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A GIS and remote sensing-based decision support tool called SAMZ-Desert was developed for management zones
(MZs) delineation of a total of 6852 fields in the Imperial County region of southern California using Landsat-8
NDVI data acquired on 27/4 2018. In addition, a total number of 11 cloud-free images in 2018–2020 were
statistically analyzed to determine the extent of within-field NDVI variability and temporal stability of MZs at the
regional level. A majority (approx. 37%) of the fields had four zones as an optimum number of zones in the
region, which could explain>85% of the within-field NDVI variance. Around 13% (n = 873) of the fields in the
region were strongly spatially-clustered in at least half the Landsat-8 cloud-free scenes and can benefit from
variable rate technologies. Our results suggest that dynamic zoning over time might be necessary for most of
these fields. SAMZ-Desert can be accessed from the Haghverdi Water Management Group website: http://www.
ucrwater.com/software-and-tools.html.

1. Introduction
The Imperial Valley of California is mostly desert and receives little
to no rain; however, it is home to many water-intensive crops. In addi
tion, the soil in the Imperial Valley is saline which, without sufficient
leaching, negatively impacts agricultural production. The imperial irri
gation district imports 3.8 billion cubic meters of water annually from
the Colorado River to meet the region’s high irrigation water demand
(Poudel et al., 2021). The lack of irrigation water can be a reality in the
near future and affects the production of many agronomic crops in
southern California (Montazar et al., 2020). Therefore, increasing irri
gation water use efficiency to achieve on-farm water conservation will
likely become an essential part of the agricultural operation in the re
gion, making new irrigation management technologies all the more
critical. Furthermore, the irrigation runoff of the agricultural fields in
the region supplies water to the Salton Sea lake, which means loading of
chemicals in the lake is directly related to agriculture fertilizer and
pesticide management (De Vlaming et al., 2004; Goodson et al., 2006;
Schroeder et al., 2002). Site-specific variable rate application of agri
cultural inputs (e.g., water, fertilizer, and pesticide) has the potential to
increase crop yields while reducing environmental contamination
(Basso et al., 2016; Gu et al., 2020; Haghverdi et al., 2016; Sanchez et al.,
2017); however, their potential adoption rate and benefit in the desert

agriculture region of southern California are still unclear.
The first steps toward the adoption of variable rate technologies are
to find the most relevant information that can address the within-field
variability, know how to process or classify the data, delineate man
agement zones (MZs) and identify the optimum number of zones in a
field (Fridgen et al., 2004). The MZ is a sub-region of a field with rela
tively homogenous soil physical properties, crop production potential,
soil nutrients, and other landscape or soil conditions (Haghverdi et al.,
2015; Jiang et al., 2011). Dividing a field into homogenous MZs can
reduce the production cost and optimize the yield while reducing the
environmental impacts of agricultural activities (Damian et al., 2020;
Schepers et al., 2004). High-resolution farming data such as intense deep
soil samples, yield and soil apparent electrical conductivity maps pro
vide valuable information for MZ delineation. However, obtaining
farming data could be time-consuming, labor-intensive, and expensive,
and proper statistical data analysis is often challenging for growers
(Haghverdi and Leib, 2019).
Remote sensing products such as satellite images are alternative in
puts that have been widely used to delineate crop productivity, irriga
tion and fertilization MZs because they are easy and relatively
inexpensive to obtain and have shown to be highly correlated with the
ground-truth data (Basso et al., 2016; Damian et al., 2020; Fontanet
et al., 2020; Haghverdi et al., 2015). Breunig et al. (2020) delineated

* Corresponding author.
E-mail address: amirh@ucr.edu (A. Haghverdi).
https://doi.org/10.1016/j.compag.2022.106803
Received 18 December 2021; Received in revised form 13 February 2022; Accepted 16 February 2022
0168-1699/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

