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ABSTRACT

REMOTE SENSING AND APPARENT ELECTRICAL CONDUCTIVITY TO

CHARACTERIZE SOIL WATER CONTENT

Improvement in water use efficiency of crops is a key component in addressing the
increasing global water demand. The time and depth of the soil water monitoring are essential
when defining the amount of water to be applied to irrigated crops. Precision irrigation (P1) is a
relatively new concept in agriculture, and it provides a vast potential for enhancing water use
efficiency while maintaining or increasing grain yield. As part of site-specific farming, Pl needs
to be explored, tested, and evaluated which continues to be a research issue. Neutron probes (NPs)
have consistently been used for studies as a robust and accurate method to estimate soil water
content (SWC). Remote sensing derived vegetation indices have been successfully used to estimate
variability of Leaf Area Index and biomass, which are related with root water uptake. Crop yield
has not been evaluated on a basis of SWC as explained by NPs in time and at different depths. One
among many challenges in implementing Pl is the reliable characterization of the soil water content
(SWC) across spatially variable fields. For this purpose, commercial retailers are employing
apparent soil electrical conductivity (Go create irrigation prescription maps. However, the
accuracy of this method has not been properly studied at the field scale. The objectives of this
study were (1) to determine the optimal time and depth of SWC and its relationship to maize grain
yield (2) to determine if satellite-derived vegetation indices coupled with SWC could further

improve the relationship between maize grain yield and SWC (3) to assess the potential of EC



measurement to characterize spatial distribution of SWC at field scale, and (4) to determine
whether soil properties coupled with E€buld further improve the characterization of the SWC.

For objectives 1 and 2, the study was conducted on mizeaéMays L.) irrigated in two fields in
northern Colorado. Soil water data was collected at five soil depths (30, 60, 90, 120 and 150 cm),
21 and 12 times at Site | and Il, respectively. Three vegetation indices were calculateenon se
dates (Emergence to R3). Maize grain yield was harvested at the physiological maturity at each
NPs location. Automated model selection of SWC readings to assess maize yield consistently
selected three dates spread around reproductive growth stages for mostlealins € 0.05).

For objectives 3 and 4, the study was conducted on two fields located in northeastern Colorado.
In-field SWC was measured using neutron probes at 41 and 31 locations for Site | and Il
respectively. Soil EEmeasurements were acquired using Geonics EM38-MK2 unit. In addition,
cation exchange capacity, clay, organic matter and salt content were coupled with soil EC
estimate SWC. Data analysis was performed using the statistical software R. Statistical
correlations and multiple linear regressions were obtained from the properties that were
statistically significantf value < 0.05). Results of the study showed that the SWC readings at the
90 cm depth had the highest correlations with maize yield, followed closely by the 120 cm. When
coupled with remote sensing data, models improved by adding vegetation indices representing the
crop health status right before the reproductive growth stage (V9). Thus, SWC monitoring at
reproductive stages combined with vegetation indices could be a tool for improving maize
irrigation management. Likewise, the SWC was found to be statistically different acrgss EC
derived zones, indicating that E®as able to accurately characterize average differences in SWC

across management zones. Organic matter and salt content significantly improved the SWC



assessment when combined with the.BH®e development of prescription maps for variable rate

irrigation should be tailor made depending on the specific field characteristics influencing SWC.
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CHAPTER 1

SOIL WATER CONTENTAND HIGH-RESOLUTION IMAGERY: MAIZE YIELD

INTRODUCTION

Since the beginning of human civilization, humans have realized the importance of water
in cultivating crops. A better understanding of this resource has led humankind to expand its range
by means of more productive and efficient crop water management (Tanner and Sinclair, 1983).
As the world’s population continues to grow, there is an increase in water scarcity which has
created an extra interest in evaluating the relationship between water use and crop yield. Given the
limited possibilities to expand land surface, it is necessary to intensify every viable aspeeof cere
production systems, especially the ones that are water sensitive. Interactions between crop,
climate, water and soil are not simple. Many processes are involved and continuous research has
been done to understand this complexity (Johl, 2013). Soil hydraulic properties vary within fields,
even on seemingly uniform land areas (Nielsen et al., 1973). The spatiotemporal variability of solil
water content is regulated by factors such as topographic features (Moore et al., 1988), soil
properties (Henninger et al., 1976), land use (Famiglietti et al., 1999), climatic variability (Hawley
et al., 1983), and vegetation distribution (Mohanty et al., 2000). An accurate comprehension of
soil water content behavior is important for soil hydrological research in areas such as irrigation
scheduling and site-specific agriculture (Hupet and Vanclooster, 2002).

More than half of the irrigation in the U.S. is used for growing cereals, and 29% is used
just for maize Zeamays L.) (Howell, 2001). Maize is one of the most important crops in terms of
worldwide grain production. The global dedicated area and yield have been increasing over time,

with a total production of 1016 million tonnes in 2013 (FAO., 2015). The largest producer is the



United States, with about 41 percent of the world’s total production (Steduto et al., 2012). Maize

seeds have several uses, from human and animal consumption to alcohol for biofuel and the
manufacturing of plastic, among others. Maize production requires large amounts of water,

therefore, it is important to better understand the relationship between its yield and soil water to
sustain high levels of productivity.

Water resources are pushed to the limits through increasing water demands. Part of the
solution for a sustainable productivity is the improvement of the water use efficiency. Water use
efficiency is a term that has multiple meanings in relation to crop production. One definition refers
to the amount of water that is utilized by the crop rather than lost as evaporation from the soll
surface or drained out of the root’s range (Condon et al., 2004). Plant water-use efficiency (WUE)
is defined as the amount of carbon gained per unit of land area per unit of water used (Steduto,
1996). Crops vary their response to water deficits in terms of WUE. For some crops, the WUE will
increase with the increase in water deficit (Johl, 2013). In case of maize, the WUE reiissec
if a water shortage is equally spread over the total growth period. The impact of a water deficit
also varies throughout the growing season depending on how sensitive the crop is at that specific
growth stage. Broadly speaking, for maize, the critical periods are emergence, and reproductive
growth stages (Johl, 2013). This suggests that not only the amount of water availability is crucial
but the timing of water availability is important as well. Therefore, it is important to irrigate when
the yield response is maximum. However, the effect of water supply on yield is site specific and
not so clear, due to the complex interactions between solil, climate, and the crop (Hanks, 1983).

Maintaining soil water levels within a certain range prevents hydric stress and leaching of
agrochemicals. Field capacity (FC) is the maximum amount of water that remains after drainage

due to gravity and Wilting point (WP) is the minimum amount of water at which plants can no



longer extract water from the soil. Available water-holding capacity (AWC) is the difference
between these two points, which is the maximum water that the soil can retain for plant uptake.
The quantity of water accessible to the plants is the available soil water, and it could be anywhere
from zero at WP, to the maximum at FC (Martin et al., 2014). Measuring and monitoring soil water
conditions provides valuable information to determine the amount of water to be applied to crops
under irrigation systems (Mufioz-Carpena et al., 2004). Neutron moisture meters, also known as
neutron probes (NP), have been used for studies of soil water content for a long time (Evett et al.,
2009). The volume sensed with a single access tube is generally enough to provide precision and
statistical power. Neutron probe reading has shown to be a robust and accurate (200505 m
method to estimate soil water content (Mufioz-Carpena et al., 2004). Other advantages are that
different soil depths can be measubgth single probe, it measures a large volume of soil (sphere

of influence with 10-40 cm radius depending on water content, compared to about 3 cm radius of
the Time Domain Reflectometry method), NP readings are not affected by soil salinity and has a
stable soil-specific calibration (Mufioz-Carpena et al., 2004). Nonetheless, since it is a volumetric
method, it does not indicate how strongly the soil retains water. Thus, the same total volumetric
water content might be more or less available to plants depending on soil characteristics such as
texture, organic matter, and the presence of salts (Martin et al., 2014).

Even though the vegetation growth shows to be heterogeneous across field, most soil water
studies for the purpose of water application consider it as being uniform. Farmers often notice
spatial variability of crop within fields. Thus, it is logical that the water extraction is not uniform,
leading to the need for an investigation on the effect of spatial distribution of vegetation and its
influence on the spatial pattern of soil water content. In early studies, Lull and Reinhart (1955)

found that vegetation is one of the primary factors affecting soil moisture changes. Hupet and



Vanclooster (2002) discussed a non-negligible role of the evapotranspiration of plants in the soil
moisture patterns for the shallow layers. There were significant correlations between the vegetation
growth and root water uptake, and they concluded that for fields without significant slope,
vegetation would act as the main controlling factor of the soil water spatial structure. Likewise,
Teuling and Troch (2005) found that vegetation can either create or destroy spatial variability on
the superficial soil layers (20 to 30 centimeters), depending on soil texture and on the precipitation
deficit. Similarly, Gao et al. (2014) explained that vegetation could affect water levels by altering
the soil properties, particularly near the soil surface. Altering runoff, shading the land surface, non-
uniform rates of soil evaporation, and changing soil hydraulic conductivity by way of rootyactivit

are examples of how plants can shape soil water variability (Pan and Wang, 2009). However, the
conclusions were different in experiments that studied deeper soil water readings. Vachaud et al.
(1985) described a strong temporal stability on grass, olive, and wheat fields, with no effects on
soil water variability by root extraction nor by irrigation.

Little research has focused on the importance or explanatory significance of soil water
content readings at different depths. Longchamps et al. (2015) suggested that to develop stable
irrigation management zones, the spatial pattern of soil water content measured at 45 cm deep was
more stable than at 15 cm deep, where readings were more erratic. This may be dueherthe hig
root water consumption and other meteorological conditions closer to the surface (Biswas and Si,
2011). Further, Longchamps et al. (2015) proposed the use of variable rate irrigation only when
the roots are deep enough and soil water content shows more stable spatial patterns, and not at the
beginning of the season when more randomness in soil water content occurs. With a stronger
spatial dependency of the soil water content (SWC) at greater depth, fewer sensor locations would

be necessary to measure soil moisture and characterize the soil water content profile.



Hupet and Vanclooster (2002) found a positive relation between root water uptake (0-75
cm depth) and leaf area index (LA, the ratio of one-sided green leaf area to groundrasezg,in
supporting the idea of spatially variable water consumption due to spatially variable crop growth.
Given these conditions, it may be necessary to add a crop attribute to account for spatial variability
in water consumption. Remote sensing has been used to characterize crop effect on SWC in severa
studies (Holzman et al., 2014; Wang and Qu, 2009). Vegetation indices derived from remote
sensing have been successfully used to estimate spatial variability of crop LAl and biomass
(Wiegand et al., 1991) and yield (Ashcroft et al., 1990). Remote estimation of LAl at different
scales can be achieved by measuring spectral reflectance (Rouse et al., 1974). The development of
these vegetation indices are based on the sensitivity of chlorophyll content in leaves to reflect red
and near infrared radiation, showing a negative and positive correlation, respectively (Knipling,
1970). Making use of this relationship, vegetation indices capture the variability by combining
them in the form of different ratios (Myneni and Hall, 1995). One of the oldest and most popular
indices is the Normalized Difference Vegetation Index (NDVI), which has been widely used to
measure the abundance and chlorophyll activity in the leaves (Rouse et al., 1974). The extent of
NDVI use varies from small research plots to global investigations, and its popularity is due to the
ease of collecting data on generic spectral bands required for its calculation ((Nead Infrare
Red)/(Near Infrared + Red)), and availability in most remote sensing systems (Wadltall e
2004).

The NDVI has potential to be used as a variable to characterize spatial variability of crop
water consumption, showing a nonlinear relationship with LAI. However, NDVI is crop specific,
thus the need for re-parameterization for different cover types (Vifia et al., 2011). In addition, when

LAl in maize canopies is higher than 2.0, NDVI is normally insensitive to changes (Gitelson et al.,



2003). Saturation of NDVI happens because the red spectral range used for its calculation is highl
absorbed by chlorophyll (Lichtenthaler, 1987), and the depth of light penetration into the leaf is
low (Kumar and Silva, 1973). Researchers have studied other spectral regions to overcome this
issue. For example, radiation in the red-edge region penetrates deeper into the leaves becaus
chlorophyll has a lower absorption coefficient, and does not saturate at moderate to high
chlorophyll contents (Gitelson et al., 1996; Gitelson et al., 2002) . Viia et al. (2011) found that
among various vegetation indices evaluated, the Red-edge Chlorophyll Index (RECI) was the only
one that did not require different model coefficients for the remote estimation of green LAl in
different crop types (re-parameterization). It could also be used for an accurate estimation of LA
for crop canopies ranging from 0 to more than Bofmvegetation per mof soil. The RECI
calculation is simply the ratio of near-infrared to the red-edge band minus one. Delegido et al.
(2013) found that the Red-edge Normalized Difference Vegetation Index (RENDVI), which uses
the red-edge band rather than the red band, does not saturate at high LAl values and is strongly
related to the physiological status of the plant for a wide range of crops and conditions. This
represents an advantage for precision farming purposes. The calculation of this index is similar to
NDVI, but the red band is replaced by one located in the red-edge region (Gitelson and Merzlyak,
1994). More recently, Nguy-Robertson et al. (2012) proposed the use of a combination of indices
on maize and soybean (which have contrasting canopy architectures and leaf structures), arguing
that the RENDVI works best for low to moderate LAI values, and R&€ks best for moderate
to high LAl values.

