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ABSTRACT

Sitesspecific water management can increase water use efficiency by up to 30% but determ
whether adopting the technology for sigpecific irrigation will be beneficial enough to conside
the additional cost is still an open question. The objecti/#istudy are to determinte

effect ofsite-specific water managemehts on soil moisture atfeeld scaleandto determine
whether sitespecific water management can reduce yield variablitditionally, the
heterogeneity of soil appareetectricalconductivity and elevation was explored as driving
factors in soil moisture differences between management zones delineatertiisse variables.
Russet Burbank potatoes were gromrsouthern Alberta in a field divided into three
management zone#n a twaeyear study conducted in the growing seasons of 2018 and 2019,
plots were delineated from each of the management zones raadetd with sitespecific
irrigationprescriptions, while uniform irrigation was used for the rest of the study ahea.
effect of sitespecific irrigation was monitored using soil moisture sensors installed in each o
plots. The effect of uniform iigation wasalsomonitoredusing soil moisture sensdrsstalled in
the management zones in areas under uniform irrigati@scriptionsThe sitespecific irrigation
schedule wabased oran 80% maximum allowable depletiminavailablesoil moisture Soil
moisture depletiorwas calculated from soil moisture sensor data for each $twt moisture
sensors wre alsoused to assessoil water movement ithe rootzone Soil moistursurveys

were conductedt 15 cm and 30 cm deptlasd were used tepatially asessoil moistureby ce
kriging soil moisture surveys with soil appamattricalconductivity and elevatiorYield
variability was not improved under sgpecific irrigation, but in some aread,&30% reduction
in total irrigationdid not negativel impact yieldHydrological differences were determined
between the management zones, but relationships between soil moisture and the manager
zonescould not be confirmed due to a lack of soil moisture sensor @h&areliance on soil
moisture sensors to inform the irrigation prescriptions may have led to a moisture deficit wh
resulted in lower potato yields. This effect could be mitigated by installing additional soil mc
sensors in each of the managemenhes to provida method to corroborate soil moisture
observationsAssessing field properties for variability is a prudent step before determining
whether a management zone derived sifgecific irrigation management strategy informed by
soil moisture sesor data as some fields may show more benefits using observational experi
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CHAPTER INTRODUCTION

For millennia, humans have recognized the benefits of irrigation practicésn dord

Egypt have archeological evidence of irrigation practises dating back to 6000 BCE;

meanwhile, the Incans, Mayans and Aztecs constructed irrigation systems in Meso and

South AmericéSojka, Bjorneberg, & Entry, 200@)igation practices enable agulture

in areas where the evapotranspiration rate is high, and the precipitation rate is low, thus
growing the land base that can be used for food produgfiaylor, 2014)When

comparing yields of corn, cottospybeansand wheat grown under drylanadmditions

to their irrigated counterparts, irrigated fields show less variability and significantly higher
yields(Assefa et al., 2012; Payero & Khalilian, 20LAas been estimated that 40 % of

GKS ¢g2NIRQa F22R I yR TA hithRonsisng 17 JohBtheyotalz y A N.

land cultivated for agricultur@evans et al., 2013)

Although Canada is ranked fourth in the world for freshwater reso(Btesk 2014),

these water resources are not evenly distributed throughout the country. The tuaa

are associated with largg O £ S | ANR Odzf G dzZNBE I NB ,witha2 &2YS
nearly 70 % of farmland in Canada in the prairie provinces of Alberta and Saskatchewan
(Statistics Canada, 2018)pth provinces have moisture deficits when carmg the

yearly cumulative precipitation to yearly cumulative evapotranspiration which vary from

100 mm in the northern parts of both provinces to 400mm in the s@Aghiculture and

AgriFood Canada & Government of Canada, 20848agricultural food pduction is

most efficient when the difference between evapotranspiration and available water



within a field is minimal, irrigation is necessary in these areas to maintain production

values.

In Southern Alberta, irrigation and agriculture are intrinsitiaked. Precipitation is low

AY {2dziKSNY ! £t 0SNIFQa LINFANARS NBIAZ2YS gAGK
500 mm per yeafDowning & Pettapiece, 200@hile potential evapotranspiratiomhich
ranges from 1050 mm to 1200 m@lberta Environmerdnd Sustainable Resource
Development, 2013)rhisresults in a 500 mm deficit in moisture. However, the high
number of growing degree days makes the area ideal for crop growth, if sufficient
additional water resources can be brought to agricultural (Bodning & Pettapiece,

2006) Because of this and gogdality surface water sources, irrigation is prevalent in
Alberta, more than in any other province, accounting for 67 % of the total irrigated land
in Canad4Statistics Canada, 2010Yyigated agriculire accounts for 63 % of the total
freshwater usage in Alber{alberta Environment, 2007 rigation water used in

Southern Alberta is obtained from surface waters, most prevalently from the tributaries
of the South Saskatchewan Ri{#&lberta Agricultual and Rural Development, 2010)
Climate change is expected to impact Southern Alberta by increasing temperatures and
the increasing number of growing degree d@arrow & Yu, 2005These climatic

changes are expected to increase the average moistuex 28630% by 2050, indicating
drier conditions as the climate continues to warm. These drier conditiomoaligely to

be offset by the expected increase in precipitation, leading to an increased reliance on
irrigation for agriculture, especially duridgought periods (Barrow & Yu, 2005).

Furthermore,rrigated production is roughly seven times as valuable as dryland

2



production; the average production on irrigated farmland is approximately $2400/ha,
compared to dryland production, which averages $32%hadshreshtha et al., 2016)
Expanding irrigation in Southern Alberta would be economically beneficial for agricultural
production, butimits on water allocation established in 2006 make expansion difficult
(Alberta Environment and Parks, 20@udieshave showrusingsite-specific irrigation
management (SSIMan improvevater use efficiency by up to 30(&vans et al., 2013;
Sadler et al., 2005However, implementing SSIM is expensive and implementation may
not be practical in all areaBetemininghow SSIM can change soil moisture dynamics

and crop production in a field still an open question. Significant impacts will have to be

achieved for SSIM teenefit individual producers

1.1 RESEARCBBJECTIVES

The study presented in this theaddresses the knowledge gap regarditige effects
site-specific irrigation management on potato production and soil moiststabution |
have designed a study to compare the yield of areasS8tivo those with uniform

irrigation. The following questiomall be answered:

1. Arethe threemanagement zonedelineated in the study ardaydrologically
different?

2. Is heterogeneity of ECa and elevation the driving fact@dibmoisture
differencesunder uniform irrigation prescriptions?

3. Can sitespecific irrigabn management be used to reduce potato yield

variability?



CHAPTER RITERATURE REVIE

2.1 IRRIGATIOSYSTEMS GN.BERTA

Irrigation management technology and philosophy have undergone many changes over

the past halicentury. Uptothe mish dpc n Q& > T 2 2tiBnwaNBeaI NI GA G & A NJ
predominate form of irrigation used in Southern Alberta (Wang et al., ZI4iS).

irrigation strategy used the simplest form of irrigation technology, whereby a waterway

was dammed, and water would saturate a field beyond field capacity tioectinst
waterwasavailable for crops during dry periods. Flood irrigation is an ineffective strategy

for several reasons: it can increase the salinity of the soil as the water evaporates,

increases leaching of essential nutrients, is an inefficient use of water resbeceese

of water evaporationand has a low application efficiency when compared to other

irrigation methodgCox et al., 2018; Howell, 2003)

{GFNIAY3I Ay (GKS wmdT n QaénterpivoNivd whdelddvdé G 2 NE 06 S 3
irrigationsystems Wheetmove systems were developed prior to center pivot systems

and allow sprinkler systems to be moved in a field but apply irrigation when the system is
stationary(Hill, 2000)Center pivot irrigation systems are self propelled overhead

sprinkler sysgms which move in a circle from a central pgideaugherty & Eaton, 1975)

They were first patented by Frank Zybach in X8fkcell, 2000; Splinter, 197®ut

wereused less oftenthan whe®¥ 2 @S a & a i Sya AlbértaRdriculiukedndm ddn Q&
Rural Deelopment, 2014)Center pivot irrigation systerhgve since become the most

used irrigation system in Cana@dberta Agriculture and Forestry, 2016y 2015, high



and lowpressure pivot systems accounted for 80% of all irrigation systems in the
province, with lowpressure systems being used in approximately 72% of farms with
irrigation systemgAlberta Agriculture and Forestry, 20Q8)e most significant benefit

for producers of a center pivot irrigation system is that it can be automated, and thus,
have less intensive labor requirements than flood and whemsle irrigation(Splinter,
1976) Because it applies water in small increments, crops must be watered throughout
the growing seasorso there is a reduction in the erosion of topsoil and leachf
nutrients through the soil profile. It can also significantly improve yieldsawaeco
textured soils, which have a limited water holding capacity and therefore need more
frequent irrigation to produce crod$plinter, 1976)Center pivot irrigation systes treat
fields as uniform environments onto which uniform volumes of water are applied and
thus are optinal for homogeneous field condition&s most commercial fields have
heterogeneous properties like soil texture, soil depth, and topography, which affe
optimal crop growththe management ofenter pivot irrigation systenis often based

on the combination of properties that cover the largest area in the field.

2.2 PRECISIORRIGATION

Precision irrigation systems use differences in soil properties thvadd a field into

smaller sectors, or management zones, which share physical properties. The irrigation
rate for the management zone is customized to the shared physical profgataes,
Chandra, & Aghil, 2016; Haghverdi et al., 2015; Villalobos &&€2016) This differs

from conventional irrigation systems that apply a uniform volume of water over large

sections of land, ignoring the inherent heterogeneity of soil and topography that can
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occur in a single fielEvans et al., 201.3precision irrigation is a relatively new irrigation
systemthat requires large amounts of data and the use of novel technol@giess et

al., 2013)

Loyoza et al. (2016) identified five levels for the automation of irrigation systems (Table

1).

Tablel: Categories of automation within irrigation systems (Lozoya et al., 2016)

Level O Empirical open loop | No automation, irrigation systems are
irrigation controlled manually; irrigation rate is
determined using farmers observatior
and experience.

Level 1 Timebased operoop | Simple automation of irrigation systen
irrigation using a timer with no sensor inputs ar
is based on farmers observation and
experience
Level 2 Feedforward open Automated irrigation which maces
loop irrigation water at the rate of evapotranspiratior

and crop use; the system uses senso
or weather station data to determine
the irrigation rate and timing.

Level 3 Closedoop irrigation | An automated irrigation system which
applies irrigation based on-field
sensor data which detect
predetermined low thresholds and
stops irrigation when sensors detect &
predetermined high threshold; it is
often based on soil water content.
Level 4 Model-based closed | All irrigation systems are automated
loop irrigation with a mathematical model which
optimizes the irrigation rate based on
predictive algorithms.




Precision irrigation is currently at Level 1 to 2, with attempts being made to increase
automation to Level 8Lozoya et al., 201@nd Level 4Seidel et al., 2015)s the level of
automation within an irrigation system increases, more data collection is necessary to
create an accurate representation of conditions within a field. Soil mostus®r data

can help with this process, but sensors must be installed using a design that captures the
spatial heterogeneity within the field. This may mean that many sensor stations are
required throughout the field. Weather station data may also be tspdovide

information for evapotranspiration rates, such data should be collected as closely to the
field as practically possible. This level of data acquisition can be expendineeand
consumingand the interpretation of the data acquired requires mexpertise than

current assessments of soil conditions and water availability for irrigation scheduling

(Sadler et al., 2005)

Precision irrigation systems, which can be adjusted tespieific differences within a

field and are automated by prescrimi maps, are also known as variable rate irrigation
systemgEvans et al., 2013yRI systems utilize-field measurements and mathematical
modelling to create irrigation management strategies that may vary within a field
depending on environmental factoand differences in crop water requireme(itezoya

et al., 2016; Vukobratovic et al., 201@urrently, VRI systems are commercially available,
but have not been widely adopted by producaue to the expense of installing the
systems Those promoting precision irrigation technology have made claims about how
the technology can benefit individual farm operat(sans et al., 2013)The potential

benefits of precision irrigation are the positive effect that the technology may have on
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crop production by improving resource use efficiency. VRI has been shown to use
approximately 30% less water compared to conventional irrigation sy@t&aghkverdi et

al., 2015)which is becoming a more important aspect to farming as climate change
impacs typical water cycleBrecision irrigation technology can be used to reduce-over
and undefirrigation in specific parts of fields, thereby having the potential for increased
yields in heterogeneous fiel@Svans et al., 2013; Lozoya et al., 2016).dntadly, by

using different irrigation rates throughout a single field, nitrogen lea¢kimdgen et al.,
2000)and the topsoil erosion are also reduc8aespecific salinity problems may also

be addressed by mapping the highly saline areas and dafligeaém into separate
management zones that can have different irrigation rates from the rest of the field
(Alaba et al., 2016). Topographic differences can be separated into management zones
using slope and elevation as varialffesdgen et al., 2000J here is also a promise of
improved products from VRI systems; improving the quality of products has been
suggested as another benefit of using VRI sys{Erans et al., 2013 owever, there

are very few studies on how VRI can improve yields; most stisdiate have focused

on either water managemeifLozoya et al., 2016; Rowshon & Amin, 201 @he
development of tools to improve the delineation proc@sgans et al., 2013; Haghverdi

et al., 2015)

VRI systems are controlled in two ways. The fitetasigh varying the travel speed of
the center pivot during its rotation; these are described as sedoirolled systems (Fig.
la). In secterontrolled systems, the travel speed of the system is increased or

decreased to change the irrigation applicatrate.
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Sector controlled VRI Zone controlled VRI
a o}

Figurel: Examples of management zones for sector controlled (a) and zone controlled (b)
variable rate irrigation systems

A GPS tracker system mounted onto the pivot arm helps control the speed as the pivot
systemmoves around the field. Management zones for sectmtrolled systems are
shaped like wedgeg&igurela). The second is through control of the sprinklers: these are
described as zoneontrolled systemdH{gurelb). Variable flow rate sprinklers can vary

the effective irrigation rate by opening and closing the sprinkler {i&ad et &, 2005;

Sadler et al., 2005)lanagement zones are shaped like concentric circles overlaid on top
of the wedges (Fig 1b). Because of the level of automation necessary for implementation,
zone controlled/RI requires the highest amount of data collectiball the precision
irrigation techniques. The adoption of VRI in agriculture has been slow, because of high
costs which is explained by the increased cost of VRI systems and the costs associated
with the collection of data for the field, which includee intensive monitoring required,
and the expertise necessary for the technology to be successfully impleni8ati#dr et

al., 2005).



2.3 MANAGEMENZONEDELINEATION

Delineation of management zones is a critical step in precision irrigation water
managementBecause precision irrigation techniques incorporate the spatial variability
of plant available water, drainage conditions, infiltration rates, and soil water holding
capacity rather than the average of these variables as is done with conventionabrrrigati
techniqueqLozoya et al., 2016napping these attributes the first step in delineation.
Direct determination of these variables is the@suming and often requires significant
disturbance, thereforéndirect, proxy variables are preferr¢tlaghverdet al., 2015)
Topography and soil apparegiectricalconductivity(ECaare useful and popular for two
reasons; first, they can be measured with an automated tool at a high spatial density
throughout an entire field, and second, they require less ineasimpling or laboratory
testing. ECa features weltablished correlations with soil texture, bulk density, organic
matter content, and cation exchange capaiiaba et al., 2016; Brady, 2008; de Lara,
Khosla, & Longchamps, 2017; Haghverdi et al.,)20%kg ECa to directly predict soll
texture has been explored, but due to the confounding factors of soil moisaliaty,

and organic matter, ECa can only be partially correlated with soil t€kaf@utcheon et

al., 2006) Fridgen (2000) explored the use of topography and ECa to create management
maps in a field. The topographic details that were assessed were slope and elevation.
There are clear correlations between topography, slope, soil texture and ECa, and the
effectthese characteristics have on hydraulic conduct{#itsba et al., 2016; de Lara et
al., 2017; Fridgen et al., 2000; Haghverdi et al., 2@&ltrnatively, it has been suggested

that an analysis of historical yield maps would provide a better indiadtjgant water
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use(Haghverdi et al., 2015Yield measurements in single field studies show that
depressions outperform those on hills, unless ponding occurs, because of the higher
moisture content found in toslopes(Fridgen et al., 2000However, thisnay not

provide the most appropriate information for the creation of management zones,
because temporal differences of yield are difficult to determine, and yield is affected by

other factors including pests and disease which differ from year to year.