A. Garg et al.

Computers and Electronics in Agriculture 194 (2022) 106803

MZs using cover-crop above ground biomass estimates from the Plan
etScope data in southern Brazil. They found that the satellite-based
aboveground biomass estimations can be used to outline the MZs with
an accuracy of 61–68% (Breunig et al., 2020a). Similarly, a study in
Tennessee, USA, used the Landsat-8′ s panchromatic band, among other
variables, to divide a cotton field with substantial soil variability into
MZs and showed satellite images had greater potential than yield maps
to determine site-specific irrigation MZs (Haghverdi et al., 2015).
The normalized difference vegetation index (NDVI) has a strong
correlation with green coverage, aboveground biomass, leaf chloro
phyll, and plant vigor and therefore is widely used to assess the growth
and development of plants (Beisel et al., 2018; Easterday et al., 2019;
Hong et al., 2019) making it a helpful parameter for delineating MZs
(Nahry et al., 2011). Damian et al. (2020) conducted a study in Brazil
and found that MZs created using Landsat-7 & 8 NDVI are correlated
(0.48 < r less than 0.61) with the ones created using crop productivity
data. In a five-year study done at Shaunavon, SK, Canada, NDVI-based
zonal boundaries were relatively consistent over time and similar to
final zones (69%-87% overlapped area), corresponding to differences in
spring soil nitrate, phosphorous, and water content (Basnyat et al.,
2005). Similarly, a study in an alfalfa field in Saudi Arabia showed that
NDVI computed using Landsat-8 images had a significant correlation (r2
= 0.63) with the yield (Kayad et al., 2016).
Previous studies on MZ delineation have mainly focused on the
variability of various soil and crop parameters at small scales (e.g., Brock
et al., 2005; Guastaferro et al., 2010; Haghverdi et al., 2016; LópezLozano et al., 2010). Determining field-level variabilities at larger scales
is computationally intensive and has not been adequately investigated
by precision agriculture researchers around the world. Cammarano et al.
(2020) used Landsat 5 and 8 images and high-resolution soil brightness
data to define MZs for a village in China consisting of 540 small-scale
fields covering 177 ha. They concluded that Landsat Green NDVIbased MZs were a reasonable predictor of soil nitrogen and organic
carbon variability (Cammarano et al., 2020). Lo et al. (2016) stud
ied>49000 center-pivot irrigated fields in Nebraska, USA, to determine
the potential pumpage reduction by using VRI to mine undepleted soil
water. They concluded that pumpage savings alone might be insufficient
to justify zone control VRI investment due to its small statewide effect on
seasonal total pumping energy consumption (Lo et al., 2016).
Several decision support tools have been developed for MZ delin
eation, such as MZA (Fridgen et al., 2004), ZoneMAP (Zhang et al.,

2010), GeoFIS (Leroux et al., 2018), and Ezzone (Lowrance et al., 2016).
Available tools typically require user inputs and are not developed for
growers who have no farming data as the end-users. Easy to use decision
support tools for delineation of MZs using freely available data such as
satellite images are rare. The lack of such tools limits the adoption of
site-specific farming technologies (Cook et al., 2000; Zhang et al., 2002).
Consequently, this study was carried out to (I) develop a satellite-based
agricultural management zoning tool for the desert agriculture region of
southern California (hereafter referred to as SAMZ-Desert), (II) compare
the NDVI maps and MZs created using PlanetScope versus Landsat-8 and
(III) assess the extent of within-field NDVI variability and temporal
stability of MZs at the regional level.
2. Materials & methods
2.1. Study area and data used
This study focuses on the Imperial Valley desert agricultural region
in California, USA. The Imperial Valley produces different crops, fruits,
and vegetables in more than 184 thousand hectares of irrigated land
(USDA, 2017). The region’s common irrigation type is uniform or sur
face irrigation. Fields located south of Salton Lake (Salton Sea)
comprising 6852 agricultural fields were selected as the study area
(Fig. 1). The boundaries of individual agricultural fields used in the
study were obtained from the California Department of Water Resources
(CADWR, 2014).
Landsat-8 images were downloaded from the United States Geolog
ical Survey (USGS; earthxplorer.usgs.gov). Spectral radiance, atmo
spheric correction and conversion of digital numbers to the meaningful
physical units were done using the information obtained from the
metadata files (USGS, 2019). A total number of 11 cloud-free OLI/TIRS
Category-1 Level-1 images taken at nadir during daylight were available
and used in this study, including two images acquired in 2018 (27/04/
2018, 30/06/2018), three images acquired in 2019 (20/08/2019, 21/
09/2019, 07/10/2019), and six images acquired in 2020 (19/06/2020,
05/07/2020, 21/07/2020, 06/08/2020, 23/09/2020, 09/10/2020).
The NDVI vegetation index was selected for MZ delineation in this
study based on the promising results reported in the literature (Basnyat
et al., 2005; Brummel, 2019; Damian et al., 2020). In addition, NDVI can
be calculated from a wide range of remote sensing platforms, including
handheld products such as Greenseeker (Trimble Inc., Sunnyvale, CA),

