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Abstract: Turfgrass irrigation consumes a large amount of the scarce freshwater in arid/semi-
arid regions. Approximately 50% of this irrigation water is wasted. It has been suggested that
determining patterns of spatial variability in soil moisture to modify applications with valve-in-head
sprinkler technology can greatly reduce waste. Variable rate irrigation (VRI) studies in traditional
agricultural settings have shown that VRI zones do not stay static temporally and need to be frequently
redetermined. Electrical conductivity (ECa) data from Geonics EM38 surveys and data from Red,
Green, Blue (RGB) and Thermal Infra-Red (Th.IR) drone surveys are less time-consuming and
therefore expensive to collect than a dense field survey of soil moisture and grass health to produce
accurate geostatistical maps. Drone flights and ECa surveys are compared here for their ability
to accurately estimate spatial patterns of soil volumetric water content (VWC) using simple linear
regression and z-score transformations for prediction—non-geostatistical approaches that require less
data. Overall, ECa readings collected in the horizontal mode were the most consistent at capturing
spatial patterns in soil moisture. Predictions from regression produced lower root mean squared
errors (RMSEs) for the larger datasets. However, z-score transformation produced lower RMSEs
when the sample number was very small and preserved the scale of values better than the regression
approach. The results suggested that predictions from ECa and drone data were useful for capturing
key features in soil moisture patterns for 2-3 weeks, suggesting that a periodic reassessment of zones
is needed. Using ECa and drone data in an urban environment is more labor-intensive than in an
agricultural field, so it is likely that automating periodic re-surveying of ECa data for zone definition
would only be cost-effective for golf courses or high-income sports fields. Elsewhere, using static
zones with variable rates applied to each zone may be more efficient.

Keywords: soil mapping; management zones; variable rate irrigation (VRI); sensed data

1. Introduction

Megadroughts are defined as droughts lasting decades or even centuries [1]. The
American Mountain West has been experiencing a “megadrought” in the 21st century [2].
Williams et al. [3] noted that the severe and persistent 21st-century drought in southwestern
North America was exceeded only by a late-1500s megadrought. Evidence of the current
megadrought in the west was shown in May 2021 by http:/ /droughtmonitor.unl.edu (ac-
cessed on 31 May 2021), whereby 30% of the west was experiencing extreme or exceptional
drought. In the state of Utah, megadrought has been evidenced by the shrinking of the
Great Salt Lake by 50-60% between 1985 and 2022 [4], but the shrinking of the Great Salt
Lake is also evidence of an increase in human water use in the region [5], particularly
by agriculture [6] and in urban areas. According to the 2020 US Census, Utah was the
fastest-growing state in the USA with a gain of 507,731 residents, with 35% of that increase
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coming from net migration [7]. In addition, 90% of the expanding Utah population lives in
urban areas [8]. This urban population expansion, in conjunction with the megadrought,
has put stress on the limited freshwater resources.

In Utah and in some other semi-arid areas around the USA and the world, most
residences and institutions have irrigated turfgrass. With increased urbanization in the
USA, Milesi et al. noted in 2005 [9] that there were more irrigated acres of turfgrass than
irrigated corn, wheat and fruit trees combined. The figures from this study are still being
quoted nearly 20 years on but no new evaluations of this situation have been provided, only
suggestions that the Milesi et al. [9] study overestimated the amount of irrigated turfgrass,
as they assumed that the total acreage of turfgrass grown in the USA was irrigated [10].
Nevertheless, as 25% of the continental USA is semi-arid or arid [11], turfgrass in these areas
will be frequently irrigated as is turfgrass in areas with less extreme climates. Turfgrass has
several advantages in urban areas, such as cooling [12], carbon fixation [13,14], cleaning
noxious gases from the air [15] and reduction in fire risk [16], but when irrigated, it uses a
large amount of scarce freshwater.

Traditionally, sports field managers have carried out periodic site assessments of
soil and turfgrass characteristics in four to six sample areas per field. Precision turfgrass
management is a relatively new approach in turfgrass management [17-19] which considers
more detailed spatial variation in grass health, nutrients, compaction and soil moisture to
determine where fertilizer, herbicide and water are needed and where they are not needed.
This approach has developed drawing on the principles of precision agriculture, which has
been practiced since the 1990s [18]. The aim of precision agriculture is to maximize profits
and minimize adverse environmental effects [20]. Precision irrigation, or variable rate
irrigation, is a key part of precision turfgrass management particularly in arid or semi-arid
areas and could result in more efficient use of limited freshwater resources.

Between 30 and 60% of urban freshwater is used on lawns in the USA [21] and the
United States Environmental Protection Agency (EPA) has estimated that about 50% of
turfgrass irrigation water is wasted by temporal and spatial misapplications, with the latter
accounting for larger proportions of waste [12]. This is a general figure and it is assumed
that less water is wasted by trained sports field managers than uneducated residential
lawn owners. Temporal misapplication of irrigation water can be reduced by the use of
smart sprinkler systems, which consider local weather conditions in the scheduling of
irrigation [22-28]. Precision turfgrass irrigation could also employ soil moisture sensors in
existing sprinkler zones to determine when to apply water. With “valve-in-head” sprinkler
technology, the rate of application can be varied from each individual sprinkler head rather
than for a group of sprinkler heads, which form a zone for traditional sprinkler head
technology. Developing spatial zones to be used with “valve-in-head” sprinkler technology,
or determining different rates of irrigation that should be applied to existing sprinkler
zones, is key to addressing spatial misapplications. Such variable rate irrigation is an
important part of precision turfgrass management.

The first step in VRI is to characterize the spatial variation in soil moisture either
directly through measurement with handheld devices [29,30] or through sensing-related
properties through proximal [19,31,32] or remote sensing [33,34]. Within the discipline
of precision agriculture, grid sampling at a suitable intensity followed by kriging has
been shown to produce accurate maps of key soil properties [35]. However, the sampling
interval used for the grid should be selected to resolve the variation at a suitable scale for
field management and about 100 samples are required to compute accurate variograms
for kriging [36]. Indeed, in turfgrass studies, data have been collected at 80-150 points
in turfgrass sports fields using handheld devices [29,30,37]. This density of data collec-
tion is necessary to produce accurate maps by kriging. While handheld devices are not
particularly expensive, gathering data on several variables at once on a dense grid with
about 100 locations can take a few hours. Within precision agriculture, various sensing
approaches have been embraced [38]. Sensors are generally more expensive than handheld
devices, but far more dense datasets can be collected in a fraction of the time needed for a
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dense survey with handheld devices. Indeed, a mobile multi-sensor platform that measures
the VWC, penetrometer resistance, NDVI and GPS location all at once has been used in
turfgrass fields and has been shown to be efficient in terms of sampling time and effort to
obtain a very dense survey of fields [19,32,39].

Most research related to precision management (nutrients and irrigation) of turfgrass
or VRI has been confined to maintaining turfgrass quality for golf courses or high-income
sports fields while using less water [31,40-45]. This is primarily because the cost of mapping
or sensing soil moisture levels can be somewhat offset by the income derived from the
sporting activities that occur on these fields. However, for general sports fields, parks,
recreation areas and suburban residential lawns, there is little or no income from crops or
sporting activities that could pay for soil moisture mapping for the development of spatial
zones. Also, residential customers are risk-averse and are much more likely to be willing to
buy a smart sprinkler controller than make the significant investment of converting their
irrigation infrastructure to valve-in-head technology or replanting their lawn to a low-input
turfgrass [46,47]. Therefore, relatively less expensive means of mapping spatial patterns in
soil moisture need to be found, especially those that could be somewhat automated

Another potential challenge with mapping spatial soil moisture zones for turfgrass is
that within agriculture, it has been shown that temporally variable irrigation zones may be
needed, because zones do not stay static once variable management practices are used [25].
Indeed, zones may need reassessment before each irrigation event. A University of Georgia
group addressed this issue with sensor networks [44] and a USDA-ARS team in Bushland,
TX, attached IR thermometers to central irrigation pivots to track canopy temperatures to
calculate crop water stress in cotton [25]. Similarly, in the context of turfgrass, Straw and
Henry [48] investigated two natural turfgrass sports fields and showed that during a dry
down period, zones based on the volumetric water content (VWC), normalized difference
vegetation index (NDVI) and penetration resistance changed, so the change in zones over
time needs to be investigated. However, in contrast, it was shown that for turfgrass, a
single irrigation event did not noticeably change the strength of relationships between or
spatial distributions of field properties [49].

Kerry et al. [37] investigated the abilities of various costly and inexpensive field survey
methods to reproduce patterns of soil moisture. Some of the methods were based on human
perception [50]; however, of the methods investigated, none could be automated and none
would be economically sustainable for the repeated mapping of soil moisture. However,
sports field and golf course managers have a significant knowledge of how turfgrass health
and soil moisture vary just from being familiar with their fields [51]. This knowledge could
be used for an initial zoning and in situ sensors at minimal locations could be used to inform
irrigation scheduling. The utility of field manager knowledge needs to be investigated
further in the future.

