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Abstract: West Tennessee’s supplemental irrigation management at a field level is profoundly affected
by the spatial heterogeneity of soil moisture and the temporal variability of weather. The introduction
of precision farming techniques has enabled farmers to collect site-specific data that provide valuable
quantitative information for effective irrigation management. Consequently, a two-year on-farm
irrigation experiment in a 73 ha cotton field in west Tennessee was conducted and a variety of farming
data were collected to understand the relationship between crop yields, the spatial heterogeneity
of soil water content, and supplemental irrigation management. The soil water content showed
higher correlations with soil textural information including sand (r = —0.9), silt (r = 0.85), and clay
(r = 0.83) than with soil bulk density (r = —0.27). Spatial statistical analysis of the collected soil
samples (i.e., 400 samples: 100 locations at four depths from 0-1 m) showed that soil texture and soil
water content had clustered patterns within different depths, but BD mostly had random patterns.
ECa maps tended to follow the same general spatial patterns as those for soil texture and water
content. Overall, supplemental irrigation improved the cotton lint yield in comparison to rainfed
throughout the two-year irrigation study, while the yield response to supplemental irrigation differed
across the soil types. The yield increase due to irrigation was more pronounced for coarse-textured
soils, while a yield reduction was observed when higher irrigation water was applied to fine-textured
soils. In addition, in-season rainfall patterns had a profound impact on yield and crop response
to supplemental irrigation regimes. The spatial analysis of the multiyear yield data revealed a
substantial similarity between yield and plant-available water patterns. Consequently, variable
rate irrigation guided with farming data seems to be the ideal management strategy to address
field level spatial variability in plant-available water, as well as temporal variability in in-season
rainfall patterns.
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1. Introduction

1.1. Supplemental Irrigation Management in Humid Regions

Irrigated agriculture has been playing a globally significant role in providing roughly one-third of
the total food and fiber supply [1]. While irrigated acreage is shrinking in some arid regions in the
US due to increasing competition for water, supplemental irrigation is expanding in humid regions
as a means to avoid unpredicted periods of water stress and maintain high yields [2]. For example,
in west Tennessee, row crop irrigation has expanded rapidly from twenty-five center pivot irrigation
systems installed in 2007 to 270 systems installed in 2012. This represents an expansion of 16,000 ha of
cropland per year under supplemental irrigation [3], which necessitates an essential demand to study
supplemental irrigation management of different crops in this region.

Precipitation is the main source of moisture in west Tennessee. However, severe in-season drought
conditions for short periods are likely to occur, which could substantially reduce yields under rainfed
agricultural practices. Supplemental irrigation is an irrigation strategy that attempts to maintain
maximum Yyield production by irrigating during periods of insufficient rainfall to fulfill the crop
water requirements. The application of supplemental irrigation management is a complex problem
in west Tennessee, where precipitation patterns are temporally variable within and across cropping
seasons and interact with the spatial mosaic of the physical and hydrological attributes of alluvial and
windblown loess deposited soils. Soil properties, such as texture and bulk density, greatly affect soil
water retention and movement and govern readily available soil water for crop irrigation management.
Excess water content within the root zone could occur if irrigation adds to unpredicted rainfall events.
This may cause insufficient aeration and consequent yield reduction. Moreover, runoff and deep
percolation may lead to accelerated nutrient loss and soil erosion that in turn, increases the risk of
contamination of nearby surface and/or groundwater.

Crop yield has been proven to be strongly related to soil physical properties. For example, Ref. [4]
considered plant-available water (PAW: volumetric water content between the field capacity and the
permanent wilting point within the root zone) as an input predictor of the wheat yield. They reported
PAW as one of the dominant factors governing the spatiotemporal variation of yields. Soil texture
was discussed by [5] as one of the greatest factors affecting the cotton yield. They found a relatively
stable spatial pattern of yield over time, although yield and soil properties had stronger relationships
during dry seasons than wet seasons. Graveel et al. [6] studied the response of corn to variations in
soil erosion and sandy and silt textured profiles in west Tennessee and found a substantial difference
in yield.

Cotton is a major crop in west Tennessee that is grown in more than 15 states and is vital
to the US economy because it is a critical export-oriented product [7]. Currently, some 40% of
US cotton is under irrigation, with the area expanding throughout the mid to southern US. Given
the limited water resources in many cotton-growing areas, a considerable amount of research has
recently been performed on cotton irrigation to improve the water use efficiency [8]. However,
inconsistent cotton yields have been observed in response to irrigation in the humid portion of the
US [9]. Suleiman et al. [10] studied the use of cotton deficit irrigation in a humid climate using FAO’s
56-crop coefficient method in Georgia and suggested establishing a 90 % irrigation threshold for the
full irrigation of cotton in humid climates. Bajwa and Vories [11] evaluated the cotton canopy response
to irrigation in a moderately humid area in Arkansas and found that under wet conditions, excessive
irrigation decreased the yield of cotton lint. A similar result was reported by [12], who also found
that excessive rainfall limited the yields from irrigation. Gwathmey et al. [13] conducted a four-year
supplemental irrigation study in Jackson, Tennessee, and found a 38% improvement in lint yields at a
2.54 cm wk~! supplemental irrigation rate compared to three of four years of the rainfed irrigation
scenario. Grant et al. [14] used a surface drip irrigation system to investigate the response of the
cotton yield to irrigation across different soil types with different PAW. This study illustrated that
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uniform irrigation is not the optimum management decision for the cotton wherever field-level soil
heterogeneity affects the spatial distribution of PAW.

1.2. Farming Data and Precision Agriculture

Traditionally, irrigation studies were limited to small plots at research stations, mostly due to
economic and computational limitations. Additionally, contemporary constraints to irrigation studies
include the personnel time and expense for data collection, as well as the limitations of conventional
computing infrastructure and statistical methods to analyze the increasingly larger spatiotemporal
datasets that have inherent noise and uncertainty. In west Tennessee, the inherent heterogeneity and the
spatiotemporal changes in soil and weather-related attributes of the region make it hard to extrapolate
the results of design-based experiments on small plots to real field conditions. Supplemental irrigation
scheduling is a site-specific irrigation management question where each field has its own irrigation
management challenge that requires unique solutions. On-farm experimentation is an alternative
for design-based experiments, since collecting site-specific information is becoming more and more
common and affordable in US agriculture.