Ddineation of management zones uses decisi@mking computer software by necessity.
Soil properties which affect infiltration, water holding ability and drainage are never
discrete and rely on a continuum of data points for assessment. As delineatidnes def

by creating clear boundaries surrounding areas with similar properties, it is necessary to
determine where a data point lies along a spectrvarious soil properties may have
different spatial distributions; management zone delineation based onpiaulti

properties can be achieved using statistical clustering mett#ddba et al., 2016; de

Lara et al., 2017; Haghverdi et al., 2015; Haghverdi et al.,. Fi&iple component
FylLfeara Aada dzaSR (2 RSUSNX¥YAYS IdftasktyyRA A R dzl
decoupling dependant variables and assessing them as independent vgHaiglegerdi

et al., 2015)Haghverdi, et al (2015) explored different modelling techniques which are
used in the determination of management zones. The methods examiaedehof

fuzzy kmeans, Gaussian mixture, integer limiting programming (ILP), and lterative Self
Organizing Data Organizing Technique (ISODATA). These modelling methods are all
unsupervised clustering tools; unsupervised clustering uses algorithms tifyidargters

within a data set while supervised clustering utilizes the experience of the software user
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and requires controlled sites to train the algorithm. The benefit of using unsupervised
clustering is that a user does not have to be trained to usedfiare or be familiar

with the site, as unsupervised clustering use iterative processes that analyze the data into
bestfit clusters(Fridgen et al., 2004All four methods performed similarly in the
determination of management zones; the methods wassessed using the overall

variance of available water capaditlaghverdi et al., 2015l methods also identified

the same number of optimal management zo(téaghverdi et al., 2015fuzzy fneans
analysis benefits from being widely used, simple dinclent at determining clusters
(Haghverdi et al., 2019j is the method used by the Management Zone Analyst software
(Fridgen et al., 2004a popular operational package to determine management zones
(Alaba et al., 2016; Aaadi et al., 2015; de Laehal., 2017)The Management Zone

Analyst software features built evaluating tools which can assess the optimal number

of management zones that need to be employed within a field. This is an important step
in management zone delineation as the numbiemanagement zones should limit the
variability of the measured field characteristics while not creating more management
zones than necessary. Evaluating the optimal number of management zones in the
statistical clustering process involves two measuhesfuzziness performance index

(FPI) and the modified partition entropy (MPE). The goal of management zone
delineation is to minimize the value of both FPI and MPE to assure the delineated zones
have minimal overlap (FPI) and the smallest amount of disiaegeon (MPE(Boydell &

McBratney, 2002)
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2.4 CONCLUSION

The effects of VRI on decreasing water use in irrigated agriculture has been
demonstrated in some environmer(Sadler et al., 2005pelineation methods for
management zones based on proxy variatdesoil properties & drainage

characteristics have been established. However, firm evidence of the effects of VRI on
yield improvement is limited. An important factor here is that methods for irrigation

scheduling in management zones based on multide fieperties is poorly understood.
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CHAPTER BIETHODS

3.1 HELDDESCRIPTION

The study site for the 2018 and 2019 field seasons is located at Alberta Irrigation
Technology Centré19.6903 N;112.7341 W, 8 km east of Lethbridge, Alberigure2

A&B). The mean elevation for the field site is 907.2 m with a minimum elevation of 903.6
m and a maximum elevation of 911.9 m. The/&@r mean annual precipitation (1981
2010) at the Lethbridge airport weather station, located approximately 7 km fem t

field site, is 360 mm of precipitation throughout the year, with 250 mm falling in the
growing seasofGovernment of Canada, 2019he average growing season begins May
14 and ends October 27, consisting of 166 days. The average number-ie&asys in
Lethbridge is 124 days; the average date for last spring frost is May 17 and the average
date for the first fall frost is September @@overnment of Canada, 201Jhe climate

for the study area is characterized as Dfl§A&kerman, 1944yith warm,dry summers

and cold winters which are broken up by strong orographic winds from the west. The
mean annual temperature is %9 withaverage minimum and maximum growing season
temperatures of 3.8C and 26.4C(Government of Canada, 2019he average anall

wind speed is 18 km/h.

The field is approximatey® p mm?and is divided into quarters which are managed
using a fowyear crop rotation of spring and winter wheat, potatoes, and sugar beets.
Irrigation water is withdrawn from St. Mary River arglijgplied by the St. Mary River

Irrigation District (SMRID), one of 13 irrigation districts in Southern Alberta. The field site
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is located on Orthic Dark Brown ChernozemigAgiliiculture and Agfrood Canada,
Research Branch & Alberta Agriculture, FaatiRural Development, Conservation and
Development Branch, 200@jth a sandy clay loam textu(€ari et al., 2017Russet
Burbank potatoes were chosen as the experimental crop and were seeded in the

northwest quarter in 2018 and southwest quarter in 2(Rigure2C).

The field is equipped with a Valley model 8000 center pivot irrigation system with 5
spans, a length of 29% and 129 sprinklers. The gpkler system is a low elevation spray
application package where sprinklers are installed on drop tubes approximately 2 m
above ground level. Each sprinkler consists of a Nelson rotator sprinkler nozzle (R3000,
D6-Red) and 1.2 bar pressure regulator (Nelsagation Inc., Walla Walla, Washington,
USA). The center pivot irrigation system was retrofitted with a Valmont VRI zone control
system in 2012yhich divided the lateral span into 12 sprinkler ballsch sprinkler

bankconsiss of 10-12 individual sprinklers.
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Figure2: General ge map for study areas in 2018 and 2019.
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3.2 MANAGEMENZONEDELINEATION

The delineation of management zones was not a topic of study andexiptieg
management zone map wased to select the experimental plots. The management
zones were delineated in 2013 by Yari €2@IL7)with the Management Zone Analyst
software(Fridgen et al., 2004)sing ECa and elevation. ECa data was collected using an
EM38 instrument (Geonics lited, Mississauga, Ontario, Canada) and Veris 3100 (Veris
Technologies, Inc., Salina, Kansas, ,U&4)ng out the northeast section due to-going
farm operations The point data was used to predict ECa for three quarter sections using
the ordinary krighg interpolation method in ArcGIS (version 10.2.2, ESRI, Redlands,
California, USAFigure3A). The elevation point data was obtained using a real time
kinematic globbnavigation satellite system receiveigure3B) which was kriged the

same way as ECa to produce an elevation map. Ya(Rétld)usedthe Management

Zone Analyst software partition data into clusters. The clustevere evaluated by the
software which attempd to reduce the weighted withigroup sum of squares errors by
evaluating clustering characteristics using FPMiRBto identify the optimal number of
clusters. The minimum FPI adEwere calculated for three clusters, indicating that
three management zones were optimal. Three management zones were delineated from
the results, producingigured. After the management zones were delineated, soil

textural properties, pH and organic matter were evalualeble2).
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Figured4: Management zone mageveloped by ari et a(2017)

Table2: Summary of sgiroperties from Yari (2017). Percent of sand, silt, @tely
organic matter (OM), and pH are summarized.

ZONE SAND(%) ALT(%) QAY(%) PH OM(%)

1 50.2 24.4 25.4 7.74 2.57
2 52.9 23.8 23.3 7.80 2.61
3 53.3 23.3 23.4 7.76 2.59

3.3 PLOTSELECTION

Using the management maphkigure4, management zones 1, 2 and 3 accounted for

36%, 38% and 26% of the total area in the 2018 study area, respeeiiveBlbo, 38%
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and 54% in the 2019 study area. The irrigation applications under the normal operating
procedure used level 0 automatiflnozoya et al., 2018)here the operator made
irrigation decisions with observations and experience rather than usingrsenbke field
was irrigated using uniform irrigation managemg@itM)except where ponding was
observedPlots were delineated fromlhree management zoreto examine the effects of
site-specific irrigation manageme(®SIMpn soil moisture and potato yeelYield and
soil moisture comparisons between uniform irrigation management (UIM) and SSIM
could be examinedybapplying SSIM treatments to the plots and using the normal
operating procedure for the rest of the fielthe plots were selected using the
management zone map created by Yari ¢2@17) The plots were selected under the
7 and 8" sprinkler banks in 2018 an# &nd 7" sprinkler banks in 2019. Each
management zone had a single plot approximately 400@xuoept the plot in MZ1

2019, where a lack of space required the plot to be 1760 m
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3.4 VOLUMETRIMVATERCONTENOBSERVATIONS

The height of th effective root zone for potatoes has been shown to be 60 cm from the
top of the ridge(Stalham & Allen, 2004) his depth was chosen as the maximum sensor
installation depth. The SSIM plots were installed with four soil moisture sensors in 2018
and fivesoil moisture sensors in 2019. In the SSIM 2018 plots, four HOBO 10HS soil
moisture smart sensors (modeBMDMO005) were installed horizontally in the soil at 15,
30, 45 and 60 cm from the top of the potato HMl.UIM observation stations, soil
moisturesensors were installed at the same depths as SSIM; however, Acclv@h5TDR
soil moisture sensors were used instead of HOBO 10HS soil moisture smart Bensors.
2019, dter laboratory experiments describedAppendix were conductedit was
determined that ertical installation was more accurate when sensors are placed 15 cm
apart. The installation was changed to accommodate these findin§SIM plotsptir

HOBO 10HS soil moisture smart sensors were installed, whereby two were installed
horizontally at 15 cm and 25 cm and two were installed vertically in boreholes at 30 cm
and 50 cm, extending 10 cm into the soil profile. Additionally, a HOBO EC5 soil moisture
smart sensor (modeltSMCGMO005) was installed horizontally at 5 cmtia UIM

monitoring stationsthe sensors were installed vertically in boreholes at 5, 20, 35 and 50,
extending 15 cm into the soil profile. Soil moisture data was downloaded no later than 24
hours before a scheduled irrigation event. Once the soils moisture dattowatoaded,

the observations were corrected using the soil specific calibration.
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2018 installation 2019 installation

Figure6: Sensor installation in 2018 & 2019

3.5 SILCALIBRATIORROCEDURE

A 2334 mL container was used for calculating a calibration line for HIHBOs0il

moisture smart sensors, Acclima T8RS soil moisture sensors and the Stevens HydroGo
portable moisture probe. Soil was collected from three sites randomly selected in the
study area. The soil was ovened and mechanically ground to remove aggtes and
homogenize samples. Gravimetric water content was used to adjust the water content of
six1kg soil samples in 0.6§ kgincrements. The rewetted soil was packed into the
container and weighed. One sensor was placed vertically through the oéttter

sample. Soil moisture observations were taken every 10 secs for 5 mins and averaged at
the end of the run. The soil was oven dried to determine bulk density and volumetric
water content of the sample. This was repeated with 4 different HOBO 100HS so

moisture smart sensor for a total ofdns per GWC increment. The procedure was
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repeated with Acclima TEGR5 soil moisture sensors. To calibrate the Stevens HydroGo
portable moisture probe, it was inserted into each of the samples at the end ofueach r
and read out three times and averaged. The average of each of the runs was compared
to the calculated VWC to create a calibration line for each sensor type. The 10HS

calibration line waalsoused for the EC5 sensor.

3.6 SOILMOISTURBURVEY

Soilmoisture surveys were conducted using a Stevens HydroGo portable moisture probe
on various dates throughout the 2018 and 2019 growing se@sgure?7). Soil moisture
survey data was collected on July 19, Aug 2, Aug 16, and Aug 23 in 2018 and on July 10,
July 22, Aug 9, Aug 28, Sept 2, and Sept 17 in 2019. The data was used to produce soil
moisture maps for the study area. In 2019, points were added to the soil moigtuey s

to improve prediction accuracy.
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Figure7: Soil moisture survey points in study areas for 2018 and 2019.

3.7 WEATHERBSERVATION

Weather observations were used to calculate the reference evapotranspiration. Daily
observations were downloaded from the weather station located at AITC (49.6867 N,
112.7449 W, elev. 906.87m ASL) with the current and historical Alberta weather station
viewer (Alberta Agriculture and Forestry, 2018he daily reference evapotranspiration
was calculated using the Penmslionteith procedure in the FAB6 guideline(Allen et

al., 1998Eq. 1)
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WhereET is thereferenceevapotranspiratiofmm/day), R, is thenet radiation at the
crop surfacéMIYm?/day), Gis thesoil heat flux densitftMYm? day), Tis theair
temperature at 2 m heightQ, uz is thewind speed at 2 m heigkin/s), esis the
saturation vapour pressuf&P3, ea is theactual vapour pressur@&P3g, gpis theslope
vapour pressure cur@Pd°Q, and’ is thepsychrometric constar(kPd°Q. The
weather station alscecordedareference evapotranspirationhich was averaged with

the reference evapotranspiration calculated using Eq 1.
0"Y QO"Y Eqg. 2

A linear interpolation of the FAO potato crop coefficients from a-aecheénvironment
at four growth stagegk) was applied to the daily reference evapotranspiration (&)
using E@®. The weather data was also used to calculate growing degre¢Mealytaster

& Wilhelm, 1997Eq. 3.

oo & Y Yo, = Eq. 3
OOOIA@C— Y fm

WhereGDDis thegrowing degree daysY is thedaily maximum temperatur@Q,
“Y is thedaily minimum temperatur€Q, and’Y is thebase temperaturé°Q,

which was set at®.

3.8 IRRIGATIORROCEDURE

The AITC irrigation schedule was set by the operator with irrigation applications occurring
on Tuesdays and Thursdays, which limited the study to varying the irrigation rate on pre

defined dates. The soil moisture observation equipment did not directiyatecthe
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irrigation systenor automatically create arrigation application via a feedback loop.
Instead, the observation data was downloaded 24 hrs prior to a scheduled irrigation
eventand used to determine the amount of irrigation necessary for elthThe
management strategy for the siggpecific irrigation plots used a maximum allowable
depletion trigger where the total soil water content was not allowed to fall below MAD.
MAD was defined as when soil water falls below 80% of the total avaiktilewhich
corresponded with a VWC of 22.5% or 169 mm/60 cm. Total available water was
determined using recommendations from Alberta Agriculture and Forestry using the
sandy clay loam parameters for field capacity and permanent wilting pbantMAD and
total available water was assumedi®the same throughout all three management
zones.Soil moisture data was downloaded the day before a scheduled irrigation event,
and it was used to calculate the total water content for the effective root zone. The
average daily water loss was calculated using the change in effective root zone water
content in the preceding 482 hrs without precipitation or irrigation events. The average
daily water loss was used to forecast the daily water loss until the next imigatat. If

the water content in the effective root is forecasted to drop below MAD before the next
irrigation event RPoint B or-igure8), an irrigation event would be scheduled for the
preceding irrigation evenPpint A orfFigure). If the water content in the effective root
zone was above the maximum allowable depletion level and not forecast to fall below
MAD before the next irrigation event , no irrigation was scheduled for the current event
(Point D orfigure8). The procedure for downloading and forecasting the data would be

repeated before the next scheduled irrigation event to account for changing conditions
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during the interim periodRoint E orfFigure8). The water quantity for an individual

irrigation application was calculated by subtracting the VWC calculated in the soil profile
from the field capacity VW@dnt C onFigure8), unless the water requirement

exceeded 25 mm, which was the estimated maximum infiltration rate of the soil. When

this occurred, the total requiremémvas divided into two successive applications.
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3.9 QOROFCHARACTERISTICS

Russet Burbank potatoes were used as the crop for this study in 2018 ané®®@@itS.
planting occurred on May 17 in 2018 and May 9 in 2019. During the growing period,
observations of the potato plants were made to help determine growth steigies

were wsed todetermine crop coefficient for E®alculation. Harvesting occurred on
September 17 in 2018 and September 16 in 2B&&toeswere harvested fronthe

three SSIMplots and fronthree management zones under uniform irrigati@mples
consisted of ptatoes harvested from a single 3 m rand were replicated three times in
each SSIM plot and UIM zdioe a total of 18 samplesiarvested potatoewere counted
and graded by weight. Five graded categories were used: less than 113.g01{,3L70
284 ¢,284-396 g and greater than 396 g, witlarketable potatoesonsisting of

potatoes between 113 g and 396 g without deformitiElse number of potatoes in each
category vasrecorded and each category was weighedalculatetotal weight,
marketable weighttotal numbers, and marketable numbefsweighted average for the
field using the area of each management zone will be used to estimate the average yield

for each study area

Statistical analysdf total weight, marketable weight, total numliseand marketable
numbeiswas conductedising ANOVAultiple means comparisqp=0.05) Differences
wereevaluated within the set of SSIM samples, within the set of UIM samples and
between the SSIM and the UIM samples in each managementizageificant
differencesan the meansverefound, the Fisher pairwise comparisoasusedto
identify groupings.
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3.10 GEOSTATISTICANALYSIS

The soil moisture survey data was usethterpolate a continuous surface map using
three kriging methods with RStudio (2016) and the following R packagedVickham,
2011) dplyr(Wickham et al., 2019)aster(Hijmans, 2019ygdal(Bivand, Keitt, &
Rowlingson, 2019%p(Bivand, Pebesma, & GoraReabio, 2013)gstat(Graler, Pebesma,
& Heuvelink, 2016 EnvStat¢Millard, 2013) rgeos(Bivand. & Rundel, 201 3hir

(Malone, 2016and MAS$Venables & Ripley, 2002he ShapirdVilk test determined
whetherthe VWC, digital elevation deaad ECavere normally distributedThe data
collected on Jy 22, 2019vas interpolated using three kriging methods: ordinary kriging,
universal kriging, and daiging with elevation and E@adetermine which method
resulted in a continuous map with the highest accur@eglinary kriging dissects the
variation of a georeferenced dataset into two sources: variation which is random and
spatially uncorrelated, and variation that is spatially cateel or autocorrelated

Ordinary krigingisesthe modet

Oi - Eq. 4

Where® i is the targeted variable;is an unknown constajand- i is a spatially

correlated stochastic part of the variation.