In this paper, the issue of whether temporally varying VRI zones for turfgrass can be
determined accurately and more swiftly with electrical conductivity (ECa) and drone data
is addressed. ECa data collected using the Geonics EM38 instrument (Geonics Limited,
Mississauga, ON, Canada) pulled behind a quad bike have been used to infer variations in
soil moisture and nutrients for some time in precision agriculture [52-54]. The ability of soil
to conduct electricity is related to its moisture content, which is in turn related to the soil’s
texture, compaction and nutrient content. Similarly, reflectance information from different
wavelengths collected by satellite, plane or drone have been used in precision agriculture
for detecting spatial variation in soil properties for defining fertilization and irrigation
zones relatively inexpensively [55,56]. Most notable is the use of thermal waveband images
(Th.IR) for mapping crop water stress for irrigation zoning and scheduling [57-60]. Data
from the EM38 instrument and drones can be collected on-the-go and this is generally less
labor-intensive than using handheld devices to conduct dense field surveys for geostatistical
mapping [61], like that of Kerry et al. [37]. Drone and ECa surveys take about 30 min in
contrast to 1-3 h for a dense field survey with handheld devices. However, neither ECa
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collection [62] nor capture of information by drone [33,34] have been extensively used in
the context of precision irrigation of turfgrass.

Sensed information usually offers a far denser dataset than can be efficiently col-
lected on the ground through sampling or handheld sensors. Within precision agriculture,
methods have been sought to use a combination of sampled soil data and sensed data
in the mapping process to obtain accurate maps more cheaply. Such approaches capi-
talize on the density of the sensed data and the correct range of values of the sample
data. In reviewing approaches for mapping soil properties using sensed information in
precision agriculture, Adamchuk et al. [63] noted that usually, some ground truth data on
the properties themselves need to be collected to calibrate the sensed data. Traditional
field sampling and lab analysis is expensive, and the cost is proportional to the sample
size [64]; therefore, it is desirable to use the smallest sample size that gives the best es-
timates. Similarly, the time taken to conduct grid surveys of turfgrass health and soil
properties varies with sample size [29,30]. The sample sizes discussed in the case studies
presented by Adamchuk et al. [63] were for mapping soil nutrients, physical properties
and organic matter levels in agricultural fields, in conjunction with sensed data, but ranged
from 10 to 75 samples and were usually based on a regression approach for calibration.
Kerry et al. [65] investigated the use of an approach calibrating z-scores of sensed data
with the means and standard deviations of samples of different sizes (12-296). They found
that estimates of management zone averages [64] based on a z-score calibration were most
accurate for the smallest sample sizes [65]. Given that there is no crop to offset the price
of sensing for turfgrass, the sample size for calibration should be as small as possible.
Therefore, the z-score calibration and regression-based calibration with different sample
sizes will be compared in this study.

Data from several dense field surveys (more time-consuming) of soil volumetric water
content (VWC), ECa surveys and drone flights (less time-consuming) in the visible and
Th.IR wavelengths collected in the summer of 2022 were used to investigate which data
were more useful in determining temporally varying zones for urban turfgrass within
season. The relative errors associated with both approaches were used in comparison to
kriged data from the dense field surveys. The errors associated with increasing periods
of time between the VWC survey and ECa or drone survey and decreasing numbers of
soil ground data points for calibration were also assessed. A simple linear regression and
z-score calibration approach for calibrating the ECa and drone data to give VWC data were
also compared. This paper significantly expands on the initial study of Kerry et al. [66] by
looking at information from several more temporal surveys of two of the fields and more
detailed examination of the differences between prediction approaches.

2. Materials and Methods
2.1. Field Methods

Three general use sports fields with Kentucky bluegrass (Poa pratensis L.) on Brigham
Young University campus in Provo, UT, USA, were assessed. This species is the most
commonly seeded grass and is the predominate sports field turfgrass in northern climates,
such as in Utah. It is a C-3 cool season species with excellent surface stability and cold
hardiness [67]. The West Stadium (40.2575° N, 111.659° W), Harmon (40.256° N, 111.644° W)
and MTC fields (40.262° N, 111.644° W) were surveyed on 20 m, 15 m and 20 m grids,
respectively (Figure la—c). The topsoil VWC (%) (0-10 cm depth) was determined at
grid points using the average of two measurements within 1 m of grid nodes using an ML3
Theta Probe (Delta-T Devices, Cambridge, UK). Although most grass roots occur between
10 and 15 cm depth, theta probes are often used for quick assessments of topsoil moisture
in turfgrass. The soil texture for the field sites ranged from silty clay loam to sandy loam
and, thus, the spatial VWC assessment was calibrated based on a “loam” soil texture. The
VWC surveys of each field used in this study were performed on the following dates: West
Stadium, 24 May 2022; Harmon, 26 April 2022, 4 May 2022 and 6 October 2022; and MTC
field, 7 April 2022, 5 May 2022 and 5 October 2022.



Agronomy 2024, 14, 1238

50f26

(a) West Stadium sampling
scheme and sprinkler zones

(b) Harmon sampling scheme (c) MTC sampling scheme

and sprinkler zones (black lines)

(black lines)

e ® 20mgrid Ty
ﬁ'p—LALA_A_l e®o o o o ele
ﬂ .—f:—:—: . wmgrid ..O ° . ° e |o

TT‘.: @ 60mgrid o o s e oo
o o @ o

(d) West Stadium elevation (m)
sprinkler zones (black lines)

B 1417 to 1418
[ 1416 to 1417
[] 1415t0 1416
[] 1414 to 1415
[] 1413 to 1414
[ 1412t0 1413
Bl 1411 to 1412

A 2 ® 0+ o0 olaa

® 20mgrid
B ® 15mgrid
@ 40mgrid
@ 30mgrid
60 m grid
@ 45mgrid o §
: il @ Sensors
@ Sensors

(f) MTC elevation (m) and
sprinkler heads (black dots)
and zones (black lines)

(e) Harmon elevation (m)
sprinkler zones (black lines)

[ 1452 to 1463
[ 1451 to 1452
[ 1450 to 1451
] 1449 to 1450
[] 1448 to 1449
[] 1447 to 1448
[] 1446 to 1447
[ 1445 to 1446
[ 1444 to 1445

==h

B 1391 to 1392
[J 1390 to 1391
[] 1389 to 1390
[ 1388 to 1389
[l 1387 to 1388

Figure 1. Sampling schemes and elevations (m above sea level) in relation to sprinkler zones,
respectively, for the (a,d) West Stadium, (b,e) Harmon and (c,f) MTC fields.

The 15 m and 20 m grids used in each field for sampling the soil and grass were laid out
using tape measures aligned with cardinal directions, as the accuracy of our Bad-Elf GNSS
surveyor with 1 m accuracy was compromised to about 3 m accuracy by the proximity of
the fields to tall buildings. These grid sizes were chosen so that the densest sampling would
include 100-150 samples, as suggested is appropriate for geostatistical mapping by Webster
and Oliver [36]. This allowed a dense, accurate mapping of the VWC for comparison with
predicted values from regression and z-score transformation with smaller datasets. The
dense 15 m and 20 m grid data were sub-sampled to make grids with double and triple
the original sampling intervals (30 m and 45 m grids for the 15 m data and 40 m and 60 m
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grids for the 20 m data) (Figure 1a—c). Additionally, in situ soil moisture sensors (Teros 12;
Meter Group, Pullman, WA, USA) were installed for the Harmon and MTC fields at the
locations shown in blue in Figure 1b,c. The soil sensor locations were determined based
on previous soil moisture mapping within the fields. Locations were chosen to represent a
range of relatively wet and dry locations but the wettest and driest locations were avoided.
The numbers of samples for the different-sized grids in the West Stadium field were the
following: 20 m = 135 points, 40 m = 34 points and 60 m = 17 points. For the Harmon
field they were the following: 15 m = 101 points, 30 m = 30 points, 45 m = 13 points and
sensor locations = 6 points. For the MTC field, the spacing and number of grid points
were the following: 20 m = 103 points, 40 m = 27 points, 60 m = 12 points and sensor
locations = 6 points.

Figure 1d—f show the orientation of sprinkler zones in relation to elevation patterns
for the West Stadium, Harmon and MTC fields, respectively. For the West Stadium field,
there was considerable variation in elevation within sprinkler zones as the zones were
orientated in the opposite direction to elevation (Figure 1d). Although many of the soils
under turfgrass fields on the university campus had been engineered to some extent, the
West Stadium field showed no variation in the native soil type and had Keigley silty loam
soils with 1-3% slopes throughout according to https:/ /websoilsurvey.sc.egov.usda.gov/
App/WebSoilSurvey.aspx (accessed 1 March 2024). The majority of sprinkler zones in the
Harmon field were orientated with elevation (Figure 1e). The Harmon field had three native
soil types: Taylorsville silty clay loam with 1 to 3% slopes (91.5% of the field), Pleasant
Grove gravelly loam with 3 to 6% slopes (5.5% of the field), and Sterling gravelly fine sandy
loam with 1 to 3% slopes (3% of the field) according to https://websoilsurvey.sc.egov.usda.
gov/App/WebSoilSurvey.aspx (accessed 1 March 2024). We consider that the influence of
the native soil identified by the web soil survey would be minimal in an engineered soil,
but greater in the sub-soil. However, previous comparison tests of soil moisture from two
different surveys showed highly significant differences in VWC (p < 0.001) between the
three soil types identified by the web soil survey for the Harmon field. Also, the soil types
with the highest and lowest VWCs were consistent between surveys. Finally, in the MTC
field, “valve-in-head” sprinklers were installed so that each sprinkler head consisted of
its own zone with a radius of 27 m, but the sprinkler heads themselves were spaced 20 m
apart so there was overlap (Figure 1f) between the areas watered by each sprinkler head.
The MTC field sprinkler heads were installed in the NW-SE running lines consistent with
changes in elevation running across the slope (Figure 1f).

