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Image analysis methods for measuring crop phenotypes may replace traditional 
measurements if they more efficiently and reliably capture similar or superior information. 
This study used a recreational-grade unmanned aerial vehicle carrying a spectrally-
modified consumer-grade camera to collect images in which each pixel value is a 
vegetation index based on the normalized difference between the blue and near infrared 
wavelength bands (BNDVI). The subjects of the study were Zea mays hybrids with good 
yield potential grown in 4-row plots. Flights were conducted at least once per week 
during three successive growing seasons in south-central Wisconsin. Average BNDVI 
for each plot (genotype) rose steadily through June, peaked in July, and then declined 
as plants matured. BNDVI histograms changed shape over the season as the canopy 
concealed soil, became more uniformly green, then senesced. Principal Components 
Analysis (PCA) captured the change in histogram shape. PC1 represented canopy 
closure. PC2 represented the mean of the BNDVI distribution. PC3 represented the 
spread of the distribution. Correlation analysis showed that flowering time correlated with 
PC2 and PC3 best (r ≈ 0.5) a few days before the event (day in which 50% of the plants 
exhibited tassels). Three ears were picked from each plot to quantify kernel dimensions 
by image analysis before each plot was mechanically harvested to determine grain weight 
per plot. Correlations between this measurement of yield and PC2 were low in June but 
exceeded 0.4 within 10 days after flowering. Kernel length correlated similarly with PC2. 
The correlation between PC2 and kernel thickness displayed a similar but inverted time 
course. These results indicate that greater mid-season BNDVI values correlate positively 
with yield comprised of tall, thin kernels. Partial least squares regression performed on 
the BNDVI time courses predicted flowering time (r = 0.54–0.79) and yield (r = 0.4–0.69). 
This three-year experiment demonstrated that readily available hardware and software 
can create a phenotyping platform capable of predicting maize flowering time, yield, and 
kernel dimensions to a useful degree.

Keywords: normalized difference vegetation index, Zea mays, unmanned aerial vehicle, flowering time, grain 
yield, kernel dimension
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INTRODUCTION

Genotype-to-phenotype studies will produce stronger 
conclusions and the process of improving quantitative traits will 
accelerate if the methods for measuring crop plant phenotypes 
are as discriminating as the next-generation DNA sequencing 
methods used to characterize the genotypes (Edwards et al., 2013; 
Bevan et al., 2017). Image analysis methods have the potential to 
provide the needed phenotype data. When successfully applied, 
they measure standard traits more precisely, objectively, and 
automatically than manual methods, and they can measure 
informative features for which there is no manual equivalent. 
However, acquiring image data from which useful phenotype 
data can be extracted is more challenging in a field experiment 
than in situations where the imaging scene can be controlled 
and optimized. White et al. (2012) and Araus and Cairns 
(2014) discuss the many challenges to field-based phenotype 
measurements using cameras and other sensors.

Satellites and piloted aircrafts have been used to obtain 
aerial images of field-grown crops for various applications. 
For instance, Landsat and Sentinel-2 satellites collect red and 
near-infrared (NIR) wavelength bands from regularly revisited 
locations to assess global vegetation and crop health (Rouse et al., 
1973; Tucker and Choudhury, 1987). Unfortunately, the spatial 
resolutions of these methods (Issei et al., 2010) are on the order 
of meters or tens of meters, which is not fine enough to serve 
the phenotype measurement needs of many crop plant research 
projects. Cameras and other sensors mounted to ground-based 
vehicles, overhead gantries, or cable supports can collect detailed 
phenotype information (Furbank and Tester, 2011; Montes et al., 
2011; White et al., 2012; Deery et al., 2014). Growing in popularity 
is the small unmanned aerial vehicle (UAV) programmed to fly 
along a path defined by a series of waypoints marked by global 
positioning system (GPS) coordinates (Colomina and Molina, 
2014; Yang et al., 2017). When outfitted with cameras, UAV 
technology provides a low-cost approach to collecting images 
with the required spatial and temporal resolutions. Potential 
uses of UAV technology include measuring seedling emergence, 
plant height, ground canopy cover, leaf angle distribution, leaf 
area index, and overall crop health in various crop species (for 
a review, see Yang et al., 2017). For example, a surface model 
generated from aerial color images measured barley and rice 
crop height (Bendig et al., 2013a; Bendig et al., 2013b), height 
and growth rate in maize and wheat (Holman et al., 2016; Li et al., 
2016), and sorghum and maize plant height at many points across 
the growing season (Pugh et al., 2018). UAV platforms were 
used to measure vegetation indices based on ratios of spectral 
bands captured by a camera in tens of thousands of wheat plots 
(Haghighattalab et al., 2016). Hyperspectral sensors mounted on 
UAVs collected many wavelength bands from which the biomass 
and nitrogen content of wheat, barley, and maize were estimated 
(Montes et al., 2011; Pölönen et al., 2013). A UAV platform 
carrying a hyperspectral imager and a thermal camera was used 
to detect water stress in a citrus orchard (Zarco-Tejada et al., 
2012). Numerous studies also used UAV platforms to measure 
maize plant lodging (Chu et al., 2017), ground canopy cover in 
wheat (Yu et al., 2017), plant density, early vigor, and radiation 

