field. 
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Fig. B. 8. Interpolated maps of bulk density measured at the individual and cumulative 
depth intervals in the Kinston field. 
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Fig. B. 9. Interpolated maps of saturated hydraulic conductivity (Ksat) measured at the 
individual and cumulative depth intervals in the Kinston field. 
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Fig. B. 10. Interpolated maps of plant available water (water content between -33 kPa and 
-1500 kPa) measured at the individual and cumulative depth intervals in the Kinston field. 
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Fig. B. 11. Interpolated maps of cone index measured at the individual and cumulative 
depth intervals in the Kinston field.  
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Effects of Variable Selection on Soil-Based Management Zone Strategies:  

Cluster Analysis Approach. 

ABSTRACT 

Cluster analysis has been widely used to delineate soil and crop management 

zones. Since results of noninferential cluster analysis depend on the variables used for the 

similarity-dissimilarity measure, the addition or deletion of relevant variables can 

substantially impact the results. We evaluated clustering approaches using different data 

for management zone delineation to determine which approach best captured spatial 

variability of soil nutrient levels and crop yields. Research was conducted in four fields in 

two physiographic regions of North Carolina: the Coastal Plain and the Piedmont. 

Nonhierarchical k-means cluster analysis was performed to delineate zones based on 

commonly used clustering variables: apparent soil electrical conductivity (ECa), near-

infrared (NIR) radiance of bare soil aerial color infrared (CIR) images, elevation, slope, 

and their combinations. The strengths and signs of correlations between clustering 

variables and soil test P, K, pH, cation exchange capacity (CEC), and humic matter (HM) 

or soil organic matter varied across fields. Relationships between clustering variables and 

crop yields were inconsistent among years and fields. Most of the clustering approaches 

effectively minimized the within-zone variability of soil test and crop yield, but the 

degree of variance reduction varied considerably depending on fields as well as clustering 

variables used for zone delineation. Of the soil-based management zone strategies, cluster 

analysis on the combination of ECa and NIR consistently captured more variability of K, 

CEC, and HM in the coastal plain fields, while the efficiency of zone approaches varied 

markedly with clustering variables in the piedmont fields. Differences between zone 
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delineation approaches to capture yield variability were minimal. Efficiency in capturing 

yield variation depended more on temporal variability of crop yields than on zone 

approaches. Our results suggest that zones created by cluster analysis could provide a 

way to group and manage spatial variability of soil nutrients within fields. However, 

appropriate selection of clustering variables for an individual field could be critical to 

maximize effectiveness of management zones for site-specific management.  
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INTRODUCTION 

Precision agriculture requires detailed information about soil and crop conditions 

within fields. One precision agricultural strategy is to utilize such information to 

delineate management zones, defined as a sub-region of a field that expresses a relatively 

homogeneous combination of yield-limiting factors for which a single rate of a specific 

crop input (Doerge, 1999). Sensor-based information such as remotely sensed data has 

shown great potential for the development of management zones, since sensor-based 

measurements can provide noninvasive, quantitative, and precise data reflecting field 

productivity at relatively low cost (Mulla and Schepers, 1997).  In addition, Geographic 

Information System (GIS) software and geostatistics have made it possible to combine 

data from various easily measured field attributes via sensors (for example, ECa map, 

terrain attributes, aerial images, and yield maps) and predict soil productivity and crop 

yields.   

To analyze large multivariate databases derived from sensors to determine the 

complex relationships among variables including landscape attributes, soil fertility 

parameters, and crop yields for nutrient management, multivariate statistical techniques 

such as cluster analysis, principle components analysis (PCA), neural networks, and 

classification and regression trees (CART) have been used.  Cluster analysis has been one 

of the most frequently used computational methods for developing soil and crop 

management zones (Chang et al., 2003; Fridgen et al., 2004; Schepers et al, 2004).  Since 

the primary objective of cluster analysis is to define the structure of the data by placing 

the most similar observations into groups, cluster analysis is appropriate to delineate 

management zones. Cluster analysis is generally characterized as a descriptive, 
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atheoretical, and noninferential method.  Since cluster analysis has no statistical basis 

upon which to draw statistical inferences from a sample to a population, it is used 

primarily as an explanatory technique.  Therefore, clustering solutions are not unique, as 

the cluster membership is dependent upon the variables used as the basis for similarity or 

dissimilarity measure.  The addition or deletion of relevant variables can have substantial 

impacts on the cluster analysis, resulting in different management zones for a given field 

(Hair et al., 1998; Stamatis, 2002).  Therefore, the selection of relevant variables for 

cluster analysis could be critical to optimize the efficiency of a management zone 

strategy.  Several studies have compared and evaluated different techniques to delineate 

management zones (Chang et al., 2004; Fleming et al., 2004; Mallarino and Wittry, 2004; 

Thompson et al., 2004).  Nevertheless, none of these studies examined in depth how 

clustering variable selection influences management zone delineation in terms of 

capturing the spatial variability of soil characteristics and crop yields within a field and 

among fields.    

In the past studies, a number of agronomic factors affecting field management 

have been considered as cluster analysis variables for developing management zones in 

site-specific management (SSM).  Potential sources of information commonly used to 

define soil-based management zones include ECa survey, aerial photography, landscape 

attributes (elevation, slope, and aspect), and soil surveys (Doerge, 1999). Each parameter 

directly or indirectly reflects field characteristics related to crop yield and is relatively 

stable over time (Sudduth et al., 2000; Mueller et al., 2003).  Since each field may have 

different characteristics important to crop management, different clustering variables may 
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be required to characterize soil spatial variability in each field for the development of 

management zone.   

Spatial measurement of ECa alone or in combination with other variables has been 

widely used to delineate management zones (Jaynes et al., 1995; Sudduth et al., 1995), 

since ECa has shown correlations with soil properties that are related to crop productivity 

such as soil texture, clay content, CEC, and soil water content.  Topographic attributes 

have also been frequently used to map within-field areas of high and low productivity 

(Jones et al., 1989; Sudduth et al., 1997).  Plant-available soil water and soil physical and 

chemical properties vary with landscape position, and thus contribute to differences in 

crop response and yields, especially on undulating fields. Fraisse et al. (1999) showed 

that an ECa map, elevation, and slope were the most useful attributes for the delineation 

of within-field management zones on claypan soils in two Missouri fields.  

An alternate source of high spatial resolution information that has been used in 

the development of potential management zones is image-based remote sensing.  Aerial 

photographs have been used for the study of soil and crop conditions (Blackmer and 

White, 1996; Tomer et al., 1997), because aerial photography can have high spatial 

resolution, short turnaround time, and provide images from very low to very high 

altitudes in the visible and near infrared (NIR) portions of the spectrum. Bare-soil images 

along with elevation, slope, and ECa have been applied to delineate soil-based 

management zones (Blackmer and Schepers, 1996; McCann et al., 1996; Fleming el al., 

2000; Gerwig el al., 2000; Luchiari et al., 2000; Schepers et al., 2000).  Soil surface 

radiance information from bare soil images has been related mainly to variability in soil 

moisture content, soil organic matter, and soil texture.  Wilcox et al. (1994) used bare soil 
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images to gain information on organic matter content. They related this to past 

management, erosion, water retention, and nutrient status. Pocknee et al. (1996) used an 

aerial image to direct sampling strategies for soil organic matter, P, and pH in the Coastal 

Plain of Georgia.   

The primary factors contributing to soil spatial variability would likely be 

drainage class for soils in the Coastal Plain and landscape position and soil texture for 

soils in the Piedmont of North Carolina.  Drainage class could be an important soil 

characteristic influencing crop yields and nutrient distribution, since it affects water 

movement, solute transport, and soil organic matter accumulation. Spatial variability of 

soil organic matter is important to crop management, since it can affect soil water holding 

capacity, nutrient retention, and structure.  Kravchenko et al. (2002) used topographic 

attributes and ECa to map drainage classes.  Landscape position and soil texture are also 

primary factors affecting yield variability. Soil texture, field slope, and relative elevation 

affect yield through water holding capacity or by how nutrients are retained.  

Topographic effects on redistribution of soil moisture and other soil properties can be 

captured by terrain variables such as slope gradient and elevation.  Several studies in a 

North Carolina Piedmont soil showed that corn grain yields were greater at lower versus 

higher landscape positions (Daniels et al., 1985; Stone et al., 1985), due to greater plant 

available water found on the lower positions (Afyuni et al., 1993).  Many soils in the 

piedmont region are classified as moderately or severely eroded, so most of the original 

A and E horizons have been lost (Daniels et al., 1985). Although the high clay content in 

Ap horizons of higher landscape position increases water-holding capacity, much of the 

additional water may be not available for plant uptake.  Therefore, Ap horizons with 
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lower clay content in lower landscape positions could be a better plant-growth 

environment due to more plant-available water and more favorable soil physical 

properties than the moderately and highly eroded landscape position.  Cassel et al. (1996) 

made similar observations in a North Carolina coastal plain soil.  This study showed that 

the concave footslope would have greater yield potential because it is an area of runoff 

accumulation, and thus is likely to have greater available water except for very wet years 

when crop yields were severely reduced by excessive water in this landscape position. 

For management zones to be effective, it is essential to demonstrate consistent 

relationships of field attributes as cluster analysis variables with spatial patterns in soil 

nutrient levels and crop yields, taking into account temporal variation caused primarily 

by weather.  To assess the efficiency of management zones, two main criteria have been 

used to determine which approach best captured soil test and crop yield variability: 1) 

minimizing soil nutrient and yield variability within zones (Chang et al., 2004), and 2) 

maximizing differences in mean soil test values and yields between zones (Fleming et al., 

2004; Schepers et al., 2004).  We hypothesized that the selection of variables for cluster 

analysis may significantly influence the effectiveness of soil-based management zones in 

terms of capturing soil test and crop yield variability.  For example, fields in the 

Piedmont region may be more effectively delineated by cluster analysis on parameters 

related to terrain attributes and soil texture, while fields in the Coastal Plain may be more 

effectively divided by cluster analysis on parameters related to drainage conditions or 

spatial distribution of soil organic matter. In this study, we evaluated clustering 

approaches using different data sets for management zone delineation to minimize spatial 
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variability in soil nutrient levels as well as crop yields in agricultural fields of the Coastal 

Plain and Piedmont of North Carolina. 

 

MATERIALS AND METHOD 

Field Description 

Research was conducted on four fields in the two physiographic regions of North 

Carolina that host the majority of field crop agriculture in the state, the Piedmont and the 

Coastal Plain.  Since multiple soil map units within individual fields and among fields 

had a wide range of soil textures and properties, a substantial degree of spatial variability 

was expected within and among fields (Table 2.1).  The two coastal plain fields were 

denoted as �Kinston� in Lenoir County and �Overman� in Wayne County of North 

Carolina.  The Kinston field has been in a two-year wheat-double-crop soybean (year 1)-

corn (year 2) rotation common to the region, with conventional tillage before wheat and 

no-till soybean and corn.  This field has been used for a site-specific N management 

experiment since fall, 2000.  The Overman field was managed using conventional tillage 

practice.  The two piedmont fields were located in Rowan County, NC and were denoted 

as �Baker� and �Graham�. These were managed using continuous no-tillage practices.  

For all four fields, previous P, K, and lime applications had been uniformly applied based 

on soil test recommendations.  Each field had a varied cropping history that included 

corn-wheat-soybean crop rotation.  
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Acquisition of Spatial Data Layers 

 The sensor-based data used for this study include vertical ECa, NIR brightness 

values of the bare soil aerial CIR image, and landscape attributes of elevation and slope 

as clustering variables.  Soil ECa surveys were conducted using a mobile system that 

included an all-terrain vehicle, a non-metallic trailer for carrying the EM38 (Geonics, 

Ltd., Mississauga, Ontario, Canada), a differential global positioning system (DGPS) 

receiver, and a field personal computer (PC) for data collection.  Using the SensorTrack 

data collection system in the software program HGIS (Starpal, Inc., Fort Collins, CO), 

DGPS and ECa data were collected simultaneously at 1-s intervals on transects spaced 

approximately 10 m apart in the Coastal Plain and approximately 20 m apart in the 

Piedmont.  The density of data collection was approximately 350 points ha-1 in the 

Coastal Plain and 150 points ha-1 in the Piedmont. An offset in HGIS was used to account 

for the distance between the DGPS antenna and the EM38.  The ECa surveys were 

performed in horizontal mode (�horizontal ECa�) with an effective measurement depth of 

about 0.75 m and in vertical mode (�vertical ECa�) with an effective measurement depth 

of about 1.5 m.  The highest sensitivity in vertical mode is at approximately 0.4-m depth, 

while in the horizontal mode it is at the soil surface (McNeil, 1992).  Except for the 

Kinston field, bare soil aerial CIR images of the fields were the U.S. Geological Survey 

Digital Ortho Quarter-Quadrangles (DOQQs) with a 1-meter ground resolution in MrSID 

format acquired from soil county database (http://www.gisacademy.ncsu.edu). Spectral 

resolution of the NIR band of the images corresponds to wavelengths between 760nm 

and 900nm. Since no bare-soil image of the Kinston field was available in this database, a 

bare soil aerial color infrared (CIR) image of this field was acquired in November 2004 
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using a DuncanTech MS3100 digital multispectral camera (DuncanTech-Redlake, San 

Diego, CA)   Geographic coordinates of four corners in the field using DGPS were 

collected for image georegistration.  Digital images with a ground pixel resolution of 

~0.55 m were georegistered using ERDAS Imagine version 8.7 (ERDASR Inc. Atlanta, 

GA); the root mean square (RMS) error after georegistration was less than 1 m.  In this 

study, the NIR band of the image corresponding to wavelengths between ~750 - 850 nm 

with maximum sensitivity at ~780 nm was used.  Elevation data for the coastal plain 

fields were derived from NC Floodplain Mapping Program lidar data 

(http://www.ncfloodmaps.com) with a horizontal posting distance of 1.0 m and a vertical 

accuracy of 0.15 m.  For the piedmont fields, RTK-GPS surveys were conducted to 

obtain accurate elevation data.  Slope data were derived from elevation data using Spatial 

Analyst in ArcGIS 8.3 (Environmental System Research Institute, Redlands, CA) by 

surface analysis for all four fields.  Spatial Analyst identifies slope from each cell of 

elevation data relative to its neighbors and output is represented as percent slope for each 

cell. Soil samples were collected from 16 to 60-m equilateral triangular grids (Table 2.1).  