The MTC field had native soil of only one type, while the Pleasant Grove grav-
elly loam had 3 to 6% slopes according to https:/ /websoilsurvey.sc.egov.usda.gov/App/
WebSoilSurvey.aspx (accessed 1 March 2024). There was likely to be more difference in soil
type within the MTC field than was identified by the web soil survey as this field had been
dug up several times to insert pipelines, etc., along the main road. Also, a survey of topsoil
texture along two NW-SE running transects showed soil textures varying between clay
loam, loam and sandy loam [37], which is consistent with pipelines being installed beneath
this field and the removed soil being replaced by sand. It was also consistent with the soils
under turfgrass fields on the university campus being altered /engineered to some extent.

During the month of May 2022, A Geonics EM38 meter (Geonics Ltd., Mississauga,
ON, Canada) was calibrated and then pulled across each field on a plastic sled in the
horizontal and vertical positions to measure the Eca. The dates of the Eca survey for each
field were the following: West Stadium field, 24 May 2022; Harmon field, 6, 9, 13, 17 23, 27
and 30 May 2022; and MTC field, 9, 13, 17, 23, 27 and 30 May 2022. The sled was pulled by a
person or a slowly driven quad bike in the horizontal (Hz) and vertical (Vt) positions, with
the average depths of inquiry being 0.75 m and 1.5 m, respectively [68]. Measurements
were made once per second along transects spaced 5-10 m apart in each field (see tracks
in black in Figure 2a,b,d). This transect spacing is consistent with the recommendation of
4.8-9.6 m being a desirable distance between transects for the Toro Precision Sense PS6000
multi-sensor platform [39].
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Figure 2. Maps showing how ECa data were preprocessed to remove highly conductive points.
(a) Map of kriged raw HzEC and sample locations (black dots) in West Stadium field on 24 May.
(b) Map of kriged raw HzEC and sample locations (black dots) in Harmon field on 9 May. (c) Map of
kriged filtered HzEC and filtered sample locations (black dots) in Harmon field on 9 May. (d) Location
of pipes and conductive features in MTC field. (e) Map of kriged raw ECa Vt values and sample
locations (black dots) for MTC field on 13 May. (f) Map of kriged filtered ECa Vt values and filtered
sample locations (black dots) for MTC field on 13 May.

In contrast to an agricultural environment where EM38 is often used as part of pre-
cision agricultural practices to indicate different zones in soil, there are many conductive
features in an urban environment that influence ECa survey values. The locations of con-
ductive features that might affect ECa measurements such as pipes, lampposts, drains and
fences around and beneath the fields were mapped using the Global Navigation Satellite
System (GNSS) and extracted from public or institutional record maps (Figure 2d). A5 m
buffer was applied to either side of known conductive points or features to filter out high
values and points with an ECa > 3 standard deviations above the mean were also removed.
The black dots in Figure 2c,f show the remaining ECa survey points after filtering. As
Figure 2¢,f show that some survey lines were removed completely by the filtering process,
it is recommended that in an urban environment, to obtain a sufficient density of observa-
tions, practitioners should try to space transects at around 4.8 m rather than the 9.6 m top
end of the recommended range of transect spacings [39].

Following ECa filtering, the data were kriged to create a raster with 1 m x 1 m pixels.
There was also a problem with calibrating the EM38 instrument in locations that were
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affected by unknown conductive features that were invisible at the surface and resulted in
some negative ECa values that were still present after data filtering, as shown in Figure 2f.
Therefore, exact HzZEC and VtEC values could not be used to infer the VWC using existing
pedotransfer functions. Rather, HZEC and VtEC values were used to infer spatial patterns
in the ECa.

Th.IR and RGB drone surveys were performed for the fields using a Da-Jiang Inno-
vations (DJI) Mavic 2 Enterprise (Da-Jiang Innovations, Shenzhen, China) drone at 61 m
above ground level with a ground pixel size of ~6 cm. The thermal camera has an uncooled
VOx microbolometer sensor with a 640 x 480 array capable of measuring temperatures
between —10 °C and 140 °C. The RGB camera captures 12 mp images (4056 x 3040).
Drone surveys for each field were performed on the following dates: West Stadium field,
24 May 2022; Harmon field, 8 April 2022, 5 October and 12 October 2022; MTC field, 8 April
2022, 19 May 2022, 5 and 12 October 2022. Images for each date and field were stitched
together in Drone Deploy software online (dronedeploy.com) to make an ortho-mosaic as
shown in the examples for West Stadium field in Figure 4d,e. Ground control points were
used to check the locational accuracy of the orthomosaic. As the near infrared band was
not captured by either camera on the drone, a vegetation index that used only visible wave-
bands was used. The visible atmospherically resistant index (VARI) was calculated from
the individual wavebands using Equation (1) to give an indication of turfgrass health [69]:

VAR] — Green — Red

" Green + Red — Blue M

2.2. Numerical Analysis

Figure 3 summarizes the steps involved in the data collection, processing, calibration
and analysis that were used in this study. Grid-sampled soil VWC data were kriged to a
1 m grid using the software SpaceStat version 4.0.21 [70]. The ECa sample data were filtered
as mentioned above and kriged to a 1 m grid. Drone data digital numbers (DNs) were
degraded to give average values for a 1 m pixel size. To assess the degree of correlation
between the VWC and the ECa and drone data from different dates, Pearson correlation
coefficients were calculated between these variables using the data on the 1 m grid for
each field in SPSS version 28 [71]. As correlation coefficients were computed between the
1 m kriged VWC estimates and the sensed data on a 1 m grid, n > 13,000 for each field
site. Therefore, very low correlation coefficients were likely to be significant. Also, the
significance of the correlation coefficients could have been overestimated due to spatial
autocorrelation in the data [72] and therefore the relative strength of the correlations was
most important in this study.

ECa and drone data were calibrated to give VWC values in two ways using the full
survey data, sub-samples and sensor locations. First, the local average ECa and drone
survey values were determined for each of the sub-sample points and sensor locations.
The local averages were taken from the nearest 48 points on a 1 m kriging grid which is
equivalent to 3rd-order queen neighbors or a search radius of 3 m. The local average ECa
and drone values were then used with the VWC survey data to compute a regression model
with the VWC as the dependent variable. The regression equation was used with the kriged
ECa and drone survey data to estimate the VWC for the 1 m grid (regression calibration).
The second calibration method (z-score calibration) involved converting the ECa and drone
data to z-scores by subtracting the mean and dividing by the standard deviation of the
ECa or drone data. The mean and the standard deviation of the VWC for each sub-sample
(Figure 1la—c) were calculated. The ECa or drone z-scores were then multiplied by the
standard deviation of the VWC measurements for the sub-sample and sensor locations
and then the mean VWC for the given sub-sample was added (see Equations (1) and (2) of
Kerry et al. [66] for further clarification). The kriged 1 m VWC data were used to compute
root mean squared errors (RMSEs) between field-based dense VWC measurements that had
been kriged and regression- and z-score-calibrated VWCs from the drone and ECa surveys.
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Figure 3. Flow chart summarizing the steps involved in the data collection, processing, calibration
and analysis in this study.

3. Results and Discussion
3.1. West Stadium Field
3.1.1. Spatial Patterns in Variables

Figure 4 shows the VWC, HzEC, VtEC, Th.IR and VARI maps for the West Stadium
field. All data were collected on 24 May 2022, so for this field, it was possible to investigate
the relative errors involved in using ECa and drone data for prediction when they were
collected on the same day as the VWC data. The maps show that there are similarities in
the spatial patterns of these variables with VWC patterns. HzEC shows a strong positive
relationship with the VWC (r = 0.75), while the VtEC, Th.IR and VARI show weaker
negative relationships (r = —0.29, —0.20 and —0.25, respectively). The similarities between
methods may in part be due to strong differences between the north and south parts of the
field as no irrigation had occurred in the north in 2022.

(b) Kriged HzEC (c) Kriged VtEC (d) Thermal IR:
(mS m™): 24 May (mS m™): 24 May 24 May (e) VARI: 24 May
e

W s toss W 234t0254
[H s2t0 4% [ 232 to 234 B 24510252
] 40t0 42 [ 231 t0 232 [ 239 to 248
[J3st4 [J 230t0 231 ] 225t0 239 |
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Figure 4. Kriged maps of the West Stadium field on 24 May 2022 for the (a) VWC, (b) HzEC, (c) VtEC,
(d) thermal IR data and (e) VARI from 24 May 2022.
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3.1.2. RMSEs for EC and Drone Data

Table 1 shows the RMSEs for the West Stadium field and shows that they are lower for
the regression calibrations for all sample sizes. The RMSEs increase as sub-sampling interval
increases and sample size decreases, showing that calibrations are more reliable when more
field data are used. However, the increase in RMSEs is not proportionate to the decrease
in sample size as the 20 m, 40 m and 60 m sub-samples contained 135, 34 and 17 samples,
respectively. In the case of z-score calibration, RMSEs were notably larger across all variables
and sampling grids. RMSEs were larger for VtEC, Th.IR and VARI than HzEC, showing
that the HZEC data relate to the VWC at shallower depths [68] and are more suitable for
characterizing spatial variation in topsoil VWC at this site than the other variables. As the
HzEC gives information on shallower soil than the VtEC, and topsoil VWC (0-10 cm) is being
used as a reference here, it is logical that the HzEC had lower RMSEs.

