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a b s t r a c t

This study aimed at investigating the performance of multiple irrigation zoning scenarios on a 73 ha irri-
gated field located in west Tennessee along the Mississippi river. Different clustering methods, including
k-means, ISODATA and Gaussian Mixture, were selected. In addition, a new zoning method, based on
integer linear programming, was designed and evaluated for center pivot irrigation systems with limited
speed control capability. The soil available water content was used as the main attribute for zoning while
soil apparent electrical conductivity (ECa), space-borne satellite images and yield data were required as
ancillary data. A good agreement was observed among delineated zones by different clustering methods.
The new zoning method explained up to 40% of available water content variance underneath center pivot
irrigation systems. The ECa achieved the highest Kappa coefficient (=0.79) among ancillary attributes,
hence exhibited a considerable potential for irrigation zoning.

� 2015 Elsevier B.V. All rights reserved.
1. Introduction

1.1. Precision farming and management zone delineation

In conventional agriculture each field is considered as a uniform
unit, by purposely ignoring the heterogeneity across the field,
thereby decision-making is based on an estimation of average con-
ditions. The motivation for site-specific farming was first addressed
by researchers during the late 80s and early 90s (Arslan and Colvin,
2002). As such, precision agriculture (PA) methodology is a way to
look at field management by taking the within field variation into
account and incorporating that variability into management
decisions. Within-field heterogeneity is caused by both temporal
and spatial variation of a variety of factors such as climate,
topography and biologic activity (Córdoba et al., 2013).

A management zone (MZ) is a sub-region of a field that is rela-
tively homogeneous with respect to soil-landscape attributes. It is
expected that variable rate application across MZs will help by sav-
ing the resources and optimizing yield (Schepers et al., 2004).
Protecting the environment and keeping agriculture sustainable
may also be achievable through precision farming. Sensor-based
and map-based approaches are two major methods to practice
variable-rate application. In the sensor-based method, a real time
decision on application rate is made using data collected via sen-
sors and a pre-developed application algorithms. In the map-
based method, application maps are prepared using site-specific
information such as yield data and soil data prior to implementa-
tion. It is critical to select appropriate attribute(s) and method to
delineate robust zones (Thöle et al., 2013).

A field can be zoned based on a single soil-crop variable or mul-
tiple attributes which are expected to affect yield (Khosla et al.,
2010). Yield maps, topography, satellite photographs, canopy
images and soil apparent electrical conductivity (ECa) are among
suggested attributes to delineate MZs. Application of remote sens-
ing is especially attractive because it is noninvasive and relatively
inexpensive (Schepers et al., 2004). Yield maps are useful sources
of information reflecting within-field variation. However, some dif-
ficulties have been reported to delineate zones solely by yield
maps (Khosla et al., 2010). Temporal inconsistency among yield
maps from year to year is probably the main reason causing this
problem. Schepers et al. (2004) reported that temporal climate
variability in an irrigated cornfield significantly affects yield spatial
variability from year to year. Combining yield data with other
ancillary information or averaging yield data over years can help
explain spatial variation better and in turn can provide more trus-
table zones. Promising results have been reported by the studies
that have utilized several years of yield data to create MZs.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.compag.2015.06.019&domain=pdf
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However, stability of such zones has to be tested for each individ-
ual field (Khosla et al., 2010). Calculating temporal variance can be
helpful to verify zone stability (Basso et al., 2012).

There are some methods to screen potential attributes regard-
ing their importance. Hornung et al. (2006) suggested assigning
different weights to individual layers based on their importance
to the variation in crop yield. Principal component analysis (PCA)
can be utilized to linearly transfer original variables to new inde-
pendent ones. Researchers apply this technique to understand
the characteristics of a data set along with relative importance of
each individual variable (Fraisse et al., 2001). Finally, the most
important principal components will be used to delineate MZs.

There are several methods to delineate MZs. Applying unsuper-
vised clustering techniques and zoning via user-defined thresholds
are the main procedures. Clustering techniques group similar data
points (cells), based on their inherent structure, into distinct
classes. Methods such as k-means and fuzzy k-means have been
widely used to identify MZs (Córdoba et al., 2013). These methods
usually produce separated oval shape zones across a field. The soft-
ware MZA was developed by Fridgen et al. (2004) for delineating
MZs. The MZA uses fuzzy k-means for zoning and tests the result
to evaluate how many zones to create in a given field. More
recently, Zhang et al. (2010) developed a web-based decision
support system for zoning using satellite imagery and field data.
Moral et al. (2010) used regression kriging, PCA and fuzzy cluster
classification to delineate MZs using soil texture information and
electrical conductivity as ancillary data. Recently Cid-Garcia et al.
(2013) proposed an integer linear programming MZ delineation
method to make rectangular shaped zones which facilitates the
work and operation of machinery.

1.2. Irrigation management zones delineation

Water has become the most valuable input for agriculture
across the world. There has been a significant conversion from
rainfed to irrigated production in humid regions as a safe guard
against unpredictable severe drought periods within a cropping
season which can cause yield reduction in such regions. At the
same time, agriculture is under a great pressure to enhance its
water use efficiency as other sectors such as industry and urban
areas are demanding more water (Evans et al., 2013; Daccache
et al., 2015). When within field soil spatial variation is significant,
variable rate irrigation (VRI) comes into play as an engineering
solution to manage spatial allocation of applied water through
irrigation. Evidence exists in literature showing VRI could enhance
water use efficiency and/or yield. Hedley and Yule (2009)
mentioned up to 26% annual water saving by VRI comparing to
conventional uniform irrigation. King et al. (2006) reported 4%
higher potato tuber yield (statistically not significant) under VRI
in comparison to uniform irrigation.