Seven to eight soil sample cores to a depth of 0.1 meters in the no-till piedmont fields and 

0.2 meters in the conventional-till coastal plain fields were taken at each grid location and 

mixed to ensure that a representative sample was collected, then air dried.  For all fields 

except Kinston, the samples were analyzed by the North Carolina Department of 

Agriculture and Consumer Services (NCDA&CS) Soil Testing Laboratory (Raleigh, NC) 

for analysis of pH (1:1 H2O), Mehlich-3 extractable P and K (Mehlich, 1984a), CEC by 

sum of bases and acidity, and humic matter content by photometric determination 

(Mehlich, 1984b). The Kinston samples were analyzed by Brookside Laboratories, (New 
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Knoxville, OH) using the same methods, except that in place of HM, soil organic matter 

(SOM) was determined via loss on ignition. Soil organic matter and humic matter are 

highly correlated (r2 = 0.95; Harrison et al., 1976) in North Carolina soils and (r2 = 0.83; 

Fig. 2.1) in the Kinston field. Humic matter (HM) data in Fig. 2.1 were from a previous 

study (Williams, 2005) wherein soil samples were collected on a 20-m equilateral 

triangular grid by compositing eight cores taken within 1 m of a grid point using a 20-mm 

diameter soil probe to a 20-cm depth and analyzed for HM by NCDA&CS Soil Testing 

Laboratory.   

 Multiyear yield data were collected using a combine equipped with an 

AgLeader PF 3000 yield monitor (AgLeader, 2202 S. Riverside Dr., Ames, IA) and a 

DGPS (Satloc, 4670 S. Ash Avenue, Tempe, AZ) (Table C.1).  The yield monitor was 

calibrated following the AgLeader protocol at the start of each harvest season and yield 

data were recorded every 1 s.  Non-interpolated yield maps were produced using Ag 

Leader�s SMS� Basic (Spatial Management System). The yield data were corrected to 

remove spurious errors following the guidelines described by Weisz et al. (2003) and 

Blackmore and Moore (1999).  The general guidelines used for this study were:  

1) yield data associated with field edges and narrow passes were removed, 

2) a further 6 s (≈16m) of yield data on all field edges were removed to ensure that 

sufficient grain flow occurred through the combine and yield monitoring system 

to provide accurate readings, and  

3) any remaining outliers were removed from the data set. 

Since the Kinston field has been used for a site-specific N management experiment, all 

yield data were normalized to remove N treatment effects.  
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Cluster Analysis and Management Zones  

Nonhierarchical k-means clustering was used to group ECa data into naturally 

occurring clusters aiming to minimize within-cluster variance and maximize between-

cluster variance (MacQueen, 1967).  Nonhierarchical k-means clustering was performed 

on spatial data layers of vertical ECa, NIR, elevation, and slope, and selected 

combinations among them, chosen to represent the variables commonly used for 

management zone delineation.  In this light, we developed ten variable sets for zone 

delineation. Each individual layer of (1) ECa, (2) NIR, (3) elevation, and (4) slope was 

used to evaluate the effectiveness of each datum.  Also, the selected combinations of 

variables were used based on previous studies; (5) ECa and NIR (Fleming et al; 2004); (6) 

landscape attributes (Franza et al., 2001); (7) ECa, NIR, and elevation (Schepers et al, 

2004); (8) ECa and landscape attributes (Fraisse et al.,1999); (9) NIR and landscape 

attributes (Fleming et al., 2000); (10) ECa, NIR, and landscape attributes. Each of the ten 

variable sets along with planar X and Y coordinates were used for cluster analysis using 

SAS PROC FASTCLUS (SAS Institute, Cary, NC). In addition, we also compared the 

sampling zones derived from cluster analysis with soil series map units from order 1 (1: < 

3,000) and order 2 (1: 24,000) surveys for the coastal plain fields and an order 2 survey 

for the piedmont fields. Interpolated maps of ECa for use in cluster analysis were derived 

from the ECa surveys using the Geostatistical Analyst in ArcGIS 8.1 (Environmental 

System Research Institute, Redlands, CA) by ordinary kriging to a 5- by 5-m cell. The 

NIR image, elevation, and slope were also converted to the 5-m by 5-m grid points to 

construct one data set containing all the clustering variables at the same resolution.  Since 

precision farming requires detailed information about soil and crop conditions, a spatial 
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resolution of five meters seems to be required (Robert, 1996). Since the degree of soil 

variability captured generally increases as the number of management zones increases 

(Flowers, 2005), zones derived from cluster analysis of the X and Y coordinates alone 

were used as �control zones� to evaluate the effectiveness of the other variables. Thus, 

we performed cluster analysis on the X and Y coordinates alone to generate the same 

number zones as each cluster method. Since most of the clustering procedures in SAS use 

dissimilarity measures only, the Mahalanobis distance, a standardized form of the 

Euclidean distance, was used to measure dissimilarity (Khattree and Naik, 2000).  The 

Mahalanobis distance approach not only performs a standardization process for scaling 

the data, but also sums the pooled within-group variance-covariance, which adjusts 

intercorrelations among the variables.  The optimal number of clusters in a given 

clustering variable set was determined based on the cubic clustering criterion (CCC), 

which compares the observed R-squared to the expected R-squared from a uniform 

distribution on a hyperrectangle divided into clusters shaped roughly like hypercubes 

(SAS Technical Report, 1983).  After cluster analysis, statistical majority filtering was 

performed using a 25- by 25-m moving window in ERDAS Imagine (Leica, Norcross, 

GA) to remove �salt and pepper� noise and develop homogeneous zones. Thus, each 

cluster represented a sampling zone for site-specific management, with a sampling zone 

defined as all homogeneous zones within the same cluster. A sampling zone thus could 

consist of multiple non-contiguous areas. 
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Statistical Analysis for Comparing Custering Methods 

To evaluate the effectiveness of the different clustering approaches in capturing 

the spatial variation in multiyear yield data and in the soil test parameters most important 

to crop productivity (P, K, pH, CEC, and SOM/HM), clusters were tested using ANOVA 

in SAS PROC MIXED. Cluster zones were assumed to be fixed effects and sample points 

within each zone were used as repeated observations (Littell et al., 1996). Because our 

study focused on judging how well zones captured spatial variability of soil test values 

and yield data within these (and similar) fields, we expected the data to be highly 

spatially correlated. If so, the independence assumption of the classical ANOVA model 

would have been violated, thus a spatial mixed model analysis was used to help avoid 

underestimating or overestimating the standard errors and to test the significance of an 

effect.  This involved the selection of an appropriate spatial covariance model as 

described by Hong et al. (2005).  In brief, the mixed model including a spatial correlation 

structure via the REPEATED statement was fit using PROC MIXED. The initial values 

of the spatial covariance parameters were determined using S+ SpatialStats 2000 

(Insightful Corp., Seattle, WA) to model the weighted least-squares fit of the 

semivariogram of the residuals of the ANOVA model fit initially assuming independent 

errors.  The restricted maximum likelihood (REML) was then used in PROC MIXED to 

iteratively estimate covariance parameters of the model (Zimmerman and Harville, 1991).  

Gaussian, spherical, and exponential models with and without nugget effects were 

compared to describe the covariance structure.  The Akaike Information Criterion (AIC; 

Akaike, 1974) was used to select the best-fit model among the various spatial covariance 
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models tested as well as the initial ANOVA assuming spatial independence, the latter to 

determine if the spatial model was necessary to analyze cluster zone effects.  

We also compared the total residual variance of soil test P, K, pH, CEC, and 

SOM/HM and yield data associated with each clustering approach using the pooled 

variance 2
Ps  described by Chang et al. (2003).  The 2

Ps  is a weighted average of the 

variances of each zone ( 2
is ) calculated as 
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RESULTS AND DISCUSSION 

Spatial Variability of Selected Soil Properties and Sensor-Based Field Attributes 

Table 4.1 summarizes the descriptive statistics of the sensor-based field attributes 

(vertical and horizontal ECa, NIR, and landscape attributes of elevation and slope) that 

were used as clustering variables to develop management zones. The vertical and 
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horizontal ECa surveys showed substantial spatial variability with CV varying from 16% 

to 43% across the four study fields.  The ECa mean and standard deviation from the 

piedmont fields were greater than those measured in the coastal plain fields (Table 4.1).  

This was likely because greater physical contact between soil particles in the clay soils in 

the Piedmont allowed higher electrical conductivity than in the sandy soils in the Coastal 

Plain. Vertical ECa was generally greater than horizontal ECa across fields.  The NIR 

showed moderate variation with CV ranging from 5% in the piedmont fields to 9% in the 

coastal plain fields. Lower mean NIR was observed in the coastal plain fields than in the 

piedmont fields.  Elevation had relatively low CV (<4%), while slope had high CV (43 to 

63%).   

The box-whisker plots (Fig. 4.1) summarize the variability in soil test P, K, pH, 

CEC, and HM in the four fields.  Standard criteria suggested by Wilding et al. (1994) 

were used to characterize the magnitude of variability for soil properties, with CV of 0 to 

15, 15 to 35, and 35 to 100% characterizing low, medium, and high variability, 

respectively.  Extractable P for all four fields ranged from 0 to 406 g m-3 with whole field 

CV ranging from 37 to 57%, which showed high variability.  Greater extractable P means 

and standard deviation were found in the coastal plain fields than in the piedmont fields.  

Piedmont soils are generally low in extractable P due to their high content of P-adsorbing 

clay. Extractable K ranged from 23 to 467 g m-3.  The CV for extractable K was medium 

to high, ranging from 25 to 44%.  The high variability in soil P and K within these fields 

indicated that zone-based nutrient management might be more efficient than whole-field-

based management.   
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In the piedmont fields 87% or more of the land area had extractable P levels 

classified as having a medium to low nutrient status based on North Carolina Department 

of Agriculture and Consumer Services (NCDA&CS) (Hardy et al., 2003) fertility 

guidelines.  This indicated that crop response to the application of P fertilizer would be 

expected (Fig. C.1). In contrast, greater than 95% of the land area in each coastal plain 

field had high P nutrient status, indicating that there was a low probability of a yield 

response to fertilizer P.  Even though no crop response to P fertilizer would be expected 

in the coastal plain fields, the high variability of soil P observed there indicated that a 

management zone strategy may be efficient for long-term nutrient management.  Soils in 

the coastal plain fields had low to high soil K nutrient status, indicating that medium to 

high yield response to the application of soil K fertilizer would be expected (Fig. C.2). 

High to medium soil K nutrient status in the Piedmont indicated a likelihood of relatively 

low yield response to addition of K fertilizer. This was further evidence that whole-field 

based soil sampling would most likely not effectively describe the soil P and K nutrient 

variability within these fields. 

The target pH for soybean, corn, and wheat production in the four study fields 

was 6.0. With the exception of the Baker field, more than 46% of the land area in each 

field had soil pH that was below this target, indicating that liming was required. However, 

the relatively low pH CV (≤ 8%) indicated that soil pH was generally uniform across 

fields, and a management zone strategy would likely have little efficacy for lime 

application.   

The CV for CEC showed high variability (25 to 29%) for the coastal plain fields 

and low variability (12%) in the piedmont fields. The higher mean CEC in the Graham 
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field was probably due to the predominance of Alfisols in this field, while Ultisols 

prevailed in the other fields.  High HM CV (37 to 60%) was observed in all four fields.   

Relationships among Soil Fertility Parameters, Sensor-based Field Attributes, and 

Crop Yields  

In comparing the direct correlations between sensor-based field attributes (vertical 

and horizontal ECa, NIR band of bare soil aerial CIR image, elevation, and slope) and 

soil test P, K, pH, CEC and SOM/HM, 83 significant relationships were observed out of 

140 comparisons in the four fields; the majority of these (40) were in the coastal plain 

fields (Table 4.2). We note here that there was a strong linear relationship (r2 = 0.83) 

between HM and SOM in the Kinston field (Fig. 2.1).  In general, fields in Coastal Plain 

showed stronger correlations and more consistent signs of relationships between field 

attributes and soil test levels than did the piedmont fields.  Among the sensor-based field 

attributes, ECa generally showed more significant correlations with soil test P, K, and pH 

than other variables.  However, the strengths and signs of the relationships between ECa 

and soil test values varied among fields.  Except for the Baker field, vertical ECa 

generally show slightly better correlations with soil test values than horizontal ECa.  