Table 1. Summary statistics and RMSEs for the VWC predicted using EC and drone data calibrated
using regression and z-scores for the West Stadium field.

Data and Collection

Date i Regression Calibration z-Score Calibration
ate in 2022
(Month and Day) Min. Max. Mean St.Dev. RMSE RMSE Min. Max. Mean  St. Dew.

VWC 24 May 2022 1.47 45.84 8.98 6.04 - - 1.47 45.84 8.98 6.04
HzEC 24 May 20 m 0.68 36.72 9.31 4.94 4.07 5.23 —4.05 52.76 9.56 7.89
HzEC 24 May 40 m 0.54 34.76 8.73 4.69 4.04 4.77 —3.39 48.13 8.95 7.06
HzEC 24 May 60 m 0.29 45.76 11.18 6.23 4.91 7.25 —8.18 6791 10.04 10.04
VtEC 24 May 20 m 2.60 14.12 9.65 1.49 5.83 11.18 —13.86 46.52 9.56 7.79
VtEC 24 May 40 m 4.46 11.94 9.04 0.96 5.84 10.55 —12.29 42.47 8.95 7.06
VtEC 24 May 60 m 0.71 17.01 10.68 2.10 6.04 13.54 —21.33 59.55 10.04 10.43
Th.IR 24 May 20 m 9.39 10.10 9.53 0.15 6.04 10.78 —21.03 16.54 9.56 7.79
Th.IR 24 May 40 m 7.64 9.24 8.94 0.33 6.12 10.17 —18.79 15.28 8.95 7.06
Th.IR 24 May 60 m 3.82 12.34 10.76 1.77 6.86 13.10 —30.94 19.39 10.04 10.43
VARI 24 May 20 m 6.40 18.84 9.47 3.50 6.21 10.99 —11.28 16.37 9.56 7.79
VARI 24 May 40 m 5.44 20.14 9.06 4.14 6.43 10.36 —9.95 15.13 8.95 7.06
VARI 24 May 60 m 3.12 37.07 11.48 9.56 10.28 13.32 —17.88 19.17 10.04 10.43

Key: Th.IR = thermal infra-red, VARI = VARI index, HZEC = electrical conductivity horizontal mode, VtEC = elec-
trical conductivity vertical model. Bold values show the lowest RMSEs for a given variable, sample size and date.

Table 1 also shows the minimum, maximum and mean of the calibrated VWC values
for each sub-sample and variable compared to the measured VWC values. The calibrated
values show that the mean was reasonably reproduced by both calibration methods and
to the least extent for the least dense 60 m data. The range of values, particularly the
maximum values, was severely reduced for the regression calibration, especially for the
VtEC, TH, IR and VARI data. The z-score calibration also has low maximum values for
the VWC predictions but has a greater range of values as the minimum values are all
negative. While a calibration method should be able to produce low errors overall, if this
is performed by effectively estimating the mean VWC but not capturing the true range of
variation, this can be a problem. The HzEC data were the best for estimating the VWC
within this field as the mean and range of predictions were closer to those of the measured
VWC data for both calibration methods.

Figure 5 shows the VWC values predicted using the HzEC (the best-performing
variable based on RMSEs), the regression and z-score calibrations, and the different-sized
sub-samples. All maps (Figure 5) are plotted to the same numerical scale as the VWC
surveyed in the field (Figure 4a). When the maps of the predicted VWC (Figure 5) are
compared to Figure 4a, it is clear that the regression calibrations preserve more of the detail
in the spatial patterns compared to the z-score calibration predictions. The spatial patterns
in the data for the z-score calibration (Figure 5d—f) are similar for all sample sizes, yet
the z-score calibration does a better job at capturing the full range of values in the data
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(see Table I—minimum and maximum values for predicted data compared to the observed
field VWC values in the first row) than the regression calibrations. The acceptable range of
RMSEs for regression and z-score calibration (5-6%) was determined based on the range of
RMSE values obtained from the Eca and drone surveys collected on the same day as the
VWC surveys for the West Stadium field for the best-performing variables.

(a) 20 m grid regression HzEC (b) 40 m grid regression HzZEC (c) 60 m grid regression HZEC

B 5104
B 14t0 16

(d) 20 m grid z-score HzEC (e) 40 m grid z-score HzZEC (f) 60 m grid z-score HZEC

Figure 5. Kriged maps of the predicted VWCs for the West Stadium field on 24 May 2022 based on
regression (a—c) and z-score calibration (d—f) using the HzEC data and different-sized sub-samples
of data.

3.2. Harmon Field
3.2.1. Spatial Patterns in Variables

Figure 6 shows the VWC, HzEC, VtEC, Th.IR and RGB maps for the Harmon field. The
various data were collected on slightly different dates. ECa data collected on 6 May, 9 May
and 17 May were compared with VWC data from 4 May. The Th.IR and green reflectance
data collected on 8 April were compared with VWC data from 26 April, and the Th.IR
and RGB data for 12 October were compared with the VWC data from 6 October. Figure 6
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shows the most similarity between the 4 May VWC (Figure 6a) and 6 May HzEC (r = 0.57),
9 May HzEC data (r = 0.53, Figure 6b) and 17 May HzEC data (r = 0.60, Figure 6e), but the
patterns for the VtEC 9 May (r = 0.21, Figure 6¢), VtEC 17 May (r = 0.27, Figure 6f), Th.IR
8 April (r = 0.03, Figure 5d), Th.IR 12 October (r = 0.11, Figure 6g) and RGB 12 October
(r = 0.10, Figure 6h) are quite different. This difference in VtEC can be attributed to the
deeper depth of inquiry than the HzEC and the VWC survey for topsoil (0-10 cm). For
Th.IR, the difference likely relates, in part, to the longer time between the drone and VWC
surveys but also differences in grass health being primarily captured in the drone imagery.
Kerry et al. [37] showed that ground and drone surveys of NDVI and % dead grass present
gave poorer indications of VWC spatial patterns than a human touching the grass and
determining if it felt dry, damp or wet. This is because patterns in grass health observed by
drone can be related to factors other than soil moisture, like the degree of trampling and
compaction, lack of nutrients or management activities like mowing.

3.2.2. RMSEs for EC Data

As for the West Stadium field, the RMSEs for the Harmon field were generally lower
for regression calibrations for all sample sizes (Table 2). The RMSEs were lowest for the z-
score calibrations in a few cases (see bolded RMSEs in Table 2) or a very similar magnitude
when just the sensor locations (just six locations) or the 45 m grid were used. Also, for a
given date, the RMSEs were higher for the VtEC, as expected, given the different average
inquiry depths for VtEC (1.5 m) and theta probes (0-10 cm) [68]. The RMSEs also show
a general pattern of increasing for the HZEC and VtEC with increasing time between the
VWC measurements being made in the field and the EC surveys, which is an expected
pattern. The only exceptions to this pattern are the low RMSEs for HzEC 17 May and the
low regression RMSEs for the 45 m grid for some of the later dates. This shows that patterns
in soil moisture change with time and should probably be reassessed periodically. This
finding is consistent with those of Liakos and Vellidis [44], O’Shaughnessy et al. [25] and
Straw and Henry [48], yet it does not suggest that mapping should be redone before every
irrigation event. This is in agreement with the findings of Straw et al. [49], who found
that a single irrigation event did not markedly alter the spatial patterns of the VWC. If we
take RMSEs with a magnitude around 5-6% as acceptable, as this was the magnitude of
the lowest RMSEs for the West Stadium field where all data were collected on the same
day, and if using sparse HzEC (45 m grid data) for the calibration, then the RMSEs were
relatively stable for a period of about 3 weeks (Table 2). Also, the maps of the VWC for
4 May and HzEC for 9 May and 17 May (Figure 6a,b,e) have key features in common such
as low values at the north end of the field and southwest corner as well as similar shapes in
the large values in the center and southeast of the field.