In contemporary agriculture, precision farming enables farmers to locally collect various site-specific
information, such as the yield and soil apparent electrical conductivity (ECa). Crop yield maps provide
valuable quantitative information on crop production, change in production, and the response of crop
production to different agricultural inputs, including irrigation and fertilizer. Soil survey maps; soil
sampling; on-the-go sensors; and remote sensing from field, airborne, and satellite sensors are the most
widely used methods to obtain information on the spatial distribution of different soil attributes [15].
Soil sampling at the field-level provides valuable information on the spatial variation of soil attributes,
but collecting this data has become laborious and expensive. ECa is a proxy for less accessible soil
attributes, including soil texture and soil available water [16], and thus has created substantial interest
in its use for soil mapping and management zone delineation in precision agriculture. ECa is measured
in a simple and inexpensive way, where an electrical current is induced into the soil while the field
is traversed. However, there are some inconsistencies in the literature concerning factors that affect
the variability of ECa in non-saline fields [17]. This suggests the need to investigate the practical
utility of using ECa for site-specific management in different regions, particularly because most of
the supporting ancillary datasets including topographic edaphic features (e.g., elevation, slope, and
aspect) are freely available. If not, these site-specific attributes can be measured and mapped without
spending a considerable amount of time and money. Recently, new wireless technologies have enabled
progressive farmers to remotely and continuously monitor soil properties over time, including soil
temperature, soil water content, and soil matric potential.

Consequently, this study was carried out to understand the relationship between the spatial
heterogeneity of soil and crop yields to better inform the management of site-specific supplemental
irrigation in west Tennessee. The objectives of this study were to conduct an on-farm experiment and
analyze yield maps to:

1.  Assess the impact of the spatial heterogeneity of soil water content on the pattern of yield using
on-farm data that was collected by the farmer’s soil moisture sensors and yield monitor systems;

2. Compare the cotton lint yield under different supplemental irrigation regimes across different
soil types;

3. Assess the temporal stability of low /high yield zones by combining the measured historical yield
data of different crops with available cotton yield data.

2. Materials and Methods

2.1. Study Area

The study area was a 73 ha irrigated field that is located in southwestern Dyer County in west
Tennessee along the Mississippi river (Figure 1). The field was equipped with two center pivot
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irrigation systems that were used for the irrigation of no-till cotton during each cropping season.
The field is on Mississippi river terrace alluvial deposits from which Robinsonville loam and fine
sandy loam, Commerce silty clay loam, and Crevasse sandy loam soils have been produced (Figure 1).
Figure 2 illustrates the long-term variability in regional climate. The mean monthly growing season
precipitation and temperature is 97-mm month~! and 21 °C from May to November, respectively
(Figure 2). Rainfall is relatively high, even in dry years. Temperature changes are less pronounced
and to some extent, inversely proportional to rainfall. The supplemental irrigation strategy has been
growing in this region since rainfall events are not usually temporally well-scattered to fulfill the crop
water requirement over the entire growing season.
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Figure 1. The 73-ha supplemental irrigation study field is located in southwestern Dyer County in
west Tennessee along the Mississippi river. Soil samples were collected at four depths from 0-1 meter
at 100 locations.
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Figure 2. The long-term climatic variation in rainfall (dashed line) and temperature (column) in west
Tennessee. Temperature columns show the mean monthly minimum (in black) and the mean monthly

maximum (in white).
2.2. Soil Data Collection and Lab Analysis

Haghverdi et al. [18] described the soil data collection where one hundred undisturbed samples
(100 cm deep) were collected by a truck-mounted soil sampler between 21 and 22 March 2014 (Figure 1).
Some 86 of these samples were collected using a grid sampling scheme where samples were about
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100-m apart (i.e., half the mean semivariogram range of proxies). The rest of the samples (=14) were
randomly collected from underneath the center pivot circles. The field sampling occurred after rainfall
events, when the soil water status was assumed to be close to the field capacity.

Each 67-mm diameter core was sub-sampled at four depths between 0-100 cm in 25-cm increments,
i.e., 0-25 cm, 25-50 cm, 50-75 cm, and 75-100 cm, with adjustments in respect to the available horizons.
The mean depth across samples approximated 25 cm for all the layers. Hereafter, the word “layer” is
used to describe subsamples rather than real soil horizons. The soil texture of each depth was estimated
in the laboratory using a hydrometer [19]. The soil water content was estimated by subtracting
oven-dried weights from wet weights. Bulk density (BD) was estimated as the oven dry weight to
volume of each subsample. ECa was collected using a Veris 3100 (Veris Technologies, Salina, KS,
USA) instrument on March 20, 2014 with 10 m and 20 m spacing between points in the same row
and adjacent rows, respectively. The Veris 3100 has six rolling coulters for electrodes and collects two
simultaneous ECa measurements from shallow (~0-30 cm) and deep depths (~0-90 cm).

2.3. Descriptive and Spatial Analysis of Soil Properties

The correlation between the volumetric water content at the time of sampling and soil texture,
i.e., sand, silt, and clay percentages, and bulk density was investigated. A soil texture triangle
was plotted for each of the four depths, with each depth layer being approximately 25-cm thick.
The relationship between ECa data and soil physical information, obtained from soil samples, was
studied. To match ECa and soil basic data, the ECa data were interpolated to each sample using an
ordinary kriging approach [20].

The spatial analysis was done using ARCGIS 10.2.2 [21]. To examine the spatial autocorrelation of
the attributes, the semivariogram (Equation (1)) and Global Moran’s I statistic (Equation (2), [22]) were
obtained as follows:

1 N(h) )

v(h) = ZN(h){iZl[Z(xi +h) = Z(x)] } )
where 7y(h) is the semivariance; h is the interval class; N(h) is the number of pairs separated by the lag
distance; and Z(x;) and Z(x; + h) are measured attributes at spatial location i and i + h, respectively.
The nugget effect, sill, and range are the basic parameters of a semivariogram to describe the spatial
structure. The nugget effect mostly represents sampling /measurement errors and variation at scales
smaller than the sampling interval. The total variance is called the sill and the range is the maximum
distance at which variables are spatially dependent.