Except for P in the Overman and Graham fields, all relationships between soil test values 

and NIR showed negative correlations.  Negative relationships between NIR and HM or 

SOM were observed in the coastal plain fields, which is similar to results in previous 

studies (Varvel et al., 1999; Schepers et el., 2004).  The dark areas of the composite aerial 

image corresponded well with areas of high SOM content on the interpolated SOM maps 

(data not shown).  High negative correlations between NIR and HM as well as the 

relatively low NIR means in the coastal plain fields were consistent with NIR radiation 
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having been absorbed by high moisture content associated with HM.  Previous studies 

have shown that the brightness or intensity of bare soil reflectance are inversely related to 

both soil surface organic matter content (Varvel et al., 1999) and to surface moisture 

content (Muller and Decamps, 2000; Senay et al., 2000; Lobell and Asner, 2002).  High 

correlations between SOM/HM and CEC were observed the in sandy coastal plain fields 

(Table A.1 and A.2), probably because the CEC of coastal plain soils is associated mainly 

with SOM (Kamprath and Welch, 1962).  Both SOM/HM and CEC showed relatively 

strong correlations with NIR in the coastal plain fields.  In addition, there were relatively 

strong correlations of HM and CEC with soil test K in the coastal plain fields.  Uribe and 

Cox (1988) reported that availability of K in coastal plain soils was affected by CEC and 

HM.  Relatively strong and consistent relationships of NIR with HM, CEC, and K 

indicated that NIR band of bare soil aerial CIR image might provide potentially useful 

information for management zone delineation in the coastal plain fields. 

In contrast, there were no significant correlations of NIR with CEC nor HM in the 

piedmont fields.  For the piedmont fields there were only weak or nonsignificant 

correlations between CEC and HM. This was likely due to the fact that CEC can be 

mainly a function of clay content rather than SOM in piedmont fields. Except for the 

Baker field, correlations between pH and any of the sensor based variables were either 

nonsignificant or weak. In general, more relatively weak and non-significant relationships 

between NIR and soil test values were observed in the Piedmont than in the Coastal Plain.  

The relatively strong correlations of vertical ECa with soil test P and pH in the Baker 

field might be related to past management history.  Prior to 1994, this field was divided 

into two management units, one in row crop production that received high inputs of P 
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fertilizer and lime, and the other in unmanaged pasture.  The spatial patterns apparent in 

maps of ECa, P, and pH correspond to the areas of the two prior management units.    

The correlations between sensor-based field attributes and crop yields indicated 

that these relationships varied considerably depending both on the spatial variability of 

crop yields within fields and on the temporal variability of crop yields within a field 

(Table 4.3). For the Kinston field, 2001 soybean and 2003 wheat yields were positively 

correlated to ECa, while 2003 soybean was not correlated to ECa. Measured ECa was 

negatively correlated to 2002 Corn in the Kinston field. All crop yields were positively 

correlated to ECa in the Overman field. Since both surface clay content and HM were 

positively correlated with ECa, relatively high surface clay and HM contents associated 

with high ECa readings could provide good available water condition for crop growth in 

deep sandy Wagram soils in the Overman field. Except for corn yields in the Kinston 

field, overall relationships between crop yields and ECa were positive in the costal plain 

fields. Since the relationships between soil physical properties and ECa in Kinston field 

(discussed in more detail in Chapter 3) implicated negative relationship of ECa with soil 

water availability to crop, it was reasonable that the negative relationship of ECa with low 

drought-tolerant crop such as corn would be expected. This result indicated that the 

relationships between ECa and crop yields in the coastal plain fields might be mainly 

affected by relationships between ECa and soil properties related to water availability to 

crop. In the coastal plain region with humid and high precipitation, crop yields are likely 

limited by both insufficient and excessive precipitation, thus soil parameters related to 

soil moisture condition will be important factors affecting crop yields.  All relationships 

between vertical ECa and crop yields were significant in the piedmont fields, but the 
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strengths and signs of correlations varied in fields of the same region. For example, wheat 

yield in the Baker and soybean in the Graham field was positively correlated with ECa. In 

contrast, soybean yield in the Baker and wheat in the Graham was negatively correlated 

with ECa. The previous studies also reported that the relationships between ECa and crop 

yields are inconsistent across years and fields (Sudduth et al., 1995; Kitchen et al., 1999), 

since the relationship between the soil properties driving ECa and crop yields could be 

altered or reversed across fields. Corn yield was negatively correlated with elevation in 

two of the four corn crops studied; other researchers have reported that high corn yields 

were frequently observed at lower landscape positions in North Carolina (Daniels et al., 

1985; Stone et al., 1985; Afyuni et al., 1993; Cassel et al., 1996). Wheat yield in all four 

fields and soybean yield in the coastal plain fields were positively correlated with 

elevation.  Soybean yield in the Graham field was negatively correlated with elevation. 

Slope was negatively correlated with yield in two piedmont fields and the Overman field, 

while positive correlations were shown in the Kinston field with one exception of 2001 

soybean.    

Correlations between crop yield and soil test values were generally weak and 

inconsistent among years and fields (Table 4.3), suggesting that these properties alone do 

not constitute good predictors of yields.  Of the significant correlations of yield with P 

and K, the majority (9 of 13) for P and half (7 of 14) for K were negative. Since the soils 

in the study fields had relatively high P and K values, P and K were probably not limiting 

factors for crop production, hence, they might have had only a minor effect on yield 

variability. Therefore, variability of plant-available water and soil physical properties 

may have been more important factors affecting yield. On well-managed fields, several 
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studies showed that plant-available water was the most important factor controlling crop 

production (Sinai et al., 1981; Wright et al., 1990). Our results from correlation analysis 

indicated that sensor-based field attributes such as ECa, NIR, elevation, and slope, which 

are known to be related to water availability, could have a potential to delineate 

management zone.  

In summary, the relationships between soil fertility parameters and sensor-based 

field attributes as potential clustering variables indicated that the strengths and signs of 

the relationships varied considerably among fields.  This indicated that variable selection 

for cluster analysis for each field would likely be important to achieve maximum efficacy 

in management zone delineation.  In this study, vertical ECa, NIR, elevation, and slope 

were considered as potential variables for management zone of these fields.  To avoid 

multicolinearity problems between vertical and horizontal ECa and among the three bands 

of the bare soil CIR images, we chose to use vertical ECa and NIR in our further 

investigation of clustering variables to develop management zones, because they 

generally showed better correlations with soil properties and crop yields across fields 

(Table A.1 to A.5).  

 

Management Zone Delineation via Cluster Analysis: 

Effects of Variable Selection on the Capture of Spatial Variability of Soil Properties 

Nonhierarchical k-means cluster analysis resulted in 3 to 10 zones in the coastal 

plain fields (Fig. 4.2 and 4.3; Table 4.4) and 3 to 8 zones in the piedmont fields (Fig. 4.4 

and 4.5; Table 4.5).  The number of zones in a given field varied depending on the 
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variable(s) used for cluster analysis.  In general, the coastal plain fields were divided into 

more zones than the piedmont fields.  

To evaluate the effectiveness of clustering different variables for delineating soil 

sampling zones, we compared mean P, K pH, CEC, and SOM/HM among zones using 

the PROC MIXED ANOVA adjusted for the unique spatial correlation structure of the 

parameters (Table 4.4 and 4.5; Table C.2 to C.5).  Spatial correlation was significant for 

all cases, so spatial models were used to test for significant differences in mean soil test 

values among zones.  There were significant differences among zones in 35 out of the 

100 clusterings developed from the different variable sets in the coastal plain fields, while 

23 of 100 clusterings produced significant differences among zones in the piedmont 

fields.  In contrast, only 2 of the 55 control zone delineations in the coastal plain fields 

effectively partitioned soil test parameter variability, while 6 of 35 did so in the Piedmont 

(Table 4.4 and 4.5).  This indicated that clustering using these data sets as variables 

generally performed better in creating sampling zones than a simple division of the field. 

In the Kinston field, ECa-NIR zones more effectively partitioned the variability of 

P, K, CEC, and SOM than did zones derived from other variables. None of zones 

captured P variability in the Overman field, but the variability of K, CEC, and HM was 

captured by zones from clustering with ECa, NIR, and their combination. Only order 1 

survey captured soil P variability in the Overman field. In the coastal plain fields, mean 

pH was not significantly different among any zones developed by clustering. Mean P was 

not significantly different among zones from clustering in the piedmont fields with the 

exceptions of the ECa zones in the Baker field, and the ECa and Elevation zones and the 

control delineation with eight zones in the Graham field.  Zones from clustering in the 
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Graham field captured the variability of K and CEC more so than the other soil test 

parameters. Zones from clustering with ECa alone captured the variability of P in both 

piedmont fields. No zones effectively partitioned HM in the piedmont fields. Mean pH 

was not significantly different among zones developed by any clustering in the Graham 

field. Zones from clustering with six out of the ten variable combinations tested captured 

pH variability in the Baker field; however, the control zones did so as well.     

Overall, these results indicated that the extent to which management zone 

delineation captured the variability of P, K, CEC, and SOM/HM varied depending on 

which variable(s) were used for clustering. Zone delineation partitioned soil test 

variability more effectively in the coastal plain fields than in the piedmont fields. 

Clustering using ECa and NIR generally did a better job in the coastal plain fields than 

other variable(s).   

As an alternative way to evaluate clustering using the different variable sets for 

delineating management zones, we compared the total residual variance ( 2
ps ) of P, K, pH, 

CEC, and HM/SOM associated with each clustering variable set expressed as a 

percentage of the whole-field residual variance ( 2
fieldwholes − ) (Fig. 4.6a to 4.9a). In the 

coastal plain fields, 68 of the 100 clustering significantly reduced the 2
ps  of P, K, pH, 

CEC, or SOM/HM compared to 2
fieldwholes − , while only 38 of the 100 clusterings did so in 

the piedmont fields. The magnitude of reduction of the 2
ps of P, K, CEC, and SOM/HM 

varied among fields and depended on which variables were used for clustering.  Among 

the different data sets tested, ECa-NIR zones were most effective in reducing the total 

residual variance of soil test K, CEC, and SOM/HM in the coastal plain fields, with 33, 
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43, and 53 percentage point reductions, respectively, in the Kinston field (Fig. 4.6a) and 

28, 23, and 32 percentage point reductions in the Overman field (Fig. 4.7a). The relative 

variance reductions in soil test K, CEC, and SOM/HM by zones from clustering with 

different data sets were similar in the coastal plain fields. This might be due to the 

relatively strong correlations among these soil test parameters within these fields (r = 

0.56 to 0.79).  For soil test P, zones from clustering with ECa only showed the greatest 

variance reduction in both the Kinston and Overman fields. The ECa or ECa-NIR zones 

generally reduced the total variance more than the Order 1 survey except in the case of 

HM in the Overman field. The soil map units of the order 1 surveys generally showed 

larger reductions in the total variance of P, K, CEC and SOM/HM than those of the order 

2 surveys in the coastal plain fields with the exception of soil test P in the Overman field. 

This suggests that the existing conventional order 2 soil maps were not detailed enough to 

capture the spatial variability of soil test P, K, CEC, and SOM/HM compared to the order 

1 maps surveyed at a larger scale in the coastal plain fields.  In the Baker field, zones 

from clustering with ECa or NIR only were most effective in reducing the total residual 

variance of soil test P and pH, while zones from clustering with elevation for K. In 

contrast, zones from clustering with elevation only most effectively reduced the P 

variance and zones from clustering with ECa only were most effective in reducing soil 

test K variance in the Graham field.  

Even though our results showed that some clusterings effectively reduced the total 

residual variance in soil test, it was important to determine if variance reductions were 

due to the effects of the clustering variables or simply due to field division. Our results 

showed that 24 out of the 106 clusterings with significant reduction of the 2
ps  of soil test 
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values reduced less total residual variance for P, K, CEC, and SOM/HM than the 

associated control zones (Fig. 4.6a to 4.9a.). Similar to the results from the PROC 

MIXED analysis, sampling zones created by cluster analysis were generally more 

effective to capture variability of soil test than a simple field division.   

Our results showed that variance reduction by zones from clustering with sensor-

based field attributes varied from field to field and depended on the variable(s) selected 

for cluster analysis. Similar to the results from the PROC MIXED analysis, zones from 

clustering with sensor-based attributes more effectively reduced total residual variance of 

soil test in the coastal plain fields than in the piedmont fields.  This result might indicate 

that soil-based management zones could be more efficient in the coastal plain fields than 

in the piedmont fields. The comparisons of zone means and variance reductions indicated 

that ECa and NIR most effectively minimized total variance of soil test values in the 

coastal plain fields. The effectiveness of ECa and NIR in capturing the spatial variability 

of soil test parameters is likely an expression of the importance of soil organic matter 

affecting spatial variability of nutrients in the coastal plain fields.  The NIR reflectance of 

bare soil can be a good indicator of the spatial distribution of soil organic matter (Varvel 

et al. 1999). Aerial image data were correlated to soil organic matter contents and in 

some cases to yields, probably reflecting the effects of drainage patterns in the coastal 

plain fields. Soil ECa also tends to be strongly related to drainage conditions (Kravchenko 

et al. 2002). 

Overall, our results represented that management zones derived from cluster 

analysis of different soil-based data were somewhat effective in capturing the spatial 

variation of soil chemical properties; however, this approach could be considerably 
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influenced by which sensor-based field attributes as variables were used for cluster 

analysis.  