Since biomass is related to water uptake (Hupet and Vanclooster, 2002), accounting for the
seasonal biomass variability can provide useful information on the characterization of the soil

water content and yield relationship. In this manner, remote sensing combined with soil water



sensors can perhaps be used to depict the in-season soil moisture profiles for the major land cover
types (Huete et al., 1999). Studies on temporal vegetation variability over numerous biome types
in North and South America were well represented by the Moderate Resolution Imaging
Spectroradiometer (MODIS) sensor (Huete et al., 2002). Particularly, MODIS NDVI and
Enhanced Vegetation Index (EVI), were found to accurately assess the temporal vegetation cover
changes. Compared to NDVI, EVI is more sensitive to canopy structural variations, such as LAl,
canopy type, plant physiognomy and canopy structure (Gao et al., 2000). The EVI was designed
to perform better under high biomass conditions where NDVI would saturate, minimize canopy
background signal variations, and also to make use of the blue band’s sensitivity to the atmosphere

to correct for aerosol influences (Pinty et al., 1993)

Review of current literature indicates that the relationship between soil water content and
crop yield is not so clear. Moreover, neutron probes and grain yield relationship has not been
thoroughly studied from a time and depth perspective. The hypothesis of this study is that soll
water content measured at different times and depths is spatially related to grain yield. This could
provide useful information for developing and installing soil water sensors at the field scale. In
addition, a better interpretation of the data provided by sensor measurements could optimize
irrigation water management.

The objectives of this study were (1) to determine the optimal time and depth of soil water
measurements and its relationship to maize grain yield, and (2) to determine if satellite-derived
vegetation indices coupled with soil water measurements could further improve the relationship

between maize grain yield and soil water measurements.



MATERIALSAND METHODS
Study sites

This study was conducted in 2015 at twesiBoth sites were located at Colorado State
University’s Agricultural Research Development & Education Center (ARDEC), in Larimer
County, Colorado. Site | was field number 3130°39'57.4"N, 104°59'53.1"W), and Site Il was
named Kerbel (40°40'39.8"N, 104°59'50.8"W), which was located straight north of Sitell.
wasunder a continuous maize cropping system and irrigated by a center-pivot irrigation system
with variable rate prescription capability. Site Il was under a maize cropping system with uniform
furrow irrigation extending from north to south.

Site | was located on a field mapped as having Kim loam (Fine-loamy, mixed, active,
calcareous, mesic Ustic Torriorthents) and Nunn clay loam (Fine, smectitic, mesic Aridic
Argiustolls). These soils are characterized as being very deep, well drained, with 1 ter® perc
slopes (Soil Survey Staff, 2000). The Kim series has negligible to very high runoff depending on
the slope and moderately slow to slow permeability. Available water storage in profile is very high
(about 67.3 cm), and the soil is nonsaline to slightly saline (0.0 to 4.0 mont)sThe Nunn
series has low to high runoff and moderate permeability. Available water storage in profile is high
(about 23.1 cm), and the soil is nonsaline (0.1 to 1 mroid3. Site Il was on a field mapped as
having Garret loam (Fine-loamy, mixed, superactive, mesic Pachic Argiustolls). This solil is
characterized as well to somewhat excessively drained, slow runoff and rapid permeability, with
0 to 1 percent slopes (Soil Survey Staff, 2003). Available water storage in profile is very high
(about 32.8 cm), and the soil is nonsaline to slightly saline (0.0 to 2.0 numitds

Temperatures for the 2015 study year followed the historic average. The 1995-2015

average annual precipitation at ARDEC was 272.9 mm. During the year 2015, both sites had high
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Figure 1.1. Monthly precipitation (mm) registered at ARDEC location for the 2015 (bar plots) and
historic monthly average precipitation recorded from 1995 to 2015 (line).
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Figure 1.2. Monthly average temperatui€)(registered at ARDEC location for 2015 (line) and
monthly average of minimum and maximum temperature for 1995 to 2015 (gray area).
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rainfall. During the early season, April and May, the monthly precipitation average w
particularly high, 20 and 90 mm above the series average, respectively. Historic precipitation and
temperatures for the last two decades and for year 2015 at ARDEC site can be seen in Figures 1.1
and 1.2, respectively. In summary, weather conditions were wetter than average but temperatures

were normal (Colorado Agricultural Meteorological Network, 2015).

Experimental procedure
Cultivation practices

Due to the above average amounts of precipitation at the beginning of the crop growing
season, fields were wet and working conditions were poor at average planting date.Zeaize (
mays L.) variety Dekalb DKC46-20VT3 was planted on May"28 Site I. The planter used was
aMonosem (NG+3 Series) with a six-row precision vacuum system and inter-row width of 76.2
cm. Plant population rate was 94,000 seeds per hectare. For Site Il, maize hybrid Mycogen 2V357
was planted on April 30 prior to the rainstorm events. The planter used was a six-row John Deere
Maxemerge 7300 with an inter-row width of 76.2 cm. Plant population was 83,000 seeds per

hectare.

Soil water data collection

This study was part of a large on-going multi-disciplinary project. For the purpose of this
study, soil water data was collected at five soil depths (30, 60, 90, 120 and 150 cm) utilizing a
neutron probe (Model 503 DR Hydroprobe, CPN International, Martinez, CA). In addition to the
original NP readings, average SWC for depths up to 60, 90 and 150 cm were computed, assuming

constant bulk density of soil for those depths. Ftg Sreadings were taken 21 times during the
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crop growing season, on a biweekly basis from Juied 8wugust 28. For Site II, readings were
taken 12 times during the growing seasonditime intervals of one to two weeks, from Juffe 8

to September 29 A total of 18 access tubes were installed on each site (Figure 1.3 and Figure
1.4), and their geo-positions were all logged using a differential-corrected Tihide114

global position system (DGPS) unit. The arrangement of the NP access tubes was in an aligned

. ARDEC (Site|)

# # # # # #
#
# # # # #
# # # # # #

# Neutron probe access tube location

[ centre-pivot irrigator boundary 037575 15 225 30
Variable Rate Irrigation Plots H I B Meters

Figure 1.3. Map of Site | showing neutron probe access tubes locations.

samplig desigmatboth experimental locations. Access tubes were positioned within crop rows. For
Site I, 12 of the 18 access tubes were located under a variable rate irrigation (VRI) area that was

part of another study, and the remainder 6 access tubes were located in a uniform rate irrigation
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KERBEL (Site II)
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# Neutron probe access tube location
] Treatments: Conventional (CT), Minimal (M) and Strip (S)

Figure 1.4. Map of Site Il showing neutron probe access tubes locations.

area. A Valley variable rate irrigation pivot (Valmont Industries, Valley, NE) was used to provide
variable rates of irrigation. The reason for the access tubes distribution was to create variability in

water availability with irrigation applications of 40%, 60%, 80%, 100%, 120% and 140% of the
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crop evapotranspiration (ET), while the uniform rate was always 100% of the ET. The Site | was
irrigated from July 29 to September 24 For Site II, three different tillage systems were present

as part of another study. Access tubes were evenly distributed on the three tillage systems
(conventional, minimal and strip) with two replications. The Site Il was irrigated from Yuty 7
September™.

Neutron probe based soil moisture measurement technique is widely documented in
literature (Evett et al., 2009; Hanson and Kaita, 1997; Longchamps et al., 2015; Mufioz-Carpena
et al., 2004; Sheets and Hendrickx, 1995; Stone et al., 1955; Vachaud et al., 1985). The NP emits
fast neutrons and part of them are slowed down by the hydrogen atoms present in the soil water.
Therefore, the number of slow neutrons is a direct estimate of soil moisture (Stone et al., 1955)
Every time the NP is used, a standard measurement was acquired with the sensor located in the
probe enclosure to obtain a “count ratio” which consists of the division of the actual field readings

by the standard.

Remote sensing data

Satellite images at both sites were obtained by the RapidEye system (BlackBridge, Berlin,
Germany), which consist of five identical satellites equipped with a Jena Spaceborne Scanner JSS
56 sensor with a ground sampling distance (nadir) of 6.5 m and a pixel size (orthorectified) of 5
m. Each sensor is able to collect image data in five distinct bands of the electromagnetic spectrum:
blue (440-510 nm), green (520-590 nm), red (630-730 nm), red-edge (690-730 nm) and near-
infrared (NIR) (760-850 nm). Remotely sensed data was acquired for a total of seven dates
distributed across the crop growing season (on Jiinduhie 18, June 2%, July 11", July 23",

August 9" and August 36). Image data was provided and processed by FarmLogs (Ann Arbor,
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MI, USA). Three different vegetation indices (NDVI, RE@hd RENDVI) were calculated from
combinations of data collected over seven dates (TabjeHehce, a total of 21 (7 dates x 3
vegetation indices) high-resolution maps (at 5 m spatial resolution) were obtained.

Ancillary vegetation indices from the Moderate Resolution Imaging Spectroradiometer
(MODIS) sensors were provided by The Oak Ridge National Laboratory Distributed Active
Archive Center (ORNL DAAC). Onboard of two satellites (Aqua and Terra) with a revisit period
of one to two days, these Hyper-Spectral sensors collect data in 36 different bands. Part of the
MODIS Land Products, MOD13Q1 consists on the EVI index (ORNL DAAC, 2008). Data is
released every 16-day composite periods at 250-meter spatial resolution. The MOD13Q1 image
extent covered both sites for the same mosaic. The EVI was utilized given its high sensitivity over
dense maize vegetation conditions and less interference of the soil background (Table 1.1).

Imagery were obtained every 16 days for the 2015, resulting in a total of 21 images.

Table 1.1 Vegetation Indices evaluated in the study.

Indexf Formulation Source Resolution Reference
NDVI NIR — Red RapidEye 5m (Rouse et al., 1974)
NIR + Red

RECI NIR 1 RapidEye 5m (Gitelson and Merzlyak

Red_edge 1994; Gitelson and
Merzlyak, 1997)
RENDVI NIR — Red_edge RapidEye 5m (Delegido et al., 2013)
NIR + Red_edge
EVI 25 * NIR—Red MODIS 250 m (Huete et al., 1999)

1+NIR+6*Red—7.5%Blue

¥ NDVI, Normalized Difference Vegetation Index; RECIL, Red Edge Chlorophyll Index; RENDVI,
Red Edge Normalized Difference Vegetation Index; EVI, Enhanced Vegetation Index

1 The NDVI, RECI and RENDVI formulation names NIR, Red, Red edge refers to RapidEye’s
band 5 (766- 850 nm), band 3 (630685 nm) and band 4 (690730 nm), respectively. The EVI
formulation names NIRRed, Blue refers to MODIS’s band 2 (841— 876 nm), band 1 (620670
nm) and band 3 (459-479 nm), respectively.
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Crop yield data

Both sites were harvested at maize physiological maturity. At Site |, aboveground maize
biomass was harvested by hand around the neutron probe locations. At Site I, maize was harvested
with a six-row CASE 1660 Combine, which was equipped with a yield sensor and GPS to measure
spatial distribution of grain yield at Site 1. The GPS unit used was Real Time Kinematic (RTK)
technology enabled, with a high precision (maximum error of 2.54 cm). Yield map data was
cleaned and processed by Connected Farm (a division of Trimble Navigation Limited). Additional
processing to obtain yield values for the specific NP locations was also performed. All Geographic
Information System analysis and data processing were performed using ArcMap 10.2.2 and

Maplinfo 7.0 with the FarmGPS 1.56 toolbox.

Statistical analysis

Data analysis was performed using the R statistical software (R Core Team, 2016). Tillage
treatments at Site II were tested for possible effects on maize yield using the “ANOVA” function
(analysis of variance) of the R package “car” (John Fox and Sanford Weisberg, 2011). Correlation
analysis (Pearson’s Correlation with p value = 0.05) was performed to study the relationship
between SWC, remote sensing data, and yield values. Further, polynomial models were tested
given the quadratic relationship between SWC and yield shown in the literature (Andrade and
Sadras, 2000). Coefficient of determination of the quadratic relationship between SWC and maize
yield was obtained by fitting polynomial models to the SWC values stgaéhd using the “poly”
function, R package “stats” (R Core Team, 2016). Regression, analysis of variance, and analysis
of covariance were also performed by fitting linear models to assess maize yield using SWC, and

SWC coupled with remote sensing data. Automated model selection was performed with the
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“dredge” function, R package “MuMIn” (Kamil Barton, 2016), which generated a list of all
possible models sorted by explanatory power. Given the ratio of the sample size to the number of
predictors was less than 40, the corrected version of the Akaike Information Criteria (AlCc) guided
selection of the preferred model (Burnham and Anderson, 2003).Both methods measure how well
the models fithe same data, but the “corrected version” adjusts for finite sample sizes. In other

words, AlCc is essentially AIC with a greater penalty for extra parameters. Burnham and Anderson
(2003) gave a detailed description of AIC usage for comparison of multiple models. Comparison
of full and simpler models for significant differences wetecuted using the “ANOVA” function

from the base R package\(alue = 0.05).