In addition to the patterns of RMSEs in Table 2, the patterns in the minimum, maximum
and mean values of the VWC predicted by both calibration methods and the EC data on
different dates are important. There was a decrease in the range of regression-predicted VWC
values with increased time between the field observations and the EC measurements. The
minimum values got larger and the maximum values got smaller, as a result, while the mean
predicted VWC stayed somewhat constant. The RMSEs appear similar, but the minimum
and maximum values and the standard deviation are not modelled appropriately. For the
z-score calibration, the range of values is greater than for the field observations, with the
minimum value being lower (negative values) and the maximum value being higher than
the field observations for the HzEC 6 May, 17 May and 30 May, as well as the VtEC 13 May
and 23 May. However, the standard deviations are around 8% for most EC measurement
dates and grid densities. This suggests that the z-score calibration approach better preserves
a greater range of variability when calibrated with minimal data. This is also shown by
the RMSE for the sensors (just six points) being very similar for the regression and z-score
approaches (Table 2) while the minimum and maximum values from the z-score approach
are much closer to the minimum and maximum values from the field observation data. This
is similar to the findings of Kerry et al. [65] for several agricultural fields in the UK.
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Figure 6. Kriged maps of the Harmon field in 2022 for the (a) VWC 4 May, (b) HzEC 9 May, (c) VtEC
9 May, (d) thermal IR 8 April, (e) HZEC 17 May, (f) VtEC 17 May, (g) thermal IR 12 October and
(h) RGB 12 October.

The effect of the z-score calibration approach preserving the range in values better
than the regression calibration approach is illustrated in Figure 7, where all predictions
are plotted to the same scale as the field-observed VWC from 4 May (Figure 6a). All maps
in Figure 7 have predictions that were produced using the HzEC data from 9 May. The
range of values was well preserved for the 15 m, 30 m and 45 m data using the z-score
approach, but for the regression approach, the range of values in the maps was only well
reproduced by the 30 m and 45 m data. It is also clear that when only the six sensor locations
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were used for calibration, the z-score calibration preserved the patterns of variation and
ranges of values better than the regression calibration. This finding is similar to that of
Kerry et al. [65], that when a very small sample size is used, transforming z-scores of sensed
data to the scale of the soil variable (here VWC) performs better than using management
zone averages. For the regression approach, it was hard to capture the full range of values
with a small sample size, but the z-score calibration considered the standard deviation of
the data, which helped preserve the full range of values.

Table 2. Summary statistics and RMSEs for the VWC predicted using ECa data calibrated using
regression and z-scores for the Harmon field on various dates.

Regression Calibration z-Score Calibration
Data Min. Max. Mean St. Dev. RMSE RMSE Min. Max. Mean  St. Dev.
VWC 4 May 2022 12.83 45.64 26.74 6.22 — — 12.83 45.64 26.74 6.22
HzEC 6 May 15 m 8.68 40.30 26.03 3.82 5.15 7.22 —13.24 57.68 25.67 8.56
HzEC 6 May 30 m 4.89 42.39 25.46 4.52 5.34 7.00 —-11.76 56.16 25.51 8.20
HzEC 6 May 45 m 12.12 38.83 26.77 3.22 5.11 7.05 —12.05 57.31 26.01 8.37
HzEC 6 May sensors 22.01 31.55 27.24 1.15 5.66 5.24 16.24 36.22 27.02 241
HzEC 9 May 15 m 16.20 33.78 25.88 2.87 5.36 7.54 -3.18 49.22 25.67 8.56
HzEC 9 May 30 m 8.72 40.42 26.17 5.18 5.64 7.32 —2.12 48.07 25.51 8.20
HzEC 9 May 45 m 11.16 40.62 27.38 4.81 5.53 7.37 —2.21 49.05 26.01 8.37
HzEC 9 May sensors 13.81 37.28 26.73 3.83 5.31 5.37 19.07 33.84 27.02 241
VtEC 9 May 15 m 21.46 27.99 25.69 1.18 6.23 9.83 —5.07 42.46 25.67 8.56
VtEC 9 May 30 m 15.56 31.02 25.56 2.78 6.52 9.57 —3.94 41.59 25.51 8.20
VtEC 9 May 45 m 17.83 29.90 25.64 2.17 6.36 9.66 —4.06 42.43 26.01 8.37
VtEC 9 May sensors 24.59 28.40 27.06 0.69 6.16 6.33 18.54 31.93 27.02 2.41
HzEC 13 May 15 m 24.70 26.30 25.67 0.53 7.00 10.37 9.90 35.79 25.67 8.56
HzEC 13 May 30 m 23.15 26.91 25.44 1.24 5.59 10.10 10.20 35.19 25.51 8.19
HzEC 13 May 45 m 20.98 30.04 26.50 2.99 3.77 10.19 10.59 35.90 26.01 8.37
VtEC 13 May 15 m 20.46 36.59 25.84 1.74 8.45 9.39 —0.85 78.66 25.67 8.56
VtEC 13 May 30 m 17.11 42.39 25.54 2.72 8.39 9.13 0.14 76.21 25.51 8.19
VtEC 13 May 45 m 16.74 42.32 25.27 2.75 8.13 9.21 0.08 77.82 26.01 8.37
HzEC 17 May 15 m 18.16 36.48 26.03 3.21 4.04 7.01 4.73 53.50 25.67 8.56
HzEC 17 May 30 m 13.51 42.05 25.76 5.01 1.44 6.79 5.47 52.14 25.51 8.19
HzEC 17 May 45 m 14.84 42.31 26.64 4.82 2.56 6.84 5.53 53.23 26.01 8.37
VtEC 17 May 15 m 11.12 31.85 25.65 2.25 8.96 9.18 —29.58 49.26 25.67 8.56
VtEC 17 May 30 m 5.60 32.29 24.30 2.90 7.95 8.92 —27.36 48.08 25.51 8.19
VtEC 17 May 45 m —2.80 38.67 26.26 4.50 10.71 9.00 —28.02 49.07 26.01 8.37
HzEC 23 May 15 m 24.70 26.30 25.67 0.53 7.00 10.37 9.90 35.79 25.67 8.56
HzEC 23 May 30 m 23.14 26.90 25.43 1.24 5.58 10.10 10.42 35.19 25.51 8.19
HzEC 23 May 45 m 20.98 30.04 26.50 2.99 3.77 10.19 10.59 35.90 26.01 8.37
VtEC 23 May 15 m 23.67 27.71 25.68 0.67 7.97 9.95 —0.07 51.75 25.67 8.56
VtEC 23 May 30 m 16.91 34.12 25.46 2.84 8.08 9.68 0.88 50.46 25.51 8.19
VtEC 23 May 45 m 24.88 27.12 26.01 0.37 8.14 9.77 0.84 51.51 26.01 8.37
VtEC 27 May 15 m 22.84 29.29 25.83 1.41 6.25 9.14 7.51 46.61 25.67 8.56
VtEC 27 May 30 m 19.10 34.05 26.04 3.27 413 8.88 8.14 45.55 25.51 8.19
VtEC 27 May 45 m 17.54 36.90 26.53 4.24 341 8.96 8.26 46.49 26.01 8.37
HzEC 30 May 15 m 18.38 34.84 25.67 2.65 7.54 7.90 2.07 55.34 25.67 8.56
HzEC 30 May 30 m 11.57 43.47 25.71 5.13 7.28 7.67 2.93 53.89 25.51 8.19
HzEC 30 May 45 m 22.80 30.26 26.11 1.20 8.15 7.73 2.93 55.02 26.01 8.37
VtEC 30 May 15m 16.69 29.36 25.65 1.50 7.76 9.19 —25.52 46.93 25.67 8.56
VtEC 30 May 30 m 2.60 34.31 25.01 3.75 7.00 8.94 —23.46 45.85 25.51 8.19
VtEC 30 May 45 m 11.76 31.94 26.02 2.39 8.08 9.02 —24.04 46.79 26.01 8.37

Key: HzEC = electrical conductivity horizontal mode, VtEC = electrical conductivity vertical mode. Bold values
show the lowest RMSEs for a given variable, sample size and date.
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Figure 7. Maps of the VWC predictions produced using the HzZEC and regression (a-d) and z-score
calibration (e-h) for the Harmon field in 2022 for 9 May.

3.2.3. RMSEs for Drone Data

The regression RMSEs for drone Th.IR and the green waveband (Table 3) were of a
similar magnitude to those for the EC, but those for Th.IR were generally larger (compare
with Table 2). The April drone imagery was captured 18 days before the soil survey, so
RMSEs might have been expected to be larger; however, the imagery and soil survey data
were both collected before the irrigation season started. This might suggest that the patterns
in soil moisture and reflectance and Th.IR are more indicative of the natural patterns of
variation in this field without management effects, but patterns of greenness in April also
reflect the timing of green-up after winter dormancy. In contrast, the first half of October
2022 had very hot weather and the sprinklers were still being used when the imagery
and soil data were collected and were likely to have shown the full effects of the summer
irrigation period. Nevertheless, the RMSEs were 2-3% higher on average than those for the
April flight. Another interesting feature is that the RMSEs were higher for Th.IR in April,
but lower for Th.IR in October.

For the z-score calibrations, the RMSEs are generally larger than those for the regres-
sion calibration, apart from for the sensor locations in April. For both types of calibration,
the maximum values were frequently overestimated, but this was more the case for the
z-score calibration, especially for the October flight. For the minimum values however,
the regression calibration tended to markedly overestimate the minimum values and the
z-score calibration underestimate them. These results suggest that using EC data to indicate
patterns of spatial variation in soil moisture is more appropriate than using imagery data.
This accords with the findings of Kerry and Oliver [73], who found that EC or bare soil
aerial imagery was more strongly related to patterns in soil properties than imagery where
there was a crop in the field. The turfgrass in this situation can be seen as having been
responding to variations in more properties than just soil moisture and may have also
been responding to differences in nutrients, trampling or compaction, mowing frequency
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and direction, and pests like weeds. The turfgrass in April was also coming out of the
winter senescent period and was not fully greened up, so it was not particularly reflecting
differences in soil moisture. This finding accords with that of Kerry et al. [37], who showed
that NDVI measurements made in the field gave the poorest indication of variation in
the VWC of several variables that were investigated. They also showed that there were
situations where there was a negative correlation between the NDVI and VWC due to
damage to the turfgrass in wetter areas by mowers or sporting activities.