Effects of Variable Selection on the Capture of Spatial Variability of Crop Yield 

To evaluate the effectiveness of clustering with different data set as ways of 

delineating soil sampling management zones, we also compared average yields of 

soybean, corn, and wheat among zones using the PROC MIXED ANOVA adjusted for 

the unique spatial correlation structure (Table 4.6 and 4.7).  In this analysis, spatial 

correlation was significant for all cases, so spatial models were used to test the 

significance of parameters. Mean yields were significantly different among zones from 

26 out of 80 clusterings in the Coastal Plain, but only 13 out of 70 cases were significant 

in the Piedmont. The extent of yield variability captured by zones derived from the 

different data sets varied greatly among fields, crops, and years. None of the clusterings 

showed consistent results for capturing yield variability.  

In some crop years like 2004 corn and 2003 wheat in Kinston, 2004 wheat in 

Overman, and 1999 wheat in Graham, yield variability was relatively well captured by 

some of the management zones.  These results suggest that the temporal variability of 

crop yield resulted in inconsistent relationships between zones and crop yields. Eghball 

and Varvel (1997) and Lamb et al. (1997) also reported that temporal variability of corn 

yield was more dominant than spatial variability, indicating that spatial patterns in grain 

yields were greatly affected by yearly variations in climate, particularly by year to year 

changes in water availability. For example, the distinctly different results of the zones in 

capturing the spatial variability of 2002 and 2004 corn yield in the Kinston field (Table 

4.6 and Fig. 4.6b) indicated the role that temporal variation played in altering the 
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expression of spatial crop yield variation. In the Kinston field, zone corn yield means in 

2004 were significantly different in six out of ten clusterings, while only two clusterings 

were significant in 2002 (Table 4.6). The cumulative precipitation over the growing 

season at Kinston in 2004 was almost twice that in 2002 (Table 4.3). The water stress 

experienced by corn in 2002 may have resulted in less-pronounced differences in yields 

among zones in this year. The total residual variance of wheat yields in both coastal plain 

fields was relatively well captured by zones from clustering analysis. Except for 2000 

soybean, zones from clustering with ECa or elevation alone effectively reduced the 

residual variance of crop yields in the Graham field. In the Baker field, only four out of 

30 clustering reduced more variance of crop yields than associated control zones.       

In general, the control zones associated with clustering of the ten variable sets did 

not effectively partition the variability of crop yield, with only five exceptions out of 90 

comparisons (Tables 3.6 and 3.7).  This result indicates that sampling zones created by 

cluster analysis were generally more effective in capturing yield variability than a simple 

field division.   

All clustering approaches in these fields reduced total residual variance 2
ps  of 

crop yields (Fig. 4.6b to 4.9b). However, only 55 out of 150 comparisons showed that 

clustering with the different data sets resulted in total residual crop yield variances ( 2
ps ) 

that were lower than the associated control zones. Similar to the results from the PROC 

MIXED analysis, the degree of reduction in crop yield 2
ps  by zones derived from 

different data sets also varied considerably from field to field and year to year. The 

temporal variation in crop yields likely contributed to the lack of consistent relationships 

between zones and crop yields.  
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Overall, our results indicated that management zones derived from cluster 

analysis of different sensor-based data were somewhat effective in capturing the spatial 

variation of crop yields. This approach, however, did not consistently capture the spatial 

variability of multiyear crop yields, likely because yield patterns varied considerably 

from year to year. These results are consistent with observations of Schepers et al. (2004) 

regarding the role that the temporal variability of crop yields plays in altering the 

expression of spatial variability, resulting in inconsistent differences in mean yield among 

zones.  

 

CONCLUSIONS 

Clustering on sensor-based field attributes including ECa, NIR, elevation, and 

slope was aggregated into management zones to determine which attribute or attribute 

combinations could be the most effective to characterize spatial variation in soil test 

parameters and crop yield. The zones resulting from the different clustering data sets 

varied in maximizing differences among mean soil test values and crop yields across 

sampling zones and reducing the within-zone soil test and yield variability. Our results 

indicate that clustering with sensor-based information can be used to delineate 

management zones that characterize spatial variation in soil chemical properties when 

variable selection is appropriate; however, these zones are less consistent in 

characterizing spatial variability in yields across temporal variation.  

Of the soil-based variables used to develop management zones, cluster analysis on 

the combination of ECa and NIR consistently captured more variability of K, CEC, and 

SOM/HM in the coastal plain fields, while the efficiency of zone approaches varied 
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markedly with clustering variables in the piedmont fields. This result might indicate that 

soil-based management zones could be more efficient in the coastal plain fields than in 

the piedmont fields of North Carolina.  

Our results showed that zones created by cluster analysis could provide a way to 

group and manage the spatial variability of soil test values within fields. However, since 

our results showed that the use of different variables for cluster analysis resulted in 

different results in terms of capturing soil test and yield variability by management zones, 

variable selection of cluster analysis for each individual field could be critical to 

implement cluster analysis for developing management zones.  Therefore, 

implementation of management zones derived from cluster analysis requires in-depth 

knowledge of field characteristics in a given field.   

 



 211

REFERENCES 

Akaike, H. 1974. A new look at the statistical model identification. IEEE Transaction on 

Automatic Control AIC-19:716-723. 

Afyuni, M. M., D. K. Cassel, and W. P. Robarge. 1993. Effect of landscape position on 

soil water and corn yield. Soil Sci. Soc. Am. J. 57:1573-1580. 

Blackmer, T.M. and J.S. Schepers. 1996.  Aerial photography as an aid in soil sampling. 

Better-Crops-with-Plant-Food. 80 (3): 18-19.  

Blackmore, B.S., and M. Moore. 1999. Remedial correction of yield map data. Precis. 

Agric. 1:53�66.  

Blackmer A.M. and S.E. White. 1996.  Remote sensing to identify spatial patterns in 

optimal rates of nitrogen fertilization. p. 33-43.  In P.C. Robert et al. (ed.) Proc. 

Int. Conf. Precision Agric., 3rd, Minneapolis, MN. 23-26 June 1996. ASA-CSSA-

SSSA, Madison, WI 

Cassel, D. K., E. J. Kamprath, and F. W. Simmons. 1996. Nitrogen-sulfur 

relationships in corn as affected by landscape attributes and tillage. Agron. J. 

88:133-140. 

Chang, J., D.E. Clay, C.G. Carlson, S.A. Clay, D.D. Malo, R. Berg, J. Kleinjan, and W. 

Weibold. 2003. Different techniques to identify management zones impact 

nitrogen and phosphorous sampling variability. Agron. J. 95:1550-1559. 

Chang, J., D. E. Clay, C. G. Carlson, C. L. Reese, S. A. Clay, and M. M. Ellsbury. 2004. 

Defining yield goals and management zones to minimize yield and nitrogen and 

phosphorus fertilizer recommendation errors. Agron. J. 96:825-831. 



 212

Daniels, R.B., J.W. Gilliam, D.K. Cassel, and L.A. Nelson. 1985. Soil erosion class and 

landscape position in the North Carolina Piedmont. Soil Sci. Soc. Am. J. 49:991�

995. 

Doerge, T.A.. 1999. Management zone concepts. In Site-specific management guidelines. 

Potash and Phosphate Institute, Atlanta,GA. 

Eghball, B., and G.E. Varvel. 1997. Fractal analysis of temporal yield variability of crop 

sequences: Implications for site-specific management. Agron. J. 89:851�855. 

Fleming, K.L., D.F. Heermann, and D.G. Westfall. 2004. Evaluating soil color with 

farmer input and apparent soil electrical conductivity for management zone 

delineation. Agron. J. 96:1581-1587.   

Fleming, K. L., D. G. Westfall, and W. C. Bausch. 2000.  Evaluating management zone 

technology and grid soil sampling for variable-rate nitrogen application. p.12-22. 

In P.C. Robert et al. (ed.) Proc. Int. Conf. on Precision Agric., 5th, Bloomington, 

MN. 16-19 July 2000. ASA, CSSA, SSSA. Madison, WI.  

Flowers, M., R. Weisz, and J.G. White. 2005. Yield-based management zones and grid 

sampling strategies: Describing soil test and nutrient variability. Agron. J. 97: 

968-982. 

Franzen, D. W., A. D. Halvorson, and V. L. Hofman. 2000. Management zones for soil N 

and P levels in the northern Great Plains. In P.C. Robert et al. (ed.) Proc. Int. Conf. 

on Precision Agric., 5th, Bloomington, MN. 16�19 July 2000. ASA, CSSA, and 

SSSA, Madison, WI.  



 213

Fridgen, J.J., N.R. Kitchen, K.A. Sudduth, S.T. Drummond, W.J. Weibold, C.W. Fraisse. 

2004. Management zone analyst (MZA): Software for subfield management zone 

delineation. Agron. J. 96:100-108. 

Fraisse, C.W., K.A. Sudduth, N.R. Kitchen, and J.J. Fridgen. 1999. Use of Unsupervised 

Clustering Algorithms for Delineating Within-field Management Zones.  Paper 

No. 993043, ASAE, Toronto, Ontario, Canada, 18-21 July 1999. 

Gerwig, B.K., Sadler, E.J., and Evans, D.E. 2000.  Evaluating techniques for defining 

management zones in the SE Coastal Plain. p. 1-13. In P.C. Robert et al. (ed.) 

Proc. Int. Conf. on Precision Agric., 5th, Bloomington, MN. 16-19 July 2000. 

ASA, CSSA, SSSA. Madison, WI.  

Hair J.F., R.E. Anderson, R.L. Tatham, and W.C. Black. 1998. Multivariate data analysis. 

5th ed. Prentice-Hall, Inc. Upper Saddle River, NJ. 

Hardy, D.H., M.R. Tucker, and C.E. Stokes. 2003. Crop fertilization based on North 

Carolina soil tests. Circ. 1. North Carolina Dep. of Agric. and Consumer Serv., 

Agron. Div., Raleigh. 

Harrison G.W., J.B. Weber, and J.V. Baird. 1976. Herbicide phytotoxicity as affected by 

selected properties of North Carolina soils.  Weed Sci. 24:120-126.  

Hong, N., J.G. White, M.L. Gumpertz, and R. Weisz. 2005. Spatial analysis of precision 

agriculture treatments in randomized complete blocks: guidelines for covariance 

model selection. Agron. J. 97: 1082-1096. 

Jaynes, D.B., T.S. Colvin, and J. Ambuel. 1995. Yield mapping by electromagnetic 

induction. p. 383�394. In P.C. Robert et al. (ed.) Proc. Int. Conf. Site-Specific 



 214

Manage. Agric. Syst., 2nd, Minneapolis, MN. 27�30 March 1994. ASA, CSSA, 

and SSSA, Madison, WI.  

Jones, A.J., L.N. Mielke, C.A. Bartles, and C.A. Miller. 1989.  Relationship of landscape 

position and properties to crop production. J. Soil. Water. Conserv. 44:328-332.  

Kamprath, E.J. and C.D. Welch. 1962. Retention and cation exchange properties of 

organic matter in Coastal Plain soils. Soil Sci. Soc. Am. Proc. 26:263-265. 

Khattree, R., and D.N. Naik. 2000. Multivariate data reduction and discrimination with 

SAS software. SAS Institute Inc. Cary, NC. 

Kitchen, N.R., K.A. Sudduth, and S.T. Drummond. 1999. Soil electrical conductivity as a 

crop productivity measure for claypan soils. J. Prod. Agric. 12:607-617.  

Kravchenko, A.N., R. Omonode, G.A. Bollero, and D.G. Bullock. 2002. Quantitative 

mapping of soil drainage classes using topographical data and soil electrical 

conductivity. Soil Sci. Soc. Am. J. 66:235�243. 

Lamb, J.A., R.H. Dowdy, J.L. Anderson, and G.W. Rehm. 1997. Spatial and temporal 

stability of corn grain yields. J. Prod. Agric. 10:410�414. 

Littell, R.C., G.A. Milliken, W.W. Stroup, and R.D. Wolfinger. 1996. SAS system for 

mixed models. SAS Institute, Cary, NC. 

Lobell, D.B. and G.P. Asner. 2002. Moisture effect on soil reflectance. Soil Sci. Soc. Am. 

J. 66:722-727. 

Luchiari, A., J. Shanahan, D. Francis, M. Schlemmer, J. Schepers, M. Liebig, A. 

Schepers, and S. Payton. 2000.  Strategies for establishing management zones for 

site-specific nutrient management. p. 1-10. In P.C. Robert et al. (ed.) Proc. Int. 



 215

Conf. on Precision Agric., 5th, Bloomington, MN. 16-19 July 2000. ASA, CSSA, 

SSSA. Madison, WI.  

MacQueen, J.B. 1967. Some methods for the classification and analysis of multivariate 

observations. Proc. Berkeley Symp. on Mathematical Statistics and Probability, 

5th, Berkeley, CA. 1:281-297. University of California Press, Los Angeles, CA. 

Mallarino, A.P., and D.J. Wittry. 2004. Efficacy of grid and zone soil sampling 

approaches for site-specific assessment of phosphorus, potassium, pH, and 

organic matter. Precis. Agric. 5:131-144. 

McCann, B.L., Pennock, D.J., Kessel .C., and Walley, F.L. 1996.  The development of 

management units for site-specific farming. p. 295-302. In P.C. Robert et al (ed.) 

Proc. Int. Conf. Precision Agric., 3rd, Minneapolis, MN. 23-26 June 1996. ASA-

CSSA-SSSA, Madison, WI. 

McNeill, J.D. 1992. Rapid, accurate mapping of soil salinity by electromagnetic ground 

conductivity meters. p. 201�229. In G.C. Topp et al. (ed.) Advances in 

measurement of soil physical properties: Bringing theory into practice. SSSA 

Spec. Publ. 30. SSSA, Madison, WI.  