Best dates model

Automated model selection computes every possible predictors combination (soil water
measurement for each date in this case) to estimate the response variable. Therefore, due to
restrictions in the number of degrees of freedom for modeling, filtering the available dates was
necessary. Most relevant dates from the single correlation output were used for further modeling.
Likewise, to decrease the number of predictors and increase the statistical power, only linear
regression models were included. Automated model selection was performed for each of the five

depths and the for the average of the entire soil profile, in search for the more frequents dates.

Best depth model
Knowing the depth that best explains maize yield would be of interest for situations where
additional depth monitored by soil water sensors to install translates into additional cost. It is

notably the case for measuring soil moisture using time-domain reflectometer probes or
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tensiometers. For that purpose, two different methods to test which depth better explained the
maize yield were implemented.

Best depth for each date model:

For each of the most relevant date, automated model selection was performed using the depths as
independent variable®lost important dates definition criterion was the same as in the “best dates

model”, filtering by significant correlation with yield.

Best depth including all dates model:

The ¢ values were calculated for each depth including only the most relevant dates. The purpose
was to compare full models for each depth. The full models consisted in obtaining the models
showing the total explanatory power reached by each depth including the same dates as predictors,

therefore, a fair method to make comparisons.

I magery model

Vegetation indices could be used to estimate spatial variability in biomass produced across
a field, hence could be hypothesized that vegetation indices have potential to differentiate plant’s
soil water uptake capability across a field. Automated model selection was used to test inclusion
of vegetation indices as explanatory variables to the previous SWC “best dates model”. Only
significant NP dates identified in “best dates model” analysis were used for further improvement
by inclusion of an “imagery modé], i.e., incorporating vegetation indices to the model. If no NP
dates werdound significant in “best dates model”, no further analysis were conducted for this site.
For the six imagery available dates, one index at a time was included with the averagéesoil wa

content for depths down to 150 cm (mean of the entire profile) to assess yield.
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RESULTSAND DISCUSSION

Optimal time and depth of soil water content to assess maize grain yield

Maize tasseling was observed around AugisttBOY 220) and July 28 (DOY 205) at
Site | and Il respectively. This difference (about 15 days) in tasseling time could be attributed to a
difference in planting date of May 28nd April 3¢" for Site | and Il, respectively. For Site |,
mean yield value was 14.5 Mghand ranged from 11.2 Mg #i#o 15.8 Mg h&. Neutron count
ratio (NCR) ranged from 1.10 to 1.97 across all dates and depths. The average yield at Site Il was
12.3 Mg ha and ranged from 11.5 Mg 4o 13.4 Mg ha. The NCR ranged from 0.20 to 2.10.
Results from AIOVA tests showed that tillage systems at Site Il did not have a significant effect
on the maize yieldp( value < 0.05). Therefore, tillage was not taken into account for further
analysis. Pearson’s Correlation was calculated between NCR and yield values (See Appendix A).
Polynomial transformation of the NCR values improved the explanation of the yield variance at
Site I, but not at Site Il. Multiple significant coefficients of determinatiénftom the quadratic
model between NCR readings and maize yield was observedtédr($able 1.2), but very few
for Site Il (Table 1.3). For Site I, only 7 out of 96 comparisons were significant (Table 1.3), among
which four were for the highest soil depth (150 cm).

Scatterplots of the average NCR for soil depths down to 150 cm (average of full profile)
against maize yield are shown for both, Sites | and Il in Figure 1.5 and Figure 1@&ive$pe
Site | showed an increase in yield with higher levels of water content, following a quadratic
negative relationship. This indicates that yield increased with increasing NCR until it reached a
yield plateau at intermediate NCR values and then, as more irrigation was applied, yield decreased.
Conversely, Site Il did not show a consistent trend. For the average NCR of depths down to 150

cm against yield, significant relationship between yield and NCR was only observed on DOY 169.
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Table 1.2 Coefficient of determinatior?)(ibetween neutron probe (NP) and vyield fite$ at
different depths and different days of the year (DOY). Fheas indicated when a significamt (
value < 0.05) correlation coefficients was observed, and non-significant relationship were
indicated by a hyphen)(-

Depth
NP 30 60 90 120 150 X30-60 X30-90 X30-150
DOYt cm cm cm cm cm cm cm cm
170 - - - - - - - -
175 - - - - - - - -
177 - - - - - - - -
181 - - - - - - - -
184 - - - - - - - -
188 - - - - - - - -
191 - - - - - - - -
195 - - - - - - - -
198 - - - - - - - -
202 - - - - - - - -
205 036 - - - - - - -
209 048 - - - - - - -
212 062 033 - - - - 0.38 -
216 066 037 - - - - 0.46 0.45
219 - 050 - 0.34 0.56 0.47 0.37 0.44
222 070 048 - - 0.50 0.70 0.57 0.58
226 036 048 062 066 - 0.43 0.54 0.58
230 071 054 - 0.64 0.41 0.74 0.60 0.64
233 070 059 044 061 0.60 0.76 0.72 0.74
237 065 059 046 057 0.74 0.74 0.72 0.75
240 072 058 057 0.76 0.70 0.77 0.75 0.76

T Neutron probe Day of year measurement

The figure 1.6 indicates that no robust relationships existed between NCR and yield. Such
an observation is quite different than that observed for Site I. It is interesting to note that the Site
Il of this study had an irrigation system that maintained uniform irrigation application rates for the
entire field to match crop’s ET and perhaps maintained a soil water content that was not limiting
tothe crop yield. In addition, the same soil water volumetric content under different tillage systems
may also mean a different water availability for plants. The large variance in NCR values attributed
to the tillage treatments at Site Il may have altered the relationship between the SWeéldand y

values as is reflected in poor correlations presented in Table 1.3.

19



Table 1.3 Coefficient of determinatiorf)(ibetween neutron probe (NP) and yield fire 3l at
different depths and different day of the year (DOY). Thwas indicated when a significamt (
value < 0.05) correlation coefficients was observed, and non-significant relationship were
indicated by a hyphen)(-

Depth
NP 30 60 90 120 150 X30-60 X30-90 X 30-150
DOYt cm cm cm cm cm cm cm cm
159 - - 0.38 - - - - -
169 - - 0.34 - - - - 0.34
175 - - - - - - - -
182 - - - - - - - -
191 - - - - - - - -
204 - - - - - - - -
211 - - - - - - - -
224 - - - - 0.43 - - -
232 - - - - 0.54 - - -
258 - - - - 0.64 - - -
265 - - - - - - - -
272 - - - - 0.59 - - -
T Neutron probe Day of year measurement
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Figure 1.5. Neutron probe count ratio average for soil depths from 30 to 150 cm against yield
scatterplots ati& | for the last nine dates. Regression lines represent the two-degree polynomial
model line fit for each neutron probe (NP) date indicated in day of the year above each plot.
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Figure 1.6. Neutron probe count ratio average for soil depths from 30 to 150 cm against yield
scatterplots at Site Il for the first nine dates. Regression lines represent the two-degree dolynomia
model line fit for each neutron probe (NP) date indicated in day of the year above each plot.

At Site I, SWC measurements acquired clogethe crop’s reproductive growth stages
showed a stronger correlation with yield. This seems to coincide with the critical period for
irrigation around flowering when plants are more susceptible to water stress. Stronger correlations
between SWC and yield validate that during this stage the impact of soil water levels on yield is
highest. Even though correlation between SWC and yield was only observed for Site |, here wa
a notable decrease in the neutron probe reading values for both sites. This occurred one week after
the start of tasseling, on DOY 226 fateS and DOY 211 for Site Il respectively, and is indicated
with bold arrows in Figures 1.7 and 1.8. This decrease in the SWC could be explained by the higher

water demand of crops occurring at early reproductive stages, increase in root depth from 45 cm

to more than 120 cm, crop reaches maximum biomass and leaf area index (Gwerfdmmaize),
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Figure 1.7. Neutron probe (NP) count ratio average for soil depths from 30 to 150 cm along the
crop growing season in Day of the year (DOY) fae$ General decrease in all NP readings after
tasseling is marked with a bold arrow that occurred at Augis(Q@Y 226).
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Figure 1.8. Neutron probe (NP) count ratio average for soil depth from 30 to 150 cm along the
crop growing season in Day of the year (DOY) for Site Il. General decrease in all NRyseadin
after tasseling is marked with a bold arrow that occurred at JifIyB0Y 211).
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and crop prepares for pollination (Kranz et al., 2008). This is especially true for maize, for which

this critical period is short and more acute than most other crops (Andrade and Sadras, 2000).

Best dates model

From the coefficients of determination (Table 1.2), only the neutron probe readings from
the 11 latest dates (i.e. from DOY 205 to DOY 240) were significant for Site |. Table 1.4 shows
the dates selected by the best models to explain maize yield at each measurement depth. The SWC
measurements from the DOY 222, 226 and 237 had the highest number of significant contribution
to the model across soil depths with 3 of 5 possible appearances each. The first variable (DOY
222) coincides with the beginning of tasseling, which was observatkdtf&r the first time at
DOY 220. The next variable (DOY 226) coincides with a noticeable decrease in soil water reading
values, when maize plant water uptake is expected to be at the maximum rate due to high demand
(Kranz et al., 2008). Finally, the last variable (DOY 237) provided important information about
the water status when tasseling ended. Soil moisture readings that are close in time are correlated,
and thereby present collinearity and redundancy. In other words, one reading could be predicted
from the previous or the following. However, DOY 222 and 226 are close in time of measurement
and are included in three of the five original depth models (on the 60, 90 and 120 cm depth models).
This could be explained by a marked decrease for all NP reading values on DOY 226 (Figure 1.7).
For this specific date SWC readings, there was no collinearity with previous and following SWC
readings and thus provided valuable information to assess yield. When calculating the best model
for the integrated SWC for soil depths from 30 to 150 cm (average of the entire soil profile),

automated model selection determined at DOY 219, 226 and?230.{#7) were the best predictor
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dates, including two of the three previously reported most relevant dates. No best date model was
significant for Site II.
Table 1.4 Dates selected by the best model for each depth for Site I. Total number of significant

contributions to the model across soil depths for each day of the year is indicated in the bottom
row of the table. Most selected dates by the model are highlighted in bold.

Depth NP DOYy r>  pvalue
205 209 212 216 219 222 226 230 233 237 240
30 cm - - X - X - - - - X - 0.83 <0.001
60cm - - - - - X X - - - X 0.72 <0.001
90 cm - - - - - X X - - X - 0.80 <0.001
120cm - X - - X X X X - - - 0.89 <0.001
150cm - X - - - - - - - X - 0.64 <0.001
Total 0 2 1 0 2 3 3 1 0 3 1 - -

T Neutron probe Day of year measurement

The Table 1.2 presents the R-squared coefficients for Site I. The majority of the NP
measurements and yield correlations were stronger fe.§.72 for the average for soil depths
from 30 to 150 cm) as the crop approached maturity. This may suggest that the later the SWC
readings are acquired, the better they would characterize the yield variability. Even though the
values on DOY 237 for the soil depths down to 150 cm were linearly correfated.&3) to yield,
including DOY 219 and 226 in the best date model was a signifigaatye < 0.05) improvement
(r?=0.77) over the simpler model (i.e. only DOY 237 values). Results indicate that when all SWC
measurement dates are available to aseege yield, the optimal dates would coincide with crop
reproductive stage such as tasseling. This was observed for correlations made with SWC measured

atindividual depths and also for the average SWC estimated for the entire soil profile readings.
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Best depth model
Best depth for each date model:

Based on the regression analysis performed for Site | (Table 1.5), the 30 cm soil depth
SWC reading appears to be the most explicative one, for 8 of 11 dates (73% of the time) when
NCR was a significant predictor of maize yield. Moreover, when the superficial reading (30 cm)
was selected as the only predictor of maize yield, NCR was observed to be significant for 7 of 11
reading dates (64% of the time). This follows previous observations on the coefficients of
determination between NCR readings and yield (Table 1.2) for which the first 30 cm had the most
frequent high values. Nevertheless, the explanatory power of the first 30 cm strongly depends on
the date of acquisition, wittf values ranging from 0.36 (DOY 205) to 0.72 (DOY 240). Results
from this study indicate that strength of the models increases as the measurements were closer to
the tasseling period (i.e. DOY 222). No best soil depth model was found to be significant for Site
.

Best depth for all dates model:

The ¥ values were calculated for SWC for each soil depth with all 11 dates included as
model predictors (Table 1.8). The SWC readings at 90 cm soil depth had the strongest relationship
(r?=0.93) with maize yield, followed closely by the SWC readings at the120 cm soil depth (r
0.92). The SWC readings at soil depths of 60 cm and 150 cm failed to describe maize yield when
all available dates were added. Still, the SWC readings at 30 cm soil depth reading model returned
a good fit (F= 0.85).

In the “best soil depth for each date” approach, models were computed for each SWC
reading date independently (Table 1.5), and the SWC measured at 30 cm soil-depth was found to

be the best explanatory soil depth for most of the dates for which SWC was acquired. However,
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when all dates are contained in the model (“best depth for all dates™), the 90 and 120 cm soil depths
yielded the highest(Table 1.6). From the “best dates model” approach (Table 1.4), the most

frequently chosen dates (DOY 222, DOY 226 and DOY 237) were identical to the ones selected

Table 1.5 Neutron probe readings (NP) acquired on various days of the year (DOY) at specific soil
depths and corresponding coefficients of determination for the best model to assess maize yield
for each date at Site I. The most often selected soil depth is highlighted in bold.

