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A B S T R A C T

A primary utility of satellite remote sensing technology is monitoring and assessment of agricultural lands for
determining the area, amount, type, and quality of crop production. Since the mid-1970s agricultural scientists
have sought to advance this utility through development of precision agriculture (PA) methods and technologies.
Consequently, PA has taken advantage of freely available medium-spatial resolution remote sensing technology
and instrumented fields to monitor crop biomass, phenology, and yield of crops at the sub-field to larger scales.
The main goal of this study was to determine cotton lint yield in a 73-ha irrigated field in western Tennessee
using remote sensing technology. We used two growing seasons (2013 and 2014) of Landsat 8 transformed to 8
input predictors including Red, near infra-red (NIR), the simple ratio (SR), normalized difference vegetation
index (NDVI), green NDVI (GNDVI), and the tasselled cap transformation’s greenness, wetness, and soil
brightness indices: GI,WI, and SBI, respectively, as proxies for cotton lint yield and crop phenology (in this study
all input predictors are being referred to as crop indices, CIs). We used artificial neural network (ANN) approach
to generate 61,200 models relating individual CIs and CI phenology to field estimates of lint yield to predict and
map the field’s cotton lint yield in two cropping seasons. The correlation between cotton lint yield and CIs
ranged from -0.20 to 0.60 in 2013 and from−0.79 to 0.84 in 2014. The best ANN models were in 2013 (r=0.68
and the normalized MAE=11%) and 2014 (r=0.86 and the normalized MAE=8%) growing seasons. The WI
and GI were the best CI predictors of cotton lint yield, and overall for the early to mid-season prediction, CI
phenologies had better performance than single date CI models. Consequently, we recommend the use of Landsat
8 derived WI or GI phenology to predict crop yields.

1. Introduction

Precision agriculture (PA) has progressed as a result of emerging
innovations in instrumentation and measurements that allow con-
sideration of agricultural practices at multiple spatial (and temporal)
scales from farm to subfield to individual plants. The main promise of
PA is the development of an understanding of crop growth and yield
dynamics in response to spatiotemporal variabilities in climate and the
physical environment. This knowledge will help farmers optimize site-
specific management decisions. In situ application of mid- to high spa-
tial resolution, airborne and/or satellite remote sensing technology has
been of particular interest to the PA community, particularly for the
investigation of the variability of crop growth and yield (Leon et al.,
2003, Guo et al., 2012; Heermann et al., 2002; Vellidis et al., 2004;
Wang and Shen, 2015; Yang & Everitt, 2002).

The Landsat series of satellites have been collecting global data
since 1972, which means that long term historical archives of multi-
spectral data are freely available to conduct annual and interannual
time series analyses of the status of crop phenology over a number of
growing seasons (Wulder et al., 2012). The reflectance of crop canopies
and the bare soil background changes throughout a cropping season as
plants go through different growth stages and soil water status. Proxy
indicators of soil properties as well as crop phenology and yield dy-
namics can be derived from moderate pixel resolution Landsat data.

A variety of vegetation or crop indices (CIs) have been developed
from the portions of the electromagnetic spectrum detected by parti-
cular sensors on various platforms (e.g., the Operational Land Imager
(OLI) on Landsat 8) including the simple ratio (SR, Birth and McVey
1968), the normalized difference vegetation index (NDVI, Rouse et al.,
1973), the green NDVI (GNDVI, Gitelson et al., 1996), and the

https://doi.org/10.1016/j.compag.2018.07.021
Received 24 May 2018; Received in revised form 9 July 2018; Accepted 10 July 2018

⁎ Corresponding author.
E-mail address: amirh@ucr.edu (A. Haghverdi).

Computers and Electronics in Agriculture 152 (2018) 186–197

Available online 20 July 2018
0168-1699/ © 2018 Elsevier B.V. All rights reserved.

T

http://www.sciencedirect.com/science/journal/01681699
https://www.elsevier.com/locate/compag
https://doi.org/10.1016/j.compag.2018.07.021
https://doi.org/10.1016/j.compag.2018.07.021
mailto:amirh@ucr.edu
https://doi.org/10.1016/j.compag.2018.07.021
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compag.2018.07.021&domain=pdf


“Tasselled Cap” transformation (TCAP, Kauth & Thomas 1976). These
CIs are calculated as:

=SR NIR
R (1)

=
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NDVI NIR R

NIR R (2)
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+
GNDVI NIR G

NIR G (3)

where NIR is near-infrared reflectance (e.g., Landsat 8’s band 5 at
0.851–0.879 μm), R is red reflectance (e.g., Landsat 8’s band 4 at
0.636–0.673 μm), and G is green reflectance (e.g., Landsat 8’s band 3 at
0.533–0.590 μm).

Among CIs in general, NDVI is arguably the most widely used index
in the world, much less in PA. NDVI and other crop indices have been
shown to be effective measurement proxies for various crop char-
acteristics including biomass, net primary productivity, density, plant
canopy cover, leaf area, and plant water content (Sellers, 1985;
Washington-Allen et al., 2006; West et al., 2010). Most of these indices
were developed to take advantage of the consistent difference in in-
teractions (i.e., absorption, emittance, transmission, and reflectance)
with crop canopies between red and near-infrared radiation (Clevers,
2014). Other parts of the electromagnetic spectrum have also proven
useful for agricultural applications. For instance, leaf emittance in the
thermal region of the electromagnetic spectrum has been widely used to
quantify evapotranspiration and thus crop response to water stress
(Hatfield et al., 2008).