Universal kriging adds a deterministic trend component to the spatial corretatt

uses the model
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Wherew i is theestimation of the targetedariable, i isa deterministic function
and- i isthe spatially correlated stochastic part of the variatiGorkriging uses other

georeferenced variables to predict the targeted variaiplé uses the model

Eq. 6

Whered' is the estimation of the targeted variable

,_ 2 _Xare theprimary variable
at¢ locationsf ,1 X T Xand' ,[ XTI are the secondary variablesétandr

locations& , & X&,0,0 X0,ando6 ,6 X6 are the weights given to each variable.
Semivariogramwere calculated for each method using:

Eq. 7
p q

F cu Q

G Q adw

wherel "Q is the experimentaemivariogranvalue at distanc&® 0 "Q is the number

of sample pairs at distané@anda @ "Q anda @ are two sample points separated

by distancéQ The semivariograra were used to determine if VWC was spatially
correlated and to summarize the spatial variability if spatial correlagoa found.If

there was evidence @patial correlation, the data was modelled using each of the kriging
methods.The strength of the spatial correlatisrasdetermined using the nugg¢o-sill

ratio (Eq 8)

5
6 Y Eq. 8
0 (0]
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The nugget varianced}@and the total sill (C-oPwere used to determine the nugget-

sill ratio (NTSA ratio of <0.2%vasconsidered strongly spatially dependent, GR35
wasconsidered moderately spatially dependent, and >W@Sconsidered wedi

spatidly dependent(Canbardella et al., 1994%everal theoreticaemivariogranmodels

were tested for each kriging method: Gaussian, circular, spherical, and expoméetial.
theoretical models were assessed with model validation using-teeeveut cross

validation (LOOCYV) procedure. LOOCV is used when an additional independently sampled
data set is unavailable and the data which was collected is sparse. LOOCV usas leaves
data point out of a sample fits the model to the data subset1 and uses this model to
predict the leftout data point. The process is repeated for afl tf calculaten

predicted values. The predicted and observed values fir@petitionswere used to
calculategoodnessof-fit statistics using the R packatjgr (Malone, 2016yvhich

computed he coefficient of determination, concordance, MSE, RMSE and b&s

coefficient of determination was calculatasding:

. ¢ Bow Bw Bw
! Eq. 9
¢Bw Bw ¢Bw Bw

Wherei is the coefficient of determinatios, is the number of observations, anshnd

wis aset of paired observations to be correlat@the concordance was calculated using:

c ? ” ”

Eq. 10

Where” is the concordance correlation coefficiehts the correlation coefficient

between two variables,, and, is the standard deviation of two variablgs,and,,
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are the variances of two variables, andand‘ are the means of the two variabl@he

MSE was calculated using:

DYO - & & Eq. 11

Where the MSE is the mean square er¢ais the number of observation&, is the
observation®f a variable, and the are the paired predictions of the variabldhe RSME

was calculated using:

YO "YOWMD YO Eqg. 12

Where the root mean square error (RMSE) is the square root of the calculated value of

Eq.11. The bias was calculated using:

W W Eqg. 13
3

0D

Where6 "Qadsithe bias of the predicted values relative to the observed vahisshe

observed valugwisthe predicted valugand¢ is thenumber of paired values

Once these calculations were completdtk tnost accuratesemivariogranmodel from
each kriging method was then compared to each otiséng LOOCV resuttsdetermine

which kriging method showed the most accurate predictions.

After the kriging method was determined, the remainder of the soil oreisturvey data
sets were also processed to create continuous soil moipteaictionmaps for 15 cm
and 30 cm depths at each date, adjustinggbmivariograrma to determine if spatial

correlations exist in the rest of the data sets. The mean VWC waktaldor each map
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and subtracted from the raster values to create a normalized VWQ@omeach date
The normalized VWC maps wegreuped by year anstacked using the R packagster
(Hijmans, 2019)Aseasonahverage and standard deviatiomere calalatedfrom the
stacked normalized VWC mdpsvisualize seasonal trendde normalized seasonal
averagevVWCvalue was calculated for each management zone in both yesrg
ArcMapto determine if there wergeneralizedlifferences between the management
zones soil water contenthese comparisons cannot be confirmed with statistical
methods due to the lack of independence when using tHeriging method to create

prediction maps.
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CHAPTER RESULTS

4.1 WEATHER

4.1.1 2018

Daily average temperature from the planting date to the harvest date in 20180488
during the growing period, with a cumulative 1448 growing degree days.
Evapotranspiration ranged from 0 to 8.8 mm/day with 98 out of 123 days after planting
exceeding @QFigure9). There was 115 mm of rainfall during this period. Uniform
prescriptions were 12 or 15 mm per irrigation eventreents, totalingt40 mm of
irrigation throughout the growing seasdfigurel0A). Each SSIM plot received different
irrigation amountsSSIM-2018received217mm inl15irrigation eventsSSIN2-2018

received250mm inl17irrigation events, an&SIN8-2018received393mm in25

irrigation eventgFigurelOB).
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Figure9: Temperature and evapotranspiration data from M&y 2018 to Sept 17, 2018.
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4.1.2 2019
Daily average temperature from the planting date to the harvest date in 20195¢88

with a cumulative 1434 growing degree days in 2019. Eapspiration ranged from O
to 7.2 mm/day with 98 out of 131 days after seeding exceed{rgyQrell). There was
154 mm of rainfall. Uniform prescriptions ranged fromé to 18 mm per irrigation
event in24 events, totalingd54 mm of irrigation throughout the growing seaséigure
12A). SSIMR2019received278 mm inl19irrigation events, SSIM2019received207 mm
in 14 irrigation events, and SSIM®19received213mm in K irrigation eventsKigure
12B).
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4.2 SOILMOISTURE

4.2.1 Calibration of Soil Moisture Sensors

Calibration lines were calculated for @libratesoil moisture sensor data the soil in

the study areaTheStevengalibration was used ddtevens HydroGo portable moisture
probesurvey data, the Acclima calibration line was used on Acclima@IH3®Il

moisture sensors, and HOBO calibration line was used on HOBO EC5 and 10HS soil
moisture sensor@Figurel3). The best Acclima and HOBOware soil calibratimetions
werea polynomial trendline with coefficient of determinatid)(of 0.9901 and 0.9894
respectively Table3). The best Hydrarobe soil moisture calibration was a linear

trendline with a coefficient of determinatioR®j of 0.9857 Table3).

45%
Stevens

40%
@ HOBO
35%

A Acclima

w
o
=

Linear 25%
(Stevens)

20%

Poly.

(HOBO) 15%

Measured VWC (m3/m?)

Poly.
(Acclima) 10%

5%
0%

0% 10% 20% 30% 40% 50%
Calculated VWC (m3/m?)

Figurel3: Calibration data used for correcting moisture sensor data and the
corresponding trend lines
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Table3: Calibration equations uséal correct moisture sensor data

SNSOR EQUATION R
HOBWARE |® p8tp WO T O 0.9894

STEVENS | 0 P8t TT @u 0.9857

ACCLIMA (o Y pmmtw T&p qu 0.9901

4.2.2 2018
Uniform irrigation

VWC data obtained from UIM monitoring stations is present&tgureld. Soil moisture
sensors for management zone 1 and 2 were connected to the same data logger and
stopped reading from August 7 to September 7. The data logger used for management

zone 3 was broken before installation and was not replaced until A2@ust

The soil profile in UIM1 and UIM2 displayed a high VWC in the 60 cm sensor and a
noticeably lower VWC in each subsequent sensor. The soil profile in UIM3 differed where
the daily differences between sensors was small and varied throughout the dataset. Data
collected from UIM3 falls between 0.204 and 0.271 for all sensors while management
zone 1 and 2 show distinct differences between each of the sensors with no overlap
between sensors at different depths. The precipitation events observed in UIM 1 and 2
did not generate an observable response in individual sensors at all dEgtise(4),

but precipitation did generate a walefined response in UIM3.
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Figurel5: Total volumetric water content (mm/60 cm soil) in three
management zones (UIM1, UIM2, UIM3) receiving uniform irrigation
applications, 2018

Soil moisture sensor readings were analyzed for precipitation responses occutring wit
the 48 hours after a precipitation eveftabled). In UIM1 between 48% an@5% of the

total average VWC respongeprecipitation event®ccurredin the first 24 hoursand in
UIM2, between 51% artiB% of the response@asoccurred irthe first 24 hrs. Although

the response was higher in the lower depfhable4), the response was not observable

in most precipitation events and occurred when the response was high in all sensors. In

the shorter monitoring periotbr UIM3 the first 24 hours contained between 64% and
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95% otthe precipitationresponses in the 48 hasifollowing an event. Some of these
responses fall below the margin of error of the Acclima senBbespeak of the VWC
response to precipitation lagged by between 1 and 24 hours after the recorded event,
with the quickest response occurring in the shvalé@nsors and longer lags observed in
each depth. This was a result of the attenuation of the infiltration front in the soil profile
and the revolution time of the irrigation piv@espite the low signal response in the
sensors after precipitation, a rempse was observable when the data was integrated,

and soil moisture calculated for the 60 cm prdfigurelb).

The VWC levels in the 30 cm profile began a gradeatdse after July 12 in UIM2, while

in UIM1, a decrease was observed in the period immediately before the sensor
malfunction. A decrease in UIM3 could not be confirmed. The VWC levels in the 45 and
60 cm depths exhibited a gradual, constant decreasetbeenonitoring period in both
UIM1 and UIM2. Over the monitoring period, the 60 cm soil moisture profile became
drier in UIM1, with losses of 8%, 4%, 2%, and 4% in the 15, 30, 45, and, 60 cm sensors
respectively, for a total G22mm/60cm in the entire piide. The soil moisture profile in
UIM2 alsdoecamedrier over the monitoring period, with losses of 4%, 3%, 1%, and 1% in
the 15, 30, 45 and 60 cm sensors respectively, for a tothbofm/60cm in the entire

profile. The soil moisture profile in UIM3pleged an increase in soil moisture over the
monitoring period, with a gain of 4%, 4%, 7%, and 5% in the 15, 30, 45, and 60 cm

sensors respectively, for a total of +28 mm/60cm in the entire profile.
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Table4: Average precipitatioresponse with standard deviation (st dev) to uniform
irrigation in the UIM1, UIM2, and UIM3 monitoring stations.

UiM1 UiM2 UiM3
SENSOF Average St dev Average St dev Average St dev
15cm| 0.026 0.037 0.006 0.003 0.034 0.018
30cm| 0.010 0.002 0.007 0.003 0.029 0.026
45cm| 0.000 0.002 0.005 0.001 0.036 0.030
60cm| 0.005 0.009 0.012 0.004 0.020 0.012

Sitesspecific irrigation
The soil profiles in SSIM 1 and 2 featured a high VWC in the 45 cm and 60 cm sensor

which frequently weraindiscernible from one another. The sensors installed in 15 cm
and 30 cm in SSIM 1 diverged from each other with the 15 cm sensor showing much
lower VWC readings for the entire time series, while the 30 cm sensor readings were
consistently between thosedm the 15 cm and the 45/60 cm sensors. The soil moisture
levels in the top 30 cm of the solil profile in SSIM 2 overlapped, with the 15 cm sensor
readings diverging from the 30 cm readings after a precipitation event and converging
back to the 30 cm VW(Ctime subsequent days. The SSIM3 soil moisture levels in the top
30 cm of the soil profile also exhibited this divergence/convergence trend, and the 45 cm
and 60 cm sensors displayed a small difference between the VWC readings throughout

the time series.
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The precipitation events observed in SSIM 1 generated an observable response in the 15
and 30 cnsensors early in the seasdfidire 16). However, a malfunction was

discovered when a response was not observed after several rainfall events and a new
sensor was insti@d on Aug 8, leading to a decline in VWC readings. A good response to
the Aug 27 precipitation event was observed, which was also the last precipitation event
greater than2mm. Precipitation events in SSIM 2 and 3 did generate good responses in
the indivdual sensors except in SSIM 3 after Aug 1, where precipitation eveatsebec

unobservable and after Aug 17 in SSIM 2, where responses unassociated with
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precipitation are observe&oil moisture sensor readings were analyzed for precipitation
responses ocaung within the 48 hours after a precipitation evenable5). In SSIM1,
between 73% and 98% of the total average VWC response to precipitation events
occurred in thdirst 24 hours, and iI83VI2, between71% andL00% of the response was
occurred in the first 24 hrén SSIM 3between 61% and 99% of the total average VWC
response was observed in the first 24 ho@sme of these responses fall below the
margin of erroof the HOBO sensorEhe 60 cm sensor in all plots, there was often no
direct link to an increase in VWC and precipitation. The peak of the VWC response to
precipitation lagged by between 1 and 24 hours after the recorded event, with the
quickest responseccurring in the shallow sensors and longer lags observed in each
depth. This was a result of the attenuation of the infiltration front in the soil profile and
the revolution time of the irrigation pivot. Thesponses to precipitation were also
observal® when the data was integrated, and soil moisture calculated for the 60 cm

profile Figurel?).

In SSIM1, the VWC levels in all sensors displayed a grtadiedse beginning shortly

after installation. This continued for the entire monitoring period for the 30, 45 and 60
cm sensors. The 15 cm sensor disglaydistinct drop when a malfunctioning sensor

was replaced and a steep incline after the Aug 27 pitation event. The VWC levels in
SSIM2 were generally maintained in the 15 and 30 cm sensors with increases after
precipitation, while the 45 and 60 cm sensors displayed a small gradual decrease during
the monitoring period. In SSIM3, a small gradualedeser was observed in all sensors

over the monitoring period with increases observed after precipitation in the 15 and 30
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cm sensors. Over the monitoring period, the 60 cm soil moisture profile became drier in
SSIM1, with losses of 10%, 6%, 4%, and 3% kbtI80, 45, and, 60 cm sensors
respectively, for a total GBB9mm/60cm in the entire profile. A small increase in soil
moisture within the 60 cm profile in UIM2 over the monitoring period was observed, with
a change of +1%, 0%%, and1% in the 15, 3045 and 60 cm sensors respectively, for a
total of +2mm/60cm in the entire profile. The soil moisture profile in SSIM3 displayed a
decrease in soil moisture over the monitoring period, with losses of 3%, 2%, 4%, and 4%
in the 15, 30, 45, and 60 cm sensa@spectively, for a total 69 mm/60cm in the

entire profile.

Table5: Average precipitation response with standard deviation (st dev) to uniform
irrigation in the SSIM1, SSIM2, and SSIM3 monitoring stations.