NP Soil depth r  pvalue
30cm 60 cm 90 cm 120 cm 150 cm

205 X - - - - 0.30 0.02
209 X - - - - 0.41 0.00
212 X - X - - 0.60 0.00
216 X - - - - 0.59 0.00
219 - - - X - 0.34 0.01
222 X - - - - 0.63 0.00
226 - - - X - 0.59 0.00
230 - - X X - 0.67 0.00
233 X - - - - 0.59 0.00
237 X - - - - 0.65 0.00
240 X - - - - 0.71 0.00
Total 8 0 2 3 0

T Neutron probe Day of year measurement

Table 1.6. Soil depths and corresponding coefficients of determination for the model that included
all dates on which soil water content was acquired to assess maize yield at Site?lwake r
indicated when a significanp (value < 0.05) correlation coefficients was observed, and non-
significant relationship were indicated by a hyphén (-

Soil depth r?
30 cm 0.85
60 cm -
90 cm 0.93
120 cm 0.92
150 cm -

in the “best soil depth for each date” approach, models were computed for each SWC reading date
independently (Table 1.5), and the SWC measured at 30 cm soil-depth was found to be the best

explanatory soil depth for most of the dates for which SWC was acquired. However, when all dates
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are contained in the model (“best depth for all dates™), the 90 and 120 cm soil depths yielded the

highest # (Table 1.6). From the “best dates model” approach (Table 1.4), the most frequently

chosen dates (DOY 222, DOY 226 and DOY 237) were identical to the ones selected by 90 cm
soil depth model. Such a finding suggests that under our study conditions at Site |, the 90 cm soil
depth reading had the largest potential to assess maize yield, specifically during the tasseling
period. It is worth pointing out that maize root depth and water requirements reach their maximums
during the early reproductive stage (Kranz et al., 2008). Nevertheless, when single date models
were analyzed, the 30 cm soil depth reading clearly showed to be the most important to explain
maize yield for the rest of the times when SWC reading were acquired. Even thougrathesr
associated with each date varied considerably, every model showed to be statistically significant
(p value < 0.05).

Significant positive correlations between SWC and maize yield were found at Site I, but
not at Site Il. The deeper SWC readings showed significant relationships with maize yield later
during the growing season as compared to readings acquired at shallow soil depths. Similar trend
was detected by Hupet and Vanclooster (2008)laéning that plant’s water uptake first affects
the surface soil layers. Common wisdom among farmers in Colorado (personal communication) is
that ample irrigation at the beginning of the crop season builds a storage of water in the soil to be
used later in the season when water requirements are highest. Our results seemed to provide
scientific basis to support farmer’s technique, known as soil water “banking” (Fipps, 1995). We
found that generally in the crop growing season, shallow SWC was the most important parameter
for the purpose of yield determination. However, at early to mid-reproductive crop growth stages
when crop water demand is the highest, deeper SWC was crucial and played the largesierole in

grain yield formation. Furthermore, a significant decrease in SWC of the entire profile was
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observed for both sites one week after the beginning of tasseling. At Site I, this observation was
part of the “best dates model”. Findings from this study suggest that at the tasseling growth stage

(VT) there is narrow window of perhaps five days, when the SWC of the entire profile is critical.
During this period, root water uptake rate might be remarkably high and the irrigation may not
able to physically keep up with the crop water consumption (Fipps, 1995). Similarly, Calvifio et
al. (2003) found a strong association between the water availability during the period bracketing
flowering and maize yield over two rainfed fields. Therefore, deeper soil water availability might
be the largest yield limiting factor at this stage, and accumulating water in the soil profile (e.g.
water “banking”) could be a feasible solution.

The positive correlations observed in this study between SWC and grain yield indicated
that higher values of SWC resulted in higher yields, which logically agrees with previous studies
that showed a strong relationship between SWC, yield amd’pteanspiration (Calvifio et al.,

2003; Hanks, 1983). However, this was not the case for Site Il. The absence of correlations
between SWC and yield may be attributed to the different tillage treatments presentefietah the
which could potentially shift soil water storage patterns (da Silva et al., 2001). Even though the
SWC can be explained in large extent by the soil texture (Vachaud et al., 1985), the soil structure
is also an important component of the water availability to plants, and could be affected by
different tillage treatments (Pagliai et al., 2004). At Site |, spatial variability of the SWC dtarted
explain maize yield from the initiation of irrigation (i.e. DOY 203) to the last NP reading. Prior to
the initiation of irrigation, no significant coefficient of determination was observed (Table 1.2).
These results suggest that the spatial variability in soil moisture induced by the VRI treatments
was the main factor explaining the grain yield, and its impact on yield varied throughout the season.

Similarly, Hanks (1983) reported variable returns on maize yield with comparable applied water,
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but with different irrigation timing. Both studies indicated the strong dependency of the irrigation
water efficiency, relative to the crop’s growth stage.

Hupet and Vanclooster (2002) suggested an important role of maize vegetation in
explaining soil water variability. Through root water uptake, plants partially controlled the
temporal dynamics of the spatial SWC variability. In other words, vegetation affected the SW
patterns. However, in this study, differences in biomass vyield is attributed to the soil water
variability. Since all of the crop inputs (i.e. seed genetic information, fertilization dose), but
irrigation, were uniform, one would logically deduce that vegetation biomass differences were
spatially variable due to soil water availability across the study site. Any differenceshedWC
and biomass development would be due to uncontrolled factors influencing the soil water
availability to plants and its growth (weed patches, diseases, etc.). Teuling and Troch (2005)
reported that on a rainfed maize field, the spatial variability of water uptake by the vegetation
creates additional variance. The additional variance could accentuate the relationship between the
soil water variability and yield patterns. In the present study, the later statement may be part of the
explanation why the higher coefficients of determination between SWC and yield values were
observed later in the season. This suggest that site-specific irrigation management, targeting
spatially variable AWC, would have maximum impact later in the season, when water patterns are
more related to crop’s yield. Likewise, Longchamps et al. (2015) suggested that variable rate
irrigation may be more practical when roots are deep enough (below 45 cm) where SWC spatial
patterns are more stable.

Practical implications:
In a practical sense, deeper SWC readings at early crop reproductive growth stages were

the most critical measurements to characterize maize yield. Surface soil layers are the first to be
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watered. Consequently, the SWC of deeper layers frequently becomes a limitation faelckop y
because SWC at deeper depth are more susceptible to remain dryer than the surface layers. In
addition, plant root growth may increase water depletion at deeper soil layers. Sharp and Davies
(1985) tested the effect of water depletion on root growth of greenhouse maize plants grown in
soil columns and found that water deficient maize plants tended to grow deeper roots, which
resulted in higher water depletion at the deeper layers of soil. Djaman and Irmak (2012) observed
similar results on field grown maize plants in Nebraska, where rainfed plants were the ones that
extracted the most (19%) water from the-690 cm soil depth and the least (39%) from 80

cm soil depth as compared to fully irrigated plants, which extracted the least (10%) from-the 60
90 cm depth and the most (51%) from the3D cm depth. This suggests that dryer surface layers
lead to dryer soil profile in the presence of maize plants because of the plant root growth pattern
adaptation under water deficit conditions. It is thus logical to envisage a correlation in SWC at
surface and deep soil layer when maize plants are growing in a field.

Our results suggest that the superficial soil layers would be the most appropriate to monitor
when the purpose of soil water measurements is to ascertain crop water requirements throughout
the crop growing season. This would be especially useful for soil water monitoring when only a
limited number of sensors can be installed at a single soil depth. If the depth of the measurements
can change during the growing season, in particular during the early-mid reproductive growth
period, deeper SWC monitoring would be more appropriate for a more efficient irrigation
management. When analyzed from the perspective of best dates to describe yield, complementary
results were found. The dates selected in the best models were often the ones corresponding to
early-mid reproductive stages. Similar dates distribution was observed when modeling for the

average SWC of the full profile. Evidences suggest that when maize reaches its maximum root
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depth and water requirements, the impact of the SWC on the crop yield is the most important
(Howell et al., 1997). Therefore, proper irrigation management is necessary in order to establish
sufficient SWC during this crucial crop period. A potential solution could be to plan irrigation

management practices that replenishes soil moisture in deeper soil layers, while accounting for

infiltration and other soil factors affecting the vertical movement of water through the soil profile.

I magery model

Remote sensing was used to capture seasonal variations in crop biomass. A single EVI
pixel was collected throughout the season at each study site. Due to the large spatial resolution
(pixel size of 5.25 ha), soil or crop reflectance from the adjacent fields slightly influenced the EVI
index values at both sites. However, given the different maize growth in time and amount
compared with the neighboring fields (fields of winter wh&aticumaestivumL.)), the dynamics
of the temporal biomass fluctuation were well captured. Temporal variation of biomass described
by the EVI are depicted in Figures 1.9 and 1.10 for Site | and Il respectively eakgrnowth
period occurred around DOY 237 and DOY 226 for Site | and Il respectively. Since Site | w
planted 28 days later than Site II, it was logical to observe such lag in crop growth stages between
the two locations. Figures 1.11 and 1.12 illustrate the spatial variability in crop biomass for the
two study sites as characterized by the three vegetation indices acquired near tp®wtak
stages. Spatial resolution of these images was 25 square meters (0.0025 ha).

For Site I, NDVI ranged from 0.11 to 0.79, RECI ranged from 0.21 to 3.53, and RENDVI
ranged from 0.06 to 0.45, across all dates for which SWC was acquired. For Site |1, ahD¥&d r
from 0.13 to 0.76, RECI ranged from 0.26 to 3.36, and RENDVI ranged from 0.08 to 0.43, across

all dates for which SWC was acquired. Pearson’s correlation coefficient was calculated between
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Figure 1.9. Temporal biomass variation as estimated by EVI for Site I. Peak value highlighted by
a bold point (DOY 237).
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Figure 1.10. Temporal biomass variation as estimated by EVI for Site Il. Peak value highlighted
by a bold point (DOY 226).
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Figure 1.11. Normalized Difference Vegetation Index (NDVI), Red-edge NDVI (RENBkd

Red-edge Chlorophyll Index (RECI) showing the spatial variability of the biomass for ¥apof
242 for Site 1.
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Value Value Value
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Figure 1.12. Normalized Difference Vegetation Index (NDVI), Red-edge NDVI (RENBd

Red-edge Chlorophyll Index (RECI) showing the spatial variability of the biomass for MVapof
242 for Site 1.
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maize yield and NDVI, RECI or RENDVI for all imagery acquisition dates at Sitable 1.7)

and Il (Table 1.8). The DOY 221 was a cloudy day and the three indices had to be discarded due
to a substantial cloud coverage of the ground. AtISRECI andRENDVI values for DOY 242
imagery (i.elatest imagery acquired for the seasare the only ones that showed significant
correlation with maize grain yield. At Site Il all three indices were significant at the DOY 155, and
only the RENDV!I for the DOY 192.

Table 1.7. Day of Year, vegetation indices and corresponding correlations coefficient in relation

to maize yield for Site I. Significant (p value < 0.05) correlation coefficients are reportedm@and
significant correlation are indicated with a hyphén (-

DOY Index} Correlation
NDVI -
155 RECI
RENDVI
NDVI
164 RECI
RENDVI
NDVI
178 RECI
RENDVI
NDVI
192 RECI
RENDVI
NDVI
204 RECI
RENDVI
NDVI -
242 RECI 0.72
RENDVI 0.63
T NDVI, Normalized Difference Vegetation Index; RECI, Red-edge Chlorophyll Index;
RENDVI, Red-edge Normalized Difference Vegetation Index

The significant dates identified in the best date model for the average of the entire soil
profile were DOY 219, 226 and 237 for Site I, and none for Site Il (neutron probe did not
significantly explain yield at any date). Therefore, the imagery model was only calculatee for Sit
I. The mentioned three NP dates were set to be consistently part of the output models, and the six

available imagery dates, one index at a time, were tested for the improvement of the best date
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model. Outputs from the automated model selection for NDVI, RECI and RENDVI are shown on

table 1.9.

Table 1.8. Day of Year, vegetation indices and corresponding correlations coefficient in relation
to maize yield for Site Il. Significant (p value < 0.05) correlation coefficients are reported and non-
significant correlation are indicated with a hyphen (-

DOY Index} Correlation
NDVI 0.47
155  RECI 0.59
RENDVI 0.55
NDVI -
164 RECI
RENDVI
NDVI
178 RECI
RENDVI
NDVI
192 RECI -
RENDVI 0.47
NDVI -
204  RECI
RENDVI
NDVI
242 RECI
RENDVI -
1 NDVI, Normalized Difference Vegetation Index; RECI, Red-edge Chlorophyll Index;
RENDVI, Red-edge Normalized Difference Vegetation Index

For Site I, among the NDVI calculated for six dates, none of them was selected to improve
the reduced model (SWC-only model), thereftiebest model remained the same as the “best
dates model” (r> = 0.77, AICc = 297.3). In agronomic terms, inclusion of NDVI in the soil water
model did not improve model’s ability to explain maize grain yield. On the contrary, results
indicate that inclusion of NDVI values in the soil water model significamglydlue < 0.05)
reduced the performance of the model. TheCREBnd RENDVI automated model selection
included the indices of DOY 204 in both cases, and showed to be a significeahid < 0.05)

improvement to the SWC-only model. The wide range of values of RECI and sensitivity of
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Table 1.9. Results from the automated model selection for the Imagery models. Selected variables
of the best model for each index are indicated with an X. Numbers next to variables indicate the
corresponding Day of the year.