The Global Moran’s I statistic is calculated as:

n Yo X = wijzizj

I = X
n n L. 2
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@

where z is the deviation of an attribute from its mean, w; ; is the spatial weight between the ith and
jth point, and 7 is equal to the number of points. Moran’s I is used to measure the degree of spatial
autocorrelation or trend based on both feature locations and feature values simultaneously. Given
a set of features and an associated attribute, it evaluates whether the pattern expressed is clustered,
dispersed, or random [22]. The null hypothesis of this analysis states that the attribute being analyzed
is randomly distributed among the features in the study area. Ordinary kriging was applied to samples
of the ECa to generate maps that were compared and assessed against each other. A higher positive
Moran’s Index for an attribute indicates a stronger spatial structure. The z-score changes in line with
the Moran’s Index. A z-score from —1.65 to 1.65 shows that the spatial pattern is not significantly
different than a random one. A z-score less than —1.65 is an indicator of a dispersed process, while a
z-score greater than 1.65 displays a spatially clustered attribute.
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2.4. On-Farm Irrigation Experiment

There were two center pivot systems available for irrigation within the 73-ha field. The on-farm
experiment was conducted for two years and designed to study the supplemental irrigation-cotton
lint yield relationship across different soil types. The farmer used a no-tillage method to plant
‘PHY375" cotton variety on 30 May 2013 and ‘Stoneville 4946” on 5 May 2014. The farmer used soil
test recommendations for applications of variable rate potassium (K) and phosphorus (P). However,
nitrogen was applied uniformly. Crop pest management was implemented following state extension
recommendations and the field was harvested on 2 and 3 December 2013 and in the second year on
18-20 October 2014.

Throughout the experiment, we used the Management of Irrigation Systems in Tennessee (MOIST)
program (http:/ /www.utcrops.com/irrigation/irr_mgmt_moist_intro.htm) to discuss the efficiency
of irrigation management with the farmer. MOIST is an irrigation decision support tool that delivers
irrigation recommendations by simultaneously measuring and monitoring soil water status and
calculating water balance through a deployed wireless soil sensor network. An on-farm weather and
soil monitoring station contained a number of METER Devices (METER Group, Inc., Pullman, WA,
USA), including an EM50G remote data logger, a VP-3 temperature and relative humidity sensor, an
ECRN-100 high-resolution rain gauge, and a pyranometer: a solar radiation sensor, was installed in
2013 and run through 2014 using the MOIST program. Three additional stations with rain gauges and
soil moisture sensors were added in 2014. Each station also had two MPS-2 soil matric potential and
temperature sensors (METER Group, Inc., Pullman, WA, USA) installed at approximately 10 and 46 cm
depths to monitor the soil water status. MOIST calculates the daily reference evapotranspiration (ET )
using Turc’s 1961 equation (developed for regions with relative humidity > 50%, [23]) as follows [24]:

ET,; = 0.013 x ( ) x (Rs + 50) 3)

T
T+15
where ET,y is the daily reference evapotranspiration (mm d~1), Ry is the daily solar radiation
(Calem=2d~1), and T is the daily mean air temperature (°C). The data for each station were recorded
once per hour, stored in the logger, and then transmitted to a web-based interface. The farmer managed
irrigation applications. At the same time, we wanted to make sure that he was provided with sufficient
information to irrigate appropriately, while maintaining statistical variability of the supplemental
irrigation water applied (IW) across the field to fulfill our research purpose. In 2014, we started sending
out weekly MOIST reports to the farmer. The report contained information on the soil water status
and irrigation scheduling based on soil sensors and water balance calculations.

Two different methods were used to create irrigation application zones across the field: programming
the two pivots (pie shape zones) and partially swapping the sprinkler nozzles (arc shape zones). Table 1
summarizes the information on the irrigation programs at each pivot. The farmer’s routine irrigation
schedule was 15.50 mm and 9.91 mm per revolution for the east and west pivots, respectively. The east
(west) pivot panel was programmed to apply +5.08 (£1.78) mm variation in irrigation per revolution
on some pie shape zones. The control panels of pivots were Valley Select2 (Valmont Industries, Inc.)
that were programmable for up to nine different pie shape zones. The program changes the irrigation
rate by adjusting the pivot’s travel speed, where speeding up the pivot causes less irrigation and
slowing it down applies additional irrigation. Based on the pivots’ characteristics and soil spatial
variation, multiple banks of sprinklers were also selected and re-nozzled to form arc-shape irrigation
zones. The center pivots can be operated both clockwise and counterclockwise, but were programmed
only in the clockwise direction (Table 1).
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Table 1. Detailed information on the supplemental irrigation programs for the two center pivots within
the 73-ha supplemental irrigation field that is located in southwestern Dyer County in west Tennessee
for one revolution.

East Pivot West Pivot
Program Start Angle ! Stop Angle  Depth of Water  Start Angle  Stop Angle  Depth of water
Sector (degree) (degree) (mm) (degree) (degree) (mm)
1 90 110 10.41 275 315 9.91
2 110 0 15.49 315 335 11.68
3 0! 20 20.57 335 355 8.38
4 20 40 10.41 355 235 9.91
5 40 70 15.49 235 255 11.68
6 70 90 20.57 255 275 8.38

! The zero degree was at north and pivots traveled clockwise.

We installed three Agspy (AquaSpy Inc., San Diego, CA, USA) soil moisture probes at three
randomly selected points each year to monitor the soil water status, across pie-shape zones throughout
the irrigation seasons. The AgSpy soil moisture capacitance probes were 1-m in length and obtained
measurements at 10 depths at 0 to 100 cm, with 10 cm increments. The sensor output is a dimensionless
number in the range 0 to 100, called the scaled frequency (SF), which is defined as:

(Fa — F5)

) 100 )

where F, is the frequency of oscillation in air (air count), F; is the frequency of oscillation in soil (soil
count), and Fy, is the frequency of oscillation in water (water count). The F, and F, are calculated during
the manufacturing of each sensor. The frequency of oscillation is related to the capacitance between
sensor plates that is in turn influenced by the relative permittivity of the soil media. The relative
permittivity of water is significantly greater than that of air and soil, thereby changes in soil water
content will be detected by the sensor [25].