Fig. 1. Illustrative map showing the fields (n = 6852) included in this study and their boundaries in Imperial County, California.
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typical drone-mounted multispectral cameras such as Micasense
Rededge (MicaSense, Seattle, WA, USA) and satellite imagery (e.g.,
Landsat and Planet Lab Inc.) using the equation as follows,
NDVI =

NIR − RED
NIR + RED

zone variance was calculated as the number of zones increased from 1
(uniform application of inputs) to 10 (maximum number of zones)
(Fraisse et al., 2001) using the equations as follow,

(1)

σ 2Z =

where NIR and RED are near-infrared and red reflectance values ob
tained from Landsat-8 to calculate NDVI using the ArcGIS Pro 2.8 soft
ware package (ESRI Inc., CA).

1 ∑nZ
nZ
(NDVI i − NDVI mean )2 ×
i=1
nZ
nT

σ 2T = σ 21 + σ 22 + ..... + σ2Z
where σ2z = n1z

∑nz

i=1 (Pi

(2)
(3)

− m)2 x nnTz σ2Z is the weighted variance for zone Z,

NDVIi is the NDVI value for pixel i in zone Z, NDVImean is the mean of
NDVI in zone Z, nZ is equal to the number of pixels in zone Z, nT is the
total number of pixels in the map, and σ 2T is the total within-zone NDVI
variance.
The clustering success was evaluated based on the reduced variance
due to adding more MZs (Fraisse et al., 2001). The zoning was assumed
unnecessary and stopped when (I) at least 50% of the variance was
already reduced and (II) adding the next zone reduced the within-zone
variance by less than 10% (Zhang et al., 2010). The generated results
(i.e., descriptive statistics of input data, reduced variance graphs, opti
mum zones, optimal delineated images, and decision support messages)
for all the fields were stored in a web database to get the downloadable
links required for the tool and to make them available to the users.
Finally, a dashboard was created using ArcGIS Online (ESRI Inc., CA)
containing various elements to provide the results to the end-users in
easy to understand and accessible format.

2.2. Development of the SAMZ-Desert
Fig. 2 shows the workflow and the main steps involved in developing
the SAMZ-Desert decision support tool using ArcGIS Pro 2.8 and Python
programming language. The main Python packages/libraries that were
used in this study included Gdal, Numpy, Matplotlib, Sklearn, Pandas,
and Geopandas. Python was used to clip the regional NDVI images
created in ArcGIS Pro 2.8 to field-level NDVI values for all the fields in
the region. All the pixels outside the field of interest were then masked to
obtain the field map containing only pixels within the field boundary.
Next, a sliding window of size 5x5 was used to detect and remove any
potential outlier or faulty NDVI values. Pixel values greater or less than
the mean NDVI ± 3 × standard deviation of NDVI were replaced by the
mean NDVI value of the respective sliding window (Haghverdi et al.,
2019). Then the statistics of the filtered NDVI data (i.e., minimum,
maximum, mean, standard deviation and variation range) were
computed and stored for each field. Fields with a maximum NDVI of less
than 0.2 were assumed to be fallow or bare soil (Montandon and Small,
2008). Fields with an NDVI range of less than 0.2 were considered
uniform with no zoning required.
The K-means unsupervised clustering approach was used to delineate
MZs given its ease of use and reported promising performance for zoning
in precision agriculture (Fraisse et al., 2001; Haghverdi et al., 2015;
Reyes et al., 2019). It automatically groups a data set into K groups in an
iterative process. Each data point is assigned to its closest cluster center,
and each cluster center is the mean of its data points (Wagstaff et al.,
2001). The maximum number of zones was set to 10 as recommended in
the literature (Evans et al., 2013; Haghverdi et al., 2015). The within-

