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Core Ideas

•	 Estimates of NDVI in upland cotton were influ-
enced by field heterogeneity.

•	 Row–column design and spatial analysis 
improved the precision of NDVI estimates.

•	 Extensive rank changes in genotype mean esti-
mates were observed across models.
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Controlling for experimental error attributable to field heterogeneity is important in 
high-throughput phenotyping studies that enable large numbers of genotypes to 
be evaluated across time and space. In the current study, we compared the efficacy 
of different experimental designs and spatial models in the analysis of canopy spec-
tral reflectance data collected on upland cotton (Gossypium hirsutum L.). Canopy 
spectral reflectance, as measured by normalized difference vegetation index (NDVI), 
was measured at first bloom on three upland cotton performance trials conducted in 
Florence, SC, during 2014 and 2015. The relative efficiency and estimates of genotype 
effects were compared among randomized complete block, an a-lattice incomplete 
block, row–column incomplete block, nearest neighbor adjusted, and spatially cor-
related error models. The row–column model provided the greatest improvement in 
the precision of genotype effect estimates compared with the randomized complete 
block model. Genotype rankings based on NDVI varied substantially between the ran-
domized complete block and alternative models, particularly at 5 and 10% selection 
intensities. These results suggest that the use of more complex experimental designs 
and spatial analyses should be routinely considered to minimize experimental error 
due to field heterogeneity and improve the precision and reliability of traits measured 
using high-throughput phenotyping systems. These findings also indicate that further 
research into the effects of field heterogeneity on the relationship between NDVI and 
lint yield in upland cotton is warranted.

Currently, the primary limitation on linking genotypic to phenotypic varia-
tion is the ability to measure relevant phenotypes in a precise, nondestructive, 
high-throughput capacity (Furbank and Tester, 2011). In response to the 

“phenotyping bottleneck,” there have been rapid developments in field-based high-
throughput phenotyping (HTP) methods, chiefly focused on the application of imagery 
and proximal or remote sensing technologies (Andrade-Sanchez et al., 2014; Chapman 
et al., 2014; Crain et al., 2016). Studies have demonstrated the utility of phenotypic 
data collected using aerial and ground-based HTP systems across various stages of plant 
improvement programs, from the identification of novel genetic variation for complex 
traits (Honsdorf et al., 2014; Tanger et al., 2017; Yang et al., 2014) to the selection 
of superior breeding lines in preliminary performance trials (Rutkoski et al., 2016). 
In cotton (Gossypium spp.) specifically, genetic variation can be detected for spectral 
vegetation indices, such as the normalized difference vegetation index (NDVI), and 
canopy temperature, which correlate with lint yield (Pauli et al., 2016; Sharma and 
Ritchie, 2015).

Strategies to minimize experimental error in field trials, particularly that which 
is attributable to field heterogeneity, will become increasingly important as HTP sys-
tems enable crop improvement programs to evaluate increasing numbers of genotypes 
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across time and space. Traditionally, a priori knowledge of spa-
tial trends within a field and experimental design principles (i.e., 
replication, randomization, and blocking) are used to minimize 
experimental error due to field heterogeneity, improve discrimi-
natory power between genotypes, and ultimately obtain precise 
and reliable measures of genotype performance. The randomized 
complete block (RCB) design is commonly used in cotton perfor-
mance trials and is efficient when the variance within blocks is 
relatively small compared with the variance across blocks (Gusmão, 
1986). However, it is well documented that environmental fac-
tors, such as differences in soil fertility, moisture availability, and 
topographic features within a field, often introduce considerable 
variability within blocks (Campbell and Bauer, 2007; Johnson et 
al., 2002; Liu et al., 2015). Incomplete block designs that reduce 
block size, such as a designs (Patterson and Williams, 1976) and 
row–column designs (John and Williams, 1998; Williams, 1986), 
provide additional control of experimental error and more precise 
estimates of genotype effects (Liu et al., 2015; Stroup et al., 1994).