Table 2 summarizes irrigation and weather data for the 2013 and 2014 cropping seasons.
The sensors were installed a couple of weeks after planting and were removed prior to the harvest
period. Consequently, in situ data were not available for the whole cropping seasons. However,
temperature and precipitation data from the closest weather station were obtained from the National
Climate Data Center [26] to fill these gaps.

Table 2. Growing season summary of weather and supplemental irrigation data in the 73-ha study
area for the 2013 and 2014 growing seasons, in comparison to the 30-year mean for these variables.
The study area is located in southwestern Dyer County in west Tennessee.

Month
Y Variabl
ear ariable May  June July August September October November
2013 Rain, mm 23 150 190 95 79 112 63
IW-East, mm 40 31 62
IW-West, mm 15 20 30
ET, !, mm day ! 433 443 3.92 2.49 1.28
2014 Rain, mm 143 172 56 124 120 18
IW-East, mm 62 31
IW-West, mm 20 30
ET, !, mmday ! 415 442 4.86 451 3.47 2.94
30 year Rain, mm 120 101 102 74 82 82 117
Tmean, °C 21 25 27 26 22 16 10

1 ET,s: Reference evapotranspiration data that were calculated using the Turc equation (Equation (3)) from 19 July
2013 (7 May 2014) to 30 November 2013 (5 October 2014), IW: irrigation water applied by the farmer. The 30-year
mean data collected from the closest weather station [26].
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2.5. Multiyear Yield Data Analysis

To better understand the spatiotemporal dynamics of changes in yield, several years with different
crops should also be considered [27]. Except for 2011, yield data from 2007 to 2012 (i.e., corn 2007, corn
2008, soybean 2009, cotton 2010, cotton 2012) had been collected by the producer using appropriate
yield-monitor-equipped harvesters (Table 3). We combined these data with the 2013 and 2014 yield
data to analyze the relative difference and temporal variance of yield on the study site under both
rainfed and supplemental irrigation.

Table 3. Descriptive statistics on yield data (Mg ha~!) at the field of study located in southwestern
Dyer County in west Tennessee.

Year Crop Mean SD

2007 Corn 7.137 4.158
2008 Corn 3.420 0.903
2009 Soybean 3.221 0.860
2010 Cotton 0.947 0.306
2012 Cotton 0.913 0.494
2013 Cotton 0.871 0.329
2014 Cotton 1.244 0.493

A multistep filtering process was designed and implemented in Microsoft Excel and ArcGIS
10.2.2 [21] to process the yield data and produce final yield maps. First, the yield maps were visually
assessed using the farmer’s knowledge of field conditions to identify potential unexpected patterns.
Second, the data were color-coded based on harvest time to investigate the GPS tracks and movement
of the harvester. Then, multiple filters were designed (e.g., using swath width, distance, speed of the
harvester, change in speed) to remove outliers and erroneous data points. Last, yield data that were
>13 standard deviations of the mean were assumed to be outliers and removed from the analysis.
Then, the field was divided into 100 m? cells, and relative yield difference (Equation (5)) and yield
temporal variance (Equation (6)) across years were calculated as follows [28]:

- _ 1 Y {V@k—yk} % 100 (5)
Y

Yi
=

where 7 is the number of years with yield data available, ; is the average percentage yield difference
at cell i, 7, is the average yield (Mg ha ') across cells at year k, and y; ; is the yield value (Mg ha™!) at

cell 7 at year k.
n

_ 1 _\2
7= — % (vie— i) ©)

=1
where 07 is the temporal variance at cell i, Y;n is the average yield across the n years, and other
variables are as previously defined.

3. Results and Discussion

3.1. Field-Level Soil Heterogeneity and Application of Soil ECa

Table 4 contains descriptive statistics for the measured soil properties. The BD had its highest mean
value at the deepest layer, while the mean value was almost identical among other layers. The mean
water content decreased with depth, while its standard deviation slightly increased. The higher water
content in the surface layer is likely attributed to textural differences among layers and also rainfall
events prior to the sampling, which built the moisture level up within the top layers, but perhaps did
not fully penetrate to the deeper layers. The mean sand percentage increased with depth, which was
inversely proportional to a decline in silt and clay. The mean and standard deviation of the deep ECa
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readings (27.52 £ 18.73) were greater than those of shallow readings (24.64 + 10.66). The standard
deviation among deep ECa reading was almost twice that of shallow readings. The same result was
reported by [29] on differences between the standard deviation and distribution of shallow versus
deep ECa readings.

Table 4. Descriptive statistics for selected soil properties from different soil sampling layers. Soil
samples were collected at four depths from 0-1 meter at 100 locations.

Variable ! Layer Min. Max. Mean SD
BD, g cm ™3 1th 1.12 1.66 1.36 0.10
2nd 1.11 1.70 1.35 0.12
3rd 1.06 1.86 1.34 0.12
4th 1.17 1.78 1.40 0.13
total 1.06 1.86 1.36 0.12
WC, % 1th 10.75 59.74 28.35 7.43
2nd 7.27 43.12 26.02 10.78
3rd 5.98 42.38 21.64 11.08
4th 5.67 45.32 20.18 11.15
total 3.94 47.61 17.94 8.49
Sand, % 1th 8.77 88.25 38.07 20.11
2nd 0.00 94.98 46.39 31.57
3rd 2.50 95.70 61.38 31.10
4th 5.46 96.86 69.90 26.09
Clay, % 1th 7.37 47.56 27.55 9.04
2nd 2.50 56.60 22.18 14.17
3rd 1.26 47.72 14.27 11.44
4th 0.34 37.10 11.00 7.80
Silt, % 1th 438 54.06 34.38 12.75
2nd 0.00 66.51 31.43 19.85
3rd 0.00 72.81 24.35 21.76
4th 0.00 69.23 19.10 19.83
ECa,mSm~!  shallow 1.60 48.70 24.64 10.66
ECa, mSm™! deep 1.70 162.20 27.52 18.73

1 BD: soil bulk density, WC: soil volumetric water content at the time of sampling, ECa: apparent soil electrical
conductivity, SD: standard deviation.