NDVI+ model
NPT NP NP NDVI NDVI NDVI NDVI NDVI NDVI 2 AICC
219 226 237 155 164 178 192 204 242 #
X X X 0.77 297.3

RECI} model
NP NP NP RECI RECI RECI RECI RECI RECI 2

219 226 237 155 164 178 192 204 242 AlCc
X X X X 0.84 294.9
RENDVI§ model
NP NP NP RENDVI RENDVI RENDVI RENDVI RENDVI RENDVI 2 AlCC

219 226 237 155 164 178 192 204 242
X X X X 0.83 296.4

T Normalized Difference Vegetation Index Day of year
T Red-edge Chlorophyll Index Day of year
8 Red-edge Normalized Difference Vegetation Index Day of year
1 Neutron probe Day of the year
# corrected Akaike Information Criteria
RENDVI over NDVI is noticeable in Figures 1.11 and 1.12, where lower contrast is observed for
the latter index. These differences in the contrast levels, wide-range and sensitivity for respective
indices are a potential explanation to the better performance of these indices. The NDVI fails to
explain maize biomass variability, probably due to saturation of this index at high leaf area index
values as previously suggested (Myneni et al., 1997). The NDVI values have a wider range than
RENDVI, however, narrower than REEVen though NDVI showed higher variability, its ability
to describe biomass was worse than RENDVI.

For Site I, the highest correlations between vegetation indices and grain yield was on DOY
242. However, when remote sensing data was coupled with the best dates model, the best model

was observed with indices for DOY 204. This shift in the optimal date of acquisition of vegetation

indices to an earlier DOY may be due to a collinearity between the index of the DOY 242 and
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SWC readings. To test for this possibility, correlations between NP readings from the best dates
model and each vegetation index were calculated (Table 1.10).

Table 1.10. Neutron probe Day of Year, vegetation indices Day of Year and correlation between
the neutron probe values averaged for entire soil profile to 150 cm and vegetation indices for Site
l. Significant (p value < 0.05) correlation coefficients are indicated and non-significant correlation
are indicated with a hyphen) (-

Neutron Probe NDVI T RECI RENDVI§
DOY DOY DOY DOY DOY DOY
DOY 204 242 204 242 204 242
219 - 0.70 - 0.68 - 0.66
226 - 0.55 - 0.59 - 0.53
237 - 0.68 - 0.75 - 0.69

T Normalized Difference Vegetation Index
T Red-edge Chlorophyll Index
8 Red-edge Normalized Difference Vegetation Index

Significant correlations between neutron probe reading at DOY 219, 226 and 237 and all
vegetation indices of DOY 242 were observed (Table 1.10). No significant correlation was found
between neutron probe readings and vegetation indices of DOY 204 (Table 1.10). These results
suggest that image acquisition later in the season would not provide new valuable information to
the reduced model of yield estimation, which was based on the SWC-only. Indices acquired at
DOY 242 are likely to add information already provided by the neutron probe measurements prior
to DOY 242. However, this phenomenon was not observed for DOY 204, and the inclusion of
RECI andRENDVI of DOY 204 outperformed the reduced model (ANOVA testalue < 0.05).

RECI was somewhat better than tRENDVI, with a slightly higher ¥(0.84 and 0.83) and a
smaller AICc (294.9 and 296.4). Since vegetation indices are a numerical estimate of the biomass
spatial variability, they provide an estimation of the plant size, which is related to their soil water
uptake capacity (Hupet and Vanclooster, 2002). Images acquired on DOY 204 and 242

corresponded to maize growth stages of V9 (9-leaf) and R3 (milk stage) at Site I. Therefore, th
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earlier characterization of the biomass combined with the later soil water readings provided the
best inputs for the maize yield assessment model.

As estimated by EVI at Site |, the DOY 242 corresponded to peak growth stage of the crop.
Imagery acquired at the peak of biomass might be the optimal timing to characterize the
relationship between the vegetation indices and yield. Biomass variability during the critical
growth stage is a better yield predictor than the entire growing period (Unganai and Kogan, 1998)
At this stage, the crop has acquired most of the resources that define its yield potential (Andrade
and Sadras, 2000). Previous studies showed that the vegetation indices that had the highest
correlation with yield are those close to the period bracketing flowering (Teal et al., RofI&)y
et al. (1993) found a linear correlation between wheat yield and NDVI at maximum vegetation
cover, and Unganai and Kogan (1998) reported that maize yield was significantly correlated with
NDVI during the grain filling stage. fie early correlations at Site 1l may perhaps be attributed to
the soil background color and its association with SWC and organic matter levels, which are
strongly correlated with yield (Chen et al., 2000). Figure 1.10, illustrate that the vegetation cover
was minimum at DOY 160. Therefore, in addition to sparse biomass, satellite imagery would
capture spatial patterns of soil organic matter, which is related to yield patterns. Bhatti et al. (1991)
used Landsat Thematic Mapper images of bare soil to estimate organic matter content, and reported
an excellent agreement with wheat yield. The absence of significant correlations at later crop
growth stages may be due to a lack of imagery in proximity of the peak biomass growth (around
DOY 226). Additionally, the tillage treatments at Site Il, may have created additional unrelated
variance in the relationship between vegetation indices and maize yield.

The best imagery models (built from the SWC model) to estimate yield, included

vegetation indices explaining the maize biomass variability before the critical growth stages. The
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first important component found in this study was the neutron probe readings acquired around the
reproductive stage (DOY 219, 226 and 237), successfully described the soil water availability
during the critical growth period. The second component was a REREMDVI image of the

crop before tasseling (DOY 204), which corresponded to the V9 growth stage of maize. At this
stage, maize already had nine expanded leaves and was at the beginning of the most resource-
demanding period of its lifecycle. Root depth, leaf area and water use increase rapidly during this
period, reaching peak daily water use rates during pollination. A water stress during this period
would have the greatest impact on the crop yield (Kranz et al., 2008). Therefore, an image acquired
at V9 (94eaf) growth stage of maize is a snapshot of the plant’s potential to use all of the available
resources during the upcoming critical growth period, which defines most of the grain yield. The
NDVI was not able to describe the higher level of leaf area index reached by maize compared to
other crops. Maize leaf structure is described as erectophile, which means that leaves have the
ability to turn away from neighbors by growing in a more erect position (Maddonni et al., 2002)
This characteristic allows maize to grow leaves with lower levels of overlap, then being able to
intercept higher quantities of radiation per ground surface by a higher LAI. This was tle case
our study, where the water provided by irrigation was sufficient enough to allow for theocrop
express its potential. Likewise, Chen et al. (2006) found that fields in Western Mexico exhibited
saturated NDVI values 30 days after planting. Asrar et al. (1984) reported a low sensitivity of
NDVI in predicting wheat LAl above 6 fim due to small changes in canopy reflectance. The
better performance of RH andRENDV!I indices to explain higher biomass amtumay be due

to the inclusion of the red edge band instead of the red band in the NDVI. While the former band
capitalizes on the sensitivity of the vegetation red edge response to small changes inla#érthe

is located in the main absorption and reflectance peaks (Gitelson and Merzlyak, 1994). The red
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edge band is spectrally located between the red and NIR band, where the reflectance highly
increases from the red portion towards the NIR plateau for green vegetation (Schuster et al., 2012)
Vina et al. (2011) tested the performance of NDVI, RECI and MERIS Terrestrial Chlorophyll
Index (MTCI), which also includes the red edge band, to estimate maize and soybean LAI. The
RECI and MTCI exhibited more sensitivity to moderate to high LAI than the widely used NDVI.
Depending on the development, growth, type of crop and the minimum requirements of the
variability assessment, the widely used NDVI may not always be the best index. Indices, such as
those including the red edge band in their formulation, could be a potential replacement to NDVI
in scenarios where the LAl values are high and NDVI saturates.

The imagery model, which is a combination of soil water measurements with remote
sensing data, provides some new insights on how to develop high frequency soil water maps.
Frequent maps of the vegetation cover as estimated by remote sensing could provide useful
information of the plant’s water status of the entire field. Such maps could be used to address the
high temporal variability previously reported in the SWC at the soil surface (Hupet and
Vanclooster, 2002; Longchamps et al., 2015). Soil moisture probes could be used to acquire data
on SWC variability at deeper soil depths which tends to be relatively stable (Longchamps et al.,
2015). Combining crop imagery with deep soil moisture probe data may render possible the
estimation of SWC of the entire root zone soil profile (0 - 100 cm). The advent of new technologies
(e.g. drones, high-end generation satellites), makes high temporal and/or spatial resolution imagery
of fields, accessible and easier than ever. In addition, this information could be coupled with soil
water management zones, which consists of different levels of available water-holding capacities
across the field (Hedley and Yule, 2009). In sum, inter and intra zones variability could be more

precisely described, representing valuable information for an optimal irrigation water management
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along the crop growing season. Nonetheless, investigation on how to precisely combine all the

different sources of water information has to be further studied.

CONCLUSION

In this study, grain yield across a variable rate irrigated maize field was shown to be related
with the SWC, as measured by NP readings. No relationship was found for the furrow irrigated
field, probably due to the higher SWC not limiting maize grain yield. When water was the main
factor controlling grain yield, the importance of the SWC values in space and depth varied across
the crop growing season. From the correlation analysis between single NP readings and yield
values, there was a trend consisting of higher correlation after tasseling. Similarly, automated
model selection chose NP reading dates spread around reproductive growth stages to best assess
maize grain yield. During this period, deeper SWC readings had the strongest relationship with
crop yield, and may be the most limiting factor defining yield. However, if the goal is to
characterize water requirements apart from the critical growth stages, the surface readings
explained the maize yield most of the time. To enhance the maize yield prediction by SWC,
vegetation indices were also included in an attempt to describe the plant biomass, which is highly
related with the plant water uptake. The RECI and RENDVI proved to be significant additions to
the SWC-only model, improving the grain yield assessment. The NDVI failed to improve the
SWC-only model, suggesting that in order to account for subtle differences in biomass, the red-
edge-based vegetation indices may be a better solution. Results from this study showed that
different sources of information could be combined to obtain more accurate models relating soil
water content and maize yield. Further, the incorporation of soil water management zones could

be of great interest in order to develop site-specific models, that is, to account for spatial variability
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of the soil’s available water-holding capacity. Combined with newer remote sensing technologies
(higher spatial and temporal resolution), an enhanced characterization of the soil water status could
be performed. All sources of information together, properly integrated, could become a powerful

tool for an optimal irrigation management.
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CHAPTER 2
APPARENT ELECTRICAL CONDUCTIVITY TO CHARACTERIZE SOIL WATER

CONTENT

INTRODUCTION

Current water usage for the purpose of crop production is not sustainable (Postel, 2000)
Water scarcity is intensifying due to more frequent drought events and increased demand of the
urban and industrial areas which are exacerbating groundwater shortage (Turral et al., 2011).
While 80% of he world’s farmland is rainfed, almost 40% of the total supply of food and fiber is
produced by irrigated agriculture (Turral et al., 20Xfjthe world’s total freshwater naturally
available from the hydrologic cycle, almost 70% is withdrawn by irrigated agriculture
(AQUASTAT, 2002). On average, the irrigation efficiency is 38% worldwide (FAO., 2002). With
united efforts and use of applicable technology, it may be possible to expand one-third of the
irrigated harvest area by increasing water use efficiency, which is key to prospective toay sec
(FAO., 2002). Satisfying the increasing demand of a growing global population for food, water,
and material goods while at the same time being sustainable requires new approaches to using and
managing fresh water (Postel, 200D)ereby the development and commercial incorporation of
more precise, productive irrigation systems to provide higher, more stable, and sustainable yields
is paramount to meet the demand of our constantly expanding population.

Inefficient water management on irrigated agricultural land has resulted in 30% of all
irrigated land suffering some degree of waterlogging and salinization (FAO., 2002). Large
amounts of water are wasted when applied to soil with no crops or when in excess of the uptake

needed by the plants. Waterlogging and salinization alone represent a significant threat to the
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world’s crop productivity capacity (Alexandratos, 1995). FAO (2002) has estimated that 1-
percent of the existing irrigated land is being degraded every year. Despite this evidence, not only
will irrigated land continue to be used, but is likaly expand in area. Improving irrigation
efficiency is a key goal for the future (FAO., 2002). Better irrigation practeggire more
accurately matching the water supply with the crop demands. This decreases the water wastage,
decreases production costs, increases farm profit, and lowers undesirable effects (FAO., 2002).

Center-pivot irrigation, sometimes called circle irrigation or waterwheel, is a method of
crop irrigation in which equipment rotates around a central pivot point and crops are watered using
sprinklers (Omary et al., 1997). Currently, the majority of center pivot irrigation systems apply
water at uniform rates to entire fields. However, most fields exhibit spatial heterogeneity for
several soil characteristics that influence soil water content (SWC), such as soil type and
topography (Groeteke et al., 2014). Common agricultural practice is to adjust the irrigation rate
for the driest zone of the field, ensuring that no part of the field is under-irrigated (Peters et al.,
2013). This results in suboptimal utilization of water on the other parts of the field, thereby wasting
water.