Mehlich A. 1984a. Mehlich-3 soil test extractant: a modification of Mehlich-2 extractant. 

Commun Soil Sci Plant Anal 15(12):1409�16. 

Mehlich A. 1984b. Photometric determination of humic matter in soils, a proposed 

method. Commun Soil Sci Plant Anal 15(12):1417�22. 

Mueller, T.G., N.J. Hartsock, T.S. Stombaugh, S.A. Shearer, P.L. Cornelius, and R.I. 

Barnhisel. 2003. Soil electrical conductivity map variability in limestone soils 

overlain by loess. Agron. J. 95: 496-507. 



 216

Mulla, D.J., and J.S. Schepers. 1997. Key processes and properties for site-specific soil 

and crop management. p. 1�18. In E.J. Sadler (ed.) The state of site-specific 

management for agriculture. ASA, CSSA, and SSSA, Madison, WI. 

Muller, E., and H. Décamps. 2001. Modeling soil moisture-reflectance. Remote Sens. 

Environ. 76:173�180. 

Pocknee, S., B.C. Boydell, H.M. Green, D.J. Waters, and C.K. Kvien. 1996. Directed soil 

sampling. p. 159-168. In P.C. Robert et al. (ed.) Proc. Int. Conf. Precision Agric., 

3rd, Minneapolis, MN. 23�26 June 1996. ASA, CSSA, and SSSA, Madison, WI.  

Robert, P.C. 1996. Use of remote sensing imagery for precision farming. p. 596-599. In 

Proc. Int. Symp. Remote Sensing Environ., 26th, Vancouver, BC, Canada. 25-29 

Mar. 1996. Remote Sens. Environ., Tucson, AZ. 

SAS Institute Inc. 1983. SAS Technical Report A-108, Cubic Clustering Criterion. SAS 

Institute, Inc., Cary, NC.  

Schepers, J.S., M.R. Schlemmer, and R.B. Ferguson. 2000. Site-specific considerations 

for managing phosphorus. J. Environ. Qual. 29:125-130.  

Schepers, A.R., J.F. Shanahan, M.A. Liebig, J.S. Schepers, S.H. Johnson, and A. Luchiari, 

Jr. 2004. Appropriateness of management zones for characterizing spatial 

variability of soil properties and irrigated corn yields across years. Agron. J. 

96:195-203. 

Senay, G. B., A.D. Ward, J.D. Lyon, N.R. Fausey, S.E. Nokes, and L.C. Brown, 2000. 

The relations between spectral data and water in a crop production environment. 

Int. J. Remote Sens. 21: 1897-1910. 



 217

Sinai G., D. Zaslavsky, and P.Golany. 1981. The effect of soil surface curvature on 

moisture and yield: Beer Sheba observation. Soil Sci. 132:367-375. 

Stamatis, D. H. 2002. Six Sigma and Beyond: Statistics and Probability. Vol. III. St. 

Lucie Press press. Boca Raton, FL. 

Stone, J.R., J.W. Gilliam, D.K. Cassel, R.B. Daniels, L.A. Nelson, and H.J. Kleiss. 1985. 

Effects of erosion and landscape position on productivity of piedmont soils. Soil 

Sci. Soc. Am. J. 49:991�995. 

Sudduth, K.A., S.T. Drummond, S.J. Birrell, and N.R. Kitchen. 1997. Spatial Modeling 

of Crop Yield Using Soil and Topographic Data.  p. 439-447. In J.V. Stafford 

(ed.) Proc. Euro. Conf. Precision Agric. Vol. 1, Warwick University Conference 

Centre, United Kingdom, 7-10 Sep. 1997. 

Sudduth, K.A., S.T. Drummond, and N.R. Kitchen. 2000. Measuring and interpreting soil 

electrical conductivity for precision agriculture. p.1444-1451. In Proc. Int. Conf. 

Geospatial Information in Agriculture and Forestry, 2nd, Lake Buena Vista, FL. 

10-12 June 2000. ERIM International, Inc., Ann Arbor, MI. 

Sudduth, K.A., N.R. Kitchen, D.F. Hughes, and S.T. Drummond. 1995. Electromagnetic 

induction sensing as an indicator of productivity on claypan soils. p. 671�681. In 

P.C. Robert et al. (ed.) Proc. Int. Conf. Site-Specific Manage. Agric. Syst., 2nd, 

Minneapolis, MN. 27�30 Mar. 1994. ASA, CSSA, and SSSA, Madison, WI. 

Thompson, A.N., J. N. Shaw, P. L. Mask, J. T. Touchton, and D. Rickman. 2004. Soil 

sampling techniques for Alabama, USA grain fields. Precis. Agric. 5:345-358. 



 218

Tomer, M.D., J.L. Anderson, and J.A. Lamb. 1997.  Assessing corn yield and nitrogen 

uptake variability with digitized aerial infrared photographs. Photogramm. Engin. 

Remote Sens. 63(3):299-306. 

Uribe, E. and F.R. Cox. 1988. Soil properties affecting the availability of potassium in 

highly weathered soils. Soil Sci. Soc. Am. J. 52:148-152. 

Varvel, G.E., M.R. Schlemmer, and J.S. Schepers. 1999. Relationship between spectral 

data from aerial image and soil organic matter and phosphorus levels. Precis. 

Agric. 1:291�300. 

Weisz, R., J.G. White, R. Heiniger, B. Knox, and L. Reed. 2003. Long-term variable rate 

lime and phosphorus application for Piedmont no-till field crops. Precis. Agric. 4: 

311-330.  

Wilcox, C.H., B.E. Frazier, and S.T. Ball. 1994. Relationship between soil organic 

carbon and Landsat TM data in Eastern Washington. Photogramm. Eng. Remote 

Sens. 60:777�781. 

Wilding, L.P., J. Bouma, and D.W. Goss. 1994. Impact of spatial variability on 

interpretive modeling. p. 61�75. In R.B. Bryant and R.W. Arnold (ed.) 

Quantitative modeling of soil forming processes. SSSA Spec. Publ. 39. ASA, 

CSSA, and SSSA, Madison, WI. 

Williams, J. 2005. Soil tests for corn nitrogen recommendations and their relationships 

with soil and landscape properties. Ph.D. Dissertation, North Carolina State 

University.  



 219

Wright R.J., D.G. Boyer, W.M. Winant, and H.D. Perry. 1990. The influence of soil 

factors on yield differences among landscape positions in an Appalachian 

cornfield. Soil Sci.149:375-382. 

Zimmerman, D.L., and D.A. Harville. 1991. A random field approach to the analysis of 

field-plot experiments and other spatial experiments. Biometrics 47: 223-239. 



 220

Table 4. 1. Descriptive statistics of clustering variables including apparent soil electrical 
conductivity horizontal (ECH) and vertical measurements (ECV), near infrared band of 
bare soil aerial color infrared image (NIR), elevation, and slope measured in two coastal 
plain fields and two piedmont fields.  

    ECH� ECV� NIR Elevation Slope 
     ----- mS m-1 ----- -- DN --  --- m --- % 

Coastal Plain  
Kinston Mean 3.1 3.3 104 35.5 0.5 
 Standard deviation 0.7 1.0 10 0.3 0.3 
 Maxium 4.9 6.1 133 36.1 2.4 
 Minimum 0.8 0.6 72 34.6 0.01 
 Interquartile range 0.9 1.2 14 0.5 0.4 
 CV (%) 22 31 9 0.8 56 
Overman Mean 5.7 5.9 124 40 0.8 
 Standard deviation 0.9 1.6 12 1.8 0.5 
 Maxium 10.3 12.1 169 42.1 2.3 
 Minimum 4.1 3.1 45 35.5 0.1 
 Interquartile range 1 2.2 15 2.6 0.8 
 CV (%) 16 28 9 4 63 

 
Piedmont 

Baker Mean 5.0 22.5 194 248 1.2 
 Standard deviation 2.1 5.7 10 3.8 0.5 
 Maxium 16.7 36.2 230 256 4.3 
 Minimum 0.1 5.7 160 239 0.01 
 Interquartile range 3.0 9.0 13 5.6 0.6 
 CV (%) 43 25 5 1.5 43 
Graham Mean 18.3 28.1 182 241 3.5 
 Standard deviation 7.2 5.5 10 3.2 1.8 
 Maxium 56.9 54.2 226 248 12.8 
 Minimum 0 6.1 63 233 0.04 
 Interquartile range 9.7 6.9 12 4.6 2.2 
  CV (%) 39 20 5 1.3 52 
� ECH: Horizontal measurement of ECa. 
� ECV: Vertical measurement of ECa. 
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Table 4. 2.Significant (p ≤ 0.05) correlation coefficients (r) between clustering variables 
and soil test P, K, pH, cation exchange capacity (CEC), and humic matter (HM) or soil 
organic matter (SOM; Kinston) measured in two coastal plain and two piedmont fields.   
    ECH� ECV� NIR§ Elevation Slope 
  ----     Pearson correlation coefficient, r      ---- 

Coastal Plain 
Kinston P -0.21 -0.26 -0.41 NS NS 
 K NS NS -0.39 -0.12 NS 
 pH 0.15 -0.06 NS NS 0.16 
 CEC NS NS -0.61 -0.14 NS 
 SOM -0.17 -0.30 -0.70 -0.34 NS 
Overman P -0.24 -0.35 0.14 NS -0.22 
 K 0.56 0.53 -0.43 NS -0.22 
 pH NS -0.14 NS -0.12 0.26 
 CEC 0.38 0.38 -0.36 -0.16 -0.29 
 HM 0.29 0.39 -0.39 0.11 -0.44 

 
Piedmont 

Baker P -0.27 0.65 NS 0.27 -0.27 
 K 0.26 NS NS NS NS 
 pH -0.33 0.75 NS 0.31 NS 
 CEC NS 0.33 NS NS NS 
 HM NS -0.47 NS NS NS 
Graham P NS -0.11 0.12 NS NS 
 K NS -0.38 NS -0.17 0.20 
 pH 0.21 0.23 -0.17 0.11 NS 
 CEC 0.35 0.54 -0.23 NS NS 
  HM NS -0.20 NS -0.19 -0.12 
� ECH: Horizontal measurement of ECa. 
� ECV: Vertical measurement of ECa. 
§ NIR, near infrared band of bare soil aerial color infrared image. 
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Table 4. 3. Significant (p ≤ 0.05) correlation coefficients (r) between crop yields and soil parameters of vertical apparent soil electrical 
conductivity (ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation, slope, and soil test P, K, pH, cation 
exchange capacity (CEC), and humic matter (HM) or soil organic matter (SOM; Kinston) measured in the study fields.  

Field Crop Year Prec.� ECH� ECV§ NIR Elevation Slope P K pH CEC HM 
   cm --------------------------------     Pearson correlation coefficient, r      -------------------------------------

Coastal Plain 
Kinston Soybean  2001 48.3 0.22 0.38 0.20 0.16 -0.15 -0.25 -0.12 NS -0.15 -0.29 
 Corn 2002 46.1 -0.32 NS 0.45 NS 0.12 -0.16 -0.26 0.16 -0.35 -0.28 
 Wheat 2003 28.0 0.29 0.52 0.42 0.32 0.12 -0.20 -0.26 0.21 -0.17 -0.30 
 Soybean  2003 70.2 NS NS 0.34 0.19 NS NS -0.32 NS -0.35 -0.31 
  Corn 2004 82.0 -0.25 -0.43 NS -0.34 0.39 0.34 NS 0.42 NS 0.14 
Overman Soybean 2002 37.2 0.32 NS -0.24 0.16 -0.19 0.23 0.20 NS NS 0.24 
 Corn 2003 63.0 0.32 0.18 -0.51 NS NS NS 0.41 NS 0.28 0.28 
  Wheat 2004 35.2 0.28 0.39 -0.34 0.32 -0.21 -0.19 0.24 NS 0.14 0.23 

 
Piedmont 

Baker Corn 1996 44.3 NS -0.48 NS -0.26 NS -0.51 0.27 -0.37 NS 0.51 
 Wheat 1997 74.5 NS 0.45 NS 0.55 -0.30 0.49 -0.29 0.57 NS -0.44 
  Soybean 1997 40.8 NS -0.26 NS NS NS -0.30 0.29 NS NS 0.52 
Graham Soybean 1997 46.2 NS 0.20 NS -0.28 NS -0.21 0.22 0.26 NS -0.13 
 Wheat 1999 48.8 NS -0.25 0.13 0.35 -0.34 0.25 -0.25 -0.29 -0.26 0.42 
 Soybean 1999 50.6 NS 0.42 -0.13 -0.18 NS -0.32 -0.13 0.33 0.16 -0.24 
 Soybean 2000 37.3 0.12 0.36 NS -0.44 -0.20 -0.14 0.19 0.41 0.13 0.15 
�Total precipitation during the growing season. 
� ECH: Horizontal measurement of ECa. 
§ ECV: Vertical measurement of ECa.  
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Table 4. 4. Significance of zones from clustering with different variable sets and control zones for soil test P, K, pH, cation exchange 
capacity (CEC), and humic matter (HM; Overman) or soil organic matter (SOM; Kinston)  in the coastal plain fields.  Zones were 
generated from k-means cluster analysis using vertical apparent soil electrical conductivity (ECa), near infrared band of bare soil aerial 
color infrared image (NIR), elevation (Elev), slope, and their combinations.  The numbers of control zones (n) were the same as those 
for zones developed from clustering the data described. 