Precision irrigation center pivots have been commercially avail-
able for a while yet their adoption by farmers has been slow to
develop. The prime drawbacks of VRI systems are high capital costs
of implementation and management which is hard to rationalize
considering energy and water saving at current price (Evans
et al., 2013). Most of the available center pivots, however, have
control panels with speed control module, meaning farmers can
vary the irrigation across their fields to some extent at no extra
cost, if it is needed. Changing the pivot travel speed enables putting
some pie shape zones where speeding the system up provides less
time to irrigation and slowing the system down increases the
quantity of applied irrigation at the selected pies.

There is a critical need to dynamically develop irrigation MZs in
an accurate and inexpensive manner (Evans et al., 2013).
Delineating zones for irrigation management is challenging. Soil
physical and hydraulic properties govern plant available water
and thereby directly affect irrigation scheduling. Unfortunately
hydraulic properties of soil are not readily available at a field-
scale to be used for delineating irrigation MZs. There is evidence
in the literature that easily collected ancillary data may be spatially
correlated to soil physical and hydraulic properties, thus be useful
for irrigation zone delineation. In irrigation scheduling, plant avail-
able water is calculated within the effective root zone which
expands to deeper soil layers as the cropping season progresses.
If in depth soil variation is significant at the field-scale, theoreti-
cally, the spatial arrangement of irrigation MZs may change during
the growing season. This is not, however, in agreement with the
usual practice of static MZs sometimes for years. Given the limita-
tion in number, size and location of speed control pie shape zones,
an optimization procedure is needed to find the best combination
of pies across a field.

The objectives of this study were: (i) to evaluate the perfor-
mance of some zoning algorithms on an irrigated field with signif-
icant spatial soil variation located in west Tennessee (ii), to
investigate the usefulness of proximal data, including ECa and
space-born satellite images, to delineate irrigation MZs, (iii) to ana-
lyze stability of irrigation MZs within growing season in respect to
soil available water content, and (iv) to develop and evaluate an
irrigation zoning method for center pivot systems with speed con-
trol capability using integer linear programing technique.
2. Material and methods

2.1. Field of study

An irrigated agriculture field, approximately 73 ha located in
west Tennessee along the Mississippi river, was selected (Fig. 1).
The field was located in a short season, semi-humid region with
high rainfall potential during a cropping season but some dry peri-
ods when supplemental irrigation is used to fulfill the crop water
requirement. There were two center pivot systems for irrigation
covering majority of the field with some overlap in their coverage.
Cotton was planted in 2012, 2013 and 2014 cropping seasons in
that field. The spatial variation in soil physical and hydraulic prop-
erties was significant (Table 1 and Fig. 2) which made this field a
perfect case for the purpose of our study.

Soil sampling was done on March 21 and 22, 2014. A total of
400 undisturbed samples were collected from 100 sampling loca-
tions at 4 different depths, 0–25 cm, 25–50 cm, 50–75 cm and
75–100 cm. The soil texture components as well as soil bulk
density and volumetric water content were measured in lab. The
soil water retention curve for samples and high resolution soil
available water content (AWC) maps were predicted using pseudo
continuous pedotransfer function (Haghverdi et al., 2012, 2014)
and co-kriging. There was a decline in soil water holding capacity
(i.e. water content at matric potential �33 kPa, h33) by depth
(Table 1) which is in agreement with the expansion of the sandy
regions across the field moving from surface to deeper layers.
2.2. Proximal data

It is appealing to delineate MZs by proximal data because they
are low in cost, easy to collect and usually noninvasive. In this
study soil ECa and space-borne satellite photos were considered
as proximal information for zone delineation. The soil ECa mea-
surements from shallow (i.e. ECS, 0–30 cm) and deep (i.e. ECD,
0–90 cm) layers were collected (about 4700 data points covering
the entire field) using a Veris 3100 (Veris Technologies, Salina,
KS) instrument on March 20, 2014. The Veris machine measures
ECa using the principles of electrical resistivity. A small electrical
current is introduced into the soil and the drop in voltage in two



Fig. 1. Field of study within the state of Tennessee.

Table 1
Descriptive statistics for soil water content from different soil layers (Haghverdi,
2015).

Variablea Depth Min. Max. Mean SDb

h33, % 0–25 cm 9.86 43.57 29.43 5.83
25–50 cm 5.26 47.20 26.03 10.75
50–75 cm 4.93 43.54 20.55 11.26
75–100 cm 5.38 38.95 17.31 9.71

h1500, % 0–25 cm 7.72 29.61 19.69 4.28
25–50 cm 5.23 35.49 16.98 7.22
50–75 cm 4.57 29.32 13.14 6.47
75–100 cm 4.75 24.52 11.13 5.09

a h33: water content at field capacity (�33 kPa); h1500: water content at
permanent wilting point (�1500 kPa).

b SD: standard deviation.
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depths is measured. The ECS data showed a normal distribution
but ECD information were log transferred to have a roughly
Gaussian distribution. Then, the ECS and ECD data were interpo-
lated using kriging to cover the entire field (with 2 m spatial reso-
lution) with the exception of a drainage pathway starting from
west of the field and ending to the southeastern corner of the field.
Fig. 2. Soil texture distribution for the samples (n = 400) collected from the field of
study.
The satellite images were obtained from Landsat 8 Operational
Land Imager (OLI) sensor during 2013 and 2014 (through http://
earthexplorer.usgs.gov/). A total of 19 cloud-free images were
selected for statistical analysis. The selected images contain the
reflectance at multiple bands (i.e. quantized and calibrated scaled
Digital Numbers (DN)). The reflectance of a canopy and bare soil
will change during a cropping season as a plant goes through dif-
ferent growth stages and soil water status is changed. The band
8, panchromatic band, with wavelengths ranged from 0.50 to
0.68 lm for Landsat 8 has the highest spatial resolution (i.e.
15 m � 15 m spatial resolution) within available bands, thus was
selected for this study. The field of study contained a total of
2320 cells.