SSiM1 SSIM2 SSIM3
SENSOF Average St dev Average St dev Average St dev
15cm| 0.029 0.022 0.028 0.016 0.045 0.023

30cm| 0.003 0.002 0.016 0.011 0.023 0.015
45cm| 0.001 0.000 0.004 0.005 0.003 0.0(8
60cm| 0.002 0.001 0.000 0.000 0.000 0.000

4.2.3 2019
Uniformirrigation
The soil profile in UIM1 displayed a hiffequently overlappingWC in the 30, 45, and

60 cm sensoanda noticeably lower VWC in the 15 cm sensor. The soil profile in UIM2
displayed high VWC levels in the 30 cm sensor throughout the monperiiog, an
intermediate VWC level which frequently overlaps in the 45 and 60 cm sensors, and a

drier VWC level in the 15 cm sensor. In the beginning of the season, the soil profile in
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UIM3 showed distinct differences in the daily data between the 15 @nain@l 45 and 60
cm sensors, followed by a period where sensor data at the different depths converge and
diverge rapidly, with a stabilization of VWC and less difference between any of the

monitored soil layers than what was observed at the beginningeahtinitoring period.
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The precipitation events observed in UIM 1, 2, and 3 did not always generate an

observable response in individual sensors at all depths #&ethiening of the monitoring

period but responses improved as the season progre$sgdrél8). Soil moisture

sensor readings were analyzed for precipitation respoosesring within the 48 hours

after a precipitation evenfli@ble6). Between 76% and 85% of the total average VWC

response to precipitation events occurred in finst 24 hours in UIM1, between 61%

and 77% in UIM2, and between 53% and 75% in UIM8peak of the VWC response to

precipitation lagged by between 1 and 24 hours after the recorded event, with the
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quickest response occurring in the shallow sensorsagegt lags observed in each
depth. This was a result of the attenuation of the infiltration front in the soil profile and
the revolution time of the irrigation pivoResponses to precipitation were more easily
observable when the data was amalgamated taedotal soil moisture for the 60 cm

profile was calculated={gurel9).

Over the monitoring period, the 60 cm soil moisture profile showed a slight increase in
VWC hroughout the monitoring period in UIM1, with losses of 1% in both the 15 cm and
45 cm sensor, and gains of 6% and 2% in the 30 and 60 cm sensors respectively, for a
total of +7mm/60cm. The soil moisture profile in UIM2 also showed an increase of VWC
overthe monitoring period, with gains of 2%, 5%, 6%, and 7% in the 15, 30, 45 and 60 cm
sensors respectively, for a total of +30mm/60cm. The soil moisture profile in UIM3
displayd an increase in soil moisture over the growing period contained to the top 30

cm, with gains of 4% and, 12% in the 15 and 30 cm sensors respectively and no change in

the 45 and 60 cm sensor, for a total of +23 mm/60cm.

Table6: Average precipitation response with standard deviation (st dev) to uniform
irrigation in the UIM1, UIM2, and UIM3 monitoring stations in 2019.

UiM1 UIM2 UIM3

SENSOF  Average St dev Average St dev Average St dev
15¢cm 0.042 0.048 0.082 0.034 0.040 0.042
30cm| 0.078 0.056 0.076 0.054 0.061 0.059
45¢cm 0.028 0.028 0.064 0.100 0.061 0.075
60cm| 0.012 0.015 0.061 0.134 0.026 0.033
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Site-gpecificirrigation

Irrigation scheduled before July 20 was undifferentiated between SSIM and the UIM due
to a technical problem with uploading the prescriptions. This resulted in the SSIM plots
receiving the uniform irrigation prescription rather than the-specific presaption

until July 20.

The soil profile in SSIM1 and 3 displayed four distinct VWC layers during the uniform
irrigation period (May 1§ July 20), where the 5 cm, 15 cm, and the 60 cm sensors

remain within a consistently separated VWC range which ismtiee 5 cm sensor and
wettest in the 60 cm sensor. The 15 cm, 25 cm, and 40 cm sensors showed intermediary
VWC levels, where the VWC observations in 25 cm and 40 cm sensors were often

overlapping and consistently higher than the 15 cm sensor.
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Figure21: Total volumetric water content (mm/60 cm soiljhiree management
zonegeceivingvariable ratdrrigation applications, 20D.

After sitespecific irrigation prescriptiongere applied on July 20, the VWC readings in

the 15 en sensor joined the range of VWC in the 25 and 40 cm sensors and began

overlapping, with the 5 cm VWC remaining consistently drier and the 60 cm VWC

consistently wetter. In SSIM2, VWC in the 15, 25, and 40 cm sensor frequently

overlappedwith a noticeablyower VWC in the 5 cm sensor and higher VWC in the 60 cm

sensor. This trengersistedthroughout the monitoring period, with a slight divergence

occurring in the middle of the series from the 15 cm sensor where VWC was drier than

the VWC in the 25 cm an@® 4m sensor. The precipitation events observed in SSIM 1, 2,
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and 3 generated an observable response in individual sensors at degdier thar40

cm during most of the events and an occasional response in 60 cm $agaoe0).

Soil moisture sensor readings were analyzed for precipitation responses occurring within
the 48 hours after a precipitation evefitable7). In SSIMIhetween 88% and 97% of the
total average VWC response to precipitation events occurred in the first 24 hours. In
SSIM2, between 84% and 98% of the total average VWC response to precipitation events
occurred m the first 24 hours. In SSIM3, between 85% and 95% of the total average VWC
response to precipitation events occurred in the first 24 hothe. peak of the VWC
response to precipitation lagged by between 1 and 24 hours after the recorded event,
with the quickest response occurring in the shallow sensors and longer lags observed in
each depth. This was a result of the attenuation of the infiltration front in the soil profile
and the revolution time of the irrigation piviResponses to precipitation wereone

easily observable when the data was amalgamated and the total soil moisture for the 60

cm profile was calculate&igure2l).

Over the monitoring period, the 60 csoil moisture profile showed a slight increase in
VWC throughout the monitoring period in SSIM1, with increases of 2% in both the 25 cm
and 5060 cm sensor, and 7% and 1% in the 15 and03@m sensors respectively, with

no change in VWC observed in $hem sensor, for a total of +14mm/60cm in the entire
profile. The soil moisture profile in SSIM2 also showed an increase of VWC over the
monitoring period, with gains of 2% in both the 5 cm and@@m sensors, 3% in the-50

60 cm sensor and no changeliretl5 cm and 25 cm sensors, for a totatyhm/60cm

in the entire profile. The soil moisture profile in SSIM3 disdlay increase in soil
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moisture over the growing period contained to the top 30 cm, with gains of 1%, 8% and,
2% in the 5, 15 and, 25 cransors respectively, no change in the480and a 1%

decrease in the 580 cm sensor, for a total of +9mm/60cm in the entire profile.

Table7: Average precipitation response with standard deviation (st dev) to uniform
irrigation inthe SSIM1, SSIM2, and SSIM3 monitoring stations in 2019.

uiM1 uiM2 UIM3

SENSOF  Average St dev Average St dev Average St dev

5¢cm 0.067 0.027 0.070 0.039 0.071 0.026
15cm 0.055 0.031 0.039 0.031 0.061 0.031
30cm| 0.037 0.033 0.018 0.021 0.039 0.024
45¢cMm 0.027 0.023 0.042 0.033 0.031 0.031
60cm 0.013 0.036 0.040 0.059 0.007 0.007

4.3 POTATOMELD

4.3.1 2018

The average total weight and marketable weight of potato samples collected in SSIM 3
was significantly higher than those collected from SSAk12(Table8, Table9). The

total number of potatoes collected from SSIM 1, & &rwere all significantly different

from each other and the highest number of potatoes péwas found in SSIM 2,

followed by SSIM 1 and SSIM 3. The number of marketable potatoe$weramot
significantly different in any SSIM plot. Ul8Bmples wez significantlyhigherthan UIM

2 and 3 in total weight, marketable weigtttal number and marketable number.

Samples collected from SSIM 1 had statistically fewer marketable potatoes and had
significantly lower total and marketable weights when compared to UIM 1. SSIM 2
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samples had significantly lower marketable weight and marketableearsirdnd
significantly higher total number of potatoes petwhen compared to UIM 2. Samples
collected from SSIM 3 had significantly higher total weight and marketable weight, with
significantly higher total numbers and marketable numbers when compatted)iii 3.

The average yield for the study aresing SSIM yieldgas determined to be 6.2 kgfmn

using weightedotal yieldand 3.9 kg/riusing weightedanarketable yield, while UIM

yields calculate8.9 kg/n? using weighted UINbtal yieldsand 5.0 kg/riusing weighted

marketable yield

Table8: Statistical analysis dfe total weight and total numbers pbtatoyields in 2018
using ANOVA (p = 0.09Yithin treatment indicates comparisons between UIM1, UIM2
and UIM3 potato yields dretween SSIM1, SSIM2, and SSIM3 potato yields. Between
treatment indicates comparisons betweha pairedSSIM and UIM treatmemtithin

each management zonMeans with different letters aggnificantly different

TOTAL WEIGHKG/ M?) TOTAL NUMBE®#/M?)
Mean Within Between Mean Within Between
treatment treatment treatment treatment
SSIM] 5.4 a a 61.1 a A
SSIN 6.22¢ a b 67.6 b B
SSINg 7.2 b c 55.% c C
UiM1 8.0 C d 60.3 d A
UiM2 6.1% b 49.4 e D
UIM3 6.4 e 47.¢¢7 e E
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Table9: Statistical analysis of the marketable weight and marketable numbers of potato
yields in 2018 using ANOVA (p = 0.05). Within treatment indicates comparisons between
UIM1, UIM2 and UIM3 potato yields or between SSIM1, SSIMZ Idh8l (Btato yields.
Between treatment indicates comparisons between the paired SSIM and UIM treatment
within each management zone. Means with different letters are significantly different.

MARKETABMEEIGHTKG/ M?) MARKETABMNEUMBER#/M?)
Mean Within Between Mean Within Between
treatment treatment treatment treatment
SSIM] 3.7 a a 17.# a A
SSIN 3.4 a b 21.5% a B
SSIN8 5.7 b C 30.& a C
UMl 6.0 C d 317 b D
UIM2 4.4 d e 25.0 c E
UiM3 4.3 f 22.1° C F

4.3.2 2019

Samples collected fro®SIM 1 and 2 were statistically similar in total yield, marketable
yield, total number, and marketable numi{@ablel0, Tablell). Total weight of samples
collected from SSIM 3 were significantly lower from SSIM 1 and 2. SSIM 1 samples were
significantly lower from samples from UIM 1 in all variables used to assetss pota
samples, SSIM 2 samples were significantly higher than samples collected from UIM 2 in
all variables, and SSIM 3 samples were significantly lower than samples collected from

UIM3 in all variables.
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TablelO: Statistical analys of the total weight and total numbers of potato yields in
2019 using ANOVA (p = 0.05). Within treatment indicates comparisons between UIM1,
UIM2 and UIM3 potato yields or between SSIM1, SSIM2, and SSIM3 potato yields.
Between treatment indicates compams between the paired SSIM and UIM treatment
within each management zone. Means with different letters are significantly different.

TOTAL WEIGHKG/ M?) TOTAL NUMBER#/M?)
Mean Within Between Mean Within Between
treatment treatment treatment treatment
SSIM] 7.5 a a 74.3 a a
SSIN 7.3 a b 72.G¢ a b
SSINS 53 b c 50.1 b C
UiM1 9. C d 75.6 c d
UIM2 6.0¢ d e 69.8 c e
UiM3 7.C¢ e f 69.6° C f

Tablell: Statistical analysis of the marketable weight aratketable numbers of potato
yields in 2019 using ANOVA (p = 0.05). Within treatment indicates comparisons between
UIM1, UIM2 and UIM3 potato yields or between SSIM1, SSIM2, and SSIM3 potato yields.
Between treatment indicates comparisons between the p&8M and UIM treatment

within each management zone. Means with different letters are significantly different.

MARKETABMEEIGHTKG/ M?) MARKETABNEMBER#/M?)
Mean Between  Within Mean Between  Within
treatment treatment treatment treatment
SSIM] 4% a a 28.F a a
SSIN 4.62 a b 27.5 a b
SSIN8 3.2 b c 18.8 b C
UiM1 6.5 c d 35.9 C d
UiM2 3.x d e 19.0¢ d e
UIM3 4.2 d f 25.54 cd f

Samples collected from UIM 1, 2 and 3 had significantly different total weights. UIM 1
samples had significantly different marketable weights when compared to UIM 2 and 3.
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UIM 1 marketable numbers were significantly different from UIM 2. Total numbers
between UIM 1, 2 and 3 showed no significant difference. The average yield for the study
area using SSIM yields was determined to be 6.2%kggimg weighted total yield and 3.9
kg/m? using weighted marketable yield, while UIM yields calculated 6.8 kginy

weighted UIM total yields and 4.0 kgfmsing weighted marketable yield.

4.4 (GEOSTATISTICS

4.4.1 Field statistics

Elevation and ECa is summarizet@ldhlel2. ECa and elevation 2018 uses data confined
by the boundary of the 2018 quarter section and ECa and elevation 2019 uses the

boundary of the 2019 quarter sectidriqures).

Tablel2: Statistical summary for soil apparehtctricalconductivity (E& and elevation
for data within the 2018 and 2019 quarter sections. Minimum, mean, and maximum
values, standard deviation, count, skewndssw), kurtoss urt), and the Andersen
Darling(A-D)normality pvalue are summarized.

MIN MeaN Max Sr.DEv CGOUNT SKEw KURT AD

5853)18 0618 1.983 4.689 0.850 6900 0.675 0.218 >0.001
5833)19 0.314 1.676 6.011 0738 53628 0977 1.370 >0.001
BLEVATION| 9336 9052 907.3 06 6900 0.181 0.173 >0.001
2018(M)
BLEVATION| 9043 9088 9119 19 51012 -0.526 -0.727 >0.001
2019(m)

Elevation andECa data in 2018 and 2019 fit normal distribution wittalpes of 8.001.
The correlation between ECa and elevatibshared pointsvas calculated for each

guarter section and was determined to be 0.14 in 2018-@r® in 2019.
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4.4.2 Comparison of krigingethods

The volumetric water content, ECa, and elevation point data usedcfamparison of

ordinary and univers&riging and ceériging methods were determined to be normal
(Table13).

Tablel3: Statistical summary of volumetric water conteintained on July 22, 2019
(VWC), apparerdlectricalconductivity (E&), and elevation. Minimuymean and

maximum values with standard deviation, skewness (SKEW), kurtosis (KURT)-and the p
value of the Shapivd/ilk normality test (SHAPIRO) are summarized.

MIN MEAN MAX  ST.DEV SKEW KURT SHAPIR(

VWC| 283 37.4 46.4 4.6 -0.1324 -0.9068 0.2213
ECa 0.922 1.873 3.327 0.658 0.3901 -0.8537 0.0588
Elevation| 904.6 907.9 911.2 1.8 -0.1874 -1.1794 0.0513

Volumetricwater content shows a moderate negative correlation to elevation and a very

weak positive correlation with ECa. ECa shows a moderate negative correlation to

elevation Tablel4)

Tablel4: Correlation between volumetric water content (VWC) obtained frosothe

moisture survegonducted on July 22, 2019, apparelectricalconductivity (E& and
elevation, n = 40.

VWC EQ B_EVATION

VWC 1 0.086 -0.408
EQ | 0.086 1 -0.288
BEvATiION -0.40 -0.288 1
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Two cekriging methods ere compared due to the low correlation BCaOne method

would use both elevation anBCaand the other wuld use elevation alone.

Ordinaryand universakrigingand cekrigingmethods were used to create a prediction
map from the soil water content observations obtained during the soil moisture survey
on July 22, 2019. Fosemivariogranmodels were used to fit the datar each method
spherical, expondial, Gaussian, and circul@ppendix 2, pag&l3). It was determined

that the exponential model provided the best fit for the data ifoalt methods.

Comparinghe leaveon-out crossvalidation results for all kriging methods, thekriging
method had the highest combined precision and accuracy when predicting soil water

content, but the differences between the kriging methods were sifalil€15).