interception in maize (Liebisch et al., 2015), as well as soil and 
plant interactions, and weed management (Shi et al., 2016).

A desirable application of UAV technology is to predict crop 
yield based on a vegetation index derived from aerial images. A 
common vegetation index is the normalized difference vegetation 
index (NDVI). It is based on the principal that chlorophyll absorbs 
red and blue wavelengths while reflecting near-infrared radiation 
(Tucker, 1979). To measure NDVI, the camera’s detector must be 
sensitive to near-infrared (NIR) and blue or red wavelengths. 
NDVI is calculated at each pixel according to Equation 1.

 NDVI
NIR Red
NIR Red

=
− 
+ 

 (1)

A value of 1 indicates green plant material due to absorption 
of red wavelengths relative to the NIR reference, while -1 
indicates the lack of red-absorbing material. Higher NDVI 
values usually indicate greater vigor, and therefore may relate 
to yield potential and abiotic/biotic stress tolerance (Candiago 
et al., 2015; Condorelli et al., 2018). For example, a UAV-based 
platform generated NDVI images that were used to estimate the 
effects of low nitrogen stress on maize yield (Zaman-Allah et al., 
2015). Makanza et al. (2018) used RGB image data to create a 
novel senescence index. It showed a moderately high heritability 
and a strong genetic correlation with maize grain yield. Cerrudo 
et al. (2017) and Condorelli et al. (2018) used NDVI and other 
spectral-based indices to study the effects of heat and drought 
stress on grain yield in maize and wheat. In rice, dynamic changes 
in vegetation indices during early to middle growth stages were 
used to predict rice grain yield (Zhang et al., 2019). For wheat, a 
fairly high correlation of vegetation index values with yield was 
observed (Guan et al., 2019).

Many studies employing UAVs to measure a vegetation index 
focused on growth, phenology, and stress responses of crops 
(Yang et al., 2017). The differences between comparison groups 
in such studies are often large. Fewer studies have used a UAV 
imaging platform to discern subtle differences among genotypes 
experiencing a similar environment, which a tool must achieve 
if it is to be useful in a breeding program. Liebisch et al. (2015) 
and Han et al. (2018) included multiple maize genotypes in 
their analyses of NDVI acquired from airborne platforms but 
testing for differences between them was not a feature of their 
reports. We designed the present study to determine if analyses 
of vegetative index values could discern differences in flowering 
time, grain yield, and kernel dimensions between different hybrid 
maize plants, each with good yield potential.

MATERIALS AND METHODS

Germplasm and Field Trials
The field experiments were conducted between June and October 
of 2016, 2017, and 2018 at the University of Wisconsin’s Arlington 
Agricultural Research Station in Arlington, Wisconsin, USA 
(43.33° latitude and -89.34° longitude). Twenty-five F1 maize 
hybrids were planted as randomized complete block designs on 
5/24/2016, 5/10/2017, and 5/24/2018, then harvested in late-
October. Most but not all of the genotypes were used each year. 
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The complete list is presented in Supplementary Table S1. Each 
replicated plot (i.e., two trials) contained 4 rows with 40 plants 
each. The rows were 4.57 m long, 0.76 m apart, and the target 
density was 78,200 plants ha−1.