The statistical models for the experimental designs outlined 
above assume constant variance among errors. However, 
experimental error introduced by field heterogeneity often persists 
despite a priori methods, resulting in spatial autocorrelation among 
errors. Violations in the assumption of constant variance can have 
considerable inf luence on the interpretation of performance 
trials and the selection of superior genotypes (Ball et al., 1993). 
In such cases, a posteriori statistical procedures can be used to 
account for spatial autocorrelation among residuals. Two of the 
most common analyses used to model field heterogeneity include 
nearest neighbor adjustment (NNA) using empirical data or 
systematically arranged check plots (Besag and Kempton, 1986; 
Kempton and Howes, 1981; Papadakis, 1937; Wilkinson et al., 
1983) and spatially correlated error (SP) models (Zimmerman 
and Harville, 1991). Studies in multiple crops demonstrate that 
both procedures can improve trial efficiencies compared with 
RCB models by decreasing experimental error and can lead to 
more precise and reliable genotype estimates in the presence of 
field heterogeneity (Brownie et al., 1993; Cullis and Gleeson, 
1991; Gilmour et al., 1997; Müller et al., 2010; Smith and Casler, 
2004; Sripathi et al., 2017; Stroup et al., 1994; Yang et al., 2004). 
However, it is recommended that the most appropriate spatial 
analysis be determined on a trial-specific basis.

Campbell and Bauer (2007) found that NNA led to more 
precise and reliable estimates of lint yield and recommended that 
the use of a posteriori methods should be regularly investigated 
in the analysis of cotton performance trials across the southeast-
ern United States, a region characterized by highly variable soils. 
Similarly, Liu et al. (2015) analyzed yield data from cotton perfor-
mance trials throughout Australian production regions and found 
that SP models increased the precision of genotype yield estimates 
by 76% on average compared with RCB. It can be expected that 
HTP traits, much like yield, are subject to environmental vari-
ability. For example, NDVI measures on cotton are known to be 
affected by soil fertility (Bronson et al., 2003) and soil moisture 

availability (Li et al., 2001). However, the impact of field hetero-
geneity on the reliability and precision of HTP traits in cotton has 
not been reported to date. Thus, the objectives of this work were 
to: (i) evaluate the efficacy of different experimental designs and 
spatial analyses in the estimation of genotype effects for NDVI 
measured at first bloom in upland cotton; and (ii) measure their 
impact on selection for NDVI per se and lint yield.

�Materials and Methods
Experimental Design

Canopy reflectance at first bloom was measured on three 
cotton performance trials conducted at the Pee Dee Research and 
Education Center near Florence, SC, in 2014 and 2015. All three 
trials were managed conventionally following standard cultural prac-
tices for rainfed cotton grown in the southeastern United States. 
Trial 1 was planted on 20 May 2014 on a mostly Goldsboro loamy 
sand (a fine-loamy, siliceous, subactive, thermic Aquic Paleudult), 
and Trials 2 and 3 were planted on 21 May 2015 on a mostly Norfolk 
loamy sand (a fine-loamy, kaolinitic, thermic Typic Kandiudult). 
Each trial contained 288 entries arranged in an 8 ´ 36 a-lattice 
incomplete block design with two replications. Experimental units 
were single-row plots 10.7 m by 96.5 cm thinned to a density of 8 to 
10 plants m−2. Alternating rows of cv. Phytogen 499WRF (PHY 
499) were superimposed on the incomplete block designs, such that 
two rows of PHY 499 bordered every two rows of experimental 
plots. For example, if PHY 499 = P and experimental plots = X, rows 
were arranged in the following pattern: P–P–X–X–P–P–X–X–P–P. 
This design was implemented to evaluate the efficiency and practi-
cality of planting a common cultivar check for use in calculating 
NNA to account for spatial variability. Each of the three trials had 
the same field dimensions, with 64 rows and 18 columns.