Kauth & Thomas (1976) developed the TCAP to reduce the corre-
lated radiation components of the 4-dimensional structure of Landsat 1
Multispectral Scanner data when tracking the phenology of yellow corn
crops. The TCAP is a weighted form of a principle component analysis
that was used to reduce the dimensionality or degree of correlation
between the bands or channels of a multispectral sensor. This is done
through the consolidation of a sensor’s highly correlated bands into a
set of new bands that are uncorrelated with each other (Baig et al.,
2014). For example, Landsat 5’s Thematic Mapper sensor detects 7 parts
of the electromagnetic spectrum or individual bands or channels with
differing levels of correlation between each band. Application of the
TCAP produced three new bands and/or indices of interest to this study
called the soil brightness index (SBI), that detects bare ground; a wet-
ness index (WI), that detects water bodies, soil and vegetation moisture
content; and a greenness index (GI) that detects vegetation cover or
biomass (Crist 1985; Crist & Cicone 1984). When these 2–3 bands are
visually compared in Cartesian space using either a two-dimensional (2-
D) or 3-D scatter plot a “tassell cap” relationship is observed (Kauth &
Thomas, 1976). Plotting a 2-D or 3-D time series of the TCAP tracks
different crop phenologies and soil moisture dynamics within a growing
season (Baig et al., 2014; Kauth & Thomas, 1976).

New sets of sensor specific TCAP weighted coefficients have been
developed for each of the sensors in the Landsat series as well as other
sensors including RapidEye (Crist, 1985; Schönert et al., 2015).
Schönert et al. (2015) reported promising preliminary results for the
retrieval of crop biophysical attributes (e.g. leaf area index, plant
chlorophyll and nitrogen) at field-level using RapidEye sensor-derived
TCAP.

Consequently, these past studies suggested that remote sensing,
particularly mid-resolution sensors like Landsat 8, could be used as
effective PA tools for tracking spatially and temporally heterogeneous
plant and soil moisture dynamics over the course of a few growing
seasons, i.e., crop phenology. Thus, these studies demonstrated that an
annual time series of remotely-sensed CIs may correlate with variable
cotton lint yield (due to the heterogeneous spatial distribution of soil
moisture) (Hypothesis 1). Further, a time series of annual CIs will
characterize cotton lint phenology and may predict cotton lint yield at
the subfield to farm spatial scales of observation (Hypothesis 2).

We examined two key research questions:

(I) Which of the Landsat 8 derived CIs provides the best prediction of
cotton lint yield at the subfield level?

(II) Which approach provides the best growing season prediction of
cotton lint yield, the use of multiple CI’s at a single date or CI crop
phenology produced from an annual time series?

The objectives of this study will be implemented over the 2013 and
2014 growing seasons and are to:

(I) Use an annual time series of Landsat 8 derived CIs to characterize
cotton phenology.

(II) Determine the utility of these remotely-sensed CIs as input pre-
dictors for in-season prediction of cotton lint yield using Artificial
Neural Network (ANN) models.

2. Material and methods

2.1. Study area & data collection

We conducted a two-year (2013 and 2014) on-farm irrigation ex-
periment on a 73-ha property in the semi-humid region of west
Tennessee to investigate cotton’s response to supplemental irrigation
management (Fig. 1). Climate records for the area indicate a mean
monthly precipitation of 97mm and a mean temperature of 21 °C
throughout the May to November growing season (National Climate
Data Center, 2015). The field’s elevation ranges from 77 to 80-m and it
contains Robinsonville loam and fine sandy loam, Commerce silty clay
loam, and Crevasse sandy loam soils that were formed in the loamy and
sandy alluvium of Mississippi river terraces (Soil Survey Staff, 2015).

Haghverdi et al. (2015b) described the soil data collection where a
total of 400 undisturbed core soil samples were collected from 100
locations at 4 depths on March 21 and 22, 2014. Measures of soil tex-
ture, soil water content, and bulk density within the crop effective root
zone (i.e. 0–100 cm) were determined from these samples in a labora-
tory. Additionally, soil apparent electrical conductivity (ECa) was col-
lected in situ by means of a Veris 3100 (Veris Technologies, Salina, KS)
instrument. As much as a four-fold variability in plant available water
(PAW: the difference between water contents at field capacity and

Fig. 1. The 73-ha study field and its 2 center pivots in the Dyer County humid
region of west Tennessee.
Adapted from Haghverdi et al. (2016)
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permanent wilting point within the effective root zone) was predicted
throughout the field (Haghverdi et al., 2015b).

The farm contained two center pivots for irrigation that covered the
majority of the field. The farmer used a no-tillage method to plant ‘PHY
375’ cotton variety on May 30, 2013 and then the ‘Stoneville 4946’
cotton variety on May 5, 2014. A network of wireless soil moisture
sensors and an on-farm weather station were installed for supplemental
irrigation management. Cotton lint yield data were obtained from a
harvester equipped with a yield monitor system on December 2–3, 2013
and on October 18–20, 2014. Yield monitoring systems generate spa-
tially dense data during harvesting as a combine harvester moves
through a field. The raw cotton lint yield data were quality controlled to
remove outliers and bad data. The yield data points for the 2013 and
2014 cropping seasons were averaged within each Landsat 900m2 pixel
using ArcGIS 10.2.2 (ESRI Inc., Redlands, California).

2.2. Satellite data processing and transformation

A total of 18 cloud-free Landsat 8 Operational Land Imager (OLI)
scenes were acquired (from earthexplorer.usgs.gov) for 2013 and 2014.
Seven scenes of the study area were acquired between April to
December for 2013 and eleven scenes between February to September
were acquire in 2014 (Table 1). Of the 7 scenes analyzed in 2013
(Table 1), three (April to May) represented the period before planting,
three the growing season period (October to November) and one the
period after harvesting (December, Table 1). Of the 11 images in 2014,
the large amount of bare-ground in four scenes represents the period
before planting (February to May) and the rest (7) the growing season
(mid- May to September, Table 1).