The cotton yield data were available from 2010 to 2012 crop-
ping seasons. First, the raw yield data were cleaned. Yield data that
were greater or smaller than the mean ± 3 standard deviation were
assumed to be outliers and removed from the analysis. Then,
kriging was applied to interpolate yield data (with 2 m spatial
resolution) across the field with the exception of the drainage
path. Finally, the yield data were standardized for each year and
averaged across years to make a single yield map.
2.3. Management zone delineation

Multiple zoning strategies were applied and evaluated through
two phases (Table 2). In phase one, the entire field was zoned. The
ECa and reflectance data (i.e. DN) were tuned to have a range
between 0 and 1 by dividing each cell value by the overall maxi-
mum values across the field from all data points/cells. The ECa data
were chosen as the prime attribute for zoning because they
showed a good correlation with soil physical and hydraulic
properties of the soil within the field of study (Haghverdi, 2015).
Three unsupervised clustering techniques, i.e. k-means, ISODATA-
maximum likelihood and Gaussian mixtures, with different
combination of ECa data were examined. Unsupervised clustering
techniques group the data based on their inherent structure as
opposed to supervised clustering methods which require a priori
knowledge on data for training. More information on each
clustering technique is provided later in this paper. Given the
performance of the zoning strategies and distribution of the digital
reflectance data, only k-means was applied for zoning using
satellite images.

http://earthexplorer.usgs.gov/
http://earthexplorer.usgs.gov/


Table 2
Summary of zoning algorithms and attributes.

Clustering procedurea Attributesb

Phase 1 k-means, ISODATA-ML, GM ECS
k-means, ISODATA-ML, GM ECD
k-means, ISODATA-ML, GM ECS, ECD
k-means Satellite image
User defined zones AWC

Phase 2 ILP, k-means ECD
ILP, k-means Satellite image
ILP, k-means AWC
ILP, k-means Yield

a GM: Gaussian Mixtures; ISODATA-ML: Iterative Self-Organizing Data Analysis
Technique – Maximum Likelihood; ILP: Integer Linear Programming.

b AWC: Available Water Content; ECS: shallow ECa; ECD: deep ECa.
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The within-season temporal stability of MZs was also
investigated in phase one through a user-defined zoning strategy
considering AWC as input. The effective root zone (0–100 cm)
was defined as a depth in which crop absorbs most of its water
requirement. To mimic the dynamic of effective root growth, four
crop available water maps were created for 0–25, 0–50, 0–75 and
0–100 cm. Each map, then, was divided into user-defined MZs
and the spatial arrangement of zones were compared against each
other.

In phase two, we focused on the area underneath the center
pivot irrigation systems for which we developed and evaluated a
new zoning approach using integer linear programming (ILP).
The yield data were also included to test how efficient this variable
was in the zone delineation process. Most center pivot irrigators
prefer to have less than 10 MZs in a field (Evans et al., 2013).
Moreover, a majority of available center pivots in west Tennessee
cannot put more than 10 pies. Therefore, clustering procedures
were repeated to delineate from 2 to up to 10 MZs.

Two software products were used for clustering: Matlab R2015a
(MathWorks, Inc., Natick, Mass.) and ArcGIS 10.2.2 (ESRI Inc.,
Redlands, California).
2.3.1. K-means
The k-means is one of the most widely used methods for

clustering due to its simplicity and efficiency. The k-means, in an
iterative process, tries to partition data into k groups so that the
differences among the features in a group, over all groups, is min-
imized. It moves the observations between clusters and monitors
the sum of distances from each observation to the center of its
cluster until group membership stabilizes. The k-means++
algorithm was used to assign initial centers to the clusters. This
algorithm chooses the cluster centers in a random manner yet
favors spreading them out by a distance-based weighting process
(Jain, 2010; Jain et al., 1999; ESRI, 2014). The Euclidean metric
was used to obtain distances. No spatial constraint was considered.
Table 3
All of the pie shape zones underneath a center pivot irrigation system.

Pie length

1 2 � � � 360

Start angle 0 0–1a 0–2 � � � 0–0
1 1–2 1–3 � � � 1–1
2 2–3 2–4 � � � 2–2
� � � � � � �
� � � � � � �
� � � � � � �
359 359–0 359–1 � � � 359–359

a X–Y: start angle-end angle.
2.3.2. ISODATA – Maximum likelihood
A well-known extension of k-means is called Iterative Self-

Organizing Data Analysis Technique (ISODATA). The ISODATA
starts with randomly assigning data into different classes. Then,
over the course of an iterative process, the algorithm changes the
membership of data points and tries to find the optimum clusters
where the Euclidian distance between data points to cluster center
is minimized. ISODATA applies some heuristics to adjust the num-
ber of clusters; clusters could be removed, divided or merged at the
end of each iteration based on similarities between neighboring
clusters and specified minimum class size (Jain, 2010; Jain et al.,
1999; ESRI, 2014). In this study, functionality of ISODATA was
combined with Maximum Likelihood which assigns cells to classes
using Bayes’ theorem. This method assumes that the distribution of
a class sample is normal, hence uses mean vector and the covari-
ance matrix to assign each cell to a class based on statistical
probability.