Data layer  Kinston Overman 
used for clustering  n P K pH CEC SOM n P K pH CEC HM 
Order 2 survey  3 0.045 NS NS NS NS 5 NS NS NS <0.001 NS 
Order 1 survey 3 NS 0.006 NS 0.019 0.004 5 0.009 <0.001 NS 0.013 <0.001 
ECa  7 0.009 NS NS NS 0.05 9 NS 0.004 NS 0.02 0.009 
NIR  4 NS 0.008 NS 0.001 0.004 4 NS <0.001 NS 0.016 0.024 
Elev. 10 NS NS NS NS NS 3 NS NS NS 0.028 NS 
Slope 4 NS NS NS 0.038 NS 5 NS NS NS 0.043 NS 
ECa+ NIR  7 0.030 0.006 NS 0.001 0.001 5 NS <0.001 NS <0.001 <0.001 
Elev. + Slope  5 NS 0.027 NS NS NS 8 NS NS NS NS NS 
ECa+NIR +Elev.  5 0.035 0.025 NS 0.031 0.002 4 NS <0.001 NS <0.001 <0.001 
ECa+Elev.+Slope  4 NS NS NS 0.019 NS 7 NS NS NS NS 0.005 
NIR+Elev.+Slope  3 0.003 NS NS NS NS 4 NS NS NS NS NS 
ECa+NIR+Elev.+Slope  4 NS NS NS NS NS 4 NS <0.001 NS <0.001 <0.001 
Control zone  3 NS NS NS NS NS 3 NS NS NS NS NS 
Control zone  4 NS NS NS NS NS 4 NS NS NS NS NS 
Control zone  5 NS NS NS NS NS 5 NS NS NS NS NS 
Control zone  7 NS NS NS NS NS 7 NS NS NS NS NS 
Control zone  10 NS NS NS NS NS 8 NS NS NS NS NS 
Control zone              9 NS 0.041 NS NS 0.001 
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Table 4. 5.  Significance of zones from clustering with different variable sets and control zones for soil test P, K, pH, cation exchange 
capacity (CEC), and humic matter (HM) in the piedmont fields.  Zones were generated from k-means cluster analysis using vertical 
apparent soil electrical conductivity (ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation (Elev), slope, 
and their combinations. The numbers of control zones (n) were the same as those for zones developed from clustering the data 
described. 

Data layer Baker  Graham 
used for clustering  n P K pH CEC HM n P K pH CEC HM 
Order 2 survey 5 <0.001 <0.001 NS 0.025 NS 4 NS 0.026 NS NS NS 
ECa  3 <0.001 NS <0.001 NS NS 5 <0.001 0.005 NS <0.001 NS 
NIR  3 NS NS <0.001 NS NS 3 NS 0.009 NS NS NS 
Elev. 4 NS 0.001 NS 0.033 NS 8 <0.001 0.046 NS NS NS 
Slope 3 NS NS NS NS NS 4 NS 0.02 NS NS NS 
ECa+ NIR  4 NS NS <0.001 NS NS 4 NS NS NS <0.001 NS 
Elev. + Slope  4 NS NS NS NS NS 4 NS NS NS NS NS 
ECa+NIR +Elev.  4 NS NS 0.016 NS NS 3 NS <0.001 NS <0.001 NS 
ECa+Elev.+Slope  3 NS NS 0.004 0.032 NS 4 NS NS NS <0.001 NS 
NIR+Elev.+Slope  4 NS NS NS NS NS 3 NS NS NS NS NS 
ECa+NIR+Elev.+Slope  4 NS NS 0.002 NS NS 3 NS <0.001 NS <0.001 NS 
Control zone  3 NS NS 0.008 NS NS 3 NS NS NS NS NS 
Control zone  4 NS NS <0.001 NS NS 4 NS NS NS NS NS 
Control zone  5 NS 0.009 0.013 NS NS 5 NS NS NS NS NS 
Control zone              8 0.001 NS 0.007 NS NS 
 



 225

Table 4. 6. Significance of zones from clustering with different variable sets and control zones for grain yields of soybean, corn, and 
wheat in the coastal plain fields.  Zones were generated from k-means cluster analysis using vertical apparent soil electrical 
conductivity (ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation (Elev), slope, and their combinations. 
The numbers of control zones (n) were the same as those for zones developed from clustering the data described. 

Data layer Kinston  Overman 
used for clustering  n Soybean Corn Wheat Soybean Corn n Soybean Corn Wheat 
  2001 2002 2003 2003 2004  2002 2003 2004 
Order 2 survey  3 NS NS NS NS 0.023 5 NS NS 0.046 
Order 1 survey 3 NS NS NS NS 0.046 5 <0.001 0.004 <0.001 
ECa  7 NS NS NS NS NS 9 0.05 NS 0.006 
NIR  4 NS NS NS <0.001 0.013 4 NS NS 0.045 
Elev. 10 NS <0.001 NS NS NS 3 NS NS NS 
Slope 4 NS NS NS <0.001 0.014 5 NS NS 0.025 
ECa+ NIR  7 0.011 NS 0.006 NS NS 5 <0.001 NS NS 
Elev. + Slope  5 NS NS NS NS 0.025 8 NS NS NS 
ECa+NIR +Elev.  5 NS 0.02 0.032 NS NS 4 0.012 0.039 0.004 
ECa+Elev.+Slope  4 NS NS 0.055 NS 0.008 7 NS NS 0.011 
NIR+Elev.+Slope  3 NS NS NS NS 0.003 4 0.017 NS 0.026 
ECa+NIR+Elev.+Slope  4 NS NS NS NS 0.035 4 NS 0.004 NS 
Control zone  3 NS NS NS NS NS 3 NS NS NS 
Control zone  4 NS NS NS NS NS 4 NS NS NS 
Control zone  5 NS NS NS NS NS 5 NS NS NS 
Control zone  7 NS 0.036 <0.001 NS NS 7 NS NS NS 
Control zone  10 NS NS NS NS NS 8 NS NS NS 
Control zone              9 0.008 NS NS 
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Table 4. 7.  Significance of zones from clustering with different variable sets and control zones for grain yields of soybean, corn, and 
wheat in the piedmont fields.  Zones were generated from k-means cluster analysis using vertical apparent soil electrical conductivity 
(ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation (Elev), slope, and their combinations.  The numbers 
of control zones (n) were the same as those for zones developed from clustering the data described. 

Data layer Baker  Graham 
used for clustering  n Corn Wheat  Soybean n Soybean Wheat  Soybean Soybean
  1996 1997 1997  1997 1999 1999 2000 
Order 2 survey 5 NS NS NS 4 NS NS NS NS 
ECa  3 NS NS NS 5 0.023 0.009 NS NS 
NIR  3 NS NS NS 3 NS NS NS NS 
Elev. 4 NS NS NS 8 NS 0.001 NS NS 
Slope 3 NS NS NS 4 0.038 NS NS <0.001 
ECa+ NIR  4 NS 0.023 NS 4 NS NS NS NS 
Elev.+ Slope  4 NS 0.004 NS 4 NS NS NS NS 
ECa+NIR +Elev.  4 NS NS NS 3 NS 0.016 0.009 0.004 
ECa+Elev.+Slope  3 NS NS NS 4 NS 0.035 NS NS 
NIR+Elev.+Slope  4 NS NS NS 3 NS 0.015 NS NS 
ECa+NIR+Elev.+Slope  4 NS NS NS 3 NS 0.018 NS NS 
Control zone  3 NS NS 0.047 3 NS NS NS NS 
Control zone  4 NS NS NS 4 NS NS NS NS 
Control zone  5 NS NS NS 5 NS NS NS NS 
Control zone       8 NS 0.001 NS NS 
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Fig. 4. 1. Percentile box plots of soil test P, K, pH, cation exchange capacity (CEC), and 
humic matter (HM) measured on samples from two coastal plain fields, Kinston (KT) and 
Overman (OV), and two piedmont fields, Baker (BK), and Graham (GR).   
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Fig. 4. 2.  Nonhierarchical k-means clustering maps derived from different data sets in 
the Kinston field.  Each grayscale shade represents a different cluster (sampling zone); n 
is the number of clusters (sampling zones) within a field. 
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Fig. 4. 3. Nonhierarchical k-means clustering maps derived from different data sets in the 
Overman field.  Each grayscale shade represents a different cluster (sampling zone); n is 
the number of clusters (sampling zones) within a field. 
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Fig. 4. 4. Nonhierarchical k-means clustering maps derived from different data sets in the 
Baker field. Each grayscale shade represents a different cluster (sampling zone); n is the 
number of clusters (sampling zones) within a field. 
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Fig. 4. 5. Nonhierarchical k-means clustering maps derived from different data sets in the 
Graham field.  Each grayscale shade represents a different cluster (sampling zone); n is 
the number of clusters (sampling zones) within a field. 
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Fig. 4. 6.  The residual variances ( 2

Ps ) expressed as a percentage of whole field variance ( 2
fieldwholes − ) for each management zone 

derived from clustering with different data sets for (a) P, K, pH, cation exchange capacity (CEC), and soil organic matter (SOM), and 
(b) crop yields in the Kinston field. An asterisk below the horizontal axis indicates that 2

Ps  was significantly different from 2
fieldwholes −  

at the 0.05 probability level. 
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Fig. 4. 7. The residual variances ( 2
Ps ) expressed as a percentage of whole field variance ( 2

fieldwholes − ) for each management zone derived 
from clustering with different data sets for (a) P, K, pH, cation exchange capacity (CEC), and humic matter (HM), and (b) crop yields 
in the Overman field. An asterisk below the horizontal axis indicates that 2

Ps  was significantly different from 2
fieldwholes −  at the 0.05 

probability level.  
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Fig. 4. 8. The residual variances ( 2
Ps ) expressed as a percentage of whole field variance ( 2

fieldwholes − ) for each management zone derived 
from clustering with different data sets for (a) P, K, pH, cation exchange capacity (CEC), and humic matter (HM), and (b) crop yields 
in the Baker field. An asterisk below the horizontal axis indicates that 2

Ps  was significantly different from 2
fieldwholes −  at the 0.05 

probability level. 
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Fig. 4. 9.  The residual variances ( 2
Ps ) expressed as a percentage of whole field variance ( 2

fieldwholes − ) for each management zone 
derived from clustering with different data sets for (a) P, K, pH, cation exchange capacity (CEC), and humic matter (HM), and (b) 
crop yields in the Graham field. An asterisk below the horizontal axis indicates that 2

Ps  was significantly different from 2
fieldwholes −  at 

the 0.05 probability level.



 236

Table C. 1. Region, field, field size, and yield mapped crops for each of the four study 
fields 

Region Field  Field size  Yield mapped crops 
    (ha)   
Coastal Plain Kinston  12.1 2001 Double cropped soybean 
   2002 Corn 
   2003 Winter wheat 
   2003 Double cropped soybean 
     2004 Corn 
 Overman 14.7 2000 Double cropped soybean 
   2002 Winter wheat 
   2002 Double cropped soybean 
   2003 Corn 
      2004 Winter wheat 
Piedmont Baker 22.6 1996 Corn 
   1997 Winter wheat 
     1997 Double cropped soybean 
 Graham 36.4 1997 Full season soybean 
   1998 Corn 
   1999 Winter wheat 
   1999 Double cropped soybean 
      2000 Full season soybean 
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Table C. 2.  Zone means and significance from clustering with different data sets and control zones for soil test P, K, pH, cation 
exchange capacity (CEC), and soil organic matter (SOM) in the Kinston field.  Zones were generated from k-means cluster analysis 
using vertical apparent soil electrical conductivity (ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation 
(Elev), slope, and their combinations. The number of control zones (n) were the same as those for zones developed from clustering the 
data described. 