The study site was subset from the full scene, standardized to re-
flectance, corrected for atmospheric effects (Washington-Allen et al.,
2006), and transformed to 8 different input predictors including NIR
and Red bands, 3 vegetation indices (Eqs. (1)–(3)), and 3 Landsat 8
derived TCAP indices (Baig et al., 2014).

The TCAP’s soil brightness index (SBI, Eq. (4)), the wetness index
(WI, Eq. (5), and the greenness index (GI, Eq. (6)) were derived as:

= × + × + × + ×

+ × + ×

SBI B G R NIR
SWIR SWIR

0.3029 0.2786 0.4733 0.5599
0.508 1 0.1872 2 (4)

= × + × + × + ×

− × − ×

WI B G R NIR
SWIR SWIR

0.1511 0.1973 0.3283 0.3407
0.7117 1 0.4559 2 (5)

= − × − × − × + ×

+ × − ×

GI B G R NIR
SWIR SWIR

0.2941 0.243 0.5424 0.7276
0.0713 1 0.1608 2 (6)

where B is blue (band 2=0.452–0.512 μm), SWIR1 is short wave in-
frared 1 (band 6= 1.566–1.651 μm), and SWIR2 (band
7=2.107–2.294 μm) reflectance values, respectively (Baig et al.,
2014).

2.3. Cotton lint yield prediction

Correlation between co-located measurements of cotton lint yield
and the 8 input predictors (hereafter referred to as crop indices, CIs)
including Red, NIR, SR, NDVI, GNDVI, GI, WI, and SBI, were calculated
using Neurosolution V 7.1.1.1 software (NeuroDimension Inc.
Gainesville, FL, USA).

Two modeling scenarios were developed (Table 2) to investigate the
best in-season predictability of cotton lint yield by using multiple CIs at
a single date as input predictors (Scenario I) or CI phenology produced
from an annual time series of multiple scenes (Scenario II). Scenario I
focused on 4 combinations of input predictors [Models (M)1 to M4]
which were tested for all pre- and in-season scenes [6 and 11 dates in
2013 and 2014, respectively]. We followed a hierarchical fashion to
select the input predictors such that M1 only uses NIR and R reflectance
values, M2 uses the first three CIs (Eqs. (1)–(3)), M3 focus on TCAP CIs
(Eqs. (4)–(6)) and M4 utilizes all input predictors. This approach in

Table 1
The annual time series of Landsat 8 satellite scenes (path 23/row 35) for 2013
and 2014 acquired for the 73-ha study farm in west Tennessee, USA.

Date of acquisition DAP* Sun Azimuth Sun elevation

Year 2013
4/13/13 BP 139.84 57.49
4/29/13 BP 135.09 62.39
5/15/13 BP 129.23 65.93
10/6/13 129 154.71 45.64
10/22/13 145 158.47 40.34
11/7/13 161 160.57 35.42
12/25/13 AH 158.58 27.63

Year 2014
2/27/14 BP 148.12 40.52
3/31/14 BP 142.28 52.54
4/16/14 BP 138.33 58.15
5/2/14 BP 133.18 62.77
5/18/14 13 127.15 65.99
6/19/14 45 118.16 67.77
7/5/14 61 118.34 66.77
7/21/14 77 122.04 64.93
8/6/14 93 128.27 62.30
8/22/14 109 135.73 58.90
9/23/14 141 149.77 49.84

* DAP: days after planting, BP: before planting, AH: after harvesting.

Table 2
The structure of an Artificial Neural Network that produced 61,200 models over
2 cropping years (2013 and 2014) and 2 input scenarios of remotely sensed crop
indices (CIs) and CI phenology to predict cotton lint yield in the irrigated field
in western Tennessee. For each year, Scenario I is the input of 4 combinations of
CIs and Scenario II is the input of the study field’s 8 CI phenology in 2013 and
2014, respectively.

Input predictors Output

Scenario I-2013: Each model was developed for all the 6 pre- and in-season dates
M1 Red, NIR Y13
M2 SR, NDVI, GNDVI Y13
M3 SBI, GI, WI Y13
M4 Red, NIR, SR, NDVI, GNDVI, SBI, GI, WI Y13

Scenario II-2013: Each model was derived for all the 8 crop indices
M5 4/13 Y13
M6 4/13, 4/29 Y13
M7 4/13, 4/29, 5/15 Y13
M8 4/13, 4/29, 5/15, 10/6 Y13
M9 4/13, 4/29, 5/15, 10/6, 10/22 Y13
M10 4/13, 4/29, 5/15, 10/6, 10/22, 11/7 Y13

Scenario I-2014: Each model was developed for all the 11 pre- and in-season dates
M11 Red, NIR Y14
M12 SR, NDVI, GNDVI Y14
M13 SBI, GI, WI Y14
M14 Red, NIR, SR, NDVI, GNDVI, SBI, GI, WI Y14

Scenario II-2014: Each model was derived for all the 8 crop indices
M15 2/27 Y14
M16 2/27, 3/31 Y14
M17 2/27, 3/31, 4/16 Y14
M18 2/27, 3/31, 4/16, 5/2 Y14
M19 2/27, 3/31, 4/16, 5/2, 5/18 Y14
M20 2/27, 3/31, 4/16, 5/2, 5/18, 6/19 Y14
M21 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5 Y14
M22 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21 Y14
M23 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21, 8/6 Y14
M24 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21, 8/6, 8/22 Y14
M25 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21, 8/6, 8/22, 9/23 Y14