2.3.3. Gaussian mixture model
A Gaussian Mixture (GM) model is a parametric probability

density function which is often used for soft data clustering. If clus-
ters have different sizes and correlation within them, GM may be
more appropriate option for clustering than k-means. This method
assumes data belong to a mixture of normal density components
with unknown parameters. The GM parameters are estimated
using an expectation maximization algorithm by assigning
posterior probabilities to each component density. Each cluster
corresponds to one of the Gaussian components, hence data are
assigned to clusters such that posterior probability is maximized
(Reynolds, 2009; Mathworks, 2014).

2.3.4. Integer linear programing
A linear programming (LP) problem is an optimization (maxi-

mization or minimization) problem of a linear objective function,
subject to linear equality and/or inequality constraints. If some or
all of the variables are limited to be integers, it is called an integer
linear programming (ILP) problem. The LP has been a very popular
technique to irrigation management and water resources system
analysis and planning (Singh, 2012). Recently, the ILP has been suc-
cessfully used for rectangular shape MZ delineation and crop plan-
ning optimization problems by Cid-Garcia et al. (2013, 2014).

The area underneath each center pivot irrigation system was
divided into 360 pies each 1 degree wide. Then, a spatial join
process was implemented to identify data points (cells) within
each pie for each attribute. A total of 129,241 zones was created
by combining 1 degree pies (Table 3). The standard deviation
was calculated for data points within each zone with respect to
the target attribute.

An integer linear programming model was designed to find the
optimum spatial arrangement of pie-shape zones underneath each
pivot. The general mathematical model was as follows:

min
Xn

i¼1

Xm

k¼1

ðl� ak � rik � xiÞ ð1Þ

subject to
X

cijxi ¼ 1 ð2Þ

Xn

i¼1

xi 6 Pmax ð3Þ

lx P Lmin ð4Þ
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xi 2 f0;1g
where xi is the decision variable for zone i, r is the standard devia-
tion for attribute k within zone i, ak is a user-defined weighting fac-
tor based on the relative importance of an attribute in zoning
process, m is the total number of attributes, n is the total number
of the zones, l is the length of each zone in degrees, cij is a coefficient
equal to 1 if angle j is covered by zone i otherwise equal to 0, Pmax is
the maximum number of desired zones.

Objective function (1) minimizes a weighted average of stan-
dard deviations across the zones. In this study we did not use more
than one variable at each optimization attempt, thus k and ak were
set to one. Restriction (2) ensures that each degree is covered by
only one zone and selected zones cover the entire area underneath
the irrigation system. Constraint (3) ensures that total number of
the pies is less than the maximum desired number which was
set to 10 in this study. Constraint (4) ensures that the length of
the pies is greater than the minimum desired value which was cho-
sen to be 5 degree. For a pie, the decision variable of the model, xi,
was 1 if the pie was selected and 0 otherwise.

2.4. Performance evaluation

The overall within-zone variance of AWC was calculated to
assess zoning strategies and find the optimum number of zones.
The AWC variances for each zone were weighted considering the
zone-area (Fraisse et al., 2001):

S2Z ¼ 1
nZ

XnZ

i¼1

AWCi �mð Þ2 � nZ

nT
ð5Þ

where S2z is weighted variance for zone z, AWC is the soil available
water content for cell i, m is mean of soil available water values in
zone z, nZ and nT are number of cells in zone z and total number of
cells across field, respectively.

Total within-zone AWC variance across field (S2T) was obtained
as the sum of weighted within-zone AWC variances:

S2T ¼ S21 þ S22 þ . . .þ S2Z ð6Þ
The better zoning scenario was selected as the one with mini-

mum total AWC standard deviation. For the ILP method, the kappa
coefficient (Cohen, 1960) was also calculated to measure inter-
classification agreement of different zoning strategies by ancillary
data against optimum zones using AWC data. The kappa coefficient
equals 0 and 1 when the agreement is due to chance alone or when
there is perfect agreement, respectively. A positive coefficient indi-
cates agreement exceeds chance and the magnitude of coefficient
reflects the strength of agreement.

3. Results

3.1. Zoning using ECa and satellite images

Fig. 3 depicts the variance of AWC as well as average yield
within zones for a different number of MZs and multiple clustering
methods. The AWC variance across the field, not divided into
zones, was chosen as a reference (i.e. one MZ with 100% variance).
For k-means, up to 11%, 19% and 16% of variance was explained
considering ECS, ECD and ECS plus ECD as input, respectively.
Considering more than 4 zones only reduced the variance by an
additional 1% (ECS input), 1% (ECD input) and 2% (ECS + ECD
inputs). For ISODATA-ML, variance was reduced by 11%, 19% and
17% considering ECS, ECD and ECS plus ECD as input, respectively.
Given more than 4 zones, the variance decreased by an additional
1% (ECS input), 1% (ECD input) and 4% (ECS + ECD inputs). For GM
method, 10% (ECS input), 17% (ECD input) and 16% (ECS + ECD
inputs) of the variance reduction occurred by dividing the field into
4 zones while further division to up to 10 zones only decreased the
total variance by an additional 1% (ECS input), 2% (ECD input) and
5% (ECS + ECD inputs).