2.3. Comparing NDVI maps and MZs from PlanetScope versus Landsat-8
We used Landsat-8 as the primary data source to develop our
regional decision support tool since Landsat-8 images are freely avail
able and have a relatively high spatiotemporal resolution of 16-days and
15–100 m. In addition, we used the PlanetScope (Planet Labs Inc., San
Francisco, CA) multispectral images to create NDVI maps for five
randomly selected fields with varying within-field NDVI ranges. The
PlanetScope data provides a better picture of the within-field NDVI
variability given its higher spatial resolution (3 m). Therefore, it was
used to evaluate the strengths and limitations of the Landsat-8 NDVI
maps for MZ delineation. The cloud-free PlanetScope scenes were

Fig. 2. Flowchart for the development of GIS-based SAMZ-Desert decision support tool. The yellow steps were implemented using ArcGIS, and the blue steps were
implemented in Python programming language.
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acquired on 27/04/2018, the exact date that the main Landsat-8 scene
used in this study was captured. The Landsat-8′ s NDVI maps and MZs
were visually and statistically compared with those obtained from the
PlanetScope. Furthermore, the variance reduction by successive zoning
was calculated to identify the optimum number of zones for the five
selected fields using both sets of NDVI maps.

First, the fallow fields with the maximum NDVI of less than 0.2 were
removed from all the scenes. Next, fields that were variable (ΔNDVI ≥
0.2 and NDVICV > 5%) and clustered (Z-score > 1.65 and p-value < 0.1)
for six or more scenes were selected for further analysis. Finally, the
variation in the Moran’s I over time was analyzed to identify the per
centages of fields that consistently (for at least six scenes) showed
strongly clustered spatial variability (Moran’s I > 0.5).
To determine the temporal stability of the MZs over time, the Kappa
coefficient (Cohen, 1960) was calculated for all possible pairs of scenes
for the fields that consistently (for at least six scenes) showed strongly
clustered spatial variability. The Kappa coefficient has shown promising
performance for the temporal stability analysis of MZs (Bottega et al.,
2017). It ranges from − 1 to + 1, where a negative value indicates no
agreement between the data in comparison and the strength of agree
ment increases as the coefficient reaches + 1 (Haghverdi et al., 2015;
McHugh, 2012). The MZs with Kappa coefficient values>0.4 were
considered moderately stable (McHugh, 2012).

2.4. Regional assessment of within-field spatiotemporal variability
The NDVI range of variation (ΔNDVI), NDVI coefficient of variation
(NDVICV), and spatial autocorrelation Global Moran’s I index (Moran’s I;
Getis and Ord, 2010) were used to assess the extent of within-field
variability at the regional level. The objective was to determine what
percentages of the fields in the region show substantial within-field
variability that is spatially clustered and therefore could be divided
into MZs. The 27/04/2018 Landsat-8 scene was selected for this analysis
(see section 3.1). Fields with the ΔNDVI of less than 0.2 and NDVICV of
less than 5% were considered fields with very low variability and
excluded from the analysis (Peralta and Costa, 2013). Then, for the
remaining fields, the extent of variability was determined based on Zscore and p-value obtained from the spatial autocorrelation analysis.
Fields with Z-score > 1.65 and p-value less than 0.1 were considered
spatially clustered fields (ESRI, n.d.). The Moran’s I was then used to
measure the spatial autocorrelation in the NDVI data for the clustered
fields. The higher the value of this index, the better is the clustering of
similar values (Ohana-Levi et al., 2019). Fields with Moran’s I>0.5 were
considered strongly spatially clustered fields (Sawada, 2001).
The dynamics of within-field variability over time was determined
across the selected 11 could-free scenes for three years (2018–2020).