M: model, NIR: near-infrared, SR: simple ratio, NDVI: normalized difference
vegetation index, GNDVI: green NDVI, SBI: soil brightness index, GI: greenness
index, WI: wetness index, and Y: Cotton Lint Yield.
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Fig. 2. Phenology of cotton crop indices and their correlation (in red) with field-measured cotton lint yield for dates during the 2013 cropping season within a 73-ha
irrigated field in West Tennessee. The gray circles are actual values of input predictors for all 604 cells across the field while the blue dashed line depicts the average
value for each parameter. NIR: near infrared reflectance, NDVI (normalized difference vegetation index), GNDVI (green NDVI), SR (simple ratio), TCAP: SBI (soil
brightness index), WI (wetness index) and GI (greenness index) from Eqs. (1)–(6), respectively. BP: before planting, DAP: days after planting, AH: after harvest. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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practice provides users with more flexibility to develop and run models
using different sets of available input data. Scenario II focused on the
response of individual CIs in the annual time series, i.e., in the phe-
nological order of the two cropping seasons to observed cotton lint
yields. For each input predictor, the modeling started with the first date
each year and continued such that new dates were added as additional
input predictors one at a time in chronological order.

An artificial neural network (ANN) modeling approach was im-
plemented in the software Neurosolution V 7.1.1.1 (NeuroDimension
Inc. Gainesville, FL, USA) because of its satisfactory performance in
previous crop yield prediction studies (Haghverdi et al., 2014, 2016). A
three-layer feed forward perceptron ANN was trained using the Le-
venberg-Marquardt learning algorithm with hyperbolic tangent and
linear transfer functions in the hidden and the output layers, respec-
tively (Bishop, 1995). The maximum training epoch was set to 1000
with three iterations. The data set (consisting of 604 cells) was ran-
domly partitioned to 5 folds of equal size which were utilized for
training (3 folds), cross validation (1 fold) and test (1 fold) purposes.
The training and cross-validation subsets were used in the model de-
velopment process while the test subset were solely utilized to evaluate
the performance of the models. In order to incorporate all data points in
the test phase, the model development process was repeated 5 times,
such that each time a new fold was labeled as a test. Training was
terminated to avoid overfitting when the mean square error of the cross
validation subset began to increase or showed no improvement after
100 iterations. Then the best network weights were automatically saved
for prediction purposes using the test subset. The number of hidden
layer’s processing elements were changed from 1 to 20 and the best
topology was automatically determined throughout the training pro-
cess.

A total of 61, 200 models were developed using the ANN. Referring
to Table 2, for Scenario I in 2013: 7,200 models were developed as
results of the input of 6 dates× 4 combinations of the 8 input pre-
dictors [M1 to M4, Table 2]× 5 test folds× 20 hidden layers proces-
sing elements× 3 training repetitions. In 2014, 13,200 models were
developed as results of the input of the 11 dates× 4 combinations of
the 8 input predictors (M11 to M14, Table 2)× 5 test folds× 20 hidden
layers processing elements× 3 training repetitions.

For Scenario II in 2013: 14, 400 models were developed as results of
the input of the 6 dates in chronological order of 6 phenologies/com-
binations (M5–M10, Table 2)× 8 CIs as input predictors× 5 test
folds× 20 hidden layers processing elements× 3 training repetitions.
For Scenario II in 2014: 26,400 models were developed as results of the
input of the 11 dates in phenological/chronological order of 11 com-
binations (M15–M25, Table 2)× 8 CIs as input predictors× 5 test

folds× 20 hidden layers processing elements× 3 training repetitions.

2.4. Evaluation criteria

Mean absolute error (MAE, Eq. (7)) and correlation coefficient (r,
Eq. (8)) were chosen as the evaluation statistics:
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whereM represents the measured yield, E the ANN estimated cotton lint
yield,

−

M and
−

E are the average measured and estimated cotton lint
yield, respectively and n is the total number of observations (604 cells
each 30m×30m).

The top 1020 models [(61,200 total number of models)/(20 hidden
layer’s processing elements× 3 training repetitions)] were screened
through a training/cross validation process and were used to estimate
cotton lint yield through each test phase. The test data for the 5-folds
were combined to form the final 204 models [1020/5 folds testing]
prior to calculation of the statistics.

3. Results

3.1. Phenology of the crop indices

Figs. 2 and 3 depict phenology of the cotton CIs and their correla-
tion with the field-measured lint yield data for the 2013 dates. The 3D
scatter plots of TCAP’s SBI, GI andWI are also depicted. In 2013, among
images from bare soil the May 15 image had minimum average GI and a
relatively wide range of SBI which was as expected close to what is
called the soil line of zero vegetation or bare ground. The images ac-
quired on April 13th and April 29th had a higher proportion of bare soil
compared to the rest of images and exhibited a different pattern and
higher range of variation for GI. In fact, this pattern was somewhat
similar to that of the first two images acquired during the growing
season (on Oct 6 and Oct 22) with some slight differences; the images
with cotton (on Oct 6 and Oct 22) had lower valued red reflectance
compared to greater reflectance for the NIR band. The NIR band cor-
responded to higher values of the GI in the plane of vegetation (SBI
versus GI). Analysis of rainfall data revealed that the bare soil images
(on April 13 and April 29) were taken 2–3 days after moderate rainfall
events when the field was expected to be close to its field capacity in

Fig. 3. 3D representation of phenology of cotton TCAP’s CIs during the 2013 and 2014 cropping seasons within a 73-ha irrigated field in West Tennessee. TCAP: BI
(soil brightness index), WI (wetness index) and GI (greenness index). BP: before planting, DAP: days after planting, AH: after harvest.
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Fig. 4. The 2014 cropping season’s phenology for cotton crop indices and their correlation with field-measured cotton lint yield data within a 73-ha irrigated field in
west Tennessee. The gray circles are actual values of input predictors for all 604 cells across the field while the blue dashed line depicts the average value for each
parameter. NIR: near infrared reflectance, NDVI (normalized difference vegetation index), GNDVI (green NDVI), SR (simple ratio), TCAP: SBI (soil brightness index),
WI (wetness index) and GI (greenness index), and BP: before planting, DAP: days after planting, AH: after harvest. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
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respect to its moisture status. GI was substantially reduced for the
November 7 scene, the last image in the growing season that was ac-
quired after defoliation (the application of chemicals to force cotton
leaves to drop). After harvesting image (On December 25) had GI close
to zero and a narrow range of WI. The correlation between the CIs and
cotton lint yield data were low to moderate (−0.20 to 0.60, Fig. 2). For
all 8 CIs, the highest correlation was the October 6th date (DAP: 129).
The CI with the highest correlation belonged to the SBI (r=0.60,
Fig. 2).