Flowering Time
Flowering time is typically scored as the date when 50% of the 
plants in a plot display tassels for the male, and when 50% of 
the ears have extruded silks to receive pollen. These standard 
measures of flowering time were made by repeated visual 
inspection of each plot during the flowering period each year. 
Specifically, to record flowering data, we visited each plot every 
other day during the flowering period in late July. We recorded 
the day when half of the plants in a plot were shedding pollen or 
displayed silks, for each genotype.

Kernel Dimensions
To measure kernel dimensions, three mature ears were hand-
picked from each plot prior to machine harvest. We used a 
previously developed image analysis pipeline (Miller et al., 2017) 
to measure kernel traits for each of the genotypes for each year.

Grain Yield
A combine harvester measured the mass of grain and percent 
moisture for each plot at the end of growing season (mid-
October). Grain yield, which includes the grain harvested by the 
combine and the hand-picked ears, was adjusted to 15.5% grain 
moisture. Grain yields for each genotype for each year are shown 
in Supplementary Table S1.

Unmanned Aerial Vehicle Platform
The UAV platform consisted of a quadcopter (model IRIS+; 
3D Robotics, Berkeley, CA, USA) and a Canon S110 compact 
camera attached to a gimbal that maintained the camera in 
the nadir position. The sensor in the camera was modified 
by Llewellyn Data Processing (http://maxmax.com) such that 
the red channel sensed wavelengths between 670 and 770 nm, 
with a peak at approximately 710 nm. Therefore, instead of a 
red, green, and blue (RGB) image, this camera created an NIR, 
green, blue (NGB) image. A plot of the spectral sensitivity of 
the modified sensor provided by Llewellyn Data Processing 
is presented in Supplemental Figure S1. Custom software 
controlled the camera to enable time-lapse imaging at a 
frequency of approximately one frame per second. The focal 
length was 5 mm, the aperture was f/2.5, the ISO sensitivity 
was 200, the shutter speed was 1/1600 s, and the image size was 
3000 X 4000 pixels. The files were saved in Joint Photographic 
Expert Group (jpeg) format. The ground sample distance of the 
full-field image was 0.7 cm per pixel. We used Mission Planner 
autopilot software (http://www.arducopter.co.uk/advanced.
html) to design a flight route. The flight altitude was 25 m and 
the flight speed was 1 m s-1. These specifications combined 
to produce images that overlapped at least 60% forward 
and laterally. Flights were conducted only during fully clear 
(cloudless) periods between 10 a.m. and 3 p.m. at least once per 
week during each of the three seasons, with a higher frequency 
around the flowering period. Early season flights were not 

performed in 2018 because 2016 and 2017 results indicated June 
time points were not sufficiently useful to justify the analyses. 
In late August 2018, a severe storm caused widespread lodging 
so late season flights were not performed.

Image Processing and BNDVI Extraction
Agisoft PhotoScan Professional software (www.agisoft.com) 
was used to construct a full-field image from the individual 
frames after each flight. The parameter settings, including 
raw image alignment, mesh building, and orthoimage 
generation, were held constant for each field image 
construction. The resulting three channel NGB image of the 
field was then converted into a blue channel-based NDVI 
layer (BNDVI, Equation 2) by a plugin for ImageJ/FIJI that 
can be downloaded here: https://github.com/nedhorning/
PhotoMonitoringPlugin/tree/master/downloads.

 BNDVI
NIR Blue
NIR Blue

=
− 
+ 

 (2)

Figure 1A shows a representative NGB image and Figure 1B 
shows the corresponding BNDVI image. Each pixel in the BNDVI 
image is associated with a value ranging from -1 to 1. Figure 1C 
uses histogram representations of images within regions of 
interest to demonstrate that pixels corresponding to ground or 
maize canopy are reasonably well separated by choosing 0.06 as 
the threshold (background < 0.06 < plant).