Tablel5: Leaveone-out crossvalidation results for ordinary (ORD) and universal kriging
(UNI) and cdriging methods using elevation and ECa3@®) and elevation alone (CO

lvar) as secondary variables. Semivariogram models were constructed using soil moisture
as the primary variable and the exponential model as the theoretical semivariogram. The
co-efficient of determinationR), concordance, ean square error (MSE), root mean

square error (RMSE) and bias were used as assessment parameters

R CONCORDANCE MSE RMSE BAs

ORD| 0.38 0.58 12.76 3.57 0.10
UNI| 0.32 0.54 14.63 3.82 -0.10
CO2var| 0.38 0.59 12.77 3.57 0.01
COlvar| 0.38 0.58 12.93 3.60 0.03

The cekriging method shared a coefficient of determination of 0.38 with the ordinary
kriging method, but the ordinary kriging method had a higher bias, 0.10 compared to

0.01 indicating a higher tendency to overestimate predictions comparedkogiog.
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The universal kriging method was the least accurate, with a coefficient of determination
of 0.32 and underestimated soil water predictions with a bia@.#0. This method had

the highest RMSE, displaying the lowest precision of the three models. &kiigiag
methods had a weak correlation between the predicted and observed soil water content,
indicating that approximately 60% of the soil moisture variation is unexplained.
Additional data points in the soil moisture survey may have helped captureofrtbiee

spatial variation, but it may also be explained by additional factors which were
unmeasured in this study. Heil and Schmidh@&@d 2)found that bulk density is a key
factor in predicting soil water content at a larger scale, with organic neser

improving predictions. All predicted values of soil water content fell within the range of

the original observations in all three methods.

4.4.3 Geostatistical evaluation of soil moisture surveys

Volumetric water content data was surveyed at 15 and 30 gthden four dates in

2018 and six datea 2019 Tablel6). Sampling was increased in the 2019 surveys which
is reflected in the higher sampling numbers in 2019.sthenoisture survepn Sept 2,
2019 was interrupted due to equipment failure, resulting in a partial survey covering

approximately half of the extent of previous surveys.

The data obtained from 15 cm displayed lower minimum, mean and maximum values
than thedata obtained from 30 cm from the same location in both years. The VWC data
generated from the July 19, 20%8il moisture survegt 15 cm depth could not be
determined to be sampled from a normal population, as werestlilemoisture survey
conducted onJuly 22 and Aug 9, 2019 at the 15 cm depth, and on September 2 and 17,
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2019 at 30 cm depth. All othepil moisture surveycollected data that was determined

to be sampled from a normal populatiffablel6).

Tablel6: Statistical summary for soil volumetric water content surveys collected during
the 2018 and 2019 growing seasons. Minimum (MIN), mean, and maximum (MAX)
values, standard deviation, count, skewness (SKEW), kurtosis (KURT), and the Shapiro
Wilk normality pvalue are summarized. * indicates data that is not from a normally
distributed population

DATE DEPTH MIN MEAN MAX Sr.DEV GOUNT KEW KURT SHAPIRO
19118 | 15cm 16,5 28.7 34.3 4.3 27 -1.09 1.09 0.027
30cm 304 38.6 45.1 4.0 27 -0.62 -0.62 0.062
02-AUG18 | 15cm 15.3 23.3 31.6 4.1 32 -0.24 -0.23 0.397
30cm 218 314 393 46 32 -0.35 -0.76 0.271
16AuG18 | 15cm 11.2 20.3 30 5.0 29 0.14 -0.58 0.608
30cm 16.7 276 397 57 29 0.24 -0.02 0.842
23AUG18 | 15cm 135 219 27.8 3.1 30 -0.48 0.62 0.757
30cm 221 288 35.3 34 30 0.26 -0.52 0.611
10119 | 15cm 16.0 235 32.1 3.2 44 0.47 0.68 0.487
30cm 26.8 379 466 4.6 44 -0.13 -0.78 0.210
22-1-19 | 15cm 219 26.6 425 4.3 40 1.94 4.48 <0.001*
30cm 28.3 374 464 46 40 -0.13 -091 0.221
09-AUG19 | 15cm 11.2 19.0 417 5.7 68 1.49 3.53 <0.00L*
30cm 22.8 324 433 5.0 68 0.24 -0.56 0.367
28-AUG19 | 15cm 16.2 247 364 4.4 47 0.63 0.55 0.225
30cm 222 36.8 457 54 47 -0.75 0.40 0.083
02-&P19 | 15cm 19.0 26.3 34.6 4.2 30 0.17 -0.91 0.578
30cm 20.0 379 459 57 30 -1.08 1.94 0.044
17-%r19 | 15cm 6.0 145 21.1 3.8 49 -0.06 -0.82 0.386
30cm 123 216 332 50 49 0.63 0.15 0.047
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Figure22: Correlation between volumetric water content, and elevation and soil apparent
electricalconductivity (ECa) using survey data collected on various dates in 2018 and
2019. Elevationrad ECa was correlated to VWC data collected at 15 cm depth (ECa 15,
Ele 15) and 30 cm depth (ECa 30, EleB2@kground colours indicate four levels used to
assess correlations: high (green), moderate (yellow), low (orange), and negligible (red).

In 2018, correlations between VWC and ECa, and VWC and elevation show no consistent
pattern at eitherthe 15 or 30 cm deptfFigure22). ECa had a generatiggative

correlation with VWC which ranged from a negligible to moderate relatioastip

elevation had a positive relationship which ranged between negligible and maoderate
2019,the change in correlational relationships between ECa and VWC andoelevati

VWC showed an observable treiig{ure22). A trend was observed in the relationship
between VWC andlevationin 2019 at 15 cm which began as a moderate, negativ
correlation and ended with a moderate, positive correlation with a generally linear

relationship. The 30 cm VWC aldvationalso displaythis trend but Aug 28 and Sept 2
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had correlations which fall outside the trenfisimilar, albeit reversedrend in the
relationship between VWC altCavas observedThe trend between the 30 cm VWC

and ECa was less pronounced and less linear than the 15 cm trend.

Tablel7: Model parameters fasemivariograrafitted to volumetric water contg (VWC)
(%) andused in cekriging.VWCdata collected in 2018 and 20&8d is the primary
variable The theoretical model used, partial sill (C), nugggttal sill (C+, nugget
to-sill ratio and range areummarized* indicatessemivariograracreated from data
that could not be confirmed as normal.

VWGCSEMIVARIOGRARMDDELS
NUGGETO RANGE

DATE DEPTH MODEL C G C+e¢ SILLRATIO (M)
7/19/18 15 cn¥ Exp 16.1 5.5 21.6 0.256 81.3
30 cm Exp 11.0 6.9 17.9 0.387 74.5

8/02/18 15cm Sph 16.5 1.9 18.4 0.103 81.3
30 cm Exp 12.7 12.9 25.6 0.505 82.5

8/16/18 15cm Exp 31.4 8.7 40.1 0.216 81.7
30 cm Exp 14.1 14.6 28.8 0.509 81.7

8/23/18 15cm Sph 7.9 2.6 10.5 0.247 81.5
30 cm Cir 6.3 6.9 13.2 0.524 72.5

7/10/19 15cm Exp 12.8 1.7 14.5 0.115 82.2
30 cm Sph 13.7 8.7 22.4 0.390 82.2

7/22/19 15 cnt Sph 17.4 1.3 18.7 0.071 78.1
30 cm Exp 30.5 14 31.9 0.043 81.9

8/09/19 15 cn¥ Exp 31.4 8.7 40.1 0.216 81.7
30 cm Exp 14.1 14.6 28.8 0.509 81.7

8/28/19 15cm Exp 19.6 6.0 25.6 0.234 78.4
30 cm Exp 29.0 10.6 39.6 0.267 81.4

9/02/19 15cm Sph 18.4 1.0 195 0.054 73.9
30 cnt Sph 31.8 6.4 38.3 0.168 73.9

9/17/19 15cm Exp 17.3 1.3 18.6 0.070 62.9
30 cnt Exp 18.6 7.9 26.4 0.298 81.2

Several theoreticaemivariogranmodels were used for the spatial interpretation of the
empiricalsemivariogram and crosyariogramsreated using collocated VWC, ECa and

elevation exponential, spherical, and circu{@ablel7). Thesemivariogranmodels
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were applied to each dataset and the model displaying the highest spatial
autocorrelation was chosen to predict VWG@irteendatasetsused the exponential
modelto descrbe thesemivariogramsixwhich used the spherical model, amae which
used the circular modeThe fittedsemivariograra had rangebetween 62.9 m and 82.5

m, whichwere shared with the ECa and elevateemivariograre and the relatedross

variograms.
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Figure23: Nuggetto-sill ratios for theoreticaemivariograre modelled usingo-kriging
methodsVWQwas used athe primary variable and ECa and elevation as secondary
variablesBackground colours indicater¢ée levels used to assess nuggedill ratios:
good (green), moderate (orange), and poor (red).
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Soatial autocorrelation of VWC data was variable in both yméarexhibied good to
moderate spatial autocorrelatiom 2018, he 15cmVWC observatiortsad an average
nuggetto-sill ratioof 0.206while 30 cmVWC observatianhad an average 6f481 In

2019, VWC data collected at 15 cm hadaverageuggetto-sill ratioof 0.109 while

VWC at 30 cm haah average of 0.239hese values indicate that V\WaEadcollected in
2018 exhibited less spatial autocorrelation than the data collected in 2019 and also that
higherspatial autocorrelatiomas obtained fronVWC collected at 15 cm. Data obtained
from 15 cmdisplayedhigh spatial dependenaxcept on July 19, 2018&hile VWCdata

from 30 cm ranged from high to moderaiiéhe collocated ECa and elevation display
similar spatial dependence trends where good to moderate spatial autocorrelation was
found in both secondaryariablesin 2018 ECa collocated with VWC datdan average
nuggetto-sill ratioof 0.177 using 15 cm VWC and 0.093 using 30 cm VWC, while in 2019,
the average nuggeb-sill ratio was 0.252 using the 15 cm VWC and 0.198 using the 30
cm VWC Elevatiordata collocated with the 2018 VWC surviegd an averageugget

to-sill ratioof 0.232 using the 15 cm VWC and 0.173 using the 30 cmIN\RQL9,

elevation collocated with VWC data hadaerageuggetto-sill ratioof 0.138 using 15

cm VWC and 0.209 wh using 30 cm VWC.
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Figure24: Nuggetto-sill ratios for theoretical crossriograms modelled using-&aging
methods. VWC was used as the primary variable and ECa and elevation as secondary
variablesBackground colours indie three levels used to assess nuggedill ratios:

good (green), moderate (orange), and poor (red).

The crossvariograms constructed from the covariance of VWC survey data and
collocated elevatioand EChave gooeto-moderate spatial autocorrelatiomith two
exceptions, which were poofhe elevation data collocated with 15 cm VWC data from
2018and 201%hadan averageuggetto-sill ratics of 0.282 and 0.164espectivelyThe

elevation collocated with the 30 cm VW& an averageuggetto-sill ratioof 0.569in
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2018 and M.186in 2019 Elevation data collocated with 2019 VWC surkiagsabetter
spatial autocorrelation than the elevation data collocated with 2018 VWC, with rugget
to-sill ratios indicating that eight out of twelve datasets hgoed spatial autocorrelation
ranging from 0.129 to 0.19%hd a total range of 0.129 and 0.3072018, he ECa data
collocated withl5 cm and 30 clWwWC surveylsaveaveragenuggetto-sill ratiosof 0.257
and 0.19]1 respectively, indicatingpod to moderag spatial autocorrelation at both
depths In 2019, theECa collocated with5 cm and30 cm VW@ 2018hadaverage
nuggetto-sill ratiosof 0.204 and 0.147, respectivehhis indicated that better spatial
autocorrelations were found in ECa data collocateithe 30 cm VWC in both years and
that 2019 displayed a higher spatial autocorrelation than Z0A8.crossariograms
constructed from ECa and elevatssgmivariograra in 2018 ha@n average nuggeo-

sill ratios of 0.148 using data collocated to 15\dMC and 0.298 using data collocated to
30 cm VWCIn 2019, collocated elevation and ECadnagtagenuggetto-sill ratios of

0.131 using 15 cm VWC collocated data and 0.098 using 30 cm VWC collocatedidata

similar spatial autocorrelatierfoundat both depths.
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Tablel8: Leaveone-out crossvalidation results for VWC predictions calculated using
semivariogranmodels constructed using-&dging methodsSemivariogranmodels

were constructed using soil moisture as the primamable and soglectrical

conductivity and elevation as secondary variables. Fh#ficient of determinationR),
concordance, mean square error (MSE), root mean square error (RMSE), normalized root
mean square error (NORM RMSE), and biaswserkas assessment parameters.

GOODNESOFFIT SUMMARY
NORM

DATE DEPTH R OONCORANCE MSE RMSE RMSE BIAS
7/19/18 15cm 0.282 0.498 12.36 3.52 0.198 -0.048
30 cm 0.419 0.597 8.81 297 0.202 -0.005
8/02/18 15cm -0.024 0.081 19.80 445 0.273 -0.055
30 cm 0.060 0.239 19.33 440 0.251 0.044
8/16/18 15cm 0.444 0.635 12.87 3.59 0.191 0.024
30 cm 0.177 0.347 24.64 496 0.216 0.052
8/23/18 15cm 0.321 0.506 6.27 250 0.175 -0.019
30 cm 0.107 0.291 9.83 3.14 0.238 -0.114
7/10/19 15cm 0.406 0.572 5.98 245 0.152 0.002
30 cm 0.335 0.532 13.54 3.68 0.186 -0.068
7/22/19 15cm 0.377 0.573 11.04 3.32 0.161 -0.005
30 cm 0.384 0.587 12.77 3.57 0197 0.011
8/09/19 15cm 0.231 0.459 25.99 510 0.167 -0.110
30 cm 0.222 0.383 18.58 431 0.210 -0.031
8/28/19 15cm 0.223 0.389 14.26 3.78 0.187 0.031
30 cm 0.301 0.488 19.27 439 0.187 0.004
9/02/19 15cm 0.278 0.466 11.92 345 0.221 -0.042
30 cm 0.354 0.540 19.88 446 0.172 -0.120
9/17/19 15cm 0.423 0.610 7.88 281 0.186 0.051
30 cm 0.423 0.597 13.86 3.72 0.178 -0.010

Goodnesf-fit tests conducted on predicted VWC compared to the VWC survey
observationsare summarized irn 2018 goodnessof-fit tests conducted on predicted

VWC compared to the VWC survey observatiaiculated an averad€ value of 0.205

using the 15 cm VWC and 0.153 using the 30 cm VWC, while in 2019, the Breuage
0.323 for 15 cm VWC and 0.336 for 30 cm VWC. The average concordance in 2018 was

0.344 for 15 cm VWC and 0.295 in 30 cm VWCina2@fl9, was 0.512 and 0.521,
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respectively. These values indicated that predicted VWC using 2019 survey data was
more accurate than VWC predicted using 2018 survey data. HowewaiglizedRMSE
valuescalculated from the ratio of residual variances tottbtal range of VWC survey
dataindicated a higher variance in 2019 predictioRse normalized RSME in 2019
averaged.163in the 15 cm VW@nd0.122in the 30 cm VWQvhilein 2018 the

average RMSE for the 15 wras 0.12Jand 30 cm VW@as 0.101Bias w&s determined
and displayed a range f.120 and 0.051 with seven out of twelve models displaying a
negative bias, indicating an underestimation of predicted values.

4.4.4 Seasonal patterns of shallow soil moisture

2018

The normalized average and standard deviation VWC maps in 2018 usingdib cm
moisture surveylata display normalized VWC which ranged from 4.4% above average to
2.9% below average, a total difference of 7.3% or 16 mm in the calculated top layer (0

225 cm)(Figure 25)
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Normalized Average Normalized St. Dev

High: 3.2 % High: 6.8%-
‘ Mz1 |

Mz3

Figure25: The normalized average and normalized standard deviatiorkafeaVWC
mapswith an overlay of three management zar\®d/C datavas collected at 15 cm
depth during JulySeptember 2018 ata collected from Aug 2, 2018 was excluded.

The standard deviation ranged from 0 t8%andthe highest standard deviation

occurred irsomeareas with the highest and lowest average soil wedetent, but also

do not adhere to the management zone milp patterns that adhered to the

management zone map were observable, and all management zones display wet and dry
conditions(Figure 25)Areas with high standard deviation are found in some efitirer
areas.The observable straight lines in each of the maps occur due to small changes in

surveys and how the limits of each raster imagee calculated.
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Normalized Average Normalized St. Dev

High: 2.2 % High:4.8%-
. M21 .
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Mz3

Figure26: The normalized average and normalized standard devtticmkriged VWC
maps with an overlay of three management zones. VWC data was collastedllected
at 30 cm depth during Julyseptember 2018.