Figs. 3 and 4 depict phenology of the cotton CIs and their correla-
tion with field-measured cotton lint yield data for the 2014 dates. The
3D scatter plots of TCAP’s SBI, GI and WI are also depicted. In 2014,
there was a moderate to high correlation between the CIs and cotton
lint yield data ranging from −0.79 to 0.84 (Fig. 4). In the 3-D plot of
TCAP indices, the bare soil line was formed by data points that be-
longed to images taken prior to planting (February 27th, March 31st,
April 15th, and May 2nd) and a few days after planting (May 18th,
Fig. 3). The highest correlation (r=0.56) among bare ground images
was observed on February 27th for the WI (Fig. 4). As CI phenology
progressed throughout the cropping season, CI value clusters exhibited
a clear orthogonal departure from the bare soil line such that at the
same time there was a gradual reduction and increase in Red and NIR
bands reflectance values, respectively. In 2014, as the growing season
advanced, a gradual increase in GI along with a reduction in the range
and magnitude of the SBI illustrates the growth of cotton crop and in-
crease in its canopy size. The correlation coefficients for all indices and
bands (except TCAP SBI) increased as the cropping season progressed,
peaked 93 days after planting, but diminished for the last date on
September 23rd. There was a substantial reduction in all CIs except the
Red reflectance values between August 22nd (DAP 109) to September
23rd (DAP 141) which was taken after defoliation. The September
image exhibited a substantial reduction in both GI and WI levels com-
pared to the 8/6 and 8/22 dates. The highest correlation coefficients
were obtained between cotton yield data and CIs on August 6, 2014
(DAP=93) and on August 22, 2014 (DAP=109) which was the period
when full canopy and cessation of flowering occurred in cotton. All CIs
except SBI and Red reached their highest absolute values on those dates.

3.2. Cotton lint yield prediction using ANN models

Tables 3 and 4 summarize the performance evaluation statistics
(MAE and r) for ANN Scenarios I and II models (M) that predicted
cotton lint yield for 2013 growing season. Fig. 5 illustrates the re-
lationship of field measured cotton lint yield versus predicted lint yield
data points using the best Scenario I and II models in 2013 and 2014
cropping seasons. Fig. 6, shows the predicted cotton lint yield maps
developed from the best ANN models compared to the actual cotton lint
yield maps that were measured by the harvester’s yield monitor in both
growing seasons. For Scenario I models, MAE ranged from
0.114Mg ha−1 to 0.158Mg ha−1 and r varied between 0.14 and 0.68
(Table 3). In 4 out of 6 dates, M4 showed the highest performance
among models in 2013. M3 outperformed the other models for 2 dates

and ranked second for another 2 dates. The highest accuracy
(MAE=0.114Mg ha−1) belonged to the October 6th scene and to M3
and M4. For Scenario II models, the MAE values varied from 0.118 to
0.158Mg ha−1 and r values varied from 0.09 to 0.68 (Table 4). M10
showed the highest performance for 7 out of 8 input predictors and for
the remaining input, M9 showed slightly higher performance. M10 with
WI as the input predictor was the best model among Scenario II models
with MAE and r equal to 0.118Mg ha−1 and 0.68, respectively.

The performance evaluation statistics (MAE and r) for ANN models
predicting cotton lint yield in the 2014 growing season are summarized
in Tables 5 and 6. For the scenario I models, the MAE and r ranged
between 0.154 and 0.293Mg ha−1 and from 0.29 to 0.84, respectively
(Table 5) Model 14 showed the lowest MAE over the entire phenology
except July 21 date. Model 13 ranked first at one scene and second for 7
of the 11 dates. The highest performance (MAE=0.154Mg ha−1) was
achieved for the August 6 and August 22 dates by model 14 followed by
model 13. For the Scenario II models, the lowest and highest MAE va-
lues were 0.142 (M23) and 0.287 (M15), respectively (Table 6). The r
values varied between 0.15 (M15) and 0.86 (M23, M24, and M25). The
highest accuracy was achieved by M23 for 5 out of 8 input predictors.
The best model in the 2014 phenology was M23 that used the GI as the
input predictor.

4. Discussion

Cotton is a perennial crop that in practice is treated as an annual
crop. The balance between vegetative growth and the reproductive
development of cotton is greatly affected by rainfall and temperature
variabilities in western Tennessee. Applying remote sensing to estimate
cotton yield is challenging because measures of biomass do not ne-
cessarily equal yields (Leon et al., 2003). Our findings suggest that if
spatially varying yields are highly correlated with spatially varying
biomass (which happened in 2014), there is a great potential for de-
tecting the spatial variability of cotton lint yield over a growing season,
i.e., the phenology of cotton lint, at subfield-level using various CIs.
Haghverdi et al., (2015a) noticed that the spatial heterogeneity of PAW
across the field was evident in some of the pre-season images that are
dominated by bare soil in both 2013 and 2014 years. However, inclu-
sion of the pre-season images as input predictors in this study only
improved the yield modeling (scenario II) in 2014. This was mainly
because the spatial pattern of yield only in 2014 followed the spatial
pattern of PAW (Haghverdi et al., 2015b, 2016). We attribute this to the
delayed planting in 2013, due to cold and wet conditions, which in turn
affected heat unit accumulation and distribution throughout the
growing season. Consequently, the spatial pattern of crop growth and
yield were impacted. The farmer delayed harvesting in 2013, yet there
were still some unopened cotton bolls that were mostly located in areas
of the field with higher PAW.