Individual 4-row plots were manually cropped from the 
full-field BNDVI image. The alley separating ends of rows 
was excluded (Figure 1). Each plot sub-image consisted of 
approximately 2 x 105 pixels, each representing a BNDVI value 
ranging from -1 to 1. The average BNDVI values for each 
genotype at the time of flowering for each year are presented in 
Supplementary Table S1. Most analyses were performed not on 
average BNDVI values but on the histogram of BNDVI values 
for each plot at each flight date. These histograms were treated 
as quantitative, time-dependent phenotypes to be compared 
between genotypes.

Principal Component Analysis (PCA)
The BNDVI values between 0 and 1 were placed into 999 
equally spaced bins to create a histogram for each four-row 
plot. The histograms from all genotypes (g), trials (t = 2), 
flight-dates (d), and years (y) were stacked into the matrix X 
with n = × t × d × y rows and m = 999 columns to make a n × 
m matrix containing one histogram for every plot measured 
during the study. Principal component analysis reduced the 
number of variables and provided a potentially interpretable 
set of latent scores based on the eigenvectors of the covariance 
matrix of X, or the right singular vectors from the singular 
value decomposition of the column-mean centered X. The 
cumulative sum of the eigenvalues of the covariance matrix 
of X divided by the total variance is the percent variance 
explained. We took the first 15 components, which explained 
greater than 99% of the variance and created three matrices 
(X2016, X2017, X2018), each with g × t × d rows and 15 columns, 
which contained the scores used for partial least squares 
regression analysis of the traits.
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Partial Least Squares Regression (PLS-R)
To prepare for partial least squares regression (PLS-R), a technique 
commonly used when the number of observations is greater 
than the number of trials, the measured traits (r = tassel time, 
silk time, kernel thickness, kernel width, kernel depth, and grain 
yield) for all genotypes (g) were stacked into three matrices (Y2016, 
Y2017, Y2018) with 2g rows (because there were two trials of each 
genotype) and one column for each separate r. The goal of the 
PLS-R was to obtain a low dimensional model that maximized the 
covariance between Xyear and Yyear. For each Xyear and Yyear pair, one-
hundred PLS-R models were constructed, with 30% of the data 

randomly selected for hold out. To guard against overfitting, the 
model was applied to the hold-out group and the factor threshold 
(fT) was found where the predictive power of the model began to 
diminish. The average threshold (fA) across the 100 hold-out draws 
was computed and reported in Table 1 along with the correlation 
coefficients that indicate the degree of prediction accuracy. We also 
performed the PLS-R using the original histogram values instead 
of their corresponding 15 PCs. The predictions were generally 
slightly higher when the original histogram data was used but 
the distribution of correlation values obtained from 100 different 
hold-out trials were not statistically different (p = 0.05).

FIGURE 1 | Aerial image data obtained by the UAV platform. (A) A representative image of a field containing all the genotypes obtained with a camera modified to 
have an NIR, green, and blue channel. (B) The calculated BNDVI image layer. (C) Histogram of BNDVI values from canopy (red line) and soil background (black line). 
The threshold 0.06 was used as cutoff to extract plant BNDVI in all plots. 
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RESULTS

BNDVI Profiles During Growing Season
Figure 2A shows mean BNDVI values for the canopy pixels 
(average of the duplicated plots) for each of the 25 hybrids grown 
in 2016, at each flight date. BNDVI increased during the early 
growing season, peaked during the flowering period, and then 
decreased as senescence progressed as previously reported (Viña 
et al., 2004). A dip in BNDVI was consistently observed a few days 
preceding flowering for all genotypes in 2016. This phenomenon 
was observed again in 2017 and 2018 although it was not as 
obvious as in 2016 (Figures 2B, C). Han et al. (2018) also 
detected a transient reduction in NDVI near flowering time. The 
appearance of tassels in the images at flight dates corresponding 
to the dip support the idea that the reduced BNDVI was due to 
a small but significant contribution of non-green tassel material 
entering the scene. These results indicate that BNDVI could be 
monitored to detect flowering time.