The normalized average and standard deviation VWC maps in 2018 usingd@0 cm
moisture surveylata displayhormalized VW Figure 26jvhich ranged from 2.2% above
average to 3.5% below average, a total difference of 5.7% or 9 mm in the calculated top
layer (22.5 37.5 cm) A large area of above average VWC occurred in the middle of the
field with decreasing vaés along the field marginghe normalized average soil moisture
did not display patterns that adhere to the management zone map, although wet areas
of the field were contained within MZ1 and MZ2. All the management zones displayed

areas which had bothwand high standard deviations from normal soil moistline.
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standard deviation ranged from 0O to 4.8% and is distributed similarly to the standard

deviation of the 15 cm stack.

Tablel9: Normalized average soil water contéoin three management zones in 2018.
Normalized soil water content derived from predicted VWC. The mean, standard
deviation, skewness, kurtosis, and number of prediction points used is summarized.

MZ1 MZ2 MZ3 MZ1 MZ2 MZ3 MZ1 MZ2 MZ3

DeEPTH 15cm 15 cmno Aug 2 30 cm
Mean |-0.11 -0.07 0.28 | -0.29 -0.05 0.71 | -0.73 0.07 0.60
SrDev | 1.29 118 106 | 1.28 132 119 | 1.05 131 0.92
KurT |-0.07 019 058 | -0.75 -0.65 -0.04| -0.86 -0.76 3.06
*Ew | 057 014 -001| 022 -0.29 -0.76 | -0.11 -0.51 -1.52
N 2213 2328 1594 | 2213 2328 1594 | 2213 2328 1594

Table20: Standard deviation of normalized soil water content from three management
zones in 2018. Normalized soil water content derived from predicted VWC. The mean,
standarddeviation, skewness, kurtosis, and number of prediction points used is
summarized.

Mz1 MZ2 MZ3 MZ1 MZ2 MZ3 MZ1 MZ2 MZ3

DeEPTH 15cm 15 cm no Aug 2 30 cm
MeEaN | 2.76 207 209 | 280 200 197 | 147 172 161
Sr.Dev| 1.18 103 105 | 153 114 113 | 068 0.73 0.63
XEw | -058 035 088 | -059 099 118 | 044 163 0.55
KurT | 0.28 095 093 | 050 125 129 | 059 091 -0.14
N 2208 2275 1594 | 2208 2308 1594 | 2208 2308 1594

TheVWCsurveyfrom 15 cm taken on Aug 2, 2018 displayed a low concordance and
correlation and was removed from the stack to compare to the stack which included all
datasets. The exclusion resulted in a wider spread of normalized values between the
management zones aride standard distribution and skewness increased in
management zones 2 and 3. However, the average normalized VWC trend in the zones

remained the same, with management zone 3 displaying higher total average VWC and
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management zone 1 displaying lower t@atrage VWC. The normalized average VWC
calculated with all 2018 datasets from each management zone determined that
management zone 3 had the highest overall average VWC from the three zones at both
depths in 2018 and management zone 1 had the lowedil€19, Table 2Pwith a

difference of 1%n the 15 cmivWCmapswhen excluding the Augahd 1.3% in the 30

cm VWC mayGiven that the average seasonal soil moisture had a total difference of
7.3% and 5.7% in the 15 and 30 cm depths, respectively, the differences between
management zones was small in comparidéemagement zone 2 had an intermediary
VWC average which wasse to the mean at both depths. The overall averages in the
normalized 30 cm VWC had a larger distribution of predicted values than the overall
averages found in the 15 cm normalized VWC. The standard deviation for the normalized
average at 15 cm was higgt in management zone 1, followed by management zone 2
and 3, respectivelyT@ble20). In the 30 cm depth, management zone 2 displayed the
highest standard deviatiofgllowed by management zone 1 @&hd

2019

The normalized average and standard deviation VWC maps in 2019 usingdib cm
moisture surveylata display normalized VWEIgure 27yhich ranged from 7.6% above
average to 3.1% below average, a total differesfcE).7% or 24 mm in the calculated

top layer (0g 22.5 cm).
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1:2,500

Normalized Average Normalized St. Dev

High: 7.6 % o High: 6.7%-
. ‘ MZ1 Mz2 MZ3 i
- Low:-3.1 % LOW:O.Z%-

Figure27: The normalized average and normalized standard deviatiorkoigea VWC
maps with an overlay of three management zones. VWC data was calletfedn
depth during July September 2019.

The highest normalized VWC were confined mostly to the north section of the study area
with a dryband extending from the northeast to the field midpoint and the southern

parts of the field typically drier than averad@ée standard deviation ranged from 0.2 to
6.7%with low values occurring in the drier southern parts of the study area and the

highest values where the normalized VWC was consistently high
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Normalized Average Normalized St. Dev

High: 7.6 % i High:6.7%-
MZ1 MZ2 MZ3 i
- Low:-3.1% Low: 0.2 % -

Figure28: The normalized average andrmalized standard deviation of-kdged VWC
maps with an overlay of three management zones. VWC data was calle@fecm
depth during JulySeptember 2019.

The normalized average and standard deviation VWC maps in 2019 usingd@0 cm
moisture surveylata displayhormalized VWFigure 28Wwhich ranges frord.6% above
average ta1.6% below average, a total difference of286.orl5mm in the calculated

top layer (22.% 37.5cm). The highest normalized VWC were confined mostly to the
north and southsectiors of the study area with a dgreain the middle The standard
deviation ranged from Q.to 7.7%and were similarly distributed as the normalized 15 cm
valueswith low values occurring in the driareasof the study area and the Higalues

occurringin the wetter areas.
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Table21: Normalizedveragesoil water content from three management zones irf201
Normalized soil water content derived from predicted.niéen standard deviation,
skewness, kurtosis, @mumber of prediction points in each zone used is summarized.

MZ1 MZ2 MZ3 MZ1 MZ2 MZ3

DEPTH 15 cm 30 cm
MEAN 1.14 0.28 -0.73 1.95 0.28 -1.08
Sr.Dev 1.74 2.21 1.09 2.17 2.22 1.33
KURT 0.76 1.68 -0.02 -0.94 -0.89 -0.19
XKEW 0.68 1.43 0.74 -0.45 0.39 0.19
N 548 2750 3859 548 2750 3859

Table22: Standard deviation of normalized soil water content from three management
zones in 2019. Normalized soil water content derived from predicteche@inestandard
deviation, skewness, kurtosis, and number of prediction points used is summarized.

MZ1 MZ2 MZ3 MZ1 MZ2 MZ3

DEPTH 15cm 30 cm
MEAN 3.05 2.59 1.92 2.89 2.78 2.30
Sr.DEv 1.29 1.12 0.78 1.05 0.87 0.93
KURT -0.24 0.66 0.72 -0.88 -0.20 0.42
XKEW -0.35 0.94 -0.10 -0.48 -1.11 -0.85
N 548 2750 3859 548 2750 3859

The normalized average VWKalgle21, Table 2P calculated with all 2019 datasets from
each management zone determined that management zone 1 had the highest overall
average VWC from the three zones at both depths i1® 2081 mamgement zone 3 had
the lowest This was eeversal of the findingsom 2018. The overall averages in the
normalized 30 cm VWC had a larger distribution of predicted values than the overall
averages found in the 15 cm normalized VI VWC differences tvgeen

management zone 1 and 3 were small in comparison to the total differences ih3oth

cm and 30 cm normalized average VWC nilps . standard deviation for the normalized
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average at 1and 30 cm depthélrable22) was highest in management zone 1, followed

by management zone 2 and 3, respectively
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CHAPTER ®ISCUSSION

5.1 ARE THE THREE MANAGEMENT ZONES DELINEATED IN THE STUDY AREA

HYDROLOGICALLY DIFFERENT

Due to a lack afverlappingsoil moisturedatasets, the hydrology of the management

zones under uniform irrigation conditions in 2018 could not be evaluated. The data
collected during the 2019 field season may confirm that the management zones have
different hydrology. Qusistent differences in total soil moisture in the profile, individual
sensor data and precipitation responses were observed under UIM condliaksoil
moisture calculations showed three different soil moisture profiles in the management
zones, partiularly in the beginning and the end of the monitoring peridurel9). This
indicates that there is a variable response to uniform irrigation within the studynarea i
2019 in each of the delineated zones. Individual soil profiles further elucidate consistent
differences in the management zones. The soil profile in UIM1 indicated an accumulation
of soil moisture in the 285 cm which can be observed in the sensor dathin the 48

hr response to precipitatiorF{gurel8A). This accumulation was more pronounced in the
sensor data in UIM2, but the corresponding response to precgntatas not observed
(Figurel8B). UIM2 350 cm layer is drier than the soil moisture of this layer in either

UIM1 or UIM3 throughout the monitoring period. This may indicate an increase in
drainage to deeper soil layers over the other monitored areas or a change in bulk density
whichconfines moisture above this depth. However, a change in bulk density is not
supported by the precipitation responses, which were relatively consistent throughout

the profile. UIM3 displays a soil moisture profile which reflects a soil moisture profile
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without confining layergRichards, Gardner, & Ogata, 1988yurel8C). Soil moisture in
35-60 cm layer in all management zones remained stable or showed an increased
throughout the monitoring period despite plant development which suggests that the
water was inaccessible to the effective rootzone or that the soil moisture was
replenished with irrigation at the same rate as plant upt&eehepsky, Guber and
Jacque$2005 found consistent similarities itemporal trendsof VWCat different
depthstaken in the same 6 m study ar8derefore, consisterdifferences found

between the monitoring stations supports the conclusion that the three management
zones have differentyidrology.However all conclusions on soil moisture under UIM
conditions are drawn from a single VWC monitoring station in each management zone.
Additional monitoring stations would provide the ability to confirm that each
management zone has a more homngas response to precipitation when compared to
responsesn other management zones. Using a single monitoring statakes it

difficult to determine whether the VWC observations in the management zones are

indicative of the hydrologfor the entire managment zone

There is also evidence which supports hydrological differences within the field can be
managed using SSIM. This was provided inadvertently in 2019 due to difficulty in
uploading sitespecific irrigation schedules. Until Julyth@, SSIM ploteceived the

same irrigation schedule as the UIM study areas, resulting in a split monitoring season
where both UIM and SSIM soil water responses were observed in the same plot. This
provides a more direct comparison of the difference between SSIM and UIM

precipitation responses in all three management zones. After SSIM treatvesets

83



applied to the plots on July 20, themasa noticeable decline in total soil water
variability which was not observed in the UIM observation data. This indicates that soil
water variability can be managed by SSIM and suggests that the hydrological response to

uniform irrigation applications is different between the management zones.

Alternatively, irrigation may play an outsized role in the distribution of soil moisture

rather than landscape or local dynamics. Hydrology of fields under irrigated conditions
are driven by relationships between landscape and local controls. Landscape controls are
defined as the lateral movement of water along surface and subsurface pathwagys whil
local controls are defined as the influence of soil properties and areas of high
convergencgGrayson et al., 1997)hese relationships are assumed to be relatively

stable at the field scal@Vallender & Grismer, 2002)ut this has been studied under

uniform irrigation. The study area used a-sipecific irrigation system which is employed

to reduce water applications in areas under saturated conditions. These areas were
specifically targeted, and observations rather than management zones are used to
determine where and when irrigation reductions should occur. From July 24 to Aug 10,
2018, less water was applied to the some of northern and eastern parts of the study area
which were saturated. This irrigation strategy may have influenced these areas in
management zone 1 and subsequently decreased the average normalized soil water
content, leading to management zone 1 appearing drier than management zones 2 or 3.
This strategy was not employed in 2019 in the study area. Additionally, soil moisture
surveyswere conducted in the shallow layer of disturbed soil which is more influenced by

evaporation and would dry out quicker than the lower depths. A study conducted in
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Saskatchewan, Canada determined that VWC does follow topographic controls if the
total soilprofile is used, but if only the top 30 cm of the soil profile are included in the
analysis, the relationship between topography and VWC would not have been evident

(Peterson, Helgason, & Ireson, 2019)

5.2 IS THE HETEROGENEITEYG®ARND ELEVATION THE DRIFACTOR FOR SOIL

MOISTURE UNDER UNIFORM IRRIGATION

The normalized soil moisture maps can provide insight into the spatial dependence of soill
moisture in both study areas. The study areas in 2018 and 2019 exhibited a reversal in
correlationalrelationships between soil water content and elevation within the

monitoring period Figure22) which demonstrates that the relationship between ECa and
elevation is nostatic temporally. A reversal of correlational relationships between soil
water content and other measured field propertiesl li@en observed by Grayson

(1997) Graysor{1997)found that elevation was strongly associated with soil water

content at the begnning of the season when moisture is being stored and becomes
weaker throughout the season. This is reflected in this study, where a moderate, negative
correlation between soil water and elevation was calculated for the soil moisture surveys
in 2019. Irgation was used to recharge the soil water in the study area with low pressure
sprinklers that applied water with an intensity focused for maximum infiltration into the
soil, which would allow for continued water storage throughout the season, indicated by
the relatively unchanging correlations between elevation and soil water until the Sept 17
survey. This survey was conducted during harvest preparation where irrigation was

stopped on Sept 5 to allow the soil to dry and had not experienced a precipagaéon
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after Sept 10. It has been previously established that soil water may have different
controls under wet and dry conditio(Beterson et al., 201@)nd this survey also had the
highest positive correlation between ECa and soil water content at 130acm depths.

This may indicate that soil water content is more spatially dependent on a local control
which is detected by the ECa survey. This provides evidence that the relationships
between topographic and local controls and how they influence sa@rwahtent is not
sufficiently uniform throughout the field to delineate management zones using elevation

and ECa observations from the entire field.

Alternatively delineating the management zones for three quarters of the field as a
continuous surface aames that the relationship between elevation and ECa remains
relatively stable in the field. However, ECa may have a higher correlation to soil water
content than to soil texture or salinity, as was found by Kachanoski, Gregorich and Van
Wesenbeeck1988) The correlational relationship between ECa and elevation changed
between study areas in magnitude and direction when only values pertaining to each
study area were correlated. This reversal was also observed in predicted soil moisture
maps between the stly areas in 2018 and 2019. Management zone 3 in 2018 was
determined to be the wettest area when comparing the average normalized predicted
soil moisture from each zone, while management zone 1 was the driest, while the inverse
was observed in 2019. Managent zone 2, which represents the intermediary elevation
and ECa areas in both study areas, remained close to the overall average in both years.
This was the only consistent relationship found between the two study periods. This may

be a result of the deleation of management zones using an ECa map which spatially
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characterizes soil water content at one point in time rather than a relationship which
remains static throughout the growing season. However, another possible conclusion
may be that the spatiakfationship between ECa and elevation between the study areas
is not stable at the field scale. Y@017)noted that the relationship was stronger in the
western sections in the study area. The correlations computed between study areas did
change betwee2018 and 2019. In 2019, a moderately negative correlation was found
between elevation and ECa which corresponds to previous fintiags2017)while in

2018, a low positive correlation was found. This may indicate that delineating
management zones ung the entire field characteristics hides important irftefd

variability. Additionally, other soil properties may be more important factors in
determining management zones. Previous studies have shown that bulk density has more
influence on predictingodl water content than ECa or elevati@ontreras & Bonilla,

2018)

5.3 (CAN SENSGRASED SHFPECIFIC WATER MANAGEMENT BE USED TO REDUCE POTATO

YIELD VARIABIZTY

Potatoes harvested from SSIB818 and SSIM2019 did show an increase in
productivity with a dcreased amount of irrigation when compared to the UIM
counterpart, which indicates that SSIM can improve productivity while also increasing
water use efficiency. However, improved yield or decreased yield variability were not
attained using SSIM. In Soeith Alberta, the average yield for potatoes grown under
irrigated conditions in 2018 and 2019 was 5.6 Kglower than the yield obtained from

SSIM2 and SSIM3 in 2018 and SSIM1 and SSIM2 in 2019 and the weighted average SSIM
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and UIM yields for both studyreas. This also highlights how we#dnaged the study

areas were under UIM, as all yields obtained from UIM areas were above the Southern
Alberta average. This indicates that SSIM using delineations in topography and ECa is
unnecessary at this site andatrusing the adaptable approach which can address local
concerns is more suitable. Sgpecific water management in this study utilized a
management zone map which was created using topographic amdestilcal

conductivity differences. TopographicfeliEnces within a field have been shown to
significantly affect yield variability in corn in Michigan, (88/&oz et al., 2014)while
topography, ECa, and soil brightness accounted for 70% of cotton yield variability in
Texas, USE&uo, Maas, &ronson, 2012)A study by AGaadi et a{2018)found a

positive spatial correlation between elevation and yield in potatoes. This suggests that
yield variation from other wateintensive crops may be managed using management
zones derived from these farcs. However, a study conducted in Tasmania defined the
variation of potato yields, elevation and soil EC and determined that aftiideiatra-

field variation in total yield will significantly affect the gross margin variation under
uniform irrigation(Whelan & Mulcahy, 2017)n this study, the ratio of intrield

averages between the highest and lowest total yields under uniform conditions were 1.3
and 1.5, respectively. The yield variability in this study area may be insufficient to show

significantmprovement under SSIM.