Both varieties selected by the farmer were among the most widely
used varieties in the Midsouth Unites States. However, lower mean
cotton lint yield in 2013 (variety “PHY 375”, 0.87Mg ha−1) compared
to 2014 (variety “Stoneville 4946”, 1.24Mg ha−1) could be partially

Table 3
Performance evaluation statistics [MAE and r (in parenthesis)] for Artificial Neural Network models for predicting cotton lint yield in a field in west Tennessee for six
dates in the 2013 growing season using Scenario I [4 different combinations (Models (M)1 to M4) of 8 crop indices/input predictor].

Date of acquisition

Models 4/13 4/29 5/15 10/6 10/22 11/7

M1 0.157(0.21) 0.150(0.30) 0.150(0.23) 0.121(0.61) 0.149(0.33) 0.149(0.30)
M2 0.158(0.14) 0.156(0.19) 0.148(0.34) 0.140(0.46) 0.153(0.26) 0.154(0.26)
M3 0.152(0.26) 0.155(0.21) 0.150(0.28) 0.114(0.68) 0.143(0.43) 0.135(0.48)
M4 0.150(0.37) 0.154(0.32) 0.142(0.47) 0.114(0.68) 0.145(0.46) 0.127(0.58)

M1 input predictors: Red, NIR (near infra-red); M2 input predictors: SR (simple ratio), NDVI (normalized difference vegetation index), GNDVI (green NDVI); M3 input
predictors: SBI (soil brightness index), GI (greenness index), WI (wetness index); and M4 input predictors all 8 crop indices.
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related to the differences in performance of the two cotton varieties.
Wiggins et al. (2013) evaluated six non-irrigated cotton varieties at
fifteen locations in 2010 and 2011 growing seasons in western TN and
ranked “PHY 375” very high both in terms of lint yield quantity and
stability. According to Mcclelland and Northcutt (2013), “Stoneville
4946” on average yielded highest among ten irrigated varieties tested
by the University of Arkansas Cotton Extension Program in 2013 at ten
field trials.

In 2014, a year with a more usual pattern of crop growth, as the
season progressed and new Landsat scenes became available, perfor-
mance of ANN models in both scenarios improved until it peaked

between the 13th to 15th weeks after planting. At this point, the per-
formance of the ANN models were very similar in both scenarios
(Fig. 7). From early to mid-season, the CI phenology predictors (Sce-
nario II) outperformed the individual date CIs (Scenario I). This finding
is consistent with a study by Chang et al. (2003), where they developed
multiple-regression models for corn yield prediction using multispectral
data collected on three sampling dates each year that corresponded to
different physiological growth stages, over three growing seasons in
east-central South Dakota. They observed that the phenological models
generally explained most of the yield variability than single date models
(Chang et al., 2003).

Table 4
Performance evaluation statistics [MAE and r (in parenthesis)] for Artificial Neural Network models for predicting cotton lint yield from 8 crop indices (e.g., Red) in a
field in west Tennessee for the 2013 growing season using Scenario II [6 different chronological phenologies (M5 to M10)].

Models Input predictors

Red NIR SR NDVI GNDVI SBI GI WI

M5 0.157(0.14) 0.154(0.20) 0.155(0.16) 0.157(0.13) 0.158(0.16) 0.154(0.18) 0.155(0.21) 0.156(0.09)
M6 0.157(0.17) 0.154(0.27) 0.155(0.20) 0.156(0.15) 0.155(0.20) 0.151(0.24) 0.157(0.22) 0.158(0.11)
M7 0.148(0.33) 0.151(0.31) 0.154(0.27) 0.150(0.29) 0.157(0.20) 0.151(0.33) 0.151(0.32) 0.150(0.28)
M8 0.140(0.44) 0.127(0.59) 0.140(0.44) 0.141(0.45) 0.143(0.45) 0.123(0.62) 0.134(0.56) 0.136(0.55)
M9 0.134(0.51) 0.121(0.64) 0.140(0.47) 0.141(0.45) 0.143(0.46) 0.122(0.62) 0.125(0.63) 0.123(0.65)
M10 0.133(0.51) 0.118(0.67) 0.139(0.47) 0.131(0.55) 0.138(0.52) 0.123(0.63) 0.121(0.64) 0.118(0.68)

M5: 4/13; M6: 4/13, 4/29, M7: 4/13, 4/29, 5/15, M8: 4/13, 4/29, 5/15, 10/6, M9: 4/13, 4/29, 5/15, 10/6, 10/22, M10: 4/13, 4/29, 5/15, 10/6, 10/22, 11/7.
NDVI: normalized difference vegetation index; GNDVI: green NDVI; SR: simple ratio; SBI: soil brightness index; WI: wetness index; and GI: greenness index.

Fig. 5. The 4 best Artificial Neural Network models for predicting cotton lint yield are presented under two scenarios: Scenario I (remotely-sensed crop indices) and
Scenario II (remotely-sensed crop index phenology), and two cropping seasons: 2013 and 2014.
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Fig. 6. The cotton yield maps predicted using the best ANN models and remote sensing approach are compared to actual cotton lint yield maps measured using yield
monitor in 2013 and 2014 growing seasons.