Principal Components Analysis of BNDVI 
Histograms
Instead of calculating the mean BNDVI value for each plot, at 
each flight date, the BNDVI values were treated as a frequency 
histogram. Figure 3A shows histograms of BNDVI values 
including those below the 0.06 threshold from one of the plots 
at each flight date during the 2016 season. The distributions 
change shape as the canopy covers the ground, becomes 
greener, then senesces.

The shape of histograms may carry important information that 
aids the prediction of maize traits. The meaning of the eigenvectors 
was explored by independently sweeping the score values, back-
projecting the corresponding histogram model, and adding back 
the average. Shown in Figures 3B–D are the back-projection 
models for the three eigenvectors that explain 96% of the variance. 
The first principal component (PC1) accounts for 71% of the total 
variability. The sweeps indicate that it captures the shift in the 
distribution of BNDVI from low values corresponding to soil to 
high values indicative of maize canopy. PC2, which accounts for 
19% of the total variance, shifts the overall distribution to greater 
BNDVI values. PC3, which explains 6% of the variance, changes 
the shape of histogram toward a bimodal distribution.

The principal component scores were plotted as a function of 
flight date made relative to the mean flowering date for all genotypes 
for each of the three years (Figure 4). In 2016, the year in which 
flights were spread most evenly across the season, PC1 rapidly 

decreased early, consistent with it interpreting soil background. The 
same was observed in 2017 but in 2018 the early season was not 
surveyed. In each year, PC2 showed a tendency to drop from a mid-
season high, consistent with it interpreting average greenness. No 

TABLE 1 | Correlation coefficients (r) of partial least squares regression analysis 
of various maize traits. Numbers in parentheses are the minimum number of 
factors needed for accurate predictions.

Year Tassel Silk Grain 
yield

Kernel 
length

Kernel 
thickness

2016 0.79 (4) 0.75 (6) 0.69 (4) 0.44 (5) 0.31 (4)
2017 0.54 (6) 0.55 (7) 0.45 (4) 0.41 (8) 0.35 (5)
2018 0.77 (6) 0.76 (7) 0.40 (3) 0.37 (4) 0.39 (7)

FIGURE 2 | Change in BNDVI for different maize genotypes across the 
growing season. (A) 2016, (B) 2017, and (C) 2018. Two vertical lines in each 
panel mark the flowering time range for all genotypes.

https://www.frontiersin.org/journals/plant-science#articles
https://www.frontiersin.org/journals/plant-science/
www.frontiersin.org


Maize Flowering, Yield, and Kernel DimensionsWu et al.

6 October 2019 | Volume 10 | Article 1251Frontiers in Plant Science | www.frontiersin.org

FIGURE 3 | Principal component analysis of vegetation index histograms. (A) BNDVI histograms from a representative genotype shifted during the 2016 growing 
season. Parameter sweeps of the back-projection models for the three eigenvectors (PCs) that explain 96% of the variance in histogram data from all trials, years, 
genotypes, and flight dates (B–D). PC scores ranged from the minimum score to the maximum score at five steps along each eigenvector. See the Results section 
for an interpretation of the effects the three PCs.

FIGURE 4 | Average principal component scores derived from BNDVI histograms of all genotypes during the three growing seasons. The average date of flowering 
of all genotypes was set as day 0.

https://www.frontiersin.org/journals/plant-science#articles
https://www.frontiersin.org/journals/plant-science/
www.frontiersin.org


Maize Flowering, Yield, and Kernel DimensionsWu et al.

7 October 2019 | Volume 10 | Article 1251Frontiers in Plant Science | www.frontiersin.org

pattern in PC3 across the season was apparent, consistent with PC3 
representing only 6% of the total variance.