The soil texture drastically varied across the field such that almost the entire soil texture triangle
was covered by the collected samples, except for the silt and clay textures (Figure 3). There was a shift
from fine to coarse textures by depth, with sand showing the greatest particle increase. The sand had
the highest absolute correlation with the soil moisture of the samples, while there was a weak negative
correlation between BD and the water content (Figure 4), showing that soil texture was the dominant
attribute governing water content. There was a clear pattern in clay and silt percentage plots versus
water content; the majority of the samples with lower clay and silt contents belonged to the deeper
layers (a cluster of black dots in the soil texture triangle), while samples from the shallower layers
were more likely to have higher clay and silt contents. The opposite was seen in the sand versus water
content plot.
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Sand (%)

Figure 3. The textural distribution of soil samples from four different depths between 0 to 1 meter,
where the darker colors correspond to the deepest depths. The samples were collected from a 73-ha
two-pivot irrigation field that is located in southwestern Dyer County, Tennessee.

r=-0.90 r=0.85 r=0.83 r=-0.27

Water content (cm? cm3)

0 20 40 60 80 0 20 40 60 1 1.2 1.4 1.6 1.8 2
Silt (%) Clay (%)

Sand (%)

Bulk density (g cm™3)

Figure 4. The relationship of 400 samples at four depths from 0-1 meter of soil texture (% Clay, Silt, &
Sand) and bulk density (BD) to volumetric water content from a 73-ha two-pivot field in west Tennessee.
The light to darker colors of the data markers correspond to 0-1 meter depths.

Table 5 presents the semivariogram and Global Moran’s Index parameters for the selected
attributes for each soil layer. The highest range did not belong to the same layer across soil properties.
The average range varied from 200 m to 300 m among attributes, which was two to three times greater
than the sampling intervals. The percent of nugget ranged from 18 to 50% among soil properties in
the study of [30], who investigated the spatial variability of soil physical properties of alluvial soils
in a 162 ha cotton field in Mississippi. This was somewhat similar to what was found for all the
attributes except BD, which reached a nugget percent as high as 73 percent. The z-scores revealed all
the attributes except BD within different layers had clustered patterns. BD only showed a clustered
pattern at the third layer and had a random pattern at other layers.
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Table 5. Semivariogram and Moran’s I parameters of soil properties for different soil layers. Soil
samples were collected at four depths from 0-1 meter at 100 locations.

Variable Layer Nugget Sill Range (m) Moran’sI  z-Score
*BD, g cm ™3 1th 0.008 0.011 526 0.087 1.181
2nd 0.01 0.015 95 —0.086 —0.929
3rd 0.011 0.016 280 0.137 1.802
4th 0 0.017 100 0.091 1.221
total 0 0.007 95 —0.007 0.038
WC, % 1th 0 44 100 0.175 2.266
2nd 12 129 332 0.327 4.063
3rd 0 131 206 0.284 3.545
4th 56 125 212 0.284 3.556
total 0 88 316 0.326 4.049
Sand, % 1th 115 446 360 0.421 5213
2nd 440 1119 300 0.365 4.510
3rd 401 1037 219 0.320 3.978
4th 413 717 260 0.300 3.747
Clay, % 1th 19 92 389 0.392 4.861
2nd 123 215 428 0.239 3.016
3rd 68 138 177 0.321 4.034
4th 35 63 216 0.335 4227
Silt, % 1th 39 174 334 0.382 4.740
2nd 165 453 279 0.396 4.887
3rd 211 484 200 0.270 3.366
4th 6 10 341 0.266 3.332
ECa, mSm™! shallow 38 133 253 0.816 65.436
ECa, mSm™! deep 126 388 223 0.846 67.899

* BD: soil bulk density, WC: soil volumetric water content at the time of sampling, ECa: apparent soil electrical conductivity.

Figure 5 shows maps interpolated by ordinary kriging. The white strip expanding from the
northwest to southeast of the field is a surface drainage pathway. There are three major sandy regions
within the field of study at the surface layer located at: (i) surrounding pivot points at the eastern
part of the field; (ii) south of the field, mostly outside of the irrigated zones; and (iii) northwest part
of the field. The sequence of sand maps from the first to fourth layers illustrate how these coarse
soil regions expanded across the field by depth such that sand covered the majority of the field in
deeper layers. The sandy regions could be either river flood-induced sand boils or earthquake-induced
sand blows. The vertical arrangement of soil textural components was not consistent across the field.
The clay had its highest influence from 0-50 cm, yet sand was the dominant particle from 50-100 cm.
The observed depth to sand during sampling ranged from 15-75 cm across the field, with an average
depth of 40 cm for almost 40% of the sampling spots. For the rest of the samples (60%), either there
was no clear immediate change from fine texture to coarse texture or sand appeared at the surface
soil. The silt contributed highly in subsurface layers (25-75 cm), where it reached its highest quantity
and SD (Table 4). The majority of the samples from subsurface layers (50-75 cm) with a high silt
content were compacted to some extent. This compaction was also projected in relatively higher BD
values from the same layers (Table 4). The BD map of the third layer corresponded well to the textural
patterns, where higher BD matched coarse samples. However, it was difficult to identify a trend from
the rest of the BD maps, as was expected from the results of the spatial analysis (Table 5).
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Clay1 (11-42%) Clay?2 (5-41%) Clay3 (5-35%) Clay4 (4-26%)

Silt1 (12-50%) Silt2 (12-50%) Silt3 (1-57%) Silt4 (1-43%)

Sand1 (12-50%) Sand2 (12-50%) Sand3 (1-57%) Sand4 (1-43%)

BD1 (1.27-1.46 g cm=)  BD2(1.23-1.50 g cm?®)  BD3 (1.22-1.50 g cm?®)  BD4 (1.17-1.80 g cm)

WC1 (19-34%) WC2 (10-42%) WC-3 (5-42%) WCA4 (7-37%)

e

ECa-S(2-46mSm?1)  ECa-D(2-147mSm?)  WC-0-1 m (9-40%)

Figure 5. Maps of six different soil properties and their range of variation within a 73-ha two-pivot
field in west Tennessee. These attributes include percent silt, sand, and clay, bulk density (BD, g cm ™9,
volumetric water content (WC, %), and apparent electrical conductivity shallow (ECa-S, mS m~1) and
deep (ECa-D, mS m~1). Numbers 1-4 denote layers 1-4 (layer 1: 0-25 cm, layer 2: 25-50 cm, layer 3:
50-75 cm, and layer 4: 75-100 cm). The maps were generated using ordinary kriging. The darker colors
correspond to greater values for each attribute.
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The soil water content is a dynamic property of soil with time. However, it is expected that a
one-time measurement of water content values across a field provides a useful insight into the relative
spatial pattern of soil hydraulic properties [31]. The water content map of the surface soil clearly
showed the sandy textured areas as regions with a lower water content (Figure 5). At deeper depths,
the water content maps almost exactly matched the spatial pattern of the sand maps. This occurred
because coarse soils tend to dry out faster and hold less water than finer textured soils. This suggests
that a one-time measurement of water content during the sampling process may be mathematically
transformable to a PAW map. Overall, the water content map for the entire profile (0-100 cm) was
similar to maps of individual layers.