Table 5
Performance evaluation statistics [MAE and r (in parenthesis)] for Artificial Neural Network models for predicting cotton lint yield in a field in west Tennessee for 11
dates in the 2014 growing season using Scenario I (4 different combinations (Model (M)11 to M14) of 8 crop indices/ input predictor).

Models Date of acquisition

2/27 3/31 4/16 5/2 5/18 6/19 7/5 7/21 8/6 8/22 9/23

M11 0.237(0.52) 0.250(0.52) 0.289(0.29) 0.240(0.57) 0.249(0.47) 0.243(0.52) 0.211(0.67) 0.208(0.69) 0.162(0.82) 0.169(0.79) 0.229(0.59)
M12 0.258(0.44) 0.275(0.36) 0.293(0.18) 0.240(0.54) 0.246(0.42) 0.220(0.64) 0.212(0.68) 0.204(0.70) 0.165(0.81) 0.187(0.75) 0.244(0.53)
M13 0.215(0.62) 0.246(0.51) 0.281(0.29) 0.242(0.56) 0.237(0.52) 0.233(0.60) 0.220(0.65) 0.191(0.74) 0.157(0.84) 0.156(0.83) 0.211(0.68)
M14 0.203(0.68) 0.213(0.66) 0.271(0.36) 0.219(0.59) 0.221(0.59) 0.199(0.70) 0.211(0.59) 0.194(0.73) 0.154(0.84) 0.154(0.83) 0.210(0.68)

M11 input predictors: Red, NIR (near infra-red); M12 input predictors: SR (simple ratio), NDVI (normalized difference vegetation index), GNDVI (green NDVI); M13
input predictors: SBI (soil brightness index), GI (greenness index), WI (wetness index); and M14 input predictors: all 8 crop indices.
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Bolton and Friedl (2013) used spectral indices from Moderate Re-
solution Imaging Spectroradiometer (MODIS) data to derive linear
models for soybean and maize yield prediction in the Central United
States at the county level and showed that in season variability in crop
phenology affected the correlation between CIs and yield. We observed
temporal variations in the magnitude of correlation between Landsat

CIs and yield. The highest correlation between yield data and CIs
(r=0.82) was obtained in 2014 on August 6th (DAP=93) and August
22nd (DAP=109) (Fig. 4). This was before the full canopy and cutout
(cessation of flowering) development stages. From the perspective of
cotton’s growth stages, this finding was consistent with other reported
results (Leon et al., 2003; Vellidis et al., 2004; Iqbal et al., 2013). Leon

Table 6
Performance evaluation statistics [MAE and r (in parenthesis)] for Artificial Neural Network models for predicting cotton lint yield from 8 crop indices (e.g., Red) in a
field in west Tennessee for the 2014 growing season using Scenario II [11 different chronological crop index phenologies (Model (M)15 to M25)].

Models Input predictors

Red NIR SR NDVI GNDVI SBI GI WI

M15 0.264(0.24) 0.285(0.29) 0.261(0.40) 0.252(0.45) 0.275(0.25) 0.260(0.39) 0.287(0.15) 0.229(0.58)
M16 0.259(0.42) 0.275(0.36) 0.245(0.41) 0.245(0.50) 0.255(0.42) 0.251(0.46) 0.274(0.30) 0.223(0.62)
M17 0.257(0.45) 0.278(0.35) 0.227(0.60) 0.231(0.57) 0.252(0.47) 0.243(0.49) 0.260(0.41) 0.226(0.55)
M18 0.231(0.56) 0.222(0.63) 0.219(0.63) 0.215(0.64) 0.215(0.66) 0.229(0.57) 0.219(0.63) 0.224(0.57)
M19 0.222(0.60) 0.222(0.60) 0.219(0.62) 0.222(0.58) 0.216(0.65) 0.222(0.61) 0.214(0.60) 0.207(0.66)
M20 0.214(0.65) 0.209(0.69) 0.203(0.67) 0.205(0.69) 0.189(0.74) 0.210(0.68) 0.195(0.71) 0.196(0.71)
M21 0.195(0.72) 0.199(0.71) 0.182(0.76) 0.192(0.73) 0.180(0.77) 0.204(0.71) 0.185(0.76) 0.187(0.74)
M22 0.187(0.76) 0.179(0.77) 0.161(0.82) 0.168(0.81) 0.165(0.81) 0.199(0.73) 0.178(0.79) 0.161(0.82)
M23 0.165(0.81) 0.159(0.82) 0.153(0.82) 0.146(0.85) 0.147(0.85) 0.195(0.72) 0.142(0.86) 0.145(0.86)
M24 0.152(0.84) 0.161(0.80) 0.150(0.84) 0.154(0.83) 0.147(0.86) 0.198(0.72) 0.151(0.84) 0.146(0.85)
M25 0.155(0.84) 0.152(0.83) 0.153(0.83) 0.147(0.85) 0.147(0.85) 0.201(0.72) 0.150(0.85) 0.145(0.86)

M15: 2/27; M16: 2/27, 3/31; M17: 2/27, 3/31, 4/16; M18: 2/27, 3/31, 4/16, 5/2; M19: 2/27, 3/31, 4/16, 5/2, 5/18; M20: 2/27, 3/31, 4/16, 5/2, 5/18, 6/19; M21:
2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5; M22: 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21; M23: 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21, 8/6; M24: 2/27, 3/
31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21, 8/6, 8/22; M25: 2/27, 3/31, 4/16, 5/2, 5/18, 6/19, 7/5, 7/21, 8/6, 8/22, 9/23.
NDVI: normalized difference vegetation index; GNDVI: green NDVI; SR: simple ratio; SBI: soil brightness index; WI: wetness index; and GI: greenness index.