The main aim of this study was to find factors that could be used 
to distinguish important traits among maize genotypes. Figures 
5A, B show the histograms from a low yield genotype (B14A/
C103; 10.1 kg/plot) and a high yield genotype (PHW52/TX205; 
27.6 kg/plot) at each flight date in 2016. Figures 5C-E show the 
seasonal course of average PC1, PC2, and PC3 from 6 genotypes 
with lowest grain yield and 7 genotypes with highest grain yield in 
2016. There was no difference in PC1 between the two genotype 
groups before the flowering period but 30 days after flowering, 
PC1 for the low yielding genotypes rose more quickly than the 
high yielding genotypes. PC2 was higher for the high-yielding 
genotypes for most of the season, while PC3 did not demonstrate 
any obvious trend across the whole season. The PC scores of these 
two contrasting genotypes indicate that higher yield is associated 
with a more persistent and full green canopy after flowering. This 
comparison of genotypes contrasting with respect to plot yield gave 
reason to seek other correlations between the BNDVI histogram 
principal components and other agronomically relevant traits.

Flowering Time: Correlations With 
Histogram Principal Components
Maize is a monoecious plant that produces a terminal male 
inflorescence (tassel) at the shoot apex and one or more lateral 

female inflorescences (ears) along the stalk axis (Bortiri and 
Hake, 2007). The timing of male and female flower maturation, 
or flowering time, greatly influences the potential grain yield at 
harvest time. Flowering time is therefore a very important trait 
to measure in a maize breeding program. To evaluate whether 
UAV-based BNDVI measurements contain information about 
male flowering time scored on the ground, we calculated 
Pearson’s correlation coefficients between the histogram PC 
values from each plot and tassel-appearance date. The most 
salient result in Figure 6 is that slightly before the manually 
scored male flowering time (average for all genotypes), PC2 
sharply increased and PC3 coordinately decreased. The 
biological basis of these coupled parameter changes is not 
known, but they could be useful indicators of maize flowering 
time.

Yield: Correlations With Histogram 
Principal Components
The genotypes studied here varied more than two-fold with 
respect to grain yield measured at the end of the season 
(Supplementary Table S1). Figure 7A shows the correlation 
between the principal components and grain yield were as 
high as 0.6 after the flowering period. PC2 correlated positively 
and PC1 correlated negatively with grain yield. Because PC2 
appeared to interpret the mean of the BNDVI distribution 

FIGURE 5 | BNDVI histogram principal components change across the growing season. BNDVI histograms from a low yield (A) and a high yield (B) genotype 
change shape during the 2016 growing season. (C–E) The principal components of the histograms corresponding to the 6 lowest-yielding genotypes (Low yield) 
and the 7 highest-yielding genotypes (High yield) in 2016 were averaged and plotted across the growing season. Significant differences in PC1 (C), especially PC2 
(D), and PC3 (E) were found between the low and high yielding pools of genotypes. An asterisk above a point indicates P < 0.05.
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(Figure 2C), we tested the correlation between mean BNDVI and 
grain yield. Mean BNDVI and PC2 correlated with grain yield 
almost identically, indicating a greener canopy post-flowering 
is associated with a higher yield. PC1 negatively correlated with 
yield, indicating less visible ground (higher canopy coverage) 
after flowering is associated with a higher yield. PC3 negatively 
correlated with yield, indicating a less uniform canopy is 
associated with higher yield. Plant leaf greenness indicated by 
NDVI is an important trait, probably reflecting the ability to 
maintain robust photosynthesis needed for grain filling in the 
final growth stage (Zheng et al., 2009).

Kernel Traits: Correlations With Histogram 
Principal Components
Grain yield is the product of kernel number and kernel weight. 
The latter is a function of kernel length, width, and thickness. 
The correlation between NDVI histograms and these separate 
components of yield was calculated. Figure 7B shows that kernel 
length displayed a correlation pattern similar to that displayed 
by grain yield (Figure 7A) while kernel thickness (distance each 
kernel occupies along the axis of the ear) displayed an inverse 
but otherwise similar correlation pattern (Figure 7C). The kernel 
width measurement returned by the analysis pipeline is probably 
related to and constrained by kernel row number, which is a 
highly heritable trait (Liu et al., 2016). This may explain why 
kernel width did not correlate well with BNDVI histogram 
principal components. Together, these results indicate that 
the features extracted from UAV-based images can be used to 
distinguish high-yielding genotypes from low yielding genotypes 
and that the higher yields are comprised of tall, thin kernels.