Best irrigation practices aim to maintain SWC between field capacity (FC), where no more
water can be absorbed by the soil, and management allowable depletion where SWC is half way
between FC and permanent wilting point (Peters et al., 2013). If these limits are exoeeeed
or over watering occurs. The outcome of both scenarios may result in stress that can reduce crop
yield (Martin et al., 2014). The permanent wilting point (PWP) is the SWC level at which the plant
cannot extract water and thus is subject to permanent damage. While the consequences of under-
watering are well recognized, the consequences of over-watering may sometimes be

underestimated. Over watering leads to leaching of mobile nutrients in soil, drainage issues,

48



waterlogging, and salinization of patches by evaporation of water that leaves its salt cotitent ne
to the soil surface (Martin et al., 2014). Likewise, an increase in the abundance of algae (algal
bloom) and aquatic plant could be generated by fertilizers washed into the groundwater or surface
water, known as eutrophication (Smith et al., 1999). This phenomenon degrades freshwater
systems worldwide by reducing water quality and altering ecosystem structure and function
(Dodds et al., 2008). The negative consequences of under- and over-watering are well understood
by the scientific community, but the way to maintain SWC at the optimal level at every location

of the field still requires investigations.

Available water-holding capacity (AWC) is the maximum amount of water accessible to
crops in the root zone, held between FC and PWP (Schmitz and Sourell, 2000). The FC and PWP
change with soil properties, hence a precise delineation of field areas possessing homogenous
characteristics (i.e. site specific management zones (Fleming et al., 1999; Khosla et al., 2002)) is
key for precise irrigation management (Hedley et al., 2009). Differences in AWC require different
irrigation frequencies, thus emphasizing the need for a detailed soil maps characterizing the
variability in SWC to more efficiently manage irrigation. Hence thera vast potential for
improvement in water management, and more knowledge and irrigation techniques are demanded.

Site-specific management zones (SSMZ) are described as homogeneous regions within
fields that have similar edaphic properties limiting crop yield. In the case of SSMZ for precision
irrigation, these are the soil hydraulic properties which define the optimal soil water parameters
for each region (Hedley et al., 2009). The adoption of SSMZ for irrigation has been demonstrated
to be an effective practice to increase irrigation efficiency, defined as the amount afseaitéry
the plant divided by the total amount of water applied (Evans and Sadler, 2008). Research has

indicated a significant improvemeintthe water use per unit of dry matter produced for potatoes,
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maize, and pasture with the application of SSMZ (Hedley and Yule, 2009). Sadler et al. (2002)
explairedthe spatial response of maize to irrigation ratdelds that present different soil types.
Precision Irrigation (PI) or Variable Rate Irrigation (VRI) systems provide the possibility of
varying the amount of water applied across the field (Groeteke et al., 2014). Thereby, Pl presents
anopportunity to improve water use efficiency by targeting optimal water rates needed within each
zone (SSMZ for irrigation). Furthermore, Pl has the potential to lessen contamination of
groundwater through a reduction of chemical leaching, increase the harvestable aretnigy limi
waterlogging, and decrease incidence of crop diseases (Sadler et al., 2005). Hedley et al. (2009)
demonstrated the potential of VRI to address the soil hydraulic spatial variability and reported
water savings up to 26.3% on a 53-ha maize field with little variability (1664 mm m') in
AWC. Sadler et al. (2005) reported water savings up to 50% with precision irrigation techniques.
Currently, variable rate irrigation strategies are extensively based on apparent soil electrical
conductivity (EG) surveys (Hedley and Yule, 2009; LaRue, 2011; Martin et al., 2014). Measuring
ECais a quick, non-invasive, and reliable measurement that is commonly employed to characterize
the spatio-temporal variability of a variety of edaphic properties (Corwin and Lesch, 2005).
Previous studies directly divide fields into high, medium, andH& zones to assess the SWC
variability (Fleming et al., 2000; Hedley et al., 2009). Commercial agricultural retailers use this
approach broadly. Peralta et al. (2013) suggest that using more than three zones does not increase
the available information on various soils. However, the determination of the optimal number and
boundaries for the classification is not straightforward. There are complex interactions between
soil factors that may affect the soil hydraulic properties, thus the number of zones definition should

be tailor-made for each field.
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The EGC, is influenced by a combination of physical and chemical properties including
soluble salts, clay content and mineraloggion exchange capacity (CEC), bulk density, organic
matter, soil temperature, and SWC (Corwin et al., 2003; Peralta and Costa, 2013). However, the
most commonly cited factors influencilif, are clay, salinity, and SWC (McNeill, 1980). The
spatial variability of SWC and apparent soil electrical conductivity have been extensively studied
and strong correlations between both variables has been found in several cases (Brevik et al.,
2006). Sheets and Hendrickx (1995) found that noninvasive electromagnetic induction is linearly
related to total SWC in soils with low concentrations of dissolved electrolytes (non-saline). Also
in non-saline soils, Waine et al. (2000) found that at field capacity AWC is the dominant factor
influencingECa. The soil properties that most influerte€, vary depending on the particular field
being studied (Corwin and Lesch, 2003). Furthermore, research has shown that a single study area
can include differentEC,y controlling factors (Paine et al., 1998). To characterize SWC,
commercial agricultural retailers are directly employing sB{f. measurements without
accounting for possible influence of other soil properties. An accurate characterization of in-field
SWC spatial variability is pivotal for management of water using precision irrigation systems and
potential interactions with other variables should not be ignored.

Review of the current literature indicates that the level of efficiency of SWC
characterization b¥Cs has not been properly studied at the field scale. We hypothesize that
accounting for soil properties can improve the relationship between SWECanthe objectives
of this study are (1) to assess how consistéflyderived management zones characterize SWC
at field scale and 2o determine whether soil properties coupled with apparent soil electrical

conductivity could further improve the characterization of SWC.
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MATERIALSAND METHODS
Study sites

This study was conducted during 2012 over two fields located in northeastern Colorado.
Site | was located at the Agricultural Research Development & Education Center (ARDEC) on
field number 3100, located in Fort Collins, CW{39"57.4 N, 104°593.1” W). This site was 4.8
hectares in size, corresponds to the south portion of a pivot irrigation system. Site |l was located
near lliff, CO (40°4@5.2” N, 103°232.7” W) and was 11 hectares in size

The soil at Site | is a Kim loam (1-3% slopes), fine-loamy, mixed, active, mesic Ustic
Torriorthents, and Nunn clay loam (0-1% slopes), fine, smectitic, mesic Aridic Argiustolls (Soil
Survey Staff, 1980). Based on corresponding soil samples, the texture was classifieg elagand
loam. The field was precision leveled (FieldLevel II, Trimble Navigation, Sunnyvale, CA) in 2012
and the slope is 0.9% in a single plane gradient. Si@slunder a continuous maizeg mays
L.) cropping system for the past 10 years under conventional tillage (20-cm deep diskrtillage
the fall and 20-cm deep disk tillage, 30-cm deep plowing, and 10-cm deep roller arrow in the
spring). In the year 2012, maize was planted on the entire field.

Soil at Site Il is classified as Loveland clay loam (0-1%), fine-loamy over sandy, mixed,
superactive, calcareous, mesic Fluvaquentic Endoaquolls, and Nunn clay loam (0-1%), fine,
smectitic, mesic Aridic Argiustolls) (Soil Survey Staff, 1977). The texture was classified as clay
loam based on the corresponding soil samples. Site Il had a history of a diverse rotation, including
canola Brassica rapa var. Maverick), maize, soybea@l{cine max L.), triticale (X Triticosecale
Wittmack), wheat Triticum aestivum L.) and fallow. This field has been a research site since the

year 2007. In 2012, the field was strip-tilled and planted to maize.
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Colorado Agricultural Meteorological Network (CoAgMet) provided weather information.
Weather stations were merely 1.5 km and 0.5 km away from the center of Site | and Site II,
respectively. For the study year (2012), Colorado registered temperatures marginally above the
twenty-year historic average.

For Site I, the average annual precipitation (1995-2015) was 272.9 mm. During 2012, the
average annual precipitation was 148.6 mm with monthly averages below historical records. See
Figure 2.1 and 2.2 for historic monthly temperatures and precipitation at Site | for the last two
decades and 2012, respectively. In summary, for most of the months when the experiment was
performed (April to September), weather conditions were drier than average at Site |.

For Site Il, the average annual precipitation (2008-2015) was 431.3 mm. Annual rainfall
for 2012 was 275.6 mm. See Figure 2.3 and 2.4 for historic monthly temperature and precipitation

for the last eight years and 2012 at Site Il, respectively. Overall, conditions at Site $ligletly

Historic average minimum and maximum temperature and
annual average temperature for the year 2012 for ARDEC
(site 1)
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Figure 2.1. Monthly average temperatui@)(registered at Site | location for the year 2012 (line)

and monthly average of minimum and maximum temperature for the years 1995 to 2015 (gray
area).
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drier than normal for the period involving the experiment, with the exception of July when the

monthly precipitation was 122.4 mm, 53.9 mm above average.

Precipitation for ARDEC (site I)
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Figure 2.2. Monthly precipitation (mm) registered at Site | location for the year 2012 (bar plots)
and historic monthly average precipitation recorded from 1995 to 201} (line

Historic average minimum and maximum temperature
and annual average temperature for the year 2012 for
ILIFF (site II)
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Figure 2.3. Monthly average temperati@)(registered at Site Il location for the year 2012 (line)
and monthly average of minimum and maximum temperature for the years 2008 to 2015 (gray
area).
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Precipitation for ILIFF (site II)
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Figure 2.4. Monthly precipitation (mm) registered at Site Il location for the year 2012 (bar plots),
and historic monthly average precipitation recorded from 2008 to 201} (line

Experimental Procedure
Soil water data collection

Soil water data were collected utilizing a neutron probe (Model 503 DR Hydroprobe, CPN
International, Martinez, CA). A total of 41 neutron probe access tubes were installed at Site I,
distributed in a systematic unaligned (for both x and y axes) pattern (Figure 2.5). A total of 31
neutron probe access tubes were installed at Site Il, also distributed in a systematic unaligned
except for certain tubes that were aligned in a systematic pattern (Figure 2.6). Eessytabe
was geo-located using a differential-corrected Triflblag 114 global positioning system
(DGPS) unit. Soil water data were collected at five soil depths (15, 45, 75, 105, and 135 cm). For
Site |, data were acquired 13 times during the growing season, on a weekly basis, fradnioJune
September 24, 2012. For Site I, data were acquired 9 times during the growing season, on a weekly
basis, from June 14 to August 17, 2012. Counts from the probe were converted to volumetric SWC

using a calibration curve. Neutron probe was calibrated against measured gravimetric soil water
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and bulk density at both sites. The range of SWC was from 0.08 to 8.42nThe resulting
calibration curve for Site | was:

Oy =-1.9863 + 3.5927 Lr
The calibration curve for Site Il was:

Oy =-0.1655 + 0.2994 Cr
Cris the ratio of neutron counts to the standard count acquired at the surface of an access tube
with the probe still in the instrument. One standard count was acquired per site per acquisition

date. Coefficients of the linear regression are site specific.

ARDEC

4  Neutron probe access tube location

I:I Boundaries e —— —\ [t

Figure 2.5. Map of ARDEC (Site I) showing the location of neutron probe access tubes.
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Figure 2.6. Map of ILIFF (Site 1) showing the location of neutron probe access tubes.
Soil sampling and analysis

Soil samples were collected at two depths (0-20 and 20-60 cm) at both sites. Each sample
location was geo-referenced with DGPS (Trimble Navigation Limited, Sunnyvale Safiples
consisted of five cores acquired randomly within a 2 m radius of the designated sample point. For
Site |, soil samples were collected at 84 locationg\orl 8, 2012 and approximately evenly
distributed on the entire surface under the pivot irrigation system (9.6 ha). For Site I, data were
collected at 20 locations on April 30, 2012. Upon arrival at the laboratory, samples were air dried
and sent to a commercial laboratory for chemical and physical analysis. Agvise laboratories
(Benson, NE) performed routine solil tests and texture (clay, silt and sand). Solil tests included
organic matter (%), soluble salts (dS)nand CEC (meq 100%. Minimum, mean and maximum

values of chemical and physical properties analyzed in each site are shown in Table 2.1.
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Table 2.1. Soil samples collected a60 cm soil depth with the minimum, mean and maximum
values for Sand, Silt, Clay, pH, Organic matter, Soluble salts, Calcium, Magnesium and Cation
Exchange Capacity.

Depth Descriptive Sand Silt Clay OM  Salts CEC

cm statistics ~ ----------- Y S— % dSmt
Sitel 0-60 min. 45.40 13.07 31.35 1.26 0.53 29.83
mean 48.35 16.95 34.62 1.61 0.59 31.65
max. 56.63 19.33 35.62 1.87 0.69 32.20
Sitell 0-60 min. 33.00 20.00 33.00 2.60 0.95 27.53
mean 37.73 23.70 38.57 3.03 1.47 32.23
max. 46.33 25.33 43.67 3.40 1.83 35.13

Soil apparent electrical conductivity data collection

Sensor EM38MK2 (Geonics Limited., Mississauga, ON, Canada) was combined with
DGPS and dataloggers mounted on an all-terrain vehicle was used to acquire high-rdsGution
TheEM38 was in vertical mode and collected datasets at two depths. The depths corresponded to
a “deep” reading at 150 cm, and a “shallow” reading at 75 cm. For maneuverability, the vehicle
traveled in the direction of crop rows in a series of parallel transects spaced at 8 to 12 m intervals.
At Site |, sol ECa was mapped on June 3, 2015. The total number of observations at Site | was
slightly below 2900, approximately one observation at every two meters. At Site EGoilas
measured on March 20, 2013. The total number of observations was slightly over 2000
(approximately one observation every ten meters), which resulted in a roughly equidistant grid of

EC. observations.