A historic rainfall event occurred in early October of 2015, 
with plots receiving 318 mm of precipitation during the course 
of 3 d, destroying the trials. Consequently, lint yield was not 
measured on Trials 2 and 3. Trial 1 was harvested on 1 Dec. 2014 
with a spindle-type mechanical cotton picker, and the total seed 
cotton weight was recorded. A 25-boll sample was hand harvested 
from each plot prior to harvest and ginned on a 10-saw laboratory 
gin without lint cleaners. Lint percentage was determined by 
dividing the weight of the lint sample by the weight of the seed 
cotton sample, and lint yield was calculated by multiplying the lint 
percentage by the total seed cotton yield.

High-Throughput Phenotyping Platform and 
Measurement of Plant Canopy Spectral Reflectance

The HTP system used to collect proximally sensed spectral 
reflectance data was built on a high-clearance tractor sprayer (Lee 
Spider, LeeAgra). A toolbar supported by two hydraulically pow-
ered lift arms was attached to the front end of the tractor frame, 
providing support for a differential GPS (DGPS) receiver (Phoenix 
200 DGPS receiver, Raven Industries) and spectral sensors. The 
DGPS receiver was placed on the center of the front-mounted 
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toolbar and programmed to position data at 5 Hz. The serial 
output from the DGPS receiver was streamed on an RS-232 net-
work to a GeoScout GLS-400 datalogger (Holland Scientific) 
enabling geo-referencing of the spectral reflectance data with sub-
meter accuracy via the National Marine Electronics Association 
GGA and RMC strings. An isolated secondary power source was 
retrofitted on the tractor to supply 12-V direct current power to 
the DGPS receiver, datalogger, and spectral sensors.

Four CropCircle ACS-430 active multispectral crop canopy 
sensors (Holland Scientific) were mounted on the toolbar, allow-
ing canopy reflectance (r) to be collected on four adjacent rows 
simultaneously. The north–south positions (i.e., offsets) of each of 
the four sensors in relation to the DGPS receiver were programmed 
into the datalogger prior to data collection, thus eliminating the 
need to adjust for sensor offsets in geospatial post-processing 
steps. During data collection, the spectral sensors were positioned 
approximately 1.0 m above the tallest plants, and the speed of 
the HTP system was maintained near 1.2 m s−1. Canopy reflec-
tance was measured with the HTP system when approximately 
half of the genotypes were at first white bloom, corresponding to 
4 July 2014 for Trial 1 and 21 July 2015 for Trials 2 and 3. The 
CropCircle ACS-430 spectral sensors integrate three optical mea-
surement channels at 670 nm (red), 730 nm (red edge), and 780 nm 
(near infrared), and NDVI calculations were performed as

NIR red
red

NIR red
NDVI

r -r
=

r +r
   [1]

Geospatial post-processing of the spectral reflectance data was 
performed in ArcGIS Version 10.3 software (ESRI) using methods 
modified from Wang et al. (2016) to establish plot boundaries. 
Initially, the georeferenced NDVI measurements and their quan-
tities were used to obtain the four corners of each field. Next, the 
Fishnet function was used to generate a shapefile in which polygon 
boundaries were constructed around each set of four adjacent rows 
for each field column (i.e., “pass” boundaries), assigning unique 
pass identifiers and directionality of the HTP system to each 
polygon. More specifically, the Fishnet function creates a grid of 
adjacent rectangular cells based on the user-specified spatial extent 
of the grid, angle of rotation, number of rows and columns, as well 
as the height (i.e., plot length) and width (i.e., row width) of each 
cell. A point shapefile containing the centroids of each cell was 
also generated and used to trim the polygon borders so that they 
enclosed only the center 8.5 m of each set of four adjacent rows. 
The Intersect function was used to clip and append the poly-
gon attributes with the canopy reflectance data. Lastly, unique 
plot identifiers were assigned to each data point based on sensor 
number and the directionality of the HTP system, and the mean 
NDVI for each plot was calculated using the MEANS procedure 
in SAS for Windows Version 9.4 (SAS Institute).