Table 3. Summary statistics and RMSEs for VWCs predicted using drone data calibrated using
regression and z-scores for the Harmon field on various dates.

Regression Calibration z-Score Calibration

Data Min. Max. Mean St. Dev. RMSE RMSE Min. Max. Mean  St. Dew.
VWC 26 April 2022 -0.83 32.63 13.71 5.52 - - -0.83 32.63 13.71 5.52
Th.IR 8 April 15m 19.75 28.15 25.76 1.63 6.36 10.18 —5.91 38.18 25.67 8.56
Th.IR 8 April 30 m —4.29 40.74 27.97 8.74 10.34 9.91 —4.74 37.49 2551 8.20
Th.IR 8 April 45 m 19.32 29.15 26.36 1.91 6.35 10.00 —4.88 38.25 26.02 8.37
Th.IR 8 April sensors 25.39 33.62 27.72 1.60 6.63 6.48 18.30 30.72 27.20 2.41
Gr. 8 April 15m 20.00 33.52 25.83 1.82 5.98 8.95 —-1.74 61.79 25.67 8.56
Gr. 8 April 30 m 18.07 36.63 26.08 2.50 5.97 8.70 —-0.74 60.10 25.51 8.20
Gr. 8 April 45 m 20.48 34.02 26.32 1.82 5.93 8.78 —0.80 61.34 26.02 8.37
Gr. 8 April sensors 25.75 29.03 27.17 0.44 6.11 5.95 19.48 37.38 27.20 2.41
VWC 6 October 2022 14.07 43.22 29.74 7.52 - - 14.07 43.22 29.74 7.52
RGB 5 October 15 m 20.50 35.18 29.11 244 8.58 15.75 —18.40 63.46 29.64 13.62
RGB 5 October 30 m 26.79 29.15 28.18 0.39 8.41 14.34 —13.47 57.79 28.35 11.86
RGB 5 October 45 m 19.18 27.16 23.86 1.33 10.17 16.54 —23.57 60.03 25.49 13.91
RGB 12 October 15 m 3.26 45.25 29.54 5.48 9.43 15.18 —35.73 68.70 29.64 13.62
RGB 12 October 30 m 11.48 38.11 28.15 3.47 8.76 13.79 —28.56 62.35 28.35 11.86
RGB 12 October 45 m 17.33 30.68 25.69 1.74 9.19 15.98 —41.27 65.38 25.49 13.91
Th.IR 12 October 15m 24.89 39.39 29.25 2.26 8.35 15.15 3.34 90.89 29.64 13.62
Th. IR 12 October 30m 23.25 37.10 27.41 2.15 8.62 13.76 5.45 81.66 28.35 11.86
Th.IR 12 October 45 m 21.28 33.01 24.80 1.83 9.60 15.95 —-1.37 88.04 25.49 13.91

Key: Th.IR = thermal Infra-red, Gr. = Green, RGB = Red, Green, Blue. Bold values show the lowest RMSEs for a
given variable, sample size and date.

In contrast to the April imagery, the October imagery may reflect the effects on the
turfgrass health of water deficits earlier in the irrigation season. A solution to these issues
might be to collect drone imagery early or towards the middle of the irrigation season;
however, this was performed for the West Stadium site and the EC and drone imagery was
collected on the same day as the soil survey. The HzEC still had lower RMSEs than the
predictions from the drone imagery which suggests that the HzEC was the best variable for
detecting variations in soil moisture in both the West Stadium and Harmon fields.

3.3. MIC Field
3.3.1. Spatial Patterns in Variables

Figure 8 shows the VWC for the MTC field on 5 May to compare with patterns in the
HzEC and VtEC throughout the month of May. The VWC for 7 April can also be compared
with the drone Th.IR and the green waveband maps from 8 April. In Figure 8, there is the
most similarity between the 5 May VWC data and the 17 May VtEC data (r = 0.61), but the
patterns for HzEC 17 May, HzEC 23 May and VtEC 27 May all have a common feature of
an area of high values in the center of the field. However, the correlation coefficients with
the 5 May VWC data are less than those for the 17 May VtEC (r = 0.44, r = 0.52 and r = 0.31,
respectively). For Th.IR, there is a patch of low values in the center of the field and for
the green waveband, a less well-defined area of high values in the center of the field. The
correlations with 7 April VWC are low (r = —0.16 and r = 0.022, respectively). The greatest
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similarity being between the 5 May VWC and the 17 May VtEC is unexpected given the
difference in the depths of inquiry [68]. However, as mentioned in Section 2, a survey of
soil texture along two transects in this field revealed some marked and unexpected changes
in soil texture with depth, which may have influenced the topsoil VWC in places. What is
apparent in the MTC field maps is the common feature that persists through time of an area
of high VWC and ECa values and low Th.IR values in the center of the field. This coincides
with an area close to an equipment shed where sporting activities were concentrated and
which may have become compacted over time.

(b) Kriged HzEC (mS m™): 17 May

(a) Kriged VWC (%): 5 May
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(c) Kriged VtEC (mS m™): 17 May
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(e) Kriged VtEC (mS m™) 27 May

(d) Kriged HzEC (mS m™): 23 May

(f) Kriged VWC (%): 7 April
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Figure 8. Cont.
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(g) Thermal IR: 8 April (h) Green: 8 April
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Figure 8. Kriged maps of the MTC field in 2022 for (a) VWC 5 May, (b) HzEC 17 May, (c) VtEC 17 May
(d) HzEC 23 May, (e) VtEC 27 May, (f) VWC 7 April, (g) thermal IR 8 April and (h) green waveband
8 April.

3.3.2. RMSEs for EC Data

The RMSE:s for the EC measurements on different dates in the MTC field compared
to the 5 May VWC data are shown in Table 4. They are generally noticeably lower for
the regression calibrations for all sample sizes, but the RMSEs for z-score calibrations
using just the sensor locations were of a similar magnitude to the regression calibration
RMSEs and were lower than the regression calibration RMSEs for about half of the dates
investigated. The VtEC data had lower RMSEs than the HzEC data for 17 May, but this was
not a consistent pattern for other dates, with the VtEC generally having similar, but slightly
higher RMSEs for a given date than the HzZEC. These same patterns were evident in the
z-score RMSEs, but the RMSEs were generally larger. The lack of marked contrast in the
RMSEs between the HzEC and VtEC was unexpected given the shallower relative depth
of inquiry for HzEC [68] and the theta probes used for the topsoil VWC survey. However,
although the Web Soil Survey (https://websoilsurvey.sc.egov.usda.gov/App/HomePage.
htm, accessed on 1 March 2021) classifies the whole field as having sandy/gravelly loam
texture, some big differences in soil texture within the field and with depth were observed
as the field was developed on an alluvial fan. These textural differences could be the reason
for the similar behavior of the HZEC and VtEC in this field. While there were greater RMSEs
for 13 May than 9 May as might be expected with a larger interval of time between the VWC
and EC surveys, there was not a consistent increase in RMSEs with increasing time between
the VWC and EC surveys (Table 4). The RMSEs were smallest for the 17 May survey.

For the regression calibration (Table 4), the mean values were all quite close to the
mean VWC measured on 5 May in the field, but the minimum and maximum values were
consistently over- and underestimated, respectively. For the z-score calibration, the mean
values are close to the mean for the 5 May VWC measurements. However, while there are
some extremely low values for the minimum on particular dates for the z-score calibration,
the maximum values are closer to the those for the 5 May VWC field survey than the
maximum values for the regression calibration. Figure 9 shows maps of the predicted
VWC from the regression and z-score calibrations and the various sub-samples using the
9 May HzEC data. They are all plotted to the same scale as the 5 May VWC values from
the field survey (Figure 8a). It is clear from the patterns in the maps that the regression
calibration produced maps with many values around the average VWC (Figure 9a—d), but
the minimum and maximum values were preserved better for the z-score calibration and
the patterns for the z-score calibration maps (Figure 8e—h) were more similar to those for
the 5 May VWC survey (Figure 8a).
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Table 4. Summary statistics and RMSEs for the VWCs predicted using ECa data calibrated using
regression and z-scores for the MTC field on various dates.