  Soil attribute means within ECa zones  
Data layer(s) Soil attribute ECa zones  
used for clustering  (unit) I II III IV V VI VII VIII IX X Pr >F 
Order 2 survey (n = 3) P, g m-3 148 157 128        * 
 K, g m-3 120 117 119        NS 
 pH 5.94 5.88 5.74        NS 
 CEC, cmol kg-1 5.37 5.55 5.00        NS 
 SOM, % 1.46 1.49 1.44        NS 
Order 1 survey (n = 3) P, g m-3 147 160 137        NS 
 K, g m-3 116 128 111        ** 
 pH 5.90 5.89 5.82        NS 
 CEC, cmol kg-1 5.30 5.84 5.15        * 
 SOM, % 1.43 1.60 1.40        ** 
ECa (n = 7) P, g m-3 155 156 146 149 143 134 176    ** 
 K, g m-3 123 115 114 116 119 114 126    NS 
 pH 5.86 5.9 5.78 5.77 5.9 5.96 6.01    NS 
 CEC, cmol kg-1 54.5 56 50.8 50.6 56.2 54 56.7    NS 
 SOM, % 1.46 1.68 1.33 1.35 1.49 1.42 1.69    * 
NIR (n = 4) P, g m-3 150 140 153 152       NS 
 K, g m-3 122 118 130 107       ** 
 pH 5.86 5.92 5.96 5.83       NS 
 CEC, cmol kg-1 5.79 5.11 5.97 4.94       *** 
 SOM, % 1.48 1.51 1.66 1.31       ** 
Elev. (n = 10) P, g m-3 145 147 152 157 148 114 142 149 151 149 NS 
 K, g m-3 121 121 118 111 113 121 125 121 119 121 NS 
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 pH 6.02 5.82 5.84 5.91 5.86 6.07 5.92 5.84 5.76 5.86 NS 
 CEC, cmol kg-1 5.46 5.85 5.91 4.96 5.63 5.05 5.16 6.19 5.19 5.45 NS 
 SOM, % 1.44 1.40 1.54 1.46 1.50 1.42 1.43 1.45 1.55 1.49 NS 
Slope (n = 4) P, g m-3 137 160 149 153       NS 
 K, g m-3 116 107 116 122       NS 
 pH 5.91 5.83 5.92 5.83       NS 
 CEC, cmol kg-1 5.10 4.66 5.40 5.56       * 
 SOM, % 1.49 1.31 1.45 1.50       NS 
ECa + NIR (n = 7) P, g m-3 146 135 151 152 164 152 170    * 
 K, g m-3 121 110 115 112 123 127 136    ** 
 pH 5.85 5.89 5.96 5.76 5.86 6.06 5.87    NS 
 CEC, cmol kg-1 5.48 5.20 5.27 4.99 6.00 5.39 6.64    *** 
 SOM, % 1.50 1.47 1.39 1.29 1.67 1.54 1.75    *** 
Elev. + Slope (n = 5) P, g m-3 145 137 138 160 161      NS 
 K, g m-3 128 110 107 116 116      * 
 pH 5.92 5.86 5.79 5.93 5.85      NS 
 CEC, cmol kg-1 5.55 5.19 5.34 5.61 5.44      NS 
 SOM, % 1.45 1.37 1.31 1.58 1.58      NS 
ECa + NIR + Elev. (n = 5) P, g m-3 147 165 138 145 142      * 
 K, g m-3 110 128 117 121 113      * 
 pH 5.84 5.92 5.87 5.91 5.87      NS 
 CEC, cmol kg-1 52.9 60.5 53.3 51.4 52.9      * 
 SOM, % 1.40 1.64 1.49 1.52 1.30      ** 
ECa + Elev. + Slope (n = 4) P, g m-3 152 145 147 147       NS 
 K, g m-3 110 113 119 122       NS 
 pH 5.75 6.05 5.96 5.86       NS 
 CEC, cmol kg-1 4.96 4.70 5.27 5.78       * 
 SOM, % 1.36 1.35 1.49 1.51       NS 
NIR + Elev. + Slope (n = 3) P, g m-3 136 172 167        ** 
 K, g m-3 117 112 123        NS 
 pH 5.90 5.95 5.83        NS 
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 CEC, cmol kg-1 5.26 5.44 5.80        NS 
 SOM, % 1.43 1.51 1.55        NS 
ECa + NIR + Elev. + Slope (n = 4) P, g m-3 142 148 150 154       NS 
 K, g m-3 114 121 115 121       NS 
 pH 5.81 5.87 5.93 5.95       NS 
 CEC, cmol kg-1 5.01 5.65 5.25 5.63       NS 
 SOM, % 1.38 1.49 1.48 1.53       NS 
Control zones (n = 3) P, g m-3 145 157 147        NS 
 K, g m-3 112 123 117        NS 
 pH 5.92 5.85 5.90        NS 
 CEC, cmol kg-1 51.0 56.1 54.8        NS 
 SOM, % 1.49 1.50 1.42        NS 
Control zones (n = 4) P, g m-3 147 153 146 155       NS 
 K, g m-3 113 119 122 120       NS 
 pH 5.92 5.88 5.94 5.81       NS 
 CEC, cmol kg-1 50.5 51.0 55.5 59.9       NS 
 SOM, % 1.52 1.44 1.46 1.46       NS 
Control zones (n = 5) P, g m-3 170 150 138 168 140      NS 
 K, g m-3 123 111 121 120 117      NS 
 pH 5.97 5.88 5.88 5.83 5.89      NS 
 CEC, cmol kg-1 55.9 55.8 56.3 52.8 51.2      NS 
 SOM, % 1.51 1.51 1.44 1.42 1.49      NS 
Control zones (n = 7) P, g m-3 146 151 159 159 140 148 153    NS 
 K, g m-3 118 120 132 116 112 122 128    NS 
 pH 5.97 5.89 5.98 5.86 5.77 5.87 5.87    NS 
 CEC, cmol kg-1 51.7 58.9 53.7 56.4 52.0 54.3 52.1    NS 
 SOM, % 1.59 1.47 1.46 1.41 1.32 1.43 1.60    NS 
Control zones (n = 10) P, g m-3 132 155 146 139 145 165 163 152 143 168 NS 
 K, g m-3 121 122 124 105 119 121 130 116 110 116 NS 
 pH 5.81 5.98 6.01 5.57 5.94 5.90 5.99 5.92 5.77 5.86 NS 
 CEC, cmol kg-1 55.2 53.1 52.3 57.5 46.5 62.0 55.5 53.3 53.4 54.9 NS 
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 SOM, % 1.40 1.57 1.39 1.59 1.43 1.55 1.45 1.50 1.38 1.48 NS 
*Significant at 0.05 probability level. 
**Significant at 0.01 probability level. 
***Significant at 0.001 probability level. 
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Table C. 3. Means and significance of zones from clustering with different data sets and control zones for soil test P, K, pH, cation 
exchange capacity (CEC), and humic matter (HM) in Overman field.  Zones were generated from k-means cluster analysis using 
vertical apparent soil electrical conductivity (ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation (Elev), 
slope, and their combinations.  The numbers of control zones (n) are the same as those for zones developed from clustering the data 
described. 

  Soil attribute means within ECa zones 
Data layer(s)  ECa zones 
used for clustering Soil attribute (unit) I II III IV V VI VII VIII IX Pr >F 
Order 2 survey (n = 5) P, g m-3 154 126 149 153 145     NS 
 K, g m-3 97 91 81 97 82     NS 
 pH 5.48 5.37 5.41 5.45 5.36     NS 
 CEC, cmol kg-1 2.89 2.42 2.30 2.93 2.49     *** 
 HM, % 0.46 0.44 0.41 0.49 0.55     NS 
Order 1 survey (n = 5) P, g m-3 99 137 134 124 151     ** 
 K, g m-3 128 101 144 94 92     *** 
 pH 5.26 5.41 5.06 5.33 5.44     NS 
 CEC, cmol kg-1 2.68 2.80 3.50 2.40 2.73     * 
 HM, % 0.58 0.66 1.12 0.39 0.46     *** 
ECa (n = 9) P, g m-3 180 207 180 191 193 184 171 162 164 NS 
 K, g m-3 91 92 81 83 82 90 89 122 109 ** 
 pH 5.33 5.45 5.45 5.46 5.46 5.47 5.37 5.34 5.33 NS 
 CEC, cmol kg-1 2.68 2.81 2.55 2.80 2.88 2.77 2.60 3.07 2.43 NS 
  HM, % 0.52 0.45 0.38 0.44 0.48 0.47 0.40 0.67 0.69 NS 
NIR� (n = 4)  P, g m-3 159 141 145 152      NS 
 K, g m-3 85 81 104 101      *** 
 pH 5.42 5.52 5.58 5.33      NS 
 CEC, cmol kg-1 2.65 2.38 2.74 2.72      * 
  HM, % 0.45 0.45 0.58 0.46      * 
Elev.� (n = 3) P, g m-3 151 136 152       NS 
 K, g m-3 90 94 89       NS 
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 pH 5.44 5.44 5.33       NS 
 CEC, cmol kg-1 2.58 2.51 2.85       * 
  HM, % 0.49 0.46 0.49       NS 
Slope (n = 5) P, g m-3 152 154 143 124 145     NS 
 K, g m-3 87 91 83 85 96     NS 
 pH 5.39 5.42 5.37 5.32 5.40     NS 
 CEC, cmol kg-1 2.62 3.16 2.71 2.69 3.05     * 
 HM, % 0.44 0.41 0.44 0.43 0.54     NS 
 ECa + NIR (n = 5) P, g m-3 145 146 156 143 145     NS 
 K, g m-3 95 96 74 135 85     *** 
 pH 5.40 5.40 5.48 5.41 5.39     NS 
 CEC, cmol kg-1 2.79 2.60 2.29 3.26 2.44     *** 
 HM, % 0.49 0.55 0.39 0.79 0.43     *** 
Elev. + Slope (n = 8) P, g m-3 145 150 150 176 130 144 158 141  NS 
 K, g m-3 103 89 99 79 84 93 93 88  NS 
 pH 5.32 5.41 5.52 5.34 5.39 5.38 5.33 5.37  NS 
 CEC, cmol kg-1 3.13 2.63 3.11 3.01 2.68 3.09 2.85 2.93  NS 
 HM, % 0.48 0.55 0.38 0.39 0.42 0.44 0.48 0.50  NS 
ECa +NIR +Elev. (n = 4) P, g m-3 147 159 140 150      NS 
 K, g m-3 83 111 110 77      *** 
 pH 5.34 5.11 5.41 5.38      NS 
 CEC, cmol kg-1 2.48 3.23 2.75 2.30      *** 
  HM, % 0.43 0.54 0.61 0.42      *** 
ECa +Elev.+Slope (n = 7) P, g m-3 175 186 180 169 175 168 168   NS 
 K, g m-3 88 87 81 107 93 82 90   NS 
 pH 5.10 5.23 5.03 5.10 5.12 5.13 5.37   NS 
 CEC, cmol kg-1 2.71 2.56 2.41 2.66 2.51 2.46 2.71   NS 
  HM, % 0.47 0.44 0.44 0.64 0.49 0.39 0.41   ** 
NIR+Elev.+Slope (n = 4) P, g m-3 145 138 150       NS 
 K, g m-3 93 79 93       NS 
 pH 5.42 5.37 5.43       NS 
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 CEC, cmol kg-1 2.65 2.38 2.62       NS 
  HM, % 0.47 0.41 0.49       NS 
ECa+NIR+Elev.+Slope (n = 4) P, g m-3 139 157 140 152      NS 
 K, g m-3 86 87 116 90      *** 
 pH 5.43 5.45 5.34 5.44      NS 
 CEC, cmol kg-1 2.52 2.59 3.04 2.72      *** 
 HM, % 0.47 0.40 0.63 0.45      *** 
 Control zones (n = 3) P, g m-3 181 183 203       NS 
 K, g m-3 89 92 93       NS 
 pH 5.44 5.46 5.38       NS 
 CEC, cmol kg-1 2.61 2.59 2.60       NS 
 HM, % 0.47 0.43 0.53       NS 
Control zones (n = 4) P, g m-3 138 145 157 153      NS 
 K, g m-3 98 86 91 88      NS 
 pH 5.40 5.49 5.44 5.37      NS 
 CEC, cmol kg-1 2.61 2.46 2.83 2.51      NS 
 HM, % 0.53 0.43 0.45 0.50      NS 
 Control zones (n = 5) P, g m-3 183 198 208 197 179     NS 
 K, g m-3 83 86 98 99 88     NS 
 pH 5.49 5.43 5.26 5.37 5.46     NS 
 CEC, cmol kg-1 2.44 2.58 2.73 2.69 2.51     NS 
 HM, % 0.43 0.42 0.49 0.62 0.45     NS 
Control zones (n = 7) P, g m-3 165 135 136 143 176 137 151   NS 
 K, g m-3 109 83 81 85 90 83 100   NS 
 pH 5.24 5.44 5.48 5.29 5.34 5.22 5.38   NS 
 CEC, cmol kg-1 3.15 2.64 2.63 2.64 2.79 2.60 2.84   NS 
 HM, % 0.55 0.40 0.43 0.41 0.46 0.44 0.60   NS 
Control zones (n = 8) P, g m-3 210 178 194 173 196 191 193 177  NS 
 K, g m-3 94 80 98 93 94 83 89 100  NS 
 pH 5.18 5.40 5.26 5.32 5.30 5.46 5.19 5.35  NS 
 CEC, cmol kg-1 2.85 2.83 3.13 2.84 3.18 2.70 3.16 2.80  NS 
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 HM, % 0.48 0.40 0.51 0.43 0.45 0.41 0.46 0.64  NS 
Control zones (n = 9) P, g m-3 149 132 172 142 156 153 157 143 138 NS 
 K, g m-3 101 101 131 114 63 108 105 106 108 * 
 pH 5.23 5.45 5.40 5.26 5.34 5.26 5.14 5.31 5.29 NS 
 CEC, cmol kg-1 3.02 2.65 2.98 2.78 2.73 3.17 3.08 2.89 3.12 NS 
 HM, % 0.76 0.45 0.42 0.47 0.35 0.49 0.46 0.44 0.46 *** 
*Significant at 0.05 probability level. 
**Significant at 0.01 probability level. 
***Significant at 0.001 probability level. 
� NIR, Near infrared band of bare soil aerial color infrared image. 
� Elev, Elevation 
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Table C. 4. Means and significance of zones from clustering with different data sets and control zones for soil test P, K, pH, cation 
exchange capacity (CEC), and humic matter (HM) in the Baker field. Zones were generated from k-means cluster analysis using 
vertical apparent soil electrical conductivity (ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation (Elev), 
slope, and their combinations. The numbers of control zones (n) are the same as those for zones developed from clustering the data 
described. 