Statistical Analyses
Lint yield for Trial 1 and NDVI for all three trials were ana-

lyzed separately using five linear mixed models in the MIXED 

procedure in SAS. The following RCB model was used as the 
baseline model:

ij i j ijy e=m+a +b +   [2]

where yij is the observation made on the ith genotype of the jth 
block, m is the overall mean, ai is the effect of the ith genotype, bj 
is the effect of the jth complete block, and eij is the residual plot 
error associated with yij. Genotype effects were treated as fixed, while 
block and incomplete block, for the a-lattice (AL) model, effects 
were considered random. The efficiency of an alternative resolvable 
row–column (RC) experimental design was investigated in a post-
blocking exercise (Ainsley et al., 1987), where artificial incomplete 
blocks were superimposed on the RCB design and analyzed as if they 
were true blocks. Thus, in the RC model, random row and column 
effects nested within complete blocks were added to the baseline 
RCB model. The NNA model included the terms in the RCB model 
plus the addition of a covariate. The NNA covariate was computed 
based on a modified Papadakis (1937) method using adjacent residu-
als from the bordering plots of PHY 499 according to

( ), 1 , 1
1
2kl k l k le e- +r = +   [3]

where rkl is the covariate corresponding to the plot located in the 
kth row and lth column of each trial, and the two ēkl values are the 
averages of the residuals of the cultivar check rows to the left and 
right of the klth plot.

The RCB, AL, RC, and NNA models assume that errors are 
normally and independently distributed, with a zero mean and 
constant variance. Instead of assuming constant variance, SP 
models use heterogeneous covariance structures to account for 
spatial autocorrelation among errors. The SP models included the 
same effects of the baseline RCB model. However, the covariance 
among errors was modeled according to (Littell et al., 2006)
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where C(h) is the covariance between two errors, denoted by e(s) and 
e(s+h), which are h units of distance apart, s is the spatial position of 
the ijth plot, and f (h) is a function of the distance between the cor-
responding plots. The Universal Transverse Mercator coordinates 
corresponding to the plot centroids were used to define the distance 
(h), in meters, between plots. In contrast to NNA, data collected on 
the alternating check rows of PHY 499 were not included in the SP 
models. The VARIOGRAM procedure in SAS was used to visually 
inspect spatial autocorrelation and obtain estimates of covariance 
model parameters based on empirical semivariograms of the baseline 
RCB model fit residuals. Several covariance functions commonly 
used in the analyses of plant breeding trials were considered for the 
SP models, including three isotropic covariance models—power, 
Gaussian, and spherical models—and one anistropic covariance 
model—the power anistropic model (i.e., separable first-order autore-
gressive model, AR1 ́  AR1). Residuals were also modeled with and 
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without a nugget effect, which is the semivariance at h = 0. Thus, 
eight different SP models were evaluated for each trial. Restricted 
maximum likelihood log-likelihood ratio chi-squared tests (LLRTs) 
were used to select the most suitable covariance function for the 
nested SP models, and Akaike information criterion (AIC) values 
were used as the selection criterion for non-nested models.

The alternative models were compared with the RCB model 
regarding the relative efficiency (RE) of the genotype effect esti-
mates. The RE was calculated using the average standard error 
of pairwise genotypic differences (aSED): RE = 100% ´ (aSED 
of RCB)/(aSED of the alternative model), such that an RE > 100 
indicates an improvement in precision in relation to the RCB model 
(Qiao et al., 2000). Additionally, restricted maximum likelihood 
LLRTs and AIC values were used to compare the AL, RC, and SP 
models with the baseline RCB model. For all analyses, the first-
order Kenward–Roger method (Kenward and Roger, 2009) was 
used to approximate denominator degrees of freedom in F tests 

(Richter et al., 2015). Spearman rank correlations were computed 
based on the best linear unbiased estimates for genotype effects from 
each model to evaluate the impact of experimental designs and spa-
tial analyses on selection. Additionally, the percentage of agreement 
between models at fixed selection intensities (i.e., the proportion 
of selected genotypes) of 5, 10, 25, and 50% was evaluated using 
the Czekanowski coefficient (D) (Campbell and Bauer, 2007; Qiao 
et al., 2000), calculated as D = a/(a + c), where a is the number of 
lines selected by both the alternative and baseline model, and c is the 
number of lines selected by the baseline model only.