Previous studies have addressed how available soil moisture can positively influence both
the yield and the quality of Russet Burbank potat@&ediulla et al., 2002)n this study, a

noticeable decline in soil moisture variabiitgs observed in 2019 when SSIM was
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enabled Figure21), but this decline was not associated with a decline in potato yield
variability or an increase in total yield.\vitever, moisture deficits can reduce the grade
and total yield when total precipitation is reduced by 3@¥der et al., 2005; Shock, C.
C., Feibert, & Saunders, 1998)ile a study conducted in Southern Alberta concluded
that moisture stress in the eary midseason can have significant negative effects on
total tuber and marketable tuber numbe(isynch et al., 1995The yield results in SSIM1
2018 and SSIM3019 confirmed both conclusions, which displayed significantly lower
yields as a result from &6% and ~30% reduction in total water, respectively, from the
UIM scheduling. However, results from SSIM2 in 2018 and 2019 both have ~30%
reduction in total water but had the same yield in 2018 and an improved yield in 2019.
SSIM22019 also displayed a naction in yield but received more water than SSIM2 and,
although the total soil profile shows sufficient moisture throughout the monitoring
period, a moisture deficit in the top 30 cm may have occurred. The soil moisture of top
30 cm was drier in the begimg of the observation period until midly Figurel8).

Using the 60 cm total soil profile to calculate irrigation requirements early in the season
may have allowedddicits in the top 30 cm to go unaddressed. This may have reduced
the total productivity of the potatoes as the rootzone of potatoes barely extends into the
bottom 30 cm until 2435 days after emergendeesczynski & Tanner, 1978)significant
deficit contained to the top 30 cm and a nesaturated lower 30 cm may leave the
effective root zone under water stress while still appearing to contain enough water in
the total profile. Shock et 61992)concluded that irrigation deficits which extend

through ow closure could result in lower yields.
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The reduced yield in SSIM0Q18 was anticipated due to the sensor malfunction. The
effects of a single sensor malfunction on yield highlight the need to use additional,
independent observation stations or additionathods to confirm soil moisture. Soil

moisture variability may also be captured within delineated zones if soil moisture is

monitored using two or more observation stations.
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CHAPTER €ONCLUSIGN

Although the primary goal of this study was to improve potato yields using SSIM, it was
concluded that the water use efficiency improvements were the primary benefit of SSIM.
Improving yields or yield variability may be a result of SSIihisshould notbe the

primary goal of SSIM\.10-30% reduction imtotal water requirements did not affect yield

in some areas, which suggests that using SSIM could expanddriagat in Southern
Alberta.This study also suggests that soil moisture variability megdioeed when using

soil moisture sensors to inform SSIM decisions. However, this conclusion was determined
from a single monitoring location in each of the management zones and the direct
comparison occurred in 2019 due to a malfunction in the irrigatibedule upload.

Using additional monitoring stations within each management zone would address this
and other concerns. A loss of potato production was experienced in SSIM1 in 2018 due to
a malfunctioning sensor and additional monitoring stations in threesaanagement

zone may have helped detect the malfunction earlier. Additstasibns would also

provide a method to examine several soil moisture profiles within a management zone to
determine whether different areas within a management zargrespondng to SSIM
similarly.The spatial distribution of VWC did not appear to adhere to the management
zones in the study area. Although differences were calculated from the average VWC in
each management zone, the differences were small when compared ddférences

between the maximum and minimum values in each normalized average VWIE map.

may be prudent to assess yield variability and soil moisture variability to determine

whether SSIM may be effective before delineating management 2btlesre is
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insuficient variability for SSIM informed by management zamgagSSIVbased on
experiencemay still provide yield benefits by being able to resporqbtading and other
adverse conditions which affect yiektditionally, the effectiveness bfZ-based S$1

may be increased if irrigation prescriptions were targeted to the effective rootzone
rather than the total rootzone, which was how MAD was calculated in this study. This
method of calculation may overestimate VWC that is accessible to the plants dhahresu

a loss of productionwhich may have been experienced by SSIPID.
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APPENDIX COMPARISON UERTICAL ANDRIZONTAIDILMOISTURE

FENSORSTALLATION

Procedure

Soilwascollected from A'C from the top 50 cin study areas used in 2018 and 2019.
The soilvasair-dried andused emulate two soil profiles in 20 L containers using a bulk
density (BD) of approximately 1.35 gfand a soil profile height of 35 cifiwo 10HS
sensors were installed vertically or horitally inone container Fgure 1) to record
observations of VWC in dBinute increments. Water was added to each container in
four events over 12 days in 1@fWC increment&hich simulatedrrigation. A24-hr
break between water events to allow the serssto reach equilibriumThe calibrated
moisture content at each depth was used to calculate total moisture content infimem
total moisture content in mm was then used to calculate the change in total water
content detected and compared to the total anmh of water added to the soil profile
The change in total water was calculated in three ways to determine if sensor placement
improved accuracylhe first calculation used the peaks of each individual event to
determine the change in water content in namd summed the change at the end of the
experiment Thesecondcalculation used the minimum and the maximum values
throughout the data series to calculate the change in water content in mnthiftie

used the first observation and subtracted it from th&t l@bservationAfter VWC data
collection was concludedpis samples were collectdtbm each containein 5 cm

intervals to determine gravietric water content (GW@Y the end point of the
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experiment The GWC was converted to VWC and tsednfirm theVWCsensor

observationst the end of the study

— 0 cm

—1—10cm

Figure29: Sensor placement for vertical (left)}d horizontal (rightnstallations

Results and Discussion

Table23: Summary of bulk density (B water added in containers using vertical and
horizontal installation containers.

INSTALLATIOI  BD(G/ W) WATER ADDE(ML) WATER ADDE(M/M)
VERTICAL 1.30 5200 89.6
HORIZONTAL 1.37 5350 92.2

The vertical installation container (VIC) hadlaulatedbulk densityof 1.30 g/cnd, and
the horizontal installation container (HIC) had a calculated BD of 1.3, g/ivchwas
96% and 101% of thargeted bulk density of 1.35 g/énmespectivelyWater was added
on May 21, 22, 23, and 27, 20d4&h the VIC receiving a total of 5200 mL or 89.6 mm

and HIC receivingtotal5350 mL or 92.2 mm.
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Table24: Comparisomf the change in water content (mm) using vertical and horizontal
soil water sensors to water added to tlod profile. Sensedtetected total change in

water content used three calculatiossimming thep/WC during and after simulated
irrigation (SUM), subtracting the minimum from the maximum (YIKN), and
subtracting the first observation from the last abvat¢ion (E'OBS; LAST OBS).

INSTALLATION WATER UM MAx¢ MIN 15TOBS; LAST OBS
ADDED

mm mm % mm % mm %

VERTICAL 89.6 99.6 111 96.1 107 80.5 90

HORIZONTAL] 92.2 89.1 97 77.4 84 74.0 80

Both the min/max calculation and first/lasbservation do not account for water tos

the soil profile from evaporatioand there are few ways to determine evaporation

without specialized equipment, these equations rely on the assumption that water is not
lost throudhout the experimentThe sum alculation used peaks to indicate separate
events and summed each interval which minimized evaporation losses in the calculation.
However, using min/max values calculated a similar change in water caiteant.
comparing the actual amount of water addedi®C the change in soil water was
overestimatel when using the sum calculation and maxcalculation and

underestimated when using the first/last observation calculafibe average change in
water content in VIC was 8#8.9 mm and in HIC was 80.2+ih@h. The average

percentage of water change observed to water addediC wag03t11% and was

92+10% HICconsistentlyunderestimatel the change in soil water in all calculatians

in two calculations, failed to captuneore than 15%f the soil moistug change
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Figure30: Observations ofasl moisture in théorizontalandverticalinstallation
containersindividual sensor data and the calculated total soil moisture in mm from the
horizontal installation (A, B) and the vertical installation (C, D) are displayed.
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Figure31: Comparison of the VIC and HIC final volume&tter content observations
from the 15 and 30 cm sensors to soil samples obtained at 5 cm ing&rvedsend of the
experiment

The top VIC sensor responded to each simulated irrigation buedtsplayed a lower
than-expected response to the first tvawents. The bottom sensor did not respond

during the first two simulated events and had a welined response during the last two
events.By the third event, the moisture content peaks and drains in the top sensor at the
beginning quickly and taperindf at 35% VWC, with the bottom sensor having a slight

lag anda steady increas@igure30A). The responses to each event are also discernible

in the calculated total slomoisture Figure30B).The top sensor installed horizontally
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displayed a welllefined response in the last two simulated events with no discernible

response in the st two events. The bottom sensor had no response that corresponded

to any of the four eventisut did display an increase in VWC 24 hrs after the final event

(Figure30C). This increase is also observed in the calculated total soil mo{Biguee

30D). The verticainstallation strategy allows for the change in moisture content to be

observed when the soil is dry (~10% VWC) and is relatively accurate when comparing the

actual moisture content to the calculated moisture content. Véréical sensor

placementhas a more consistent margin of error between the top and bo#ensors,

which was approximately 8%shile the horizontal sensor placement overestimates the

moisture content by less than 2% in the bottom sensor and more than 10% in the top

sensor(Figure31).

Conclusion

The vertical installation planas improvement when compared the horizontal

installationplan It reflects the water added to the container and the moisture conditions

at the end of the experiment. It also shoaveesponse to a change in water content

under dry conditions.

Soil Moisture Sensor Specifications

Soil moisture sensor specifications were used to detersensor spacing and accuracy.

1 10HS sensor: rangec®.57 n¥/m3, accuracy0.033 without soil spéfic

calibration£0.020 with soil specific calibration, probe dimensions 160 x 32 x 2

mm
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1 ECS5 sensor: rangec®.550 n¥/m3, accuracy0.031 without soil specific
calibration+0.020 with soil specific calibration, probe dimensions 89 x 15 x 1.5
mm

1 TDR315:range 01 m¥m?3accuracyt0.001, permittivity X 80 accuracy 0.1,
BukEC® nnn > &k O Y4B-+60L hdcurayS-06€ Jpore water EC-0

ppnnn >84k0YZ LINRB6S RAYSy&aAzya mpn E odp
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APPENDIX YARIOGRAMODEIPARAMETERS USED B0RPARING

UNIVERSAL AND ORDINARY KRIGING -KRIGINIG METHODS

A comparison of ordinary and universal kriging ankriging methods was done to
determine which kriging method would predict soil moisture most accurately in the 2018
and2019 study area®rdinary and universal kriging andke@ing methods were used

to create a prediction map from the soil water content observations obtained during the
soil moisture survey on July 22, 2019. Four semivariogram models were used to fit the

data for each method: spherical, exponential, Gaussian, and circular

Table25: Model parameters f@emivariograra used for the ordinary kriging method.
Spherical (Sph), exponential (Exp), Gaussian (Gau) and circular (Cir) was enaosbsls.
Soil water content point data was obtained usirgievens HydroGamrtablemoisture
probe on July 22, 2019.

ORDINARY KRIGING SEMIVARIOGRAM MODELS

Model Sill Nugget Nuggetto- Range
sill ratio
Sph 24.1 0.0 24.1 120.3
Exp 30.9 0.0 30.9 83.8
Gau 23.6 0.0 23.6 49.6
Cir 23.7 0.0 23.7 101.5

The spherical, Gaussian, and circular models had similar sills of 24.1% VWC, 23.6% VWC
and 23.7% VWC, respectively. The ranges were more variable with values of 120.3 m,
49.6 m, and 101.5 m fdine spherical, Gaussian, and circular models. The exponential

model had a higher sill than the other models at 30.9, and a range of 83.8 m.

Table26: Model parameters for semivariograms used for the universal kriging method.
Spherial (Sph), exponential (Exp), Gaussian (Gau) and circular (Cir) were used as models.
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Soil water content point data was obtained usirgtevens HydroGo portable moisture
probe on July 22, 2019.

UNIVERSAL KRIGING SEMIVARIOGRAM MODELS

Model Sill Nugget Nugge-to- Range
sill ratio
Sph 17.3 0.0 17.3 81.6
Exp 194 0.0 19.4 44.2
Gau 14.1 2.7 5.2 44.2
Cir 17.2 0.0 17.2 71.0

The spherical and circular models had nearly the same sill with values of 17.3% VWC and
17.2% VWC and the two highest range81aé m and 71.0 m. The exponential model
had a higher sill than the other models at 19.4% VWC, and a range of 44.2 m. The
Gaussian model had the lowest sill and the highest nugget, at 14.1% VWC and 2.7% VWC

with a range equivalent to the exponential mod@el44.2 m.

Cokriging methods uses variogram and creasogram models which share a range to
fit to georeferenced data to determine spatial autocorrelation between a primary
variable that is to be predicted and secondary collocated variables that have a
correlational relationship with the primary variable. Théigging method requires the
construction of three variograms and three crgasiograms to predict soil water
content using ECa and elevation as collocated varidkdesel7, Table 29and two

variograms and one cresariogram when using elevation alone
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Table27: Model parameters for semivariograms used Hraging. Soil water content

(VWC) is the primary variable to be predicted and soil appslemtticalconductivity

(ECa) and elevation are used as secondary variables. Soil water content point data was
obtained using &tevens HydroGmrtablemoisture prole on July 22, 2019.

CO-KRIGING SEMIVARIOGRAM MODEWS® SECONDARY VARIABLES

Model Variable Sill Nugget Nuggetto-sill Range
ratio

Sph VWC 21.9 11 0.05 81.9
ECa 0.37 0.21 0.57 81.9
Elevation 2.33 1.02 0.44 81.9
Exp VWC 30.5 14 0.05 81.9
ECa 0.51 0.35 0.67 81.9
Elevation 3.47 0.90 0.26 81.9
Gau VWC 20.3 7.1 0.35 81.9
ECa 0.33 0.23 0.70 81.9
Elevation 3.79 0.10 0.03 81.9
Cir VWC 20.8 1.3 0.06 81.9
ECa 0.40 0.17 0.43 81.9
Elevation 2.18 1.18 0.54 81.9

The variograms and cregariograms constructed using both elevation and ECa shared a
range of 81.9 m and showed good to moderate spatial autocorrelation in soil water
content variograms given tlensistently low nuggeb-sill ratios(Table 27, Table 29)

The Gaussian model showed the least autocorrelation in the soil moisture content
variogram with a nuggeo-sill ratio of 0.35 and both exponential and circular models

showed the most with a nugtito-sill ratio of 0.05Table27).
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Table28: Model parameters for semivariograms used Hraing. Soil water content
(VWC) was the primawariable to be predicted and elevation was used as the secondary
variable.Soil water content point data obtained using§tavens HydroGamrtable

moisture prole on July 22, 2019.

CO-KRIGING SEMIVARIOGRAM MODELSVATION ONLY

Model Variable Sill Nugget Nuggetto-sill Range
ratio

Sph VWC 21.7 11 0.05 81.9
Elevation 2.32 1.08 0.47 81.9
Exp VWC 31.1 1.0 0.03 81.9
Elevation 3.45 1.00 0.29 81.9
Gau VWC 23.1 5.34 0.23 81.9
Elevation 3.79 0.06 0.02 81.9
Cir VWC 20.6 1.2 0.06 81.9
Elevation 2.16 1.22 0.56 81.9

The variograms and cregariogram constructed using only elevation also shared a range
of 81.9 m(Table28, Table 30. The soil water content variogram constructed using the
spherical, exponential, and circular models have similarly low ntag#iratios,

indicating a good spatial autocorretatiusing these models with the exponential model
showing the lowest nuggeo-sill ratio of 0.03Table28). Both Gaussian models
constructed from soil water content had the highest nuggetill ratio, indicating that

this model displayed the least spatial correlation, but does show the bestl spat

autocorrelation in the elevation variogram.
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Table29: Model parameters for crossriograms used in daiging. Soil water content
(VWC) was the primary variable to be predicted and soil appaeetticalconductivity
(ECaand elevation were used as secondary variables. Soil water content point data was
obtained using &tevens HydroGmrtablemoisture prole on July 22, 20109.