3. Results & discussion
3.1. Selection of the best scene for the SAMZ-Desert
The variations in Minimum, Maximum, and Mean NDVI values for all
the fields and the 11 cloud-free Landsat-8 scenes available in 2018–2020
are shown in Fig. 3. The mean value of NDVI Minimum, Maximum and
Mean statistics were highest for the 27/4/ 2018 scene compared to the
other scenes. The high NDVI values on 27/4/ 2018 indicated healthy
crops for most of the fields, which was expected given the favorable
meteorological condition for most of the crops grown in the region at

Fig. 3. Variation in NDVI statistics for the fields (n = 6852) of interest from 11 cloud-free Landsat scenes. Error bars represent the variation from minimum to
maximum values.
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this time of the year. Also, the 27/4/ 2018 scene had the minimum
number of fallow fields among all the scenes, assuming that the NDVI
values less than 0.2 represent the bare soil areas (Montandon and Small,
2008). Consequently, this scene, which consisted of the minimum
number of fallow fields and the majority of dense crop-grown fields, was
selected for the development of SAMZ-Desert.

summarizes the statistics for these fields, including the optimum number
of MZs and total NDVI variance explained by zoning using Landsat-8 and
PlanetScope data. The NDVI values varied between 0.09 and 0.88 for the
Landsat-8 and ranged from 0.11 to 0.77 for the PlanetScope scenes. The
total NDVI variance explained by the optimal MZs derived from the
Landsat-8 and PlanetScope images was greater than 87% for all the
selected fields. Fields 2 and 4 showed the minimum and maximum
overlap of 58% and 93% between Landsat and PlanetScope MZs,
respectively. On average, the overlapped area between Landsat and
PlanetScope MZs was 78% for all five fields. The fields’ boundary cells
were often clustered as separate zones for both sets of data which were

3.2. Comparison between Landsat-8 and PlanetScope management zones
Fig. 4 depicts the MZs delineated for the five randomly selected fields
representing varying degrees of within-field NDVI variability. Table 1

Fig. 4. Comparison of zone maps and the actual NDVI range for each zone obtained from Landsat-8 and PlanetScope images acquired on 27/4/2018.
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desirable and reliable than the Landsat-8 images for vegetation moni
toring, estimating canopy heights, explaining the variation in water
quality and delineating MZs (Breunig et al., 2020b; Mansaray et al.,
2021; Shimizu et al., 2020). A study in Brazil compared the MZs created
using images from drones, PlanetScope, and Landsat-8 (Breunig et al.,
2020b). They found that the reference drone-based MZs had a moderateto-substantial agreement with PlanetScope MZs and a fair-to-moderate
agreement with Landsat-8 MZs (Breunig et al., 2020b). In our study,
the optimum number of Landsat-based MZs, their position within each
field, and percentages of NDVI variance explained due to zoning were
overall comparable with PlanetScope results. Therefore, we recommend
using the publicly available Landsat-8 data to carry out similar largescale studies and develop decision support tools for MZ delineation in
other regions.