The ECa maps tended to follow the same general spatial patterns as those for soil basic properties
and water content (Figure 5). Table 6 illustrates the correlation coefficient between ECa values and soil
basic data. The ECa data were moderately correlated to soil texture and water content information.
The lowest correlation was between BD and ECa data. The correlation between shallow ECa and other
attributes declined from layer 1 to 4, as expected, while the opposite was true for ECa deep readings.
Sudduth et al. [29] showed that 90% of the shallow and deep reading responses in Veris machines
were approximately obtained from the soil above the 30 cm and 100 cm depths, respectively. The sand
increased with depth, hence regions with high conductivity became less pronounced in the deep ECa
map as opposed to the shallow ECa map.

Table 6. Correlation coefficient between soil apparent soil electrical conductivity (ECa, mS m~!) data
and soil basic information at the four layers (L1-L4).

Clay (%) Sand (%) Silt (%)

L1 L2 L3 L4 L1 L2 L3 L4 L1 L2 L3 L4
ECa-S 075 0.55 0.35 040 -075 —-063 —-045 —-0.39 0.65 0.60 0.46 0.36
ECa-D 0.59 0.61 0.52 057 062 -073 -0.63 —0.63 0.56 0.72 0.63 0.60

*BD (g cm—3) WC (%)

L1 L2 L3 L4 L1 L2 L3 L4
ECa-S —-0.01 -015 -031 —-0.02 0.66 0.61 0.47 0.47
ECa-D 0.06 —-020 -045 -013 0.63 0.71 0.64 0.65

* BD: soil bulk density, WC: soil volumetric water content at the time of sampling.

This study demonstrated that ECa is a useful surrogate for both soil texture and water content.
Sudduth et al. [29] studied ECa readings on 12 fields in six states of the north-central US. They found a
good relationship between ECa data and soil cation exchange capacity (CEC), as well as clay content at
different times and locations, thus suggesting a general calibration equation of CEC and clay content
to ECa readings. They found the most variation in ECa values in Iowa fields that had the widest range
in soil texture, from loam to clay loam. In contrast, [17] reported water content as the main factor
influencing ECa readings in a rainfed field, but they did not find soil texture to be a significant predictor
of ECa. They found a weak correlation between water content and clay content and found that other
factors including elevation and organic matter, may govern the amount of soil water content [17].
In theory, multiple factors, including the relative fractions occupied by soil, water and air, geometry
and distribution of particles, and soil solution attributes, affect ECa [32]. The current introduced to
measure the ECa of soil, in fact, travels through liquid, soil-liquid, and solid pathways [33]. We believe
an accurate understanding of field-level soil texture variability and soil water status during the ECa
measurement process is crucial to efficiently interpret ECa maps. Brevik et al. [34] studied the temporal
stability of ECa data with respect to soil water content. They observed a strong influence of water
content on ECa readings and found that ECa’s power to differentiate soils was proportional to soil
moisture. They mentioned that soil water content should be reported as an essential part of ECa
studies. In this study site, the spatial heterogeneity of soil texture was the main factor that governed
the spatial distribution of water content. Further studies, however, are needed to examine the efficacy
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of ECa for other typical field-level heterogeneity in the region, where the infiltration and redistribution
of water within the root zone is governed by topography rather than soil textural variability.

3.2. Cotton Supplemental Irrigation

Table 7 summarizes the correlation coefficients between yield data and some soil properties
across the field of study. To evaluate the effect of variable rate fertilizer application by the farmer on
yield spatial variation, we also obtained correlation information for P and K. In general, correlation
coefficients were higher for 2014 data than for 2013 data. The correlations between P and K with yield
data were negligible. Given the high correlation between ECa data and PAW [18], the ECa data were
used to group cotton lint yield information into four soil-based zones (Figure 6). The results illustrated
in Figure 6 include irrigated areas, as well as corners of the field that were rainfed. In general, there
was an increase in yield from soils with lower ECa to soils with higher ECa in 2014, but not in 2013.
This is in line with the relatively higher correlation between water content/soil texture and the yield
data in 2014 compared to 2013.

Table 7. Correlation coefficient values between cotton lint yield data (2013 and 2014 cropping seasons),
soil properties at four depths from 0-1 m, and fertilizer application.

2013 2014
Layer 1 2 3 4 Total 1 2 3 4 Total
*BD,gem™3  —0.16 -0.04 —009 -0.07 0.00 —023 -049 -0.18
WC, % 022 008 003 012 047 051 046 051
Sand, % -0.12 -0.03 -0.03 -0.08 —044 -052 —050 —053
Clay, % 016 0.03 —0.03 001 040 044 042 047
Silt, % 0.07 003 006 0.0 042 053 051 053
WC33 018 006 005 0.2 040 050 052 051
WC1500 019 005 001 011 040 048 048 050
ECa-S, mSm~! 0.12 0.49
ECa-D, mSm™! 0.08 0.58
P,Mgha~! —0.02 0.07
K,Mgha™! -0.11 -0.23

* WC33 and WC1500: predicted volumetric water content at soil matric potentials —33 and —1500 kPa,
respectively [18]; WC: volumetric water content at the time of sampling. Layers 1, 2, 3, and 4 were from 0-25 cm,
25-50 cm, 50-75 cm, and 75-100 cm, respectively. ECa shallow and deep readings represented approximately
0-30 cm and 0-90 cm of the soil profile, respectively.
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Figure 6. The effects of supplemental irrigation (blue bars, right-hand y-axis) on cotton lint yield
(orange lines, left-hand y-axis) in 2013 and 2014 within a 73-ha two-pivot field in west Tennessee.
The white and black five-point start symbols denote actual irrigation applications by the farmer for the
west and east pivots, respectively. The deep ECa data were used to group cotton lint yield information
into four zones, where ECa increases from zone 1 to zone 4, zone 1: 2-8 mS m !, zone 2: 8-18 mS m™!
zone 3: 18-35 mS m~!, and zone 4: 35-162 mS m 1.