CO-KRIGING CROSS VARIOGRAM MODELS WITH TWO SECONDARY VARI

Model Variable Sill Nugget  Nuggetto-sill Range
ratio

Sph VWC*Elevation 5.19 1.04 0.20 81.9
VWC*ECa 0.61 0.27 0.44 81.9

Elevation*ECa 0.40 0.20 0.50 81.9

Exp VWC*Elevation 7.18 1.06 0.15 81.9
VWC*ECa 1.39 0.44 0.32 81.9

Elevation*ECa 0.73 0.23 0.32 81.9

Gau VWC*Elevation 5.00 0.46 0.09 81.9
VWC*ECa 1.00 0.64 0.64 81.9

ECa*Elevation 0.53 0.06 0.11 81.9

Cir VWC*Elevation 5.30 1.20 0.56 81.9
VWC*ECa 0.58 0.26 0.38 81.9

ECa*Elevation 0.38 0.21 0.16 81.9

Table30: Modelparameters for crosgariograms used in daiging. Soil water content

(VWC) was the primary variable to be predicted and elevation was used as the secondary
variable.Soil water content point data obtained using§tavens HydroGamrtable

moisture proe an July 22, 2019.

CO-KRIGING CRG$SRIOGRAM MODELS WITH ELEVATION ONLY

Model Sill Nugget Nuggetto-sill ratio Range
Sph 5.26 1.07 0.20 81.9
Exp 7.29 0.99 0.14 81.9
Gau 5.16 0.54 0.10 81.9
Cir 5.33 1.21 0.23 81.9
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Table31: Leaveone-out crossvalidation results of circular (CIR), exponential (EXP),
Gaussian (GAU) and spherical (SPH) semivariogram models using ordinary kriging. The co
efficient of determinationR), concordance, mean square efidSE), root mean square

error (RMSE) and bias were used as assessment parameters.

R CONCORDANCE MSE RMSE BAs
CIR 0.29 0.52 15.42 3.93 0.14
EXP 0.38 0.58 12.76 3.57 0.10
GAU 0.37 0.60 16.31 4.04 0.10
SPH 0.29 0.49 14.79 3.85 0.39

Theexponential theoretical semivariogram model was chosen as the best predictor of
soil water content using the ordinary kriging method. The LOOCYV results for the ordinary
kriging method using four theoretical semivariogram mo@&ble 31showed that the
exponential theoretical semivariogram model had the highestftcent of

determination with a moderate correlation between predicted and observed values with
predictions being estimated at an average of 3.57% VWC from the true value. The
concordance waslightly lower than the results obtained from the Gaussian model and

both showed the same amount of overestimation as evidenced by the bias in the models

(

Table31). However, the Gaussian semivariogram model had the highest RMSE indicating

a higher prediction error than with the other semivariogram models. The exponential
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model was used predict the soil moisture content for the quarter section to compare

with other kiging methods.

Table32: Leaveone-out crossvalidation results of circular (CIR), exponential (EXP),
Gaussian (GAU) and spherical (SPH) theoretical semivariogram models using universal
kriging. The cefficient of determinatio(R?), concordance, mean square error (MSE),

root mean square error (RMSE) and bias were used as assessment parameters.

R CONCORDANCE  MSE RMSE BIAS
CR | 027 0.51 16.57 4.07 0.35
EXP | 0.32 0.54 14.63 3.82 -0.10
GAU | 022 0.44 16.90 4.11 0.23
SPH | 026 0.49 16.27 4.03 0.23

The exponential theoretical semivariogram model was chosen as the best predictor of
soil water content using the universal kriging method. The LOOCYV results for the
universal kriging method using four theoretical semivariograndels(Table 32showed

that the exponential theoretical semivariogram model had the highemtdR

concordance between predicted and observed values and predictions being estimated at
an average of 3.82% VWC from the true value. The exponential moeetsinuated

the predicted value when compared to the observations but showed the least amount of
bias from other modelsT@ble32). The exponential model was used pcethie soil

moisture content for the quarter section to compare with other kriging methods.
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Table33: Leaveone-out crossvalidation results for ekriging methods using circular
(CIR), exponential (EXP), Gaussian (GAU) and dpls&Ridatheoretical semivariogram
models. Semivariogram models were constructed using soil moisture as the primary
variable and soélectricalconductivity and elevation as secondary variables. Fhe co
efficient of determinationR), concordance, mean sape error (MSE), root mean square
error (RMSE) and bias were used as assessment parameters.

R CONCORDANCE  MSE RMSE BIAS
CIR 0.27 0.51 15.78 3.97 0.01
EXP 0.38 0.59 12.77 3.57 0.01
GAU 0.04 0.24 48.27 6.95 -0.32
SPH 0.36 0.56 13.13 3.62 0.05

Theexponential theoretical semivariogram model was chosen as the best predictor of
soil water content using the daiging method and elevation as the secondary variable.
The LOOCV results for thekriging method using four theoretical semivariogram
models(Table 33showed that the exponential theoretical semivariogram model had the
highestR? and concordance between predicted and observed values and predictions
being estimated at an average of 3.57% VWC from the true value. The exponential and
circular moel showed a minimal amount of bias and the least amount of bias when

compared to modelsT@ble33).

Table34: Leaveone-out crossvalidation results for ekriging methods using circular

(CIR), exponential (EXP), Gaussian (GAU) and spherical (SPH) theoretical semivariogram
models. Semivariogram models were constructed using soil moisture as the primary
variableand elevation athe secondary variable. The-efficient of determination®),
concordance, mean square error (MSE), root mean square error (RMSE) and bias were
used as assessment parameters.

R CONCORDANCE MSE RMSE BIAS
CIR ‘ 0.26 0.49 16.29 4.04 0.02
EXP 0.38 0.58 12.93 3.60 0.03
GAU 0.02 0.17 78.86 8.88 0.02
SPH ‘ 0.35 0.55 13.42 366 0.06
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The exponential theoretical semivariogram model was chosen as the best predictor of
soil water content using the daiging method and elevation and EC#hassecondary
variables. The leav@ne-out crossvalidation results for the ekriging method using four
theoretical semivariogram modd[Bable 34showed that the exponential theoretical
semivariogram model had the high&8tand concordance between prieted and

observed values and predictions being estimated at an average of 3.60% VWC from the
true value. The circular and Gaussian models have the least amount of bias which was
calculated at 0.02 for both modelBable34). The exponential model had a slightly higher

bias of 0.03 and the spherical model had the highest bias of 0.06.

The cekriging method using elevation as the secondary variable was compared te the co
kriging method using ECa and elevation. The circular, exponential, and spherical models
with both secondary variables showed a slight improvement in the coefficient of
determination, concordance, mean square error, and root mean square €aiole83,
Table34). The Gaussian model using elevation alone had higher MSE and RMSE, and a
lower R, concordance, and bias. The exponential model constructed with both
secondary variables was used predict the soil moisture content for the quarter section to

compare with other kriging methods.
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APPENDIX ADDITIONAREMIVARIOGRAMODEL PARAMETERS

Table35: Model parameters f@emivariogrars fitted to ECa (ds/m) data and used in co
kriging to predict volumetric water content. ECa was used as a secondary variable. The
theoretical model used, daal sill (C), nugget ¢ total sill (C+}, nuggetto-sill ratio and
range are summarized.

EQ\SEMIVARIOGRAMDDELS
Date Depth Model C G C+e N:iﬁgzgg_ R(erlrr:)(‘:] €
7/19/18 15cm Exp 1.09 0.08 1.17 0.068 81.3
30 cm Exp 1.05 0.07 1.12 0.060 74.5
8/02/18 15cm Sph 0.82 0.10 0.92 0.113 81.3
30 cm Exp 1.26 0.06 1.31 0.045 82.5
8/16/18 15cm Exp 0.53 0.23 0.75 0.302 81.7
30 cm Exp 0.42 0.11 0.53 0.208 81.7
8/23/18 15cm Sph 0.87 0.26 1.13 0.227 81.5
30 cm Cir 0.81 0.05 0.86 0.059 72.5
7/10/19 15cm Exp 0.42 0.09 0.50 0.171 82.2
30 cm Sph 0.27 0.06 0.33 0.176 82.2
7/22/19 15cm Sph 0.42 0.24 0.66 0.360 78.1
30 cm Exp 0.51 0.35 0.86 0.409 81.9
8/09/19 15cm Exp 0.53 0.23 0.75 0.302 81.7
30 cm Exp 0.42 0.11 0.53 0.208 81.7
8/28/19 15cm Exp 0.32 0.23 0.55 0.413 78.4
30 cm Exp 0.38 0.17 0.56 0.313 81.4
9/02/19 15cm Sph 0.21 0.09 0.30 0.297 73.9
30 cm Sph 0.21 0.01 0.22 0.048 73.9
9/17/19 15cm Exp 0.41 0.12 0.52 0.221 62.9
30cm Exp 0.47 0.14 0.61 0.233 81.2
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Table36: Model parameters faemivariogram fitted to elevation (m) data and used in
co-kriging to predict volumetric water content. Elevation was used as a secondary
variable. The theoretical model uspdrtial sill (C), nugget {Ctotal sill (C+}, nugget
to-sill ratio and range are summarized.

E_EVATIOBREMIVARIOGRAMDELS

Nuggetto- Range

Date Depth Model C G C+e sill ratio (m)
7/19/18 15cm Exp 0.63 0.13 0.76 0.204 81.3
30 cm Exp 0.64 0.14 0.78 0.213 74.5

8/02/18 15cm Sph 0.65 0.09 0.74 0.133 81.3
30 cm Exp 0.93 0.08 1.01 0.084 82.5

8/16/18  15cm Exp 3.30 0.43 3.73 0.130 81.7
30 cm Exp 3.23 0.17 3.40 0.054 81.7

8/23/18 15cm Sph 0.49 0.23 0.72 0.460 815
30 cm Cir 0.50 0.17 0.68 0.343 72.5

7/10/19 15cm Exp 3.50 0.51 4.01 0.145 82.2
30 cm Sph 241 0.74 3.16 0.308 82.2

7/22/19  15cm Sph 2.14 0.43 2.57 0.203 78.1
30 cm Exp 3.47 0.90 4.37 0.260 81.9

8/09/19 15cm Exp 3.30 0.43 3.73 0.130 81.7
30 cm Exp 3.23 0.17 3.40 0.054 81.7

8/28/19  15cm Exp 3.69 0.19 3.88 0.052 78.4
30 cm Exp 3.77 0.25 4.01 0.066 81.4

9/02/19  15cm Sph 2.03 0.29 2.32 0.141 73.9
30 cm Sph 2.17 1.30 3.48 0.601 73.9

9/17/19  15cm Exp 2.67 0.80 3.46 0.299 62.9
30 cm Exp 3.44 0.59 4.04 0.172 81.2
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Table37: Model parameters for crossriograms fitted to VWC data collected in 2018
and 2019 and ECa (ds/m) data. The theoretical model used, partial sill (C), ndygget (C
total sill (C+6}, nuggetto-sill ratio and range are summarized.

MOISTURE ANEQ\ SEMIVARIOGRAMDDELS

Nuggetto- Range

Date Depth Model C G C+eg sill ratio (m)
7/19/18 15cm Exp -3.31 0.52 3.84 0.136 81.3
30 cm Exp -3.17 0.46 3.63 0.128 74.5

8/02/18 15cm Sph 0.71 -0.24 0.95 0.250 81.3
30 cm Exp -0.95 -0.39 1.34 0.292 82.5

8/16/18 15cm Exp 0.46 -0.34 0.80 0.424 81.7
30 cm Exp 0.59 0.02 0.60 0.026 81.7

8/23/18 15cm Sph -2.60 0.72 3.32 0.218 81.5
30 cm Cir -1.25 0.58 1.83 0.318 72.5

7/10/19 15cm Exp 0.71 0.02 0.73 0.023 82.2
30 cm Sph 0.86 -0.13 0.99 0.135 82.2

7/22/19 15cm Sph 0.87 -0.40 1.27 0.317 78.1
30 cm Exp 1.38 -0.44 1.82 0.240 81.9

8/09/19 15cm Exp 0.46 -0.34 0.80 0.424 81.7
30 cm Exp 0.59 0.02 0.60 0.026 81.7

8/28/19 15cm Exp -0.51 0.34 0.84 0.398 78.4
30 cm Exp 0.76 -0.31 1.07 0.287 81.4

9/02/19 15cm Sph -0.76 0.21 0.97 0.217 73.9
30 cm Sph -0.70 0.09 0.79 0.109 73.9

9/17/19 15cm Exp -1.16 0.06 1.23 0.052 62.9
30 cm Exp -0.90 0.27 1.17 0.230 81.2
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Table38: Model parameters for crosmriograms fitted to VWC (%) data collected in
2018 and 2019 and elevation (m) data. The theoretical model used, partial sill (C), nugget
(&), total sill (C+6}, nuggetto-sill ratio and range are sunarized.

MOISTURE AND ELEVATION VARIOGRAM MODEL!

Nuggetto- Range

Date Depth  Model C G C+e sill ratio m)
7/19/18 15cm Exp -0.96 0.63 1.59 0.395 81.3
30 cm Exp -0.36 0.83 1.20 0.697 74.5

8/02/18 15cm Sph 1.07 0.10 1.17 0.084 81.3
30 cm Exp -0.08 0.35 0.44 0.807 82.5

8/16/18 15cm Exp -7.04 1.63 8.67 0.188 81.7
30 cm Exp -5.10 1.26 6.36 0.198 81.7

8/23/18 15cm Sph -0.56 0.48 1.04 0.460 81.5
30 cm Cir -0.81 1.08 1.89 0.572 72.5

7/10/19 15cm Exp -4.80 0.90 5.69 0.158 82.2
30 cm Sph -5.68 2.52 8.20 0.307 82.2

7/22/19 15cm Sph -3.69 0.70 4.38 0.159 78.1
30 cm Exp -7.18 1.06 8.24 0.129 81.9

8/09/19 15cm Exp -7.04 1.63 8.67 0.188 81.7
30 cm Exp -5.10 1.26 6.36 0.198 81.7

8/28/19 15cm Exp -1.46 0.35 1.82 0.195 78.4
30 cm Exp -6.94 1.27 8.21 0.154 81.4

9/02/19 15cm Sph -1.33 0.53 1.85 0.285 73.9
30 cm Sph -8.23 2.87 11.10 0.258 73.9

9/17/19 15cm Exp 5.15 -1.00 6.15 0.162 62.9
30 cm Exp 6.09 -2.08 8.17 0.254 81.2
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Table39: Modelparameters for crosgariograms fitted to elevation (m) and ECa (ds/m)
data. The theoretical model used, partial sill (C), nugget¢@l sill (C+, nuggetto-sill
ratio and range are summarized.

E_LEVATION ANBQ\ VARIOGRAM MODELS

Nuggetto- Range

Date Depth Model C G C+e sill ratio (m)
7/19/18 15cm Exp 0.39 0.02 0.41 0.046 81.3
30 cm Exp 0.38 0.02 0.40 0.053 74.5

8/02/18 15cm Sph 0.29 -0.09 0.38 0.236 81.3
30 cm Exp 0.33 -0.07 0.40 0.166 82.5

8/16/18 15cm Exp -1.03 0.09 1.12 0.080 81.7
30 cm Exp -0.77 0.08 0.85 0.099 81.7

8/23/18 15cm Sph 0.18 0.05 0.24 0.231 81.5
30 cm Cir 0.01 0.09 0.11 0.875 72.5

7/10/19 15cm Exp -0.76 0.04 0.80 0.055 82.2
30 cm Sph -0.38 -0.02 0.40 0.058 82.2

7/22/19  15cm Sph -0.35 -0.13 0.48 0.266 78.1
30 cm Exp -0.73 -0.23 0.96 0.239 81.9

8/09/19 15cm Exp -1.03 0.09 1.12 0.080 81.7
30 cm Exp -0.77 0.08 0.85 0.099 81.7

8/28/19 15cm Exp -0.93 0.21 1.14 0.181 78.4
30 cm Exp -0.77 0.09 0.85 0.100 81.4

9/02/19 15cm Sph 0.17 0.08 0.25 0.321 73.9
30 cm Sph 0.18 0.04 0.21 0.177 73.9

9/17/19 15cm Exp -0.65 -0.01 0.66 0.011 62.9
30 cm Exp -0.76 -0.01 0.76 0.009 81.2
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