  Soil attribute means within ECa zones 
Data layer(s)  ECa zones 
used for clustering Soil attribute (unit) I II III IV V Pr >F 
Order 2 survey (n = 5) P, g m-3 65 32 23 36 59 *** 
 K, g m-3 129 189 189 274 131 *** 
 pH 6.09 6.32 6.14 6.26 6.15 NS 
 CEC, cmol kg-1 6.72 7.76 7.22 8.72 6.43 * 
 HM, % 0.26 0.31 0.40 0.46 0.27 NS 
ECa (n = 3) P, g m-3 32 22 52   *** 
 K, g m-3 182 175 168   NS 
 pH 6.07 5.69 6.69   *** 
 CEC, cmol kg-1 7.58 7.40 7.68   NS 
  HM, % 0.36 0.34 0.25   NS 
NIR (n = 3)  P, g m-3 27 32 33   NS 
 K, g m-3 169 191 152   NS 
 pH 5.62 6.24 6.63   *** 
 CEC, cmol kg-1 7.46 7.75 7.36   NS 
  HM, % 0.32 0.37 0.25   NS 
Elev. (n = 4) P, g m-3 45 34 46 41  NS 
 K, g m-3 170 166 226 142  *** 
 pH 6.10 6.14 6.49 6.25  NS 
 CEC, cmol kg-1 7.40 7.22 8.49 7.10  * 
  HM, % 0.35 0.31 0.24 0.27  NS 
Slope (n = 3) P, g m-3 50 36 39   NS 
 K, g m-3 169 190 164   NS 
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 pH 6.31 6.20 6.20   NS 
 CEC, cmol kg-1 7.47 7.72 7.33   NS 
 HM, % 0.31 0.34 0.30   NS 
 ECa + NIR (n = 4) P, g m-3 43 45 34 29  NS 
 K, g m-3 171 179 193 172  NS 
 pH 6.43 6.46 5.96 5.72  *** 
 CEC, cmol kg-1 7.55 8.08 7.59 7.21  NS 
 HM, % 0.31 0.43 0.47 0.41  NS 
Elev. + Slope (n = 4) P, g m-3 43 37 43 19  NS 
 K, g m-3 163 189 178 169  NS 
 pH 5.78 6.28 6.37 6.17  * 
 CEC, cmol kg-1 7.20 7.72 7.66 7.61  NS 
 HM, % 0.35 0.30 0.27 0.29  NS 
ECa +NIR +Elev. (n = 4) P, g m-3 36 48 42 44  NS 
 K, g m-3 177 189 194 160  NS 
 pH 6.25 6.33 6.16 6.21  NS 
 CEC, cmol kg-1 7.56 8.06 7.95 7.07  NS 
  HM, % 0.26 0.31 0.38 0.27  NS 
ECa +Elev.+Slope (n = 3) P, g m-3 36 40 38   NS 
 K, g m-3 161 181 179   NS 
 pH 5.98 6.45 6.07   ** 
 CEC, cmol kg-1 7.30 8.07 7.30   * 
  HM, % 0.33 0.28 0.32   NS 
NIR+Elev.+Slope (n = 4) P, g m-3 21 42 37 48  NS 
 K, g m-3 176 163 207 182  NS 
 pH 6.35 6.17 6.36 6.29  NS 
 CEC, cmol kg-1 7.66 7.29 7.94 7.62  NS 
  HM, % 0.18 0.17 0.30 0.31  NS 
ECa+NIR+Elev.+Slope (n = 4) P, g m-3 44 47 58 53  NS 
 K, g m-3 175 182 174 174  NS 
 pH 6.09 5.93 6.53 6.06  ** 
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 CEC, cmol kg-1 7.55 7.25 7.94 7.75  NS 
 HM, % 0.31 0.39 0.34 0.40  NS 
 Control zones (n = 3) P, g m-3 38 33 26   NS 
 K, g m-3 109 116 109   NS 
 pH 6.56 6.32 5.64   * 
 CEC, cmol kg-1 7.34 7.80 7.43   NS 
 HM, % 0.28 0.37 0.32   NS 
Control zones (n = 4) P, g m-3 32 31 39 40  NS 
 K, g m-3 98 120 101 107  NS 
 pH 5.62 6.17 6.03 6.68  *** 
 CEC, cmol kg-1 7.21 7.98 7.42 7.54  NS 
 HM, % 0.39 0.29 0.34 0.25  NS 
 Control zones (n = 5) P, g m-3 38 39 24 29 26 NS 
 K, g m-3 107 98 95 131 92 ** 
 pH 6.34 6.43 5.75 6.09 6.09 * 
 CEC, cmol kg-1 7.72 7.31 7.06 8.20 7.44 NS 
 HM, % 0.35 0.22 0.25 0.31 0.22 NS 
*Significant at 0.05 probability level. 
**Significant at 0.01 probability level. 
***Significant at 0.001 probability level. 
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Table C. 5.  Means and significance of zones from clustering with different data sets and control zones for soil test P, K, pH, CEC, and 
HM in the Graham field.  Zones were generated from k-means cluster analysis using vertical apparent soil electrical conductivity 
(ECa), near infrared band of bare soil aerial color infrared image (NIR), elevation (Elev), slope, and their combinations. The numbers 
of control zones (n) are the same as those for zones developed from clustering the data described. 

  Soil attribute means within ECa zones 
Data layer(s)  ECa zones 
used for clustering Soil attribute (unit) I II III IV V VI VII VIII Pr >F 
Order 2 survey (n = 4) P, g m-3 34 37 50 40     NS 
 K, g m-3 179 185 243 119     * 
 pH 6.48 6.46 6.37 6.69     NS 
 CEC, cmol kg-1 14.68 14.75 14.58 15.09     NS 
 HM, % 0.32 0.32 0.41 0.21     NS 
ECa (n = 5) P, g m-3 38 33 36 47 31    *** 
 K, g m-3 151 127 175 240 185    ** 
 pH 6.49 6.51 6.38 6.46 6.51    NS 
 CEC, cmol kg-1 14.94 16.67 13.78 13.57 14.26    ** 
  HM, % 0.33 0.26 0.34 0.35 0.29    NS 
NIR (n = 3)  P, g m-3 37 36 38      NS 
 K, g m-3 203 160 187      ** 
 pH 6.44 6.50 6.49      NS 
 CEC, cmol kg-1 14.08 14.42 13.90      NS 
  HM, % 0.32 0.31 0.36      NS 
Elev. (n = 8) P, g m-3 37 49 48 25 33 37 34 46 *** 
 K, g m-3 194 232 232 156 152 177 1944 178 * 
 pH 6.54 6.42 6.34 6.44 6.44 6.52 6.49 6.40 NS 
 CEC, cmol kg-1 14.71 14.31 13.36 13.88 14.72 14.43 13.96 13.52 NS 
  HM, % 0.28 0.37 0.32 0.29 0.30 0.32 0.37 0.32 NS 
Slope (n = 4) P, g m-3 33 37 39 33     NS 
 K, g m-3 167 170 211 190     * 
 pH 6.45 6.42 6.50 6.52     NS 



 249

 CEC, cmol kg-1 13.14 14.26 14.15 14.32     NS 
 HM, % 0.35 0.31 0.34 0.31     NS 
 ECa + NIR (n = 4) P, g m-3 35 36 38 35     NS 
 K, g m-3 163 200 179 197     NS 
 pH 6.60 6.42 6.48 6.43     NS 
 CEC, cmol kg-1 15.88 13.77 14.34 13.66     *** 
 HM, % 0.26 0.34 0.31 0.35     NS 
Elev. + Slope (n = 4) P, g m-3 37.23 35.16 40.50 31.57     NS 
 K, g m-3 182 182 201 173     NS 
 pH 6.45 6.47 6.49 6.45     NS 
 CEC, cmol kg-1 13.93 14.30 14.27 13.68     NS 
 HM, % 0.30 0.32 0.34 0.35     NS 
ECa +NIR +Elev. (n = 3) P, g m-3 36 40 36      NS 
 K, g m-3 190 221 145      *** 
 pH 6.43 6.44 6.50      NS 
 CEC, cmol kg-1 13.67 14.08 16.25      *** 
  HM, % 0.33 0.34 0.37      NS 
ECa +Elev.+Slope (n = 4) P, g m-3 30 41 38 37 36    NS 
 K, g m-3 159 163 210 175 191    NS 
 pH 6.30 6.58 6.49 6.46 6.49    NS 
 CEC, cmol kg-1 13.05 16.59 13.73 14.26 14.54    *** 
  HM, % 0.36 0.29 0.35 0.31 0.30    NS 
NIR+Elev.+Slope (n = 3) P, g m-3 39 35 37      NS 
 K, g m-3 193 178 193      NS 
 pH 6.42 6.50 6.47      NS 
 CEC, cmol kg-1 13.73 14.12 13.79      NS 
  HM, % 0.34 0.30 0.35      NS 
ECa+NIR+Elev.+Slope (n = 3) P, g m-3 40 37 32      NS 
 K, g m-3 189 198 153      *** 
 pH 6.56 6.47 6.62      NS 
 CEC, cmol kg-1 13.62 13.85 16.10      *** 
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 HM, % 0.32 0.36 0.35      NS 
 Control zones (n = 3) P, g m-3 40 35 35      NS 
 K, g m-3 183 187 188      NS 
 pH 6.55 6.48 6.35      NS 
 CEC, cmol kg-1 14.66 14.03 13.94      NS 
 HM, % 0.30 0.32 0.36      NS 
Control zones (n = 4) P, g m-3 37 30 35 44     NS 
 K, g m-3 161 202 163 215     NS 
 pH 6.48 6.48 6.47 6.44     NS 
 CEC, cmol kg-1 14.70 14.46 14.07 13.57     NS 
 HM, % 0.31 0.32 0.33 0.33     NS 
 Control zones (n = 5) P, g m-3 33 30 39 31 46    NS 
 K, g m-3 194 159 196 160 210    NS 
 pH 6.42 6.48 6.60 6.44 6.38    NS 
 CEC, cmol kg-1 14.00 14.54 15.00 14.28 13.43    NS 
 HM, % 0.29 0.32 0.31 0.34 0.34    NS 
Control zones (n = 8) P, g m-3 42 32 34 39 35 48 41 25 *** 
 K, g m-3 141 196 191 189 188 191 194 196 NS 
 pH 6.26 6.57 6.57 6.45 6.45 6.52 6.47 6.37 ** 
 CEC, cmol kg-1 13.17 14.40 14.83 13.57 14.02 14.26 14.50 14.13 NS 
 HM, % 0.34 0.29 0.27 0.35 0.34 0.38 0.33 0.31 NS 
*Significant at 0.05 probability level. 
**Significant at 0.01 probability level. 
***Significant at 0.001 probability level. 
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Table C. 6.  Frequency matrix of significance of zones from clustering with different variable sets for means and total residual 
variance of soil test P, K, pH, CEC, and SOM/HM and multiyear crop yields in the four study fields.  Zones were generated from k-
means cluster analysis using vertical apparent soil electrical conductivity (ECa), near infrared band of bare soil aerial color infrared 
image (NIR), elevation, slope, and their combinations. 

   Frequency of significance of zones from clustering with different variable sets  
   Data layer(s) used for clustering� 
Field   1 2 3 4 5 6 7 8 9 10 
Kinston  Soiltest  Mean difference 2 3 0 1 4 1 4 1 1 0 
  Variance reduction 4 3 2 1 3 1 3 2 0 2 
 Crop yield Mean difference 0 2 1 2 2 1 2 2 1 1 
  Variance reduction 2 3 2 2 4 2 2 2 3 3 
 Total in the Kinston field 8 11 5 6 13 5 11 7 5 6 
Overman Soiltest  Mean difference 3 3 1 1 3 0 3 1 0 3 
  Variance reduction 3 3 4 1 3 1 4 4 0 4 
 Crop yield Mean difference 2 1 0 1 1 0 3 1 2 1 
  Variance reduction 2 1 0 1 0 1 0 1 1 3 
 Total in the Overam field 10 8 5 4 7 2 10 7 3 11 
Total in the costal plain fields 18 19 10 10 20 7 21 14 8 17 
Baker Soiltest  Mean difference 2 1 2 0 1 0 1 2 0 1 
  Variance reduction 2 2 1 0 1 0 0 0 0 0 
 Crop yield Mean difference 0 0 0 0 1 1 0 0 0 0 
  Variance reduction 2 1 0 0 1 0 0 0 0 1 
 Total in the Baker field 6 4 3 0 4 1 1 2 0 2 
Graham Soiltest  Mean difference 3 1 2 1 1 0 2 1 0 2 
  Variance reduction 1 1 1 0 0 0 1 2 0 1 
 Crop yield Mean difference 2 0 1 2 0 0 3 1 1 1 
  Variance reduction 3 1 2 2 0 0 0 1 0 0 
 Total in the Graham field 9 3 6 5 1 0 6 5 1 4 
Total in the Piedmont fields 15 7 9 5 5 1 7 7 1 6 
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Grand total for the four study fields 33 26 19 15 25 8 28 21 9 21 
� (1) ECa; (2) NIR; (3) Elevation; (4) Slope; (5) ECa + NIR; (6) Elevation + Slope; (7) ECa + NIR + Elevation; (8) ECa+ Elevation + 
Slope; (9) NIR + Elevation +Slope; (10) ECa + NIR + Elevation + Slope
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Fig. C. 1. Percentile box plots of soil test P measured on samples from the four study 
fields. Dashed lines indicate probable crop response to fertilization based on soil test 
levels and the North Carolina Department of Agriculture and Consumer Services 
(NCDA&CS) Agronomic Division Soil Testing Laboratory index system.  
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Fig. C. 2. Percentile box plots of soil test K measured on samples from the four study 
fields. Dashed lines indicate probably crop response to fertilization based on soil test 
levels and the North Carolina Department of Agriculture and Consumer Services 
(NCDA&CS) Agronomic Division Soil Testing Laboratory index system.   