�Results and Discussion
Diagnosis of Spatial Autocorrelation for NDVI

Field heterogeneity within each trial was initially investigated 
by plotting the two-row average NDVI of the alternating cultivar 
check, PHY 499 (Fig. 1). Clear spatial trends in NDVI measured on 

Fig. 1. Maps of soil type(s) and the two-row plot average of normalized difference vegetation index (NDVI) measured at first bloom on alter-
nating cultivar check plots of cv. Phytogen 499WRF for three trials grown from 2014 to 2015 in Florence, SC. GbA = Goldsboro loamy sand, 
0 to 2% slopes; Ly = Lynchburg sandy loam; Ra = Rains sandy loam; OcB = Ocilla sand, 0 to 3% slopes; NbA = Noboco loamy sand, 0 to 1% 
slopes; NbB = Noboco loamy sand, 1 to 3% slopes; NoA = Norfolk loamy sand, 0 to 1% slopes; NnB = Norfolk loamy sand, 1 to 3% slopes.
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PHY 499 were observed in Trials 2 and 3. In the early 1990s, the 
USDA–NRCS conducted a soil survey of the fields at the Pee Dee 
Research and Education Center using a 30.5-m grid sampling pat-
tern, allowing for the superimposition of soil type(s) within each 
field over NDVI. However, variation in soil type did not corre-
spond to the spatial trends observed for NDVI, except for the 
Noboco loamy sand (NbA) soil in Trial 3. Considering that the 
trials were grown under rainfed conditions, variability in soil mois-
ture availability resulting from field topography and lateral water 
movement may have contributed to variation in NDVI. Residuals 
from the RCB model were plotted against row and column posi-
tions, and the spatial trends of NDVI observed in the experimental 
rows were similar to those apparent in the check plots of PHY 499 
(data not shown).

Empirical (isotropic) semivariograms based on the RCB 
model fit residuals were used to diagnose spatial autocorrelation in 
NDVI among experimental plots (Fig. 2). A positive relationship 
between semivariance and distance was observed within all three 

trials, indicating spatial dependence among residuals. The distance 
at which the semivariance stabilized (i.e., the range) ranged from 
approximately 25 to 75 m. The semivariograms also indicated sub-
stantial nugget effects (i.e., semivariance at 0 m) across all three trials, 
which is often indicative of random variation (Gilmour et al., 1997).

Model Comparisons for NDVI
Among the covariance functions evaluated for the spatial 

models, the isotropic power model with nugget effect was the 
most suitable SP model for Trials 1 and 3, while the power anis-
tropic (i.e., AR1 ´ AR1) model with nugget effect was the most 
suitable SP model for Trial 2. The power isotropic and anistropic 
covariance structures have proven effective in modeling spatial 
dependence for yield measures across various crops, including 
peanut (Arachis hypogaea L.) (Casanoves et al., 2005), ryegrass 
(Lolium spp.) (Sripathi et al., 2017), wheat (Triticum aestivum L.) 
(Qiao et al., 2000), grapevine (Vitis vinifera L.) (Gonçalves et al., 
2007), and upland cotton (Liu et al., 2015).