Table 1
Comparison between NDVI data and optimum management zones delineated
using Landsat-8 and PlanetScope images acquired on 27/4/2018.
Field

Landsat-8
NDVI

Clustering results

Minimum

Maximum

Mean

Optimum
Zones

Total NDVI variance
explained (%)

1
2
3
4
5

0.09
0.49
0.49
0.17
0.70

0.86
0.75
0.79
0.77
0.88

0.64
0.68
0.68
0.60
0.85

4
4
4
3
3

97
90
92
94
94

Field

PlanetScope
Minimum

Maximum

Mean

Optimum
Zones

Total NDVI variance
explained (%)

0.11
0.31
0.34
0.20
0.40

0.75
0.72
0.73
0.67
0.77

0.58
0.65
0.64
0.53
0.74

3
4
4
3
3

96
91
91
94
88

NDVI

1
2
3
4
5

Clustering results

3.3. Regional assessment of within-field variability and optimum number
of management zones
Fig. 5 illustrates the spatial distribution of the optimum MZs in the
region. Approximately half the total fields (n = 3543) were considered
uniform (non-variable) based on the threshold criteria of ΔNDVI < 0.2
and NDVICV < 0.05 defined in this study and therefore required no
zoning. In addition, one field was fallow, hence excluded from the
analysis. The histogram in Fig. 6 represents the variation in Moran’s I
values for the clustered fields. Around 47% (n = 3249) of the total (n =
6852) fields (98% of the variable fields, n = 3308) in the region had Zscore > 1.65 and p-value less than 0.1 and therefore were considered as
clustered fields. Approximately one-quarter of the fields (n = 1677) were
strongly-clustered fields using Moran’s I value>0.5 as the criterion.
Fig. 7 shows the total NDVI variance explained by zoning for the
variable fields (n = 3308) in the region. A majority of the variable fields
(Approximately 37% of the total fields) were found to have the optimum
number of zones as four, as shown in Fig. 5, which on average reduced

likely impacted by roads surrounding the fields. To address this issue,
the SAMZ-Desert was programmed to give warning messages to users
when zones mainly consisted of boundary cells or when they were
relatively small (i.e., smaller than 10% of the field area), as was the case
for the Landsat-8 based MZs for Field-1. Another field (Field-5; Fig. 4)
had a Landsat-8 NDVI variation range of less than 0.2, which was
considered uniform by the SAMZ-Desert. The PlanetScope NDVI range of
variation for that field was greater than 0.2, but the clustering result was
almost identical to that obtained from Landsat-8.
High-resolution PlanetScope images were reported to be more

Fig. 5. Spatial distribution of the optimum number of management zones within the fields (n = 6852) in the Imperial Valley defined using Landsat-8 scene acquired
on 27/4/2018.
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Fig. 6. A histogram showing the number of clustered fields with various ranges of Global Moran’s I index based on Landsat-8 scene acquired on 27/4/2018.

Fig. 8. Distribution of fields (n = 2049) against the Moran’s I values calculated
for 11 cloud-free Landsat-8 scenes in 2018–2020. Fields were included when at
least six scenes had the Moran’s I values presented on the x-axis.

Fig. 7. Percentages of within-fiend NDVI variability explained by the man
agement zones for the variable (n = 3308) fields based on Landsat-8 scene
acquired on 27/4/2018.

for the time series of 2018 to 2020 ranged between 0.63 and 0.72, and
the Z-score varied from 24.66 to 27.27. Around 13% (n = 873) of the
fields in the region were strongly spatially-clustered (Moran’s I > 0.5) in
at least half the Landsat-8 cloud-free scenes over the three years. This
value (13%) represents our estimate of the minimum percentages of
fields that may benefit from variable rate technologies in the region.
Table 2 summarizes the average values of the Kappa coefficient for
the significantly spatially clustered fields (n = 873) and shows how
many of those fields had MZs with moderate temporal stability (i.e.,
Kappa coefficient > 0.4 in all the scenes). Around 30–40% of the highly
spatially-clustered fields showed moderately stable MZs for pair of
scenes captured within a two-month time window. This number drop
ped quickly to 25% of the highly spatially-clustered fields for scenes that
were roughly four months apart and stayed between 15 and 25% for
scenes that were 9–18 months apart and finally dropped to less than 15%
for scenes that were more than two and half years apart. Overall, the
Kappa coefficient values and the number of fields with stable MZs were
greater for scenes captured over very short periods (two months), but
first sharply and then gradually declined as the time difference between
pairs of scenes increased.
The MZs are typically defined only once and remain spatially static in
practice, although they might be impacted by soil, crop and meteoro
logical factors that change with time (Scudiero et al., 2018). Around
one-quarter of strongly spatially-clustered fields in most scenes in Im
perial Valley (n ≈ 220) showed moderate temporal stability in their MZs
for up to 9–10 months and therefore might only require static zoning.
Dynamic zoning might be necessary for the remaining fields and over
more extended periods. This finding agrees with reporting results from