’
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In 2013, only for coarse-textured soils (soils with lower ECa readings; zones 1 and 2), there was an
overall positive response to supplemental irrigation. We observed no consistent positive response to
higher irrigation levels for soils with higher ECa readings (i.e., zone 3 and 4 repressing fine-textured soil
with higher PAW). In 2014, overall, cotton responded favorably to higher supplemental irrigation levels
for the first three ECa zones, with coarse-textured soil showing the highest yield increase. The highest
yield for the fine-textured zone (zone 4) did not belong to the greatest irrigation applications.

Figures 7 and 8 depict the dynamic of soil moisture (Agspy sensors) at different depths and
locations over the 2013 and 2014 growing seasons, respectively. There were some missing data and bad
readings mostly in 2014. In 2013, soil moisture probes 4, b, and ¢ were located underneath the east pivot,
representing the pie shape zone with extra irrigation, pie shape zone with lower irrigation, and farmer’s
irrigation application, respectively. The soil moisture probes 4, b, and ¢ received 163 mm, 90 mm, and
133 mm seasonal IW, respectively. The average predicted PAW throughout the effective root zone
(i.e., 1 m) was 0.28 m3m=3,0.22 m® m~3, and 0.30 m3® m~3 for probes a, b, and c, respectively [18].
The pattern of soil moisture was dynamic and varied among sensors at different locations and depths.
At probe g, soil moisture depletion and replenishment occurred for sensors up to 40 cm deep during
the monitoring period (i.e., days after planting (DAP): 42-133). Soil water status remained almost
unchanged for deeper sensors for about 100 DAP, and then gradually exhibited a reduction, indicating
that roots started to pull out water from deeper layers as the ET demand increased. At probe b, rainfall
plus irrigation kept the soil moisture at a fairly constant level up to about 80 DAP for all sensors, while
fluctuations decreased by depth, as expected. After that, there was a substantial depletion in soil
moisture for sensors up to 50 cm, which even expanded to deeper sensors at about 95 DAP. At probe c,
the overall trend was similar to that of probe 2. Toward the end of the growing season, much rainfall
at 112 DAP occurred that refilled the shallow layers for all soil moisture probes and also penetrated to
deeper layers such that there was an increase in readings by the soil moisture sensors at 30 and 40 cm
and no decrease for deeper sensors up to the end of the monitoring period.

In 2014, soil moisture probes a, b, and ¢ were mainly located underneath the west pivot,
representing the central area irrigated by both pivots, pie shape zone with lower irrigation, and
farmer’s irrigation application, respectively. Soil moisture probes a, b, and c (Figure 8) received 142,
42, and 50 mm of IW, respectively, during the 2014 cropping season. Within the effective root zone
(i.e., 1m), the average PAW values predicted for probes a4, b, and ¢ were 0.19 m® m~3, 0.33 m3 m~3,
and 0.23 m3® m 3, respectively [18]. Unlike 2013, most of the deeper sensors in 2014 showed some
fluctuations starting at about 70 DAP, meaning that the crop started to use water from deeper layers as
the crop water requirement increased. We attribute this to (i) bigger plants with larger canopies, and
hence a higher ET demand; (ii) lower irrigation in 2014 compared to 2013; and (iii) lower irrigation
under the west pivot (where we had sensors installed in 2014) compared to the east pivot (where we
had sensors installed in 2013). Trends in probes b and c were similar. There were more fluctuations
in the shallow sensors in probe 4, since this sensor was irrigated by both pivots and was located on
a coarse-textured soil with a low PAW. In both years, heavy rainfall events were responsible for big
changes in the soil water status within the soil profile and considering sensor fluctuations, they usually
penetrated deep down to 50 cm. Irrigation events, however, mostly refilled shallow layers up to 20 cm
and barley influenced sensors deeper than 30 cm.
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Figure 7. The change in soil moisture, measured as scale frequency (SF, Equation (4)), from 42 days
after planting throughout the 2013 growing season in a 73-ha two-pivot supplemental irrigation field in
west Tennessee. Light and dark blue bars show irrigation and rainfall, respectively. SF was measured
using Agspy soil sensor probes at different locations and 10 depths from 0-1 m. In 2013, soil moisture
probes a, b, and c were located underneath the east pivot, representing the pie shape zone with extra
irrigation, pie shape zone with lower irrigation, and farmer’s irrigation application, respectively.

The cotton lint response to supplemental irrigation differed across soil types. For soils with a
lower PAW, there was a positive response to irrigation in comparison to rainfed, where soil moisture
deficit is expected to reduce the boll number and yield [9]. The cotton response to irrigation was
not consistent for soils with a higher PAW, except that a yield reduction occurred underneath both
pivots for high irrigation rates in both cropping seasons. This is in line with the reported results
in the literature, indicating that under wet conditions, excessive irrigation decreased the yield of
cotton lint [11,12]. In 2013, the cotton lint yield was only 12% higher where we placed probe a
(IW = 163 mm, predicted PAW = 0.28 m® m~2) in comparison to the yield at probe b (IW = 90 mm,
predicted PAW = 0.22 m® m~3), even though there was a remarkable difference in soil water status
throughout the growing season between the two soil moisture probes (Figure 7). On the other hand,
in 2014, the yield difference between the exact same spots with a similar relative difference in IW
increased by 44%. We attribute this to the wet season and delayed planting in 2013, which significantly
affected the cotton response to irrigation. Delayed planting influences heat unit accumulation and
distribution, which was underscored as an important factor for the short season cotton response to
supplemental irrigation by [13]. Moreover, irrigation is expected to increase the number of bolls, but
delays cutout (i.e., cessation of flowering) since irrigation continues the vegetative growth for a longer
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period. We believe that rapid canopy expansion occurred on soil with a higher PAW in 2013 due to
excessive water within the crop effective root zone.
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Figure 8. The change in soil moisture capacitance, measured as scale frequency (SF, Equation (4)),
from 53 days after planting throughout the 2014 growing season in a 73-ha two-pivot supplemental
irrigation field in west Tennessee. Light and dark blue bars show irrigation and rainfall, respectively.
SF was measured using Agspy soil sensor probes at different locations and 10 depths from 0-1 m.
In 2014, soil moisture probes 4, b, and ¢ were mainly located underneath the west pivot, representing
the central area irrigated by both pivots, pie shape zone with lower irrigation, and farmer’s irrigation
application, respectively.