Fig. 2. Empirical (isotropic) semivariograms based on residuals from the randomized complete block model for (a) lint yield and (b) normal-
ized difference vegetation index (NDVI) for Trial 1, (c) NDVI for Trial 2, and (d) NDVI for Trial 3. Trials were conducted from 2014 to 2015 in 
Florence, SC.
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Complete blocks within each of the three trials were arranged 
parallel to the column direction. The spatial trends in NDVI 
suggest that the RCB design was not effective at minimizing 
within-block heterogeneity, particularly for Trials 2 and 3 (Fig. 
1). Expectedly, the AL, RC, and SP models were superior to the 
baseline RCB model based on the model selection criteria (i.e., 
LLRTs and AIC values) and the precision of genotype effect esti-
mates as measured by the RE (Table 1). The SP model was superior 
to the AL model for all three trials according to AIC values and 
the RE. The addition of a covariate derived from the check rows 
of PHY 499 in the NNA model also improved the precision of 
genotype effect estimates compared with the RCB, AL, and SP 
models for Trials 2 and 3. However, the RC model provided the 
greatest improvement in precision of NDVI estimates compared 
with the RCB model, ranging from a 20 to 66% reduction of aSED 
in Trials 1 and 2, respectively. Although post-blocking is not rec-
ommended for routine analysis, it is frequently used to investigate 
the efficiency of alternative experimental designs (Qiao et al., 
2000; Robinson et al., 1988). Similar gains in efficiency using RC 
designs compared with RCB have been reported in cotton yield 
trials (Liu et al., 2015; Williams and Luckett, 1988). Genotypic 

effects for NDVI were significant (a = 0.05) in Trial 1 in 2014 
across all models (Table 1). Conversely, no significant differences 
in NDVI were detected among genotypes evaluated in Trial 2, and 
significant genotypic effects were detected in Trial 3 only when 
analyzed with the RC model.

Selection Based on NDVI
Genotype NDVI estimates from the AL, RC, NNA, and SP 

models were compared with estimates from the RCB model based 
on Spearman rank correlation coefficients and the percentage of 
agreement, D, between models in the selection of superior lines. 
Correlations between NDVI estimates were generally lower in 
Trials 2 and 3, where extensive spatial trends were present (Table 
2). Among the two trials in 2015, correlations between NDVI 
estimates from the SP and AL models were the highest, while cor-
relations between estimates from the RC model compared with 
the NNA and RCB models were the lowest.

Adjustments of genotype NDVI estimates from the alterna-
tive models varied substantially from the RCB model, resulting in 
differences between genotype rankings, particularly at selection 
intensities £10% (Table 3). With the exception of NDVI estimates 
from the AL and NNA models in Trial 1, the concurrence of geno-
types ranked in the top 5 and 10% from the RCB and alternative 
models did not exceed 53%. Qiao et al. (2000) evaluated differ-
ent incomplete block experimental designs and SP models in the 
analysis of yield performance trials in wheat and selected a pre-
ferred model based on LLRTs, the RE, and variogram diagnostics. 
Similar to the current study, they observed that the percentage of 
agreement between statistical models decreased at higher selection 

Table 1. Comparison of a-lattice incomplete block (AL), row–col-
umn incomplete block (RC), nearest neighbor adjusted (NNA), 
and spatially correlated errors (SP) models with the randomized 
complete block (RCB) model for normalized difference veg-
etation index (NDVI) measured at first bloom on three cotton 
performance trials conducted at Florence, SC, from 2014 to 2015.

Model P value† AIC‡ LLRT§ RE¶

%

Trial 1, 2014

 RCB <0.0001 −343.9 – –

 AL <0.0006 −351.9 10.0*** 102.7

 RC <0.0001 −406.1 66.2*** 119.9

 NNA <0.0001 – – 100.1

 SP <0.0002 −380.0 40.1*** 111.1

Trial 2, 2015

 RCB 0.4444 −99.9 – –

 AL 0.1719 −174.6 76.7*** 123.3

 RC 0.2993 −295.7 199.8*** 165.9

 NNA 0.1945 – – 135.3

 SP 0.0615 −242.0 148.1*** 132.2

Trial 3, 2015

 RCB 0.2230 −256.6 – –

 AL 0.1657 −292.1 37.5*** 111.5

 RC 0.0314 −384.5 129.9*** 140.6

 NNA 0.1829 – – 125.2

 SP 0.2263 −318.7 66.1*** 115.5
*** Significant at the 0.001 probability level. 
† P value of fixed effect of genotype.
‡ Akaike information criterion. The smaller the AIC, the better the model fit.
§ Restricted maximum likelihood log-likelihood ratio chi-squared test (LLRT) 
statistics comparing alternative model to the RCB model.
¶ Relative efficiency of the alternative model compared with the RCB model 
based on the average standard error of pairwise genotypic differences (aSED).