Adding more than 4–5 zones only slightly improved the cluster-
ing results. In fact, most of the AWC variance was explained by
dividing the field into two MZs. This is in line with changes
observed in within-zone yield average; when the number of zones
increased to more than 4–5, one starts to see more zones with sim-
ilar productivity. The clustering methods performed similar. The
highest reduction in variance was observed for GM with 10 zones
and ECS plus ECD as inputs. However, considering 4 as the opti-
mum number of zones, k-mean and ISODAT-ML performed slightly
better than GM. Noting this similarity among results of clustering
methods and given the simplicity and ease of use of k-means
method, it was decided to only use it for the rest of the unsuper-
vised clustering tasks during this study. Aggregating ECS and ECD
did not decrease the within-zone variance of AWC for k-means
and ISODATA-ML procedures. For an optimum number of zones
(n = 4), the lowest variance was observed when ECD was used as
an input. Therefore, the ECD was considered an attribute of high
importance for explaining the variability found in AWC for the field
of study.

Fig. 4 illustrates the gray-scale panchromatic images taken by
Landsat 8 during 2013 and 2014. Initial assessment of satellite
images revealed the reflectance value of cells adjacent to the
boundaries of the field were affected by the roads (located at north
and west parts of the field) and trees (located at south and east
parts of the field) and in turn influenced the spatial distribution
of the entire field. Therefore, the border cells were filtered out from
satellite images prior to running clustering analysis. The cells
within drainage pathways were also removed from satellite images
since they were missing from other attributes too. Moreover, they
caused the same problem as border cells. The field was planted
(harvested) in cotton on May 30, 2013 (December 2–3, 2013) and
on May 5, 2014 (October 18–20, 2014), meaning some of the satel-
lite images had been taken from bare soil but some from the cotton
canopy in different growth stages. There were moderate temporal
changes in spatial patterns of satellite photos. However, it was pos-
sible to visually associate brightness level to AWC spatial variation
in a good number of images (i.e. photos taken on April 13, 2013;
April 29, 2013; October 22, 2013; August 6, 2014; August 22,
2014; and September 23, 2014).

The coarse-textured soils with low AWC were mostly located
over three spots across the field: close to the southern border of
the field mostly outside of the outer pivot circles, (ii) underneath
the eastern pivot approximately from the pivot point up to the
right edge of the field, and (iii) a region in the northwestern part
of the field above the drainage path adjacent to the northern bor-
der. In general, very bright cells (i.e. cells with high reflectance
value/digital number) were mostly associated with coarse-
textured soils with low AWC values while darker-colored cells (i.
e. cells with low reflectance value/digital number) were associated
with higher AWC soils. The photo acquired in August 6, 2014
revealed considerable spatial agreement with our understanding
of AWC patterns. Factors such as ponding water due to rainfall (i.
e. photos taken on May 15, 2013; December 25, 2013; February
7, 2014; March 31, 2014; April 16, 2014, May 2, 2014; May 18,
2014; October 25, 2014 and December 12, 2014) and wet soil
due to an irrigation event (i.e. photo taken on July 21, 2014)
affected the spatial arrangement of satellite photos.

To understand temporal changes, the distribution of standard-
ized brightness values for the satellite photos are illustrated in
Fig. 5 where similar distributions were roughly grouped by visual
assessment. Coarse textured soils appeared as a long right tail in
satellite photos grouped in panel A and D, while spots with



Fig. 3. Performance of clustering methods based on percent reduction in AWC variance and within-zone average yield. kM: k-means; GM: Gaussian mixture; ISO: ISODATA-
maximum likelihood; 1, 2, and 3: ECS, ECD and ECS plus ECD were used for clustering.
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ponding water formed a long left tail for images in panel C and
caused negative skewness. The satellite images with less clear spa-
tial pattern formed panel B. Images with no vivid spatial pattern
showed high positive Kurtosis (panel E). The image taken April
16, 2014 did not follow the distributions observed with the other
images; with negative kurtosis it depicted both ponding water
and coarse soils but did not well represent the entire spatial
arrangement of AWC across the field. The better satellite images
seemed to follow a log normal distribution (panel D) which was
the distribution of raw ECD data as well.

Fig. 6 shows the clustering results in terms of average within-
zone AWC variance using satellite images as input. In 2014, images
taken August 6 and September 23 showed the highest performance
with 21% and 14% reduction in AWC variance, respectively. In
2013, images taken November 7 and April 29 exhibited the better
result by explaining 12% and 10% of AWC variance, respectively.
Identical to what we observed for ECa data, adding more than 4–
5 zones only slightly improved explaining AWC variance. On aver-
age, for the abovementioned satellite images with acceptable per-
formance, considering more than 4 zones only helped to explain an
additional 2% of AWC variance. The zones delineated from rest of
the images explained less than 10% of the AWC variance. The low-
est performance belonged to images taken 19 July and 12
December 2014 which explained only 1% of the AWC variance. In



Fig. 4. Gray-scale maps of panchromatic spectral band during 2013–2014 from the field of study.
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2013, images taken on 22 October and 25 December exhibited the
lowest efficiency by explaining 4% and 3% of AWC variance, respec-
tively. With a few exceptions, our visual assessment of reflectance
distribution (Fig. 4) turned out to match the efficiency of images in
zone delineation (Fig. 5). Overall, the highest performance was
observed for images in groups D and A with an average 11% and
10% reduction in variance, respectively. In contrast, images in
groups E and C showed the lowest potential for clustering by only
explaining 3 and 4 percent of AWC variance, respectively. The
higher number of cloud free images available contributed in better
zoning results in 2014 compare with 2013. We also attribute this
to difference in field conditions; in 2013 planting was delayed
due to cold weather and wet soil which affected cotton growth
and maturity and also diminished the yield contrast across the
field which is usually expected to occur between soils with high
and low water holding capacities.