the total within-zone variance of the NDVI by 93.4 ± 2.6% (Fig. 7).
Around 11% of the total fields were found to have the optimum number
of zones as 3 (Fig. 5), which explained 88.4 ± 4.5% of the NDVI vari
ability within the fields (Fig. 7). Five MZs were the optimum number for
only about 1% of the fields, explaining 95.8 ± 1.7% of within-field NDVI
variability. Delineating more than five zones did not substantially
reduce the total within-zone NDVI variance for no field in the study
region. Similar results have been reported in the literature using ground
truth and remotely sensed data. For example, a study in Tennessee, USA,
used data from apparent electrical conductivity and Landsat-8 images to
delineate MZs and found the optimum number to be four or five
(Haghverdi et al., 2015). Similarly, another study conducted in Pakistan
used soil physical and chemical properties for MZ delineation and re
ported the optimum number of MZs as four (Farid et al., 2016). Further
large-scale assessments are required to determine whether similar re
sults will be obtained in other regions with different cropping patterns
and soil/weather conditions.
3.4. Temporal dynamics of within-field variability and stability of the
management zones
Approximately one third of the total fields (n = 2049) were variable
(ΔNDVI ≥ 0.2 and NDVICV > 5%) and clustered (Z-score > 1.65) for six
or more scenes. Fig. 8 shows the distribution of these fields concerning
the changes in Moran’s I values over three years. The mean of Moran’s I
7
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Table 2
The mean Kappa coefficient values (upper right triangle) and the number of fields with stable MZs (lower left triangle) calculated using 11 cloud-free Landsat-8 scenes
in 2018–2020.

27/04/
2018
30/06/
2018
20/08/
2019
21/09/
2019
07/10/
2019
19/06/
2020
05/07/
2020
21/07/
2020
06/08/
2020
23/09/
2020
09/10/
2020

27/04/
2018

30/06/
2018

20/08/
2019

21/09/
2019

07/10/
2019

19/06/
2020

05/07/
2020

21/07/
2020

06/08/
2020

23/09/
2020

09/10/
2020

–

0.40

0.28

0.28

0.28

0.29

0.27

0.25

0.25

0.23

0.25

222

–

0.31

0.30

0.31

0.32

0.31

0.28

0.28

0.25

0.27

138

140

–

0.48

0.44

0.37

0.38

0.37

0.37

0.34

0.34

134

150

315

–

0.52

0.35

0.36

0.36

0.38

0.37

0.37

156

158

297

363

–

0.37

0.36

0.36

0.35

0.33

0.35

173

170

247

213

249

–

0.48

0.48

0.40

0.36

0.37

148

158

218

215

234

351

–

0.47

0.44

0.37

0.37

127

127

216

209

222

368

330

–

0.48

0.41

0.39

131

128

204

216

209

288

301

329

–

0.45

0.43

102

108

182

202

178

222

226

267

310

–

0.55

120

107

168

192

194

223

218

230

279

405

–

Sustainable Agricultural Systems Grant #2020-69012-31914.

small-scale studies regarding changes in the number and spatial
arrangement of MZs through the growing season (Fontanet et al., 2020;
Haghverdi et al., 2015). The NDVI is a valuable proxy for both static and
dynamic zoning. However, additional soil and plant measurements are
necessary to determine the physical processes governing NDVI vari
abilities, confirm the spatial configuration of the MZs and develop pre
scription maps for optimum application of agricultural inputs (Fontanet
et al., 2020; Haghverdi et al., 2015).
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