Table 2. Spearman rank correlations for mean genotype effect 
estimates using the randomized complete block (RCB), a-lat-
tice incomplete block (AL), row–column incomplete block (RC), 
nearest neighbor adjusted (NNA), and spatially correlated errors 
(SP) models for normalized difference vegetation index (NDVI) 
measured at first bloom on three cotton performance trials con-
ducted at Florence, SC, from 2014 to 2015.

Model RCB AL RC NNA

Trial 1, 2014

 AL 0.97

 RC 0.88 0.90

 NNA 1.00 0.96 0.88

 SP 0.88 0.95 0.86 0.88

Trial 2, 2015

 AL 0.79

 RC 0.59 0.72

 NNA 0.72 0.84 0.67

 SP 0.74 0.94 0.73 0.88

Trial 3, 2015

 AL 0.86

 RC 0.64 0.70

 NNA 0.71 0.84 0.58

 SP 0.80 0.96 0.73 0.89
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intensities, and the greatest divergence in genotype rankings was 
observed between the preferred model and the RCB model. Still, 
the percentages of agreement between NDVI estimates reported 
in this study are substantially lower on average than those from 
studies evaluating similar spatial analyses on yield performance 
(Campbell and Bauer, 2007; Qiao et al., 2000; Sripathi et al., 
2017). These results highlight the importance of using appropri-
ate experimental designs and statistical analyses, and the sensitivity 
of HTP traits, such as NDVI, to field heterogeneity.

The effects of field heterogeneity on the relationship between 
NDVI at first bloom and lint yield is of equal, if not greater, impor-
tance than the impact on estimates of NDVI per se. Maps of lint 
yield based on the PHY 499 check rows and residuals from the 
RCB model for Trial 1 (2014) revealed similar spatial trends to 
NDVI (data not shown). However, spatial dependence among lint 
yield residuals was not as strong, based on the empirical semivar-
iogram, as that of NDVI (Fig. 2). Comparisons between models 
based on LLRTs, AIC, and the RE suggested that the RC model 
was the preferred model for the analysis of lint yield for Trial 1. 
Thus, genotype yield estimates from the RC model were used to 
evaluate the relationship between NDVI and lint yield.

Genotype yield estimates from the RC model were regressed 
onto the genotype NDVI estimates of all five models for Trial 1, and 
the proportion of top yielding genotypes selected based on NDVI 
at different selection intensities was calculated (Table 4). There was 

a moderate, but significant, positive relationship between lint yield 
and NDVI, with r2 estimates ranging from 0.23 to 0.27. Despite 
genotype rank changes in NDVI among the different statistical 
models, similar proportions of the top yielding lines were selected 
based on NDVI at 10, 25, and 50% selection intensities independent 
of the model. However, based on selection for genotypes in the top 
5% for NDVI, the RC and NNA models captured the greatest pro-
portion of top yielding lines (20%) among the five models. These 
results, in combination with the findings of Sharma and Ritchie 
(2015) and Pauli et al. (2016), suggest that NDVI may be used to 
eliminate poor-performing genotypes before harvest. However, the 
impact of field heterogeneity on the relationship between NDVI and 
lint yield needs further study.

�Conclusions
High-throughput phenotyping systems are becoming more 

routinely used in cotton improvement programs, allowing breeders 
to measure traits indicative of plant health and development across 
increased space and time. This study highlights the importance of 
using appropriate experimental designs and supplemental spatial 
analyses to account for variation in NDVI introduced by field het-
erogeneity. These considerations likely extend to other common 
HTP traits, such as canopy temperature and plant height. The 
greatest improvement in the precision of genotype estimates was 
achieved through post-blocking, and the results suggest that RC 
experimental designs may be preferable not only to the RCB but 
also the AL design. Furthermore, resolvable RC designs can be 
optimized to accommodate spatial correlation with or without a 
priori knowledge of the underlying spatial structure (Williams and 
Piepho, 2013).