Fig. 7 shows the optimum MZs (n = 4) using different clustering
methods. Fig. 8 depicts the average standardized yield for optimum
number of zones (n = 4) for k-means approach. There was a good
similarity among MZs delineated by different algorithms which
also matched the spatial arrangement of soil physical and hydrau-
lic properties. The delineated zones by k-means and ISODATA-ML
were similar which was expected due to similarity between these
clustering methods. The dark blue (zone 4) and yellow (zone 1) col-
ors represent soils with high and low AWC, respectively and the
other two zones illustrates the transient between these extremes.
The trend in average yield data across MZs matched the spatial
arrangement of soil physical and hydraulic properties. For instance,
higher yield belonged to soils with higher AWC and somewhat to
the strip surrounded the drainage path which had good drainage
condition hence did not suffer from excessive water content after
heavy rainfall events which is likely to happen in west
Tennessee. The yield on coarse-textured soil was 20% below aver-
age while soils with higher AWC produced 10% above average
yield. In practice, small spots within clusters could easily be
removed (for example by using a moving average window) to have
more homogenous zones for variable rate applications.

3.2. Spatiotemporal changes in soil available water content

Temporal changes in spatial arrangement of user-defined irriga-
tion MZs is shown in Fig. 9. The selection of breaking levels
between zones was arbitrary. We chose 2 cm water within effec-
tive root zone as the target range. The highest spatial change took
place from first thematic map (0–25 cm) to second one (0–50 cm).
After that, there was a good agreement among thematic maps up
to 100 cm. This trend suggests the possibility of having different
irrigation zones early in the cropping season when the crop is only
using the available water from surface soil.

3.3. Management zone delineation, phase two

Fig. 10 depicts the performance of ILP and k-means methods to
delineate MZs underneath center pivots using different input attri-
butes. The AWC variance for each pivot was considered as refer-
ence (100% level) which was equal to one MZ or uniform



Fig. 5. Distribution of standardized brightness values for panchromatic spectral band during 2013–2014.
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irrigation. Given AWC as input and k-means as clustering method,
for both pivots within zone uniformity increased by adding more
zones yet changes were minor as the number of zones became
more than 4–5. The same trend was observed when ancillary data
(i.e. ECa, reflectance value, and yield) were used for clustering but
was less pronounced. This is in line with the observed trend when
the entire field was clustered to MZs (i.e. phase one). Most of the
reduction in AWC variance was obtained by dividing the pivot into
two MZs. Given ECD and reflectance values as input, up to 30% and
15% of AWC variance was explained underneath the east and west
pivots, respectively. Considering average yield as an input for clus-
tering only helped to explain less than 10% of AWC variance. Given
AWC as input and ILP as the zoning method, up to 30% and 40% of
AWC variance was explained at the east and west pivots, respec-
tively. In reality, this is the improvement expected to occur from
uniform irrigation to VRI with limited speed control. Considering
ILP as zoning method, both ECD and reflectance values were able
to efficiently zone both pivots. The average yield, however, per-
formed weaker than other inputs for clustering at the east pivot
but was as effective for the west pivot. The difference between



Fig. 6. AWC variance against number of zones using different satellite images. Band 8: reflectance value for panchromatic band from images taken by Landsat 8.

Fig. 7. Spatial arrangement of MZs. kM2: k-means with ECD as input; ISO2: ISO-ML with ECD as input; GM3: Gaussian mixture with ECS and ECD as inputs; kM4: k-means
with satellite image (Landsat 8 panchromatic band) as input.
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ILP and k-means for optimum number of zones (n = 4) was about
35% for both pivots in respect to reduction in AWC variance. This
represents difference expected between VRI with limited speed
control and a hypothetical VRI with ability to irrigate each 4 m2 cell
individually. The ability of a real precision irrigation system in
reducing AWC variance is expected to be somewhere in between.

Fig. 11 represents the optimum irrigation MZs (n = 4) for both
pivots considering different inputs and clustering methods. The
user-defined MZs using AWC data were considered as the refer-
ence to evaluate the performance of other zoning strategies using
k-means. The same was true for zoning by ILP model when zones
delineated using AWC were considered to show the optimum
arrangement of pies and other zoning configurations were com-
pared against it. For ILP with AWC as input, (i) zones 1 and 4 and
zones 3 and 4 covered mostly coarse soils with low AWC
underneath east and west pivots, respectively; (ii) zones 3 and 2
underneath east and west pivots, respectively, mostly consisted
of fine-textured soils with high AWC; (iii) other zones (zone 2
and 1 underneath east and west pivots, respectively) contained a
mixture of soils with high and low AWC.

The spatial arrangement of optimum zones provided by ILP
technique was not identical among models with different ancillary
data as input (Fig. 11). By visual assessment, for the both pivots
there is a good and moderate agreement between pie zones using
ECD and Band 8, respectively and that of AWC but using yield for
zoning resulted somewhat different zones. The Kappa coefficient
(Fig. 12) confirmed our visual assessment. In the case of the east
pivot ECD and yield data showed the highest and lowest kappa
coefficient, respectively. The same trend was observed in the case
of the west pivot, but there was a consistent reduction in Kappa



Fig. 8. Percent of average yield within MZs clustered with k-means considering ECD
as input (bar colors are related to the zones in Fig. 7). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of
this article.)
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coefficient for all attributes in comparison with that of the east
pivot. It is clear that ECD and satellite images were good candidates
for irrigation zone delineation as opposed to yield which exhibited
less potential. This difference could be related to the spatial resolu-
tion of different soil attributes. The ECa data were the most
exhaustive data, so carried information on soil spatial variation
at a very fine scale. The satellite images were not point measure-
ments but an integration of reflectance over 15 by 15 m cells.
The AWC data were interpolated from soil cores.
Fig. 9. Within-season temporal variation in user defined
4. Discussion

Recent research in precision agriculture has greatly focused on
variable rate application and MZ as a method to enhance the effi-
ciency of crop inputs usage. However, the phrase ‘‘management
zones” remains uncertain unless additional information is included
to clarify the goal in sub-dividing the field (Kitchen et al., 2005)
which affects our choice of clustering technique and information
used for zoning. The MZ delineation for variable rate application
of fertilizer and seeding has extensively been studied in recent
years. In contrast, there are only a handful of studies on zoning
for variable rate irrigation. Given the ever increasing demand for
fresh water, moving toward precise application of water for irriga-
tion is unavoidable. The resulting zones should be simple, stable,
accurate and inexpensive to identify, and enable within-field spa-
tial variation to be managed (Khosla et al., 2010).