Regression Calibration

z-Score Calibration

Data Min. Max. Mean St. Dev. RMSE RMSE Min. Max. Mean  St. Dev.
VWC 5 May 2022 8.46 47.38 24.37 5.75 - - 8.46 47.38 24.37 5.74
HzEC 9 May 20 m 16.08 35.63 24.08 3.66 5.01 5.05 7.44 47.69 23.92 7.53
HzEC 9 May 40 m 18.32 32.57 24.15 2.67 4.96 8.03 3.72 53.11 23.95 9.24
HzEC 9 May 60 m 17.29 30.05 22.52 2.39 5.31 7.12 5.81 47.88 23.04 7.87
HzEC 9 May sensors 19.80 33.01 25.21 4.65 5.04 5.05 17.97 35.89 25.31 3.35
VtEC 9 May 20 m —58.32 27.26 23.94 1.49 5.66 8.53 —392.47  40.745 23.92 7.53
VtEC 9 May 40 m —51.84 26.91 23.85 1.37 5.66 9.87 —487.00  44.59 23.95 9.24
VtEC 9 May 60 m —152.80 29.38 22.31 3.17 6.33 8.88 —412.15  40.62 23.04 7.87
VtEC 9 May sensors 14.26 215.36 22.07 3.50 7.65 6.12 —-160.10  32.80 25.31 3.35
HzEC 13 May 20 m 22.77 30.42 23.94 0.52 5.74 9.05 6.98 117.91 23.92 7.53
HzEC 13 May 40 m 23.43 26.96 23.97 0.24 5.75 10.43 3.17 139.26 23.95 9.24
HzEC 13 May 60 m 19.72 40.27 22.86 1.40 5.98 9.40 5.33 121.27 23.04 7.87
HzEC 13 May sensors 18.05 62.33 24.81 3.01 6.25 6.45 17.77 67.14 25.31 3.35
HzEC 17 May 20 m 23.64 24.28 24.02 0.10 5.66 9.41 4.47 51.65 23.92 7.53
HzEC 17 May 40 m 18.84 30.53 23.66 1.87 5.60 10.78 0.09 57.97 23.95 9.09
HzEC 17 May 60 m 17.03 31.07 22.82 2.24 5.20 9.75 2.70 52.01 23.04 7.45
HzEC 17 May sensors 17.76 29.14 24.45 1.82 6.54 6.70 16.65 37.65 25.31 3.30
VtEC 17 May 20 m 9.38 3291 24.16 4.06 4,52 5.99 —3.53 40.19 23.92 7.53
VtEC 17 May 40 m 5.60 36.08 24.74 5.25 4.80 7.23 —-9.72 4391 23.95 9.24
VtEC 17 May 60 m 6.29 32.88 2298 4.58 4.80 6.35 —5.65 40.04 23.04 7.87
VtEC 17 May sensors 20.35 29.09 25.84 1.51 5.16 4.59 13.09 32.55 25.31 3.35
HzEC 23 May 20 m 9.26 32.80 24.26 3.15 4.90 6.67 —11.95 44.33 23.92 7.53
HzEC 23 May 40 m 7.80 34.58 24.86 3.58 4.95 7.93 —20.06 49.00 23.95 9.24
HzEC 23 May 60 m 8.04 33.49 24.26 3.41 491 7.02 —14.45 44.38 23.04 7.87
HzEC 23 May sensors 12.77 47.54 25.38 4.65 9.15 4.99 9.34 34.40 25.31 3.35
VtEC 23 May 20 m 15.77 25.09 23.89 0.46 5.77 9.29 —107.89  43.53 23.92 7.53
VtEC 23 May 40 m 20.45 49.69 24.24 1.45 5.99 10.68 —137.79  48.02 23.95 9.24
VtEC 23 May 60 m 20.28 43.84 23.33 1.17 6.01 9.64 —114.72  43.54 23.04 7.87
VtEC 23 May sensors 9.44 130.10 25.07 6.00 8.51 6.60 —33.84 34.04 25.31 3.35
HzEC 27 May 20 m 15.54 33.29 24.08 2.55 5.48 7.85 -1.25 51.08 23.92 7.53
HzEC 27 May 40 m 17.86 31.08 24.22 1.90 5.44 9.16 —6.94 57.28 23.95 9.24
HzEC 27 May 60 m 13.28 33.62 23.06 2.93 5.69 8.20 —-3.27 51.43 23.04 7.87
HzEC 27 May sensors 18.27 30.00 24.36 1.69 6.50 5.71 —16.33 25.68 25.31 3.35
VtEC 27 May 20 m 8.00 29.44 24.02 1.10 5.51 8.96 —69.58 24.76 23.92 7.53
VtEC 27 May 40 m —-3.76 33.21 23.87 1.90 5.47 10.33 90.79 2498 23.95 9.24
VtEC 27 May 60 m 22.08 25.95 23.06 23.06 5.96 9.31 —74.68 23.91 23.04 7.87
VtEC 27 May sensors —24.79 43.21 26.03 3.50 5.94 6.39 14.10 37.41 25.31 3.35
HzEC 30 May 20 m 19.31 29.37 24.07 1.84 5.59 8.28 441 45.63 23.92 7.53
HzEC 30 May 40 m 23.26 24.59 23.95 0.24 5.83 9.61 0.01 50.59 23.95 9.24
HzEC 30 May 60 m 16.91 28.73 23.14 2.16 6.74 8.63 2.65 45.73 23.04 7.87
HzEC 30 May sensors 18.02 34.38 25.77 2.99 5.95 5.97 16.62 34.98 25.31 3.35
VtEC 30 May 20 m 14.14 33.62 24.09 3.00 5.42 7.61 —1.04 47.80 23.92 7.53
VtEC 30 May 40 m 15.70 31.93 23.99 2.50 5.37 8.90 6.68 53.25 23.95 9.24
VtEC 30 May 60 m 12.06 33.50 23.02 3.31 5.63 7.95 3.05 47.99 23.04 7.87
VtEC 30 May sensors 11.49 41.72 26.94 4.66 6.44 5.56 14.20 35.94 25.31 3.35

Key: HzEC = electrical conductivity horizontal mode, VtEC = electrical conductivity vertical mode. Bold values
show the lowest RMSEs for a given variable, sample size and date.
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Figure 9. Maps of the VWC predictions produced using the HzZEC and regression (a-d) and z-score
calibration (e-h) for the MTC field in 2022 for 9 May.

3.3.3. RMSEs for Drone Data

The regression RMSEs for Th.IR and the green waveband for the 8 April imagery
(Table 5) were far lower for the MTC field than the EC RMSEs, but those for the 19 May
images (42 days later than the VWC survey in the field) were of a similar magnitude to the
EC RMSEs (Table 4). This is probably due to there being just a day’s difference in when the
drone and soil surveys occurred. It is also probably a function of the far smaller range in
VWC values on 7 April which were a result of a very dry winter and spring, but irrigation
in the field had not yet commenced at the time of sampling. Also, the information for
the other sites showed that the regression method better predicted to a narrow range of
values. One of the October drone surveys was taken the same day as the VWC survey
and only the RMSE for the 15 m data was less than 5. The drone data for 12 October had
lower RMSEs than those for 5 October for both Gr. and Th.IR. This may be because due to
scheduling and safety issues, to make sure the field was not full of people, the 5 October
drone survey was undertaken at 4 pm whereas the 12 October survey was conducted
at 12 noon when there were less shadows in the images and greater differences in Th.IR
around the field. In addition to the time of day increasing shadow artefacts in images, it
can impact soil moisture levels, with soil typically being drier in the afternoon compared
to the early morning due to evaporation. These factors could influence covariates related
to soil water content. Others have found that it is best to conduct drone surveys around
noon to get the best lighting, minimize shadows and get similar illumination for all parts
of the field [74]. This brings to light another drawback of frequent drone flights in an urban
environment in heavily used fields.



Agronomy 2024, 14, 1238

21 of 26

Table 5. Summary statistics and RMSEs for the VWC predicted using drone data calibrated using

regression and z-scores for the MTC field on various dates.