Fig. 7. Mean performance statistics (MAE and r) for Artificial Neural Network models developed to predict cotton lint yield for the 2013 and 2014 growing seasons
using 2 input scenarios: Scenario 1 (CIs) and Scenario 2 (CI phenology), respectively. Error bars are average ± SD (standard deviation) for the performance statistics
values.
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et al. (2003) used aerial photos to report the first bloom to first open
boll of cotton as the optimum time window to explain the spatial
variability in cotton yield. Iqbal et al. (2013) observed strong correla-
tion between NDVI and cotton lint yield in July imagery and found this
period optimal for determining within field yield variability on alluvial
flood plain soils common in the Mississippi Delta region.

Vellidis et al. (2004) determined that 8–14weeks after planting
(9.9 weeks as the mean period) as the optimum period of agreement
between yield and digital aerial photos. When phenological develop-
ment reached the closed canopy stage, the spatial pattern of yield was
masked and became, less evident (Vellidis et al., 2004). This is the
likely reason why in this study, that in both years towards the end of the
growing season, the prediction accuracy of ANN models diminished in
Scenario I and remained almost unchanged in Scenario II. In other
words, the satellite scenes acquired towards the end of the growing
season did not improve cotton lint yield prediction. Fieuzal et al. (2017)
predicted corn yield using an ANN and both optical and radar remote
sensing data over an agricultural region in southwestern France and
were able to achieve sufficient predictions more than three months
before the harvest. They applied the same methodology of cumulatively
adding new images acquired during the growing season and observed a
similar pattern as in our study where a noticeable improvement in
performance of the models occurred during the initial growth stages,
but became less pronounced or no improvement was detected towards
the end of the growing season. In our study, when the normalized MAE
(i.e. MAE divided by range of yield variation) and the correlation
coefficient were considered as criteria, the best ANN models showed
higher performance in 2014 (r=0.86 and the normal ized MAE=8%)
than in 2013 (r=0.68 and the normalized MAE=11%, Fig. 5). During
the 2013 growing season only a few cloud free images were acquired
mostly from the mid to end of the growing season. Lack of images
covering early growth stages also likely contributed to relatively lower
performance of the ANN model in 2013 compared to 2014.

Overall, the differences of the correlation of the eight CIs with yield
data were negligible, except for SBI, which as expected (because it re-
presents bareground) showed lower correlation with yield. This result
agrees with findings by Moges et al. (2005) who calculated the corre-
lation of NDVI and GNDVI with winter wheat biomass, forage nitrogen
uptake, and grain yield in Oklahoma. They concluded that neither CI
had a reasonable advantage over the other (Moges et al., 2005). Our
results suggest that including multiple CIs to predict yield in ANN
models does not improve model performance and that models that
input either the WI or GI performed better than the other CI models.
Schönert et al. (2015) found stronger relationships between the TCAP
GI and crop leaf area index than with NDVI, suggesting a higher pre-
dictive power of GI than NDVI.

Are these remote sensing-based ANN models robust in space and
time? Zhai et al. (2006) trained ANNs using remote sensing data for soil
texture classification of bare-soil farmland in the Mississippi Delta.
They noticed that these texture classifiers only performed well when the
training and test data sets came from the same fields, but this may be a
function of the hetereogeneity of soil constituents. Further studies with
multiyear yield monitor data for multiple fields are needed (i) to de-
termine how many years of training data is needed to develop robust
models with acceptable prediction accuracy and (ii) to compare the
performance of site-specific models developed in this study versus re-
gional (or multisite) models developed using bigger datasets.

Haghverdi et al. (2016) developed site-specific water production
functions for the study site to predict cotton lint yield and models with
root mean square error (RMSE) equal to 0.131Mg ha−1 and
0.194Mg ha−1 had the highest performance in 2013 and 2014 cropping
seasons, respectively. ANN models in our study showed a comparable
performance with RMSE equal to 0.150Mg ha−1 and 0.188Mg ha−1 in
2013 and 2014 cropping seasons, respectively. This is an interesting
finding mainly because Haghverdi et al. (2016) utilized a wide range of
inputs in four categories including soil, crop, irrigation and fertilizer,

but the models developed in this study are based solely on remotely
sensed crop indices. However, with the site-specific data, Haghverdi
et al. (2016) were able to provide estimates of yield at a finer-spatial
resolution (25m2 pixels). Further studies are needed to determine
whether remote sensing products with higher spatiotemporal resolution
can improve the yield prediction accuracy of the ANN models devel-
oped in this study and/or result in earlier reliable in-season prediction
of cotton lint yields.

5. Conclusion

Precision Agriculture (PA) has the primary goal of developing and
applying new technologies towards efficiently maintaining or in-
creasing the production of crops. Consequently, PA has taken advantage
of new remote sensing technologies to achieve this goal including the
use of the Landsat series of satellites that have been active since 1972.
Understanding the spatial distribution of yield and crop phenology
throughout the growing season allows practitioners of PA to detect
unexpected crop growth problems and optimize their allocation of re-
sources, including application of specific amounts of irrigation to par-
ticular locations in a variable rate irrigation system. The GI andWI were
more effective predictors than other CIs in this study. The inclusion of
pre-season bare soil scenes improved the performance of the ANN
models only when the yield and soil exhibited similar spatial patterns.
The early- to mid-cropping season CI phenologies were the best pre-
dictors of cotton lint yield compared to single date CIs derived from one
scene. Consequently, we recommend the use of CI phenology for ANN
prediction of crop yields. The remote sensing-based ANN models de-
veloped in this study, have great potential to offer and provide reliable
predictions of cotton yield maps. Interesting enough, this freely avail-
able remotely sensed data produced cotton lint yield predictions that
appear similar to finer resolution actual (Fig. 6) and predicted yield
maps produced using a more complex site-specific water production
function approach (Haghverdi et al., 2016).
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