4.1. MZ delineation methods

Guastaferro et al. (2010) compared different algorithms for the
delineation of management zones and mentioned different pros
and cons for each method. We observed a good agreement among
delineated zones using k-means, Gaussian mixture and ISODATA-
ML methods. It seems for a field with high spatial structure, all
well-known clustering methods are able to recognize an accurate
pattern for irrigation MZs in a substantial way. The ILP zoning
strategy, introduced in this study, also showed promising results.
This method was designed to delineate pie shape zones for center
pivots with limited speed control ability. There are several benefits
associated with this zoning method. First, most of the available
center pivots located in west Tennessee and other irrigated areas
across US have suitable control panels to create pie shape zones,
so there is no need to upgrade available pivots in order to make
MZs considering available water content as input.



Fig. 10. Performance of irrigation MZ delineation methods based on AWC standard deviation reduction. ILP: integer linear programming; ECD: ECa deep; AWC: available
water content; Band 8: reflectance value from satellite images taken by Landsat 8.
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use of this method. Second, applying ILP showed a significant
decline in within-zone AWC variance, meaning it will help make
better site-specific irrigation decisions, and improve the choice of
timing and amount of irrigation, which in turn enhances water
use efficiency. In addition, it could promote VRI and act as a bridge
to adopt more advanced precision irrigation systems if needed.

4.2. Optimum number of zones

It is extremely important to find the optimum number of irriga-
tion MZs. We found 4–5 MZs to be sufficient to explain within field
variability of AWC. By changing the number of zones from 1 to 10,
the total within-zone variance drastically decreased but
approached an asymptotic value slowly as the number of zones
continued to increase. A similar trend for variance reduction was
found by Zhang et al. (2010). Fraisse et al. (2001) delineated 2–
6 MZs for two fields located near Centralia, Missouri, and moni-
tored the within zone variance of yield to identify the optimum
number of zones. They observed a minimum variance for 5 zones
when up to 32% of the yield variance was explained.

Delineating irrigation zones is the first step toward site-specific
irrigation management. Then, an irrigation prescription map needs
to be developed before each irrigation event throughout the
cropping season. One may only use zones as a guide to adjust the
timing of supplemental irrigation in west Tennessee, i.e. to delay
starting irrigation or terminate irrigation earlier in a specific zone
(s). A more sophisticated scenario is to calculate the irrigation for
each zone independently by sensing soil/crop water status/usage.
Therefore, over estimating the optimum number of MZs makes irri-
gation scheduling more complicated, time-consuming and costly.
On the other hand, under estimation of management zones dimin-
ishes the irrigating efficiency and may cause yield reduction. There
is less freedom to explain variability with pie shape zones. It is
most likely to have some zones consisting a mixture of soils with
low and high AWCs. This is an unavoidable problem which is due
to the inherent limitation of center pivots with limited speed con-
trol ability. The critical question is how to manage this variation or
which soil to follow during irrigation. Answering this question
needs quantitative information on crop-soil-water interaction
which was outside of the scope of this study but is suggested for
further investigation.

4.3. Application of proximal data

The AWC is a logical basis to delineate irrigation MZs since it
directly affects both plant growth and yield, and irrigation schedul-
ing. According to Fraisse et al. (2001) crop production potential is
strongly related to plant available water so its productivity can
be approximately determined on the basis of soil physical proper-
ties and topographic characteristics, when topography changes sig-
nificantly in a given field. In the field of study more than 50% of
cotton and soybean yield variability was explained by soil physical
and hydraulic properties (Haghverdi, 2015). In practice, however,
more easily obtained data should act as a surrogate for AWC infor-
mation that is more difficult, time-consuming or expensive to
obtain.

The ECa data exhibited a considerable potential for irrigation
zoning. Moral et al. (2010) also found ECa to be a good proximal
attribute for high resolution zone delineation. They reported ECD
and percent of clay to be dominant factors explaining soil spatial



Fig. 11. Irrigation MZs for center pivot systems located at east and west parts of the field. ILP: integer linear programming; Band 8: reflectance values from panchromatic
band taken by Landsat 8 satellite; ECD: deep ECa.
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variability based on PCA. Kitchen et al. (2005) found ECa a reliable
attribute for allocating productivity zones on claypan soil fields.
Though less pronounced than ECa, the satellite images exhibited
a good potential to be used for characterizing spatial variation in
field-scale AWC. Our findings support the result reported by Guo
et al. (2012) who observed a strong relationship between bare soil
brightness and ECa with soil texture where low ECa and high
brightness were associated with lower clay content. In another
study, Song et al. (2009) used Quickbird commercial satellite data
with 2.4 m resolution for MZ delineation and found it to be a reli-
able procedure. The main drawback of proximal sensor measure-
ments is that they are complex and affected by multiple soil-crop
properties (Corwin and Lesch, 2010). Therefore, they should show
similar spatial distributions to those of soil physical and hydraulic
characteristics, governing soil available water for crop, in order to
be considered as an effective input to delineate irrigation zones. In
addition, timing of capturing photos by satellite turned out to
affect the practical application of satellite images for field-scale
zone delineation. In fact, our results demonstrated that temporal
variability alters the spatial pattern expressed by Landsat 8
panchromatic band and in turn its usefulness as an input to delin-
eate MZs.