Both 2013 and 2014 were relatively wet years. In fact, the rainfall was always above the long term
average, except for July 2014. There were some heavy rainfall events during the growing seasons, which
caused a significant increase in the soil water content. This is a typical situation in west Tennessee, with
unexpected rainfall events, where temporal changes in rainfall patterns significantly affect the yield
response to supplemental irrigation across years. Bajwa and Vories [11] reported the same complexity
on cotton irrigation scheduling in a moderately humid area in Arkansas when rainfall was plentiful
and caused a yield reduction for high irrigated crops. Monitoring the soil water status revealed that
rainfall events refilled the top soil and penetrated into deeper layers, while supplemental irrigation
mostly influenced the shallow layer up to 20 cm. Therefore, any sustainable irrigation management in
this region should take effective rainfall into account for site-specific irrigation scheduling. Sensors
indicated fast depletion for soils with lower PAWSs. This caused the crop to start using water from
deeper layers as the cropping season advanced and ET demand increased. The sensor located on the
overlap region of the two pivots showed that more frequent irrigation could prevent the shallow soil
layer from substantial depletion and possible yield reduction due to water stress and thus should
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be considered as a potential irrigation strategy for coarse-textured soils with low PAWSs throughout
the study site. On the other hand, days with no rainfall and irrigation could be beneficial for soils
with high PAWs since cotton usually responds favorably to periods of water stress adequate to reduce
vegetation expansion. The farmer’s goal was to tailor irrigation decisions to dominant soil areas, while
avoiding over and under irrigation as much as possible. The results, however, show that uniform
irrigation management can be detrimental to the field’s overall production and water use efficiency.
Consequently, variable rate irrigation strategies were predicted to enhance cotton production compared
to current uniform irrigation management practiced by the grower [35]. There may be a requirement
to practice a dynamic zoning strategy considering available water for the crop within its effective
root zone during growing seasons [36]. Soil moisture data will be instrumental to making the most
informed decisions for each soil and to determining how much different soils of a variable texture
need to be irrigated to maximize production.

3.3. Multiyear Yield Analysis

Figure 9 illustrates the cotton yield maps for 2012, 2013, and 2014; mean yield map (from Equation (5));
and standard deviation yield map (from Equation (6)). We included the 2012 yield map, a year before this
experiment when uniform irrigation had been applied by the farmer, to better represent the effect of soil
spatial variation on the cotton yield. Thematic cotton yield maps for 2012 and 2014 cropping seasons
followed the same spatial distribution as soil texture and water content maps, but the 2013 yield map
showed a different pattern. This finding agrees with the low correlation observed between cotton
yield data in 2013 and soil properties (Table 7). The spatial analysis of the multiyear mean yield map
(ranged from —79 to 98) showed substantial similarity to the PAW map developed for the field of study
by [18]. There were three regions with a lower yield and all on coarse-textured soils with lower PAW.
The highest yield temporal stability also belonged to the regions with low PAW, (i) in the southern
part of the field outside pivots coverage and (ii) in an area surrounding the east pivot point. The yield
temporal stability was lower for other parts of the field, but it was hard to identify any cluster of cells
with a similar temporal variance. We mainly attribute this to different rainfall patterns and irrigation
regimes across years, and their effects on the yield across soil types, which caused substantial mean
yield variability across years (Table 3). For instance, for cotton and corn, there was as much as 43%
and 110% temporal differences between mean yields across years, respectively. However, it is known
that other attributes related to management, water, crop, and climate affect the crop yield in a complex
manner and the crop yield maps per se only provide limited information about the influence of each
attribute [31]. In 2012 and 2014, the mean yield and standard deviation were higher than those for 2013,
indicating a decline in yield on soils with higher available water in 2013 due to the delayed planting
and excessive rainfall throughout the growing season.
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Figure 9. The cotton lint yield map (Mg ha~1) time series from 2012 to 2014 (a—c), plus mean ((d), using
Equation (5)) and standard deviation cotton yield maps ((e), using Equation (6)) that were derived
from the producer’s harvester data (Table 3, seven years of data for cotton, corn and soybean) for a
73-ha field in west Tennessee. The map of plant available water content (f) within the crop effective
root zone (i.e., 100 cm) is adapted from the study by [18].

4. Conclusions

Irrigation investment has been expanding across the humid areas of the US Cotton Belt for the
last 20 years because of the stabilization of yields and high commodity prices. Recent advances in
modern instrumentation and measurement techniques, such as on-the-go sensing, remote sensing, and
wireless networks of sensors, make site-specific on-farm experimentation possible for farmers. This is
essential for field-level cotton irrigation management in humid areas as a complex problem due to
substantial spatiotemporal heterogeneity in soil and weather-related parameters. In this study, we
used a variety of information that is relatively easily collected by farmers, to investigate the impact of
the spatial and temporal heterogeneity of soil attributes, including field-collected soil texture, moisture,
ECa, and bulk density, on the cotton response to supplemental irrigation. We found that ECa was a
useful proximal attribute to understand field-level spatial variability of alluvial soils in the region.
Analyzing crop yield against maps of soil characteristics revealed that soil texture and soil water
content remarkably influenced yield patterns, suggesting that variable rate irrigation is the appropriate
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irrigation scenario for this mixture of soils. We also found that other factors, including cropping season
length and in-season rainfall pattern, may change or even reverse the expected lint yield from an
irrigation treatment for a specific soil type. While soil variation is inherent and not controlled by
farmers, irrigation, if well-scheduled, could be the key factor to optimizing the crop production and
water use efficiency. The use of soil moisture sensors can help monitor soil water status and adjust
irrigation application based on in-season rainfall patterns and within-field soil variability.
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