Statistical Analysis
Preprocessing and inter polation of ECa

The EC, data was cleaned to remove points outside the area of interest, variations induced
by traffic patterns (Corwin and Lesch, 2005), and filtered for measurement errors (outliers).

Parameters for interpolation were automatically calculated for [E@gbepth and site. ThEC,
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raster maps were produced with ArcGIS 10.2.2 (Environmental System Research Institute,
Redlands, CA) using Empirical Bayesian Kriging, which determined optimal semi-variograms,
number of neighbors, nugget, sill, and range. This kriging method uses local models to capture

small scale effects instead of the common approach of using one model to fit the entire data.

ECa classification

Management Zone Analyst (MZA) software was used to optimize the number of zones
determination (Fridgen et al., 2004). The MZA provides two performance indices, called fuzziness
performance index (FPI) and normalized classification entropy (NCE). These indices are
calculated for a range of clusters, to assist in the determination of the number of management zones
for each field. The FPI models the amount of membership sharing that occurs between classes, i.e.
measures the degree of separation between zones. The NCE models the amount of disorganization
created by dividing a data set into classes. The software calculates descriptive statistics of input
variables before the clustering analysis. Fuzayeans (also known adsmeans) clustering
algorithm is used to partition data observations in feature space ¢histers (from two to six).
Generally, the optimal number of clusters occurs when both FPI and NCE indices values are at a
minimum with the least number of clusters used. In addition to the suggested optimal number of
zones defined by MZA, three zones maps were calculated for evemg&ding for comparison
with the approach of the commercial agricultural retailers. Hiezone maps were obtained from
the EC, krigged values, using the Iso-Cluster Unsupervised Classification tool from the Spatial
Analyst toolbox in ArcGIS 10.2.2. This tool udemeans as the clustering approach. This means

that the outputs from MZA are compatible with the ArcGIS software classification tool.
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ECato assess SWC

The ECa zones derived from the de&f, reading (0-1.5 m) were evaluated with the
average SWC for the soil depth down to 1.35 m, an@&@eones derived from the shalld¥Ca
reading (60.75 m) were evaluated with the average SWC for the soil depth down to 0.75 m.
Statistical analysis was performed using the R statistical software (R Core Team, 2016). Linear
mixed models were used to explain the relationship between SWC values amriz€d
management zones. The advantage of this method over the classic linear models is that it accounts
for random effects in addition to the usual fixed effects (McCulloch and Neuhaus, 2001). In this
study, the random effects are the individual model differences of the soil water measurements and
the ECarelationships at the different NP locations. Soil characteristics not included in the model
could be adding different effects at each location, which would be repeated across dates. Linear
mixed models can account for these individual differences by assuming different random
intercepts for each location, and considering for the different dates as repeated measurements on
the same locations. The function “Imer’ from the “lme4” package (Bates et al., 2015) of the R
statistical software was used to create the linear mixed models.

An analysis of variance (ANOVA) was used to determine significant differences on the
soil water measurements among the diffeEe@f zones as treatments. ANOVA was performed
with the function “anova” from the package “stats” (R Core Team, 2016 he total number of
scenarios to be analyzed were the result of the combination of the dif€2gnbne maps, for
eachEC, reading depth, at both locations. Separation of the mean SWC amd&@: thenes was
performed using least squares means with the function “lsmeans” from the “lsmeans” package

(Russell Vv, 2016).
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Soil ECa coupled with soil properties

To evaluate any increase in the SWC estimation accuracy, krifQedalues (before
classification) were combined with organic matter, soluble salts, cation exchange capacity and clay
content as SWC predictors. Analysis included onlyEKRe readings at measurement depths that
were significant in the previous analysis. Optimal soil properties parameters for kriging were
calculated using the same approach as &Ath (i.e. Empirical Bayesian Kriging). Interpolation
of the soil attributes was performed at Site |, but the low and clustered soil sampling density was
insufficient for kriging requirements at Site II.

The “dredge” function, from the “MuMIn” package for R statistical software (Barton,
2016), was used to test addition of soil properties as explanatory variables to the Exgged
values. The input of this function is a linear model containing all the predictors to be tested, i.e.
“full model”. This approach returns linear regression models as outputs. However, as previously
indicated linear models do not account for random effects as with linear mixed models. Therefore,
NP measurement from a single date had to be provided as response variable. In order to increase
the potential of getting a significant model, the lowest NP reading values registered at each location
at any date were selected as the response for the “full model”. The basis on why the above-
mentioned NP readings would be the best to characterize the different zones was based on the
findings by Hupet and Vanclooster (2002) and Famiglietti et al. (1999). A negative correlation
between the standard deviation and the mean value of the SWC, implies that with lower SWC
there is a higher contrast between NP values. Linear models were creatée fitfetion “Im”
from the R package “stats” (R Core Team, 2016). The ratio of the sample size to the number of
predictors was less than 40. Hence, the corrected version of the Akaike Information Criteria (AICc)

guided selection of the preferred model (Burnham and Anderson, 2003). All possible combinations
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of soil properties with the kriggelCa values (locked as the base predictor), were tested for an
improvement in the assessment of the neutron probe readings (direct soil water estimation). If any
soil properties improved the SWC prediction, the corresponding krigged soil property (or various
properties) layer was combined with the krigg€d layer to delineate new soil water management
zones. The measured soil properties (organic matter, soluble salts, cation exchange capacity and
clay content) each has a unique scale of measure, hence the ECa values along with other significant
data layers were normalized prior to combination and classification process. Normalization was
calculated using ArcGIS 10.2.2., and it consists of subtracting the mean and then dividing by the

standard deviation.

RESULTSAND DISCUSSION

ECainterpolated maps

At the neutron probe access tube locations in Site |, the mean value &Cgeqs 70.92
mS m?, and ranged from 64.29 to 81.13 mS.rithe mean value of shalloBEC, was 20.49 mS
m?, and ranged from 15.84 to 30.33 mS.mlso at the neutron probe access tube locations in
Site II, the mean value of de&Cawas 37.38 mS rh and ranged from 24.11 to 69.61 mS.m
The mean value of shalloBC, was 24.36 mS r and ranged from 16.05 to 38.3 mS.rRigure
2.7 shows krigge®C, surfaceof the entire field based on the EC survey for the two depths (1.5
m and 0.75 m) at Site | and Site II. Straight lines with higk@y values (parallel to the shorter
sides of Site II) were the result of repeated vehicle transit on those parts of the field. Corwin and
Lesch (2005) found that soil compaction can induce higher conductivity values. However, all NP

locations were outside of thatear
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Figure 2.7 A and B representSsC, maps of 1.5 and 0.75 m depth for Site I. C and D represents
ECa maps of 1.5 and 0.75m depth for Site II.
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ECa derived management zones maps

The MZA software was used to calculate fuzziness and entropy indices for both depths of
measuredC, at Site | (Figure 2.8 and 2.9), and Site Il (Figure 2.10 and 2.11). The optimal number
of zones for Site | were two and fourE€a measurement depths of 1.5 m and 0.75 m, respectively.

The optimal number of zones for Site Il were tw& &k measurement depth of 1.5 m, and from

Mormalized Classification Entropy

Fuzziness Performance Index
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Figure 2.8. Site | MZA software output for the Normalized Classification Entropy and Fuzziness
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Figure 2.9. Site | MZA software output for the Normalized Classification Entropy and Fuzziness
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Numbar of Zones

Performance Index of tHeC, of 0.75 m depth classification in two to six clusters.
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Figure 2.10 Site Il MZA software output for the Normalized Classification Entropy and Fuzziness
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Figure 2.11. Site Il MZA software output for the Normalized Classification Entropy and Fuzziness
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Figure 2.12Site | management zones derived bysEB€asurements at 1.5 m soil depth presented

in sub-figure A and B and zones derivedEy:. measurements at 0.75 m soil depth in sub-figure

C and D.

two to three (i.e. divergent entropy and performance valuésJ.anheasurement depth of 0.75 m.

For ECa measurement depth of 0.75 m, it appears that three zones may be a better option since
there is a modest increase in entropy however, at the same time there is a decrease in fuzziness, as
compared with that of two zones. Nonetheless, two zones were calculated based on the software
recommendation to select the lowest number of zones when the sum of both indices are close. As
previously mentioned, to emulate the commercial approach, three zones were also calculated for

eachEC, depth. Overall, for each site aB€, reading depth, tw&Ca derived management zone
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maps were calculated, thereby generating a total of eight zonal maps. Figures 2.12 and 2.13 depict

EC. derived management zones for bothwBEpths at Site | and II.

ECa of 1.5 m Management Zones

ECa of 0.75 m Management Zones ECa of 0.75 m Management Zones
Zones Zones
B .
[ ]z B -
[ ]

Figure 2.13. Site Il management zones derived byntgasurements at 1.5 m soil depth presented

in sub-figure A and B and zones derived bysB@asurements at 0.75 m soil depth in sub-figure
C and D.
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ECa derived management zonesto assess SWC

Across all dates and depths of soil moisture measurements, the volumetric SWC ranged
from 0.09 to 0.45 rhm3 at Site I, and from 0.01 to 0.46em3at Site II. Figure 2.14 to 2.15 show
the average SWC of the differdb€C.-zones for both shallow and deéf, measurements for Site
| and Il, respectively.

In order to detect statistical differences in SWC B@dderived zones, least-squares means
of SWC across eadiCa management zones maps were calculgtadliue < 0.05; Figures 2.16
and 2.17). At Site I, only the de&jfC.-zones explained differences in SWgvalue < 0.05). The
two-zone map performed better than three-zone map, because when three zones were created, there
was not a significant difference between zone 2 and zone 3 pWaue = 0.1139). At Site I,
regardless of the depth of data acquisiti®6a. maps with two zones succeeded to explain SWC
variations p value < 0.05). As compared to Site | results of deeptEal led to the classification
into three zones, similar observations were made at Site Il. The creation of a third zone was not
statistically different from the rest (i.e. Zone 2 with Zone 1 and 3 for the El€gpeading, and
Zone 3 with Zone 1 and 2 for the shall&€, reading).

These results showed that with an inappropriate number of zones, there could be a
confounded characterization of the spatial variability of SWC due to the creation of an extra
management zone. The MZA-suggested quantity of zones resulted in the best SWC
characterization throughout the growing season. For that reason, MZA software appears to be a
useful tool to determine the number of zones to be delineated for precision irrigation purposes.
Likewise, Hezarjaribi and Sourell (2007) used a similar software to successfully determine the

accurate number &C,zones to characterize SWC.
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Figure 2.14. Site | temporal average SWC variation throughout the crop season for two (A) and
three (B) zones dECa 1.5 m, and for three (C) and four (D) zone&6% 0.75 m.

In this study, only the dedpCs-derived zones show significant differences in SWC at Site
I, but both deep and shallow depths showed SWC differences at Site Il. This indicates that there
exists a field specificity for the interpretation of 86, and SWC relationship. At both locations,
forcing the classification from two to three zones seems to create a transitional zone that overlaps
values from other zones, thus not representing a logical soil water management zone. This means

that values of the neutron probes within the transitional zone were similar to another zone and an
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Figure 2.15. Site Il temporal average SWC variation throughout the crop season for twd (A) a
three (B) zones dECa 1.5 m, and for two (C) and three (D) zone&Gk 0.75 m.

equivalent water management for both would be more logical. Overall, the MZA-recommended
number oECs management zones described SWC well in most cases as reflected by the successful
results obtained for the deep ECa reading for Site |, and both depths at Site Il. The exception to
this observation was with the shall®&C, readings at Site I, where both classifications failed to
describe the variations in NP reading (Figure 2.16,&®.75 m).

In general, the lowest quantity of zones from the shal®y readings showed higher
fuzziness indices values. This suggest that the shallow sensing seemed to be have higher noise (i.e.

soil properties affecting E®ther than SWC) to signal ratio compared to the deeper configuration.
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Even though Hezarjaribi and Sourell (2007) also reported a higher sensitivity of the db@ilow
measurements to near-surface material, the depth that best fitted their field was also the shallow
ECareading. Overall, results from this study suggest thaE@aelationship with SWC depends

not only on the horizontal nature of the field characteristics, but on its variability in soil depth as

well.
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Figure 2.16. Mean SWC acro&<, derive management zones for Site |. Different letters are
significantly different (p value < 0.05).