There were some similarities between zones delineated by ECa,
satellite images and yield data, but yield data indicated less poten-
tial for zoning and exhibited some inconsistency. The reason is that
different factors affect yield in a complex manner. In fact, it is not
possible to distinguish between the variety of factors affecting crop
growth and yield, such as physical and chemical properties of soil,
irrigation regimes, pests and diseases and climate, using yield
maps alone (Corwin and Lesch, 2010). We realized that even when
visual assessment of yield maps indicates similar spatial arrange-
ment as soil related maps the clustering result may be different.
Moreover, for fields with no available yield map, using ECa and/
or space-borne satellite images represents a great time saving.



Fig. 12. Kappa coefficient for the zones delineated by the integer linear program-
ming (ILP) method. Band 8: reflectance values from panchromatic band taken by
Landsat 8 satellite; ECD: deep ECa.
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Averaging yield maps across years, as we did in our study, could be
a safe guard against temporal changes and an attempt to find more
stable scheme of yield distribution. On the other hand, if high tem-
poral variance in yield spatial distribution exists, averaging yield
data across years may mask information and cause misleading
interpretation. We averaged cotton yield data from 2012 to 2014.
In 2012, the field was uniformly irrigated by the farmer but an irri-
gation study was performed in 2013 and 2014. Visual assessment
of maps against each other suggested that spatial soil differences
strongly affected yield patterns during those years, yet this impact
was less pronounced for 2013 cropping season where delayed
planting and temperature distribution over the growing season
depressed yield and influenced its spatial distribution to some
extent.
4.4. Temporal variability and role of crop

We examined the necessity of having multiple zoning schemes
within a cropping season in our study site. The result revealed if in
depth soil variation is significant, the spatial arrangement of opti-
mum irrigation MZs may vary within a cropping season. There is
evidence in literature showing the effect of season to season cli-
mate variability in spatial arrangement of MZs, hence supporting
the idea of dynamic zoning. For instance, Schepers et al. (2004)
showed that temporal climate variability even under irrigation
may change the yield spatial variation. Temporal changes may
affect the spatial patterns of yield such that no consistent high/
low yield zones were observed (Guastaferro et al., 2010). Rainfall
patterns and available heat unit are the prime factors affecting cot-
ton growth and yield in west Tennessee with a short season humid
environment. For instance, if dry periods at sensitive growth stages
occur, soil with higher water holding capacity provides better con-
ditions for crop to avoid undergoing water stress, hence higher
yield is expected for such soil. In contrast, a wet year with unex-
pected early heavy rainfall may delay planting hence reducing
the chance for the crop to accumulate enough heat units. In such
scenario, soils with high AWCmay suffer from excessive vegetative
growth and unopened bolls by the time of harvesting. Fraisse et al.
(2001) found that number of MZs for precision farming declined
when either enough water was provided throughout the growing
season or a drought tolerant variety was planned. The optimum
number of MZs is also influenced by the crop planted (Fraisse
et al., 2001). Further study is required to investigate the crop
response to water level across different soil types as a means to
provide crop-specific irrigation MZs.
5. Conclusion

Precision agriculture is a farming system which uses informa-
tion technology to do site-specific crop management in which
decisions on resource application are modified with regard to
within field variation of components such as soil, water and crop
(Whelan and Taylor, 2013). Field-scale spatiotemporal variation
is significant in west Tennessee, thus variable rate irrigation may
enhance water use efficiency and crop yield. Conventional irriga-
tion management tries to answer when and how much to irrigate.
Given within field soil variation, variable rate irrigation manage-
ment ought to address where to irrigate as well. Delineating man-
agement areas within fields is an important part of a precision
farming system where it is expected that applying identical treat-
ment will cause significant yield differences. Methods for delineat-
ing MZs vary widely in the information used as well as the
techniques for creating the zone boundaries. Use of on-the-go sen-
sors and remote sensing technologies is appealing because it is
easy to collect these data on a field-scale.

We evaluated the performance of several clustering methods
for zone delineation. We also designed a new zoning strategy
based on integer linear programming for center pivots with limited
speed control ability. We used high resolution soil available water
maps as standard input to zone the field. We also assessed the
effectiveness of ECa, space-borne satellite images and yield data
for zone delineation. The clustering methods performed similar
in efficiently dividing the field into relatively homogeneous zones
in respect to soil hydraulic properties. The introduced integer lin-
ear programming method offers the optimum zoning strategy for
center pivots with limited speed control ability to match water
input to soil spatial patterns. However, further research is essential
to investigate the optimum irrigation strategy over pies with a
mixture of soils. The results of this study suggested that ECa and
satellite images may be used to determine site-specific irrigation
MZs in west Tennessee if a high spatial similarity is observed
between these ancillary data with soil hydraulic properties. The
spatial and temporal resolution and precision varies among differ-
ent types of ancillary data and affect their efficiency for zone delin-
eation. Temporal variability in soil moisture altered expression of
spatial variability in space-born satellite images. Yield data did
not show a high potential for zone delineation. We attribute this
to various factors that affect yield in a complex manner and also
temporal differences in yield data. In practice, farmer knowledge
on field conditions could be extremely useful to choose the most
appropriate data set for zone delineation.
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