Adjustments for field heterogeneity using a common culti-
var check is not recommended for replicated trials, considering 
that the alternative methods presented provide comparable, if not 
improved, control of experimental error without the additional 

Table 3. Agreement in selection proportion for the top geno-
types at selection intensities of 5, 10, 25, and 50% based on the 
Czekanowski coefficient (D) for comparison of four alternative 
models, including a-lattice incomplete block (AL), row–column 
incomplete block (RC), nearest neighbor adjusted (NNA), and 
spatially correlated errors (SP) models with the baseline random-
ized complete block (RCB) model for normalized vegetation 
difference index (NDVI) measured at first bloom on three cotton 
performance trials conducted at Florence, SC, from 2014 to 2015.

Model
Agreement in selection

5% 10% 25% 50%

—————————— % agreement ——————————

Trial 1, 2014

 AL 0.80 0.72 0.82 0.90

 RC 0.33 0.52 0.79 0.82

 NNA 0.87 0.90 0.96 0.97

 SP 0.53 0.55 0.71 0.84

Trial 2, 2015

 AL 0.40 0.46 0.59 0.79

 RC 0.33 0.25 0.49 0.69

 NNA 0.00 0.29 0.54 0.77

 SP 0.20 0.36 0.52 0.78

Trial 3, 2015

 AL 0.53 0.52 0.71 0.85

 RC 0.20 0.31 0.47 0.72

 NNA 0.27 0.41 0.51 0.76

 SP 0.47 0.38 0.62 0.77

Table 4. Adjusted r2 and proportion of top yielding genotypes 
from a single cotton performance trial (Trial 1) conducted at 
Florence, SC, in 2014 selected at selection intensities of 5, 10, 
25, and 50% based on genotype effect estimates for normal-
ized difference vegetation index (NDVI) measured at first bloom 
using randomized complete block (RCB), a-lattice incomplete 
block (AL), row–column incomplete block (RC), nearest neigh-
bor adjusted (NNA), and spatially correlated errors (SP) models. 
Genotype effect estimates for lint yield were calculated using the 
RC model.

Model r2
Top yielding genotypes selected based on NDVI

5% 10% 25% 50%

————— % top yielding genotypes —————

RCB 0.23 0.13 0.28 0.47 0.67

AL 0.24 0.07 0.28 0.44 0.65

RC 0.27 0.20 0.34 0.50 0.63

NNA 0.23 0.20 0.28 0.47 0.65

SP 0.24 0.07 0.28 0.44 0.66



Page 8 of 9

land and labor requirements. However, numerous studies have 
demonstrated that NNA based on adjacent experimental plots 
can effectively capture spatial variability in field trials (Campbell 
and Bauer, 2007; Sripathi et al., 2017; Stroup et al., 1994). The 
efficacy of different a posteriori spatial analyses is reliant on various 
experimental design factors. For example, previous research has 
demonstrated that highly rectangular field designs, like those char-
acteristic of the current study, are especially prone to within-block 
heterogeneity (Liu et al., 2015; Sripathi et al., 2017). The findings 
of this study suggest that spatial models can help improve the reli-
ability and precision of NDVI estimates in the presence of field 
heterogeneity, particularly when blocking is ineffective. Although 
beyond the scope of the current study, Velazco et al. (2017) recently 
described a method incorporating two-dimensional regression 
spline modeling that may warrant future investigation as an alter-
native to the sequential evaluation of different SP models.

Ultimately, these results demonstrate that failure to account 
for field heterogeneity can have sizeable consequences on selection 
for HTP traits per se, such as NDVI. Although lint yield data 
were limited in this study, the results suggest that further research 
into the impact of field heterogeneity on the relationship between 
NDVI and lint yield in upland cotton is warranted.
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