Prior studies showed significant correlation between SWEahdand the estimation of
AWC using regression models (Hedley and Yule, 2009; Hezarjaribi and Sourell, 2007). Likewise,
Sheets and Hendrickx (1995) demonstrated the feasibility &@hsimple linear models to assess
SWC over time. However, review of literature indicated no previous detailed studies examining

the quality of the SWC assessmentHiys derived management zones. Results from this study
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Figure 2.17 Mean SWC acro&. derive management zones for Site Il. Different letters are
significantly different (p value < 0.05).

suggested that theC, measurements could provide useful information to characterize in-field
SWC variability, consistently throughout the season. Noneth&€sslerived management zones

maps should be tailor-made, i.e. site-specific because one zone delineation procedure may not be
suitable for all fields. A combination of factors could influeri®@, to varying degrees across
different fields, andECa maps interpretation could be rather complex (Corwin and Lesch,.2003)
Selecting a number of zones for t8€, derived maps, regardless of the field characteristics, could

lead to an inaccurate variable rate irrigation management.

ECa coupled with soil propertiesto enhance the assessment of SWC

The spatial distribution and intensity of the soil sampling at Site | reached the kriging
interpolation requirements (i.e. spatial auto-correlation), but not at Site Il. At this location,sample
were taken only on the southwestern part of the field, and were acquired at a distance larger than
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the range estimated by the semi-variograms. For Site |, theEd@ampap of two zones was the
best to explain the differences in SWC across NP locatiorsefble, the “full model” consisted
of the kriggedECa values of 1.5 m depth combined with the soil properties as predictors in the

automated model selection. Results of the automated model selection are shown in Table 2.2.

Table 2.2. Automated model selection output for the first five models by rank. Full model consisted
in the kriggedEC, values of 1.5 m depth combined with soil properties to explain SWC at Site I.
Selected variables for each best model are indicated with an X.

Rank EC.1.5m CEC; Clay OMi Salts r> AICc§

1 X - - X X 0.69 -82.89
2 X - - - - 0.44 -80.62
3 X - - - X 055 -80.55
4 X - X - X 064 -80.3
5 X - - X - 0.53 -79.88

1 Cation exchange capacity
1 Organic Matter
8§ corrected Akaike Information Criterion

By combining soil properties with the base model, SWC assessment was imjproaiee: (
< 0.05). The best model as indicated by the lowest AICc value, included organic matter and salt
content. The second best was the simplest model (base model), which utilized only the krigged
ECa values of 1.5 m depth as the predictor of the SWC. The third and fourth models selected salt
content as part of the model predictors, making the salt content the most consistent variable across
the top five models. The first model (kriggéea values of the 1.5 m depth, O.M. % and salt
content) explained SWC significantly better than the best next model (only kig@edlues of
the 1.5 m depth) {= 0.69 and 0.44, respectively). Results from this study suggest that organic
matter and salt content should be incorporated at Site | (Figure 2.18), even with low organic matter
values and salt concentration levels that are below yield-impacting levels as observed in that field.

Management zone boundaries using daGs or usingEC, plus organic matter and salinity are

juxtaposed in Figure 2.19. Changes in boundaries of the “ECy coupled with Soil properties”
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management zones resulted in an area disagreement of 8.16 % against H®& amyagement

zones. There was a perfect agreement in SWC classes between the two sets of zdoeatatdrihe

of the NP access tubes. Hence, further testing for these new zones accuracy is not logical with the
NP distribution existing in our study. Additional SWC sampling would be necessary to study the

differences, specifically on the areas where the zones disagree.

ECa deep + OM + Salts Management Zones

Zones

- 1 Meters

[ ]2 012525 50 75 100

Figure 2.18. Management zone map delineated using ECa measured up to 1.5 m depth in addition
to organic matter and soil salinity for Site I.

Researchers and commercial retailers have widely made use of the robust correlation
betweenEC, and SWC to create soil water management zones (Groeteke et al., 2014; Hedley et
al., 2010). HoweverEGC;, is influenced by a combination of physical and chemical properties
including soluble salts, clay content and mineralogy, cation exchange capacity (CEC), bulk
density, organic matter, soil temperature, and SWC (Corwin and Lesch, 2005).

ANOVA results showed that including organic matter and salt content significantly
improved the estimation of SWC BCa. Organic matter increases the soil’s water retention by its

adsorption and absorption capacity, and by providing greater pore space (Gupta et al., 1977). Even
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though the field’s organic matter content in Colorado was relatively low (1.6 %) as compared with

the range of Northern Great Plains of the United States (4 to 7%) (Overstreet and DeJong-Huges,
2009), it was included as a part of the equation betvig@nand SWC. The organic matter
contribution to the model could potentially be greater in fields with higher organic matter
percentage. Therefore, depending on the field, accounting for the soil organic matter could be of

value when explaining the SWC E{Ca.

ECa deep and ECa deep + OM + Salts Management Zones A
Zones

-

[ |Bot2 Meters
l:l Disagree 012525 50 75 100

Figure 2.19. Comparison of management zones delineated with using ECa measured up to 1.5 m
depth and management zones delineated using ECa measured up to 1.5 m depth in addition to
organic matter and soil salinity for Site I. Differences are presented in the two techniques are
presented as gray color referteds “disagree” in the legend.

The spatial distribution of the soil properties influendit@ may be different from SWC’s
spatial distribution, making thECa interpretation more difficult. For example, high pH, salt or
sodium levels are commonly heterogeneously distributed across the fields (Waskom et al., 2003).

A typical feature of salt-affected soils is the inherent spatial variability in short distances (Isla et

al., 2003). This means that tR€, value could be affected by the salt content at some locations of
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the field but not in the rest of the field, and thereby confounding the SWC estimation. Numerous
studies relating SWC anfCa have been conducted under non-saline conditions (Hedley et al.,
2010; Hedley et al., 2004; Sudduth et al., 2005; Waine et al., 2000). The thresholds that define
non-saline conditions are reported with respect to each specific crop (Maas and Hoffman, 1977).
In addition, a soil is diagnosed as non-saline if the average of the samples is below a certain
threshold, regardless of the variance. Consequently, most studies were performed without
accounting for the potential effect of the low salinity levels orE@g The soil salinity threshold

for maize potential yield decrease is 1.7 d$ (yers and Westcot, 1985), and the salt content
values at Site | did not exceed the value 0.7 dSatany sampling location. Although this may
suggest that soil salt concentration did not affect yield in this study, resultedthaivit did affect

the EC, and SWC relationship, even with the low salt content values for the study area. The high
EM38MK2 sensitivity to the low salt content values in our study followed its original design
purpose, the rapid above-ground measurement of soil salinity (Rhoades and Corwin, 1981).

Soil test for salinity is the best way for an accurate diagnosis (Waskom et al., 2003)
However, conventional sampling techniques for salt content and organic matter could be time
consuming, dense and expensive. For an accurate map prediction, the sample interval of a soll
property should be at a distance of 0.4 times or less than the range of its spatial dependegnce (Kerr
et al., 2010). For instance, in a 5.35 ha agricultural field, Shi et al. (2005) reported a soil salinity
range from 133.7 to 169.1 m. This would mandate sampling at every 0.29 ha, while the common
practice is that of one sample per ten hectares (Sosa, 2012). Benefits from improving the SSMZ
for the purpose of precision irrigation by incorporating other soil properties have to be compared
with the cost of sampling for those soil components. Therefore, the economic feasibility of this

approach might not be convenient and new cost-effective methods should be developed to render
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it feasible. Even though remote sensing has been proven to estimate superficial salinity (Mehrjardi
et al., 2008; Yong-Ling et al., 2010) and organic matter content (Bhatti et al., 1991), yet they are
not quantitatively precise enough (Yong-Ling et al., 2010). However, with the development of
better techniques and the advent of better sources (e.g. satellites and drones), significant
improvement has been achieved in the soil salinity estimation (Yong-Ling et al., 2010) making
remote sensing a promising alternative to extensive sampling of the soil properties.

When“constructing” soil water management zones based on ECqa measurements, special
attention should be given to those soil properties previously reported as influendi(@, thech
soil properties may not have an impact on yield, but may still can have an effec&s dswas
observed in this study. When the spatial distribution of a soil property does not follow the SWC
spatial distribution, the proportional effect of the SWC onERk varies in space. This would
implicate a loss in SWC assessment accurac¥®@yacross the field, i.e. over and/or under
estimation. In order to provide wider technical recommendations, it may be necessary to do further
research on scenarios with different quantities of soil organic matter and soluble salts, as well as
scenarios with different soil properties affecting B@®& against SWC relationship.

The results from this study showed that:E{@rived management zones were able to
explain the SWC variations along the season. However, it is worth noting that this was only true
for the average SWC values within zones. Longchamps et al. (2015) reported the existence of
dynamic water management zones throughout the season, that is to say a continuous variability in
the SWC patterns in time. To address this finer scale in the SWC variability, hence achieve better
VRI practices, more detailed information about the SWC status would be necessary. de Lara
(2016) suggested the use of vegetation indices (i.e. Normalized Difference Vegetation Index, Red

Edge Chlorophyll Index and Red Edge Normalized Difference Vegetation Index) for the real-time

77



assessment of the SWC within each.HErived water management zone. Combining the advent

of new remote sensing technologies, such as drones and high-end satellites, with new precision
irrigation technologies (capable of varying rates at every nozzle), the future of variable rate
irrigation seems to be prosper. However, more research combining these different technologies for

crop production is needed for an accurate management at the farmer level.

CONCLUSION

Variable rate irrigation (VRI) has been proven to be an effective practice to increase
irrigation efficiency. Soil water management zones for irrigation are the platform with which VRI
is currently being commercially applied, and H@s been widely used to obtain them. In this
study, the Management Zones Analyst (MZA) software recommendations were more accurate than
the fixed number of zones typically proposed by commercial retailers. The three of four
combinations (two sites over tweC, reading depths), thECs zones explained the SWC. In
general, the deepCqreadings (0 to 150 cm) outperformed the shal@yreadings (0 to 75 cm)
to assess SWC across fields. The latter has a higher sensitivity for more superficial soil layers
which could be less relatédthe SWC depending on the local characteristics. For Site I, coupling
kriggedECawith organic matter and salt content data significantly improved the SWC assessment.
Therefore, when creatingC, plus organic matter and salt content derived zones, boundaries of
the management zones differed from the map delimited onlyE@th However, management
zones for both approaches had the sfPaccess tubes spatial distribution, thereby further testing
was not logical. In summarf£C, derived management zones showed to be an effective method to
characterize in-field SWC variability between zones throughout the seasoBCIhenes could

potentially be used for precision irrigation (SSMZ for irrigation), which consists in applying
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specific rates of water based on the requirements of each zone. However, the process of deriving
the management zones from €&, should be tailor-made, given the variability in soil hydraulic
properties existing across farms. Results suggested that to improve the accuracy on the creation of
maps for precision irrigation managemeBCa should be combined with the soil properties
significantly influencing theeC,-SWC interaction. Nonetheless, the findings in this study were
only valid for the average SWC within each ECa derived management zone. When studying the
spatial SWC variability across maize fields, Longchamps et al. (2015) found dynamic water
management zones. This suggested the need for updated SWC estimations to account for the
temporal SWC variability within zones. Likewise, de Lara (2016) proposed the use of remote
sensing as a feasible tool for the reale assessment of the SWC during the crop season.
Altogether, new technologies have to be combined and studied for the possibility of a more

accurate precision irrigation at the field scale.
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Table Al. Pearson’s Correlation (r) between neutron probe (NP) and yield for Site I at
different depths and different day of the year (DOY). The r was indicated wil
significant f value < 0.05) correlation coefficients was observed, and non-signi
relationship were indicated by a hyphen (-

Depth

DOY 30cm 60cm 90cm 120cm 150cm X 30-60cm X30-90cm X 30- 150 cm
170 - - - - - - - -
175 - - - - - - - -
177 - - - - - - - -
181 - - - - - - - -
184 - - - - - - - -
188 - - - - - - - -
191 0.48 - - - - - - -
195 - - - - - - - -
198 - - - - - - - -
202 - - - - - - - -
205 0.55 - - - - 0.48 - -
209 0.64 - - - - 0.56 - -
212 0.72 0.55 - - - 0.67 0.57 0.53
216 0.77 0.56 - - - 0.70 0.61 0.58
219 0.53 0.57 - 0.58 - 0.60 0.56 0.58
222 0.79 0.58 - 0.54 - 0.72 0.61 0.61
226 0.55 0.64 0.72 0.77 0.53 0.61 0.67 0.69
230 0.75 0.60 - 0.68 0.51 0.71 0.63 0.64
233 0.77 0.70 0.52 0.61 0.59 0.76 0.69 0.67
237 0.81 0.70 0.61 0.62 0.72 0.81 0.74 0.73
240 0.84 0.74 0.68 0.68 0.69 0.84 0.80 0.77
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Table A2. Pearson’s Correlation (r) between neutron probe (NP) and yield for Site II at different

depths and different day of the year (DOY). The r was indicated when a significaaiti¢ <
0.05) correlation coefficients was observed, and non-significant relationship were indic
a hyphen (-

Depth

DOY 30cm 60 cm 90 cm 120cm 150cm X30-60cm X30-90cm X30-150cm

159 - - -0.4964 - - - - -
169 - - - - - - - -
175 - - - - - - - -
182 - -0.5033 - - - -0.4940 -0.5292 -
191 - - - - - - - -
204 - - - - - - - -
211 - - - - - - - -
224 - - - - - - - -
232 - - - - - - - -
258 - - - - - - - -
265 - - - - - - - -
272 - - - - - - - -
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