Regression Calibration

z-Score Calibration

Data Min. Max. Mean St. Dev. RMSE RMSE Min. Max. Mean  St. Dev.
VWC7 April 2022 11.93 16.19 14.40 0.93 — — 11.93 16.19 14.40 0.93
Gr. 8 April 20 m 12.24 17.84 14.45 0.59 1.09 3.38 2.27 33.19 14.93 3.28
Gr. 8 April 40 m 13.84 15.22 14.77 14.38 0.98 3.19 3.20 32.19 14.66 14.66
Gr. 8 April 60 m 16.06 16.32 16.22 0.03 2.04 3.18 7.02 30.28 16.21 247
Gr. 8 April sensors 12.77 16.33 14.93 0.38 1.14 1.14 13.23 17.48 14.91 0.45
Th. IR 8 April 20 m 14.48 14.49 14.49 0.002 0.93 3.48 4.96 19.64 14.93 3.28
Th. IR 8 April 40 m 14.14 14.96 14.67 0.18 1.00 3.29 5.72 19.49 14.66 3.08
Th. IR 8 April 60 m 14.78 16.96 16.20 0.49 2.10 3.26 9.04 20.09 16.21 2.47
Th. IR 8 April sensors 14.83 14.93 14.93 0.02 1.05 1.18 13.60 15.62 14.91 0.45
Gr. 19 May 20 m 14.38 25.31 21.02 1.16 6.98 8.32 —3.84 66.99 23.92 7.53
Gr. 19 May 40 m 22.88 23.56 23.29 0.07 5.87 9.65 —-10.11 76.81 23.95 9.24
Gr. 19 May 60 m 24.28 24.39 24.32 0.01 5.75 8.66 —-5.98 68.06 23.04 7.87
Gr. 19 May sensors 28.54 28.55 28.55 0.001 7.11 5.99 12.94 44.49 25.31 25.31
Th. IR 19 May 20 m 21.24 25.62 25.08 0.63 5.85 9.35 17.57 69.47 23.92 7.53
Th. IR 19 May 40 m 22.81 22.88 22.89 0.01 5.94 10.74 16.15 79.83 26.95 9.24
Th. IR. 19 May 60 m 28.44 28.45 28.45 0.001 7.05 9.70 16.40 70.64 23.04 7.87
Th. IR. 19 May sensors 24.31 24.31 24.31 0.001 5.75 6.64 22.48 45.59 25.31 3.53
VWC 5 October 2022 21.97 41.99 34.81 4.03 - - 21.97 41.99 34.81 4.03
Gr. 5 October 20 m 33.88 34.28 34.13 0.05 4.08 11.92 1.79 86.83 34.13 11.05
Gr. 5 October 40 m 25.59 25.64 25.63 0.01 10.03 10.08 6.94 75.68 33.08 8.93
Gr. 5 October 60 m 22.39 22.40 22.40 0.001 13.05 11.57 2.34 84.01 33.40 10.61
Gr. 12 October 20 m 32.15 37.60 34.11 0.82 4.02 11.05 7.83 80.87 34.13 11.05
Gr. 12 October 40 m 37.00 37.42 37.27 0.06 4.73 9.25 11.82 70.86 33.08 8.93
Gr. 12 October 60 m 27.91 27.95 27.93 0.006 7.97 14.15 8.14 78.28 33.40 10.61
Th. IR 12 October 20 m 20.48 39.23 34.50 4.33 4.26 9.77 —-1.61 46.21 34.13 11.05
Th. IR 12 October 40 m 26.91 27.64 27.46 0.17 8.34 8.00 4.19 42.84 33.08 8.93
Th. IR 12 October 60 m 17.49 17.57 17.55 0.02 17.72 14.64 —0.92 44.99 33.40 10.61

Key: Th.IR = thermal Infra-red, Gr. = Green. Bold values show the lowest RMSEs for a given variable, sample size
and date.

The RMSEs for the z-score calibration were generally larger than those for the regres-
sion calibration (Table 5), but they were sometimes lower for the sparsest data. The mean
values for the VWC were well predicted by the regression and z-score approach for drone
surveys that occurred within a week of the VWC survey, but the 19 May imagery markedly
overestimated the mean VWC values. This shows that relatively recent drone data need
to be used for mapping and zones may need to be reassessed periodically as Liakos and
Vellidis [44], O’Shaughnessy et al. [25], and Straw and Henry [48] have suggested. Indeed,
these results suggest that soil moisture patterns should be reassessed every few weeks at
least. Also, as variable irrigation rates are applied to different zones, the management effect
will end up changing spatial patterns in relation to initial patterns as Adamchuk et al. [63],
Kerry et al. [66] and Kerry et al. [64] have shown. The accuracy of the 8 April drone data
predictions is likely due to the fact that the minimum and maximum values were very close
to the mean as there was so little variation in soil moisture in this pre-irrigation season,
with very dry sampling time. For the VWC predictions based on regression calibration,
minimum and maximum VWC predictions tended to be over- and underestimated, respec-
tively, whereas for the z-score VWC predictions, the reverse patterns are evident in the
minimum and maximum values.
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4. Conclusions

Very little research has occurred into determining spatial zones for precision turfgrass
irrigation. Drone and ECa data have been extensively used in precision agriculture for
defining variable rate application zones, so this research endeavored to determine if they
could be equally useful and economical in the context of precision turfgrass irrigation in
providing dense sensed datasets that were related to soil moisture. This research showed
that HZEC and drone data collected on the same date or within a week of soil survey
data gave predictions with a similar degree of accuracy (RMSE ~ 5%). The findings from
our study not only enhance the efficiency of water use in turfgrass management but
also contribute to Sustainable Development Goals 6 (Clean Water and Sanitation) and 12
(Responsible Consumption and Production) by advocating for more targeted irrigation
practices that reduce water waste, optimize resource use and minimize environmental
impact [75].

HzEC generally gave more accurate predictions of topsoil VWC than VtEC, which
is be expected given the greater similarity in the average depth of inquiry for the EM38
in the horizontal position and theta probe measurements. Nevertheless, at the MTC site,
perhaps due to noticeable variations in soil texture that occurred with depth in the field,
there was not a marked difference in the performance of the HZEC and VtEC when all the
EC survey dates were considered. HZEC also generally gave slightly better predictions
than drone data as the drone data were reflecting grass health as opposed to soil moisture,
and grass health is affected by more things than just soil moisture, such as compaction or
when mowing had last taken place. The best predictions from drone data occurred when
there was very little variation in soil moisture pre-season, so these data were not a good
indication of the general performance of the drone data.

The EC survey data from multiple dates, particularly for the Harmon field, showed
that the greater the time between the EC and soil surveys, the greater the prediction errors
were. This is not a surprising result. However, once the EC data were collected a few
weeks after the VWC surveys, the RMSEs rose to ~8%. Although the RMSEs were generally
lower for regression calibrations when there was just data from sensors or a very small
sample size, the z-score calibration approach could be recommended. The use of the z-score
calibration could also be recommended for its ability to predict the range of VWC values
better as shown by the minimum and maximum predicted values and the maps comparing
the predictions from the different approaches with the various sub-samples.

It is expected that the pattern of VWC would remain similar over time as it is largely
related to topography and soil texture patterns, which are permanent properties of individ-
ual fields. However, turfgrass also uses different amounts of water spatially and this work
shows the constant slight changes in the patterns of the VWC that need to be regularly
monitored for effective precise irrigation management. Nevertheless, as shown in previous
studies, it is unlikely that soil moisture zones would need to be reassessed before every
irrigation event [49] and it is likely that field managers have significant knowledge of the
variation in their fields which could be used in helping to define static irrigation zones [51].
This analysis shows that key features of patterns in the VWC and related variables are
evident in maps that were produced two-three weeks apart. This could inform the relative
frequency of sensing to inform temporally varying VRI zones for turfgrass or could be
evidence that static zones could be used that were centered on these key features. In terms
of practical applications, these findings advocate for the strategic placement of a minimal
number of sensors in the areas of stable key features, which would reduce the need for
dense, repetitive field surveys. This not only ensures cost efficiency but also supports
long-term sustainability by adapting irrigation practices to the nuanced needs of the field,
reducing unnecessary water and energy use.

For defining temporally varying irrigation zones, an EM38 instrument could be at-
tached to lawn mowers and the filtering of highly conductive points and mapping could be
automated relatively easily once identified. Some data would still be needed for calibration
of the HzEC data before it was used for VWC mapping. Given the analysis presented here
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and the cost of mapping increasing in line with the sample number, we suggest that a
minimal number of sensors (5-10) could be installed in locations that coincided with the
key features in the variation that seemed to be stable in time such as the large VWC values
in the center of the MTC field, or that a field manager could use a theta probe to check
the VWC in these key areas so that repeated dense field surveys would not be needed. A
z-score calibration approach could be used for the automated mapping of soil moisture
patterns as this was often more accurate with the sparser sample sizes (i.e., just at sensor
locations) and preserved the range of the VWC values better than the regression approach.

4.1. Limitations

This study was subject to several limitations, particularly associated with the increased
difficulty of collecting ECa and drone data in an urban environment.

Administrative approvals are needed for each drone flight on a university campus
and there can be scheduling issues associated with busy sports fields. There are also more
general restrictions on drone flights in urban areas than rural areas. For example, drone
flights are forbidden over some urban fields due to their proximity to an airport or hospital
helicopter pad. Also, drone images are affected by the time of day they are taken and
management of the grass such as mowing and dead grass being left on the surface. Drone
flights should be performed as close to noon as possible, but the October drone surveys
of the MTC field highlighted the problems that resulted from scheduling issues for busy
sports fields.

Measuring the ECa is also more complex in the urban environment. The EM38 picked
up many conductive features in the urban context whose effects had to be removed before
the spatial patterns in ECa could be assessed. Consequently, the sensing approaches used
in this study were still relatively labor-intensive. It would probably be easiest to automate
the collection of HzEC data, yet this would only be possible where there were sufficient
funds to purchase an EM38 such as a golf course or high-income sports fields.

This study was limited by the timing of the field, ECa and drone surveys which
were curtailed from being taken in the peak of irrigation season as sports camps were
continuously held on these fields in June—August. This also shows that continual sensing
(drone flights) that cannot be combined with routine field management activities like
mowing (ECa surveys) are not likely to be practical or economic in the long run.

4.2. Future Work

Given that some key features in the variation were evident for a few weeks with
intervening rain and irrigation events for both the Harmon and MTC fields, future work
should explore the permanence of observed spatial variations. This could potentially guide
the development of static irrigation zones that could further reduce operational costs and
environmental impacts. This could lead to more refined policies and practices that not
only benefit sports field management but also contribute to broader urban sustainability
efforts, engaging stakeholders across various sectors to adopt and support these precision-
based methods.
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