Partial Least Squares Regression (PLS-R) 
Modeling
The analyses described thus far were designed to evaluate 
correlations at each sample date. As an alternative approach, we 
performed partial least squares regression (PLS-R) modeling 
to determine if the data contained in the BNDVI histograms 
obtained for each plot at all sample dates could predict the 

measured agronomic traits (flowering time, grain yield, and kernel 
dimensions). The PLS-R model was run 100 times, each time with 
30% of the trials held out. The correlation coefficients obtained for 
each of the 100 runs were averaged and displayed in Table 1. The 
minimum number of factors needed to maintain predictive power 
of the model is also presented in Table 1. In some cases, especially 
for male and female flowering dates, a predictive relationship was 
discovered.

The results presented here are most useful if it can be assumed 
that the subjects (hybrid genotypes) are each unique and genetically 
unrelated. More caution would need to be exercised when 
interpreting the results if the genotypes belonged to a smaller 
number of classes characterized by shared portions of the genome. 
The potential source of misleading correlation to guard against is a 
familial relationship called population structure. It can be assessed by 
performing principal component analysis of genotype marker sets. 
Such an analysis of many of the genotypes used here is presented in 
Supplementary Table S2. The percent of genetic variation explained 
by the first four principal components of the genotype data was found 
to be 12.3, 6.0, 4.7, and 4.5. These genotype principal components did 
not correlate well with the BNDVI histogram principal components 
(Supplementary Table S3). Furthermore, PLS-R predictions 
of grain yield in 2016 and 2017 based on genotype principal 
components was 0.3, substantially lower than the predictions based 
on BNDVI histograms (Table 1). Thus, the BNDVI values derived 
from the UAV platform contain more predictive information than 
the genotype variables; population structure does not appear to be a 
significant confounder of the results and conclusions presented here.

DISCUSSION

Automated image acquisition followed by computational analysis 
promises to advance research on crops by producing better and new 
phenotype measurements (Perez-Sanz et al., 2017). Any approach 
begins with a decision about how to acquire images that will contain 
information about the process or trait of interest. Simplicity of design 
and operation is an important consideration when deciding on an 
image-acquisition platform (Kasampalis et al., 2018). The platform 

FIGURE 6 | Correlations between male flowering (tassel) time and BNDVI histogram principal components in 2016, 2017, and 2018. In each panel, the blue line 
indicates the correlation between tassel time and mean BNDVI. The other lines represent correlation with the indicated principal component. Any correlation value 
that is significant at the P < 0.05 level is marked with a red dot.
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used here was based on a generic UAV and a compact digital camera 
mounted with its optical axis perpendicular to the ground. Open-
source computer code developed by a photography community 
controlled the camera and the UAV was guided along routes created 
by free software running on a standard portable computer. The 
platform used standard global positioning systems (GPS) to navigate 
but not to tag the images. Neither GPS information nor ground 
reference points were necessary to construct full-field images from 
the highly overlapping component images. During a 5 minute flight 
session, the simple, low-cost UAV platform collected all the data 
needed to construct a full-field image comprising 50 plots with sub-
centimeter resolution. Preliminary surveys of 1,000 two-row plots 
were completed in less than one hour.

There are some tradeoffs associated with the simple design 
and easy operation of the platform. The spectrally modified 
camera does not produce a standard NDVI measurement so the 
index values reported here can only be qualitatively compared 
with the results of other studies. To minimize the size of data 
files, the images were compressed and saved in jpeg format, 
which can distort color ratios and therefore affect vegetation 
indices (Verhoeven, 2010). Calibration against a color standard 
in the field was not performed so the effects of seasonal variation 
in sunlight quality were not removed from the data. While 
these issues would negatively affect the accuracy of an NDVI 
measurement, none of them affects the ability of the platform to 
quantitatively compare genotypes on a given date because images 

FIGURE 7 | Correlations between yield, kernel dimensions and BNDVI histogram principal components in 2016, 2017, and 2018. (A) grain yield, (B) kernel length, 
and (C) kernel thickness. In each panel, the blue line indicates the correlation between the trait and mean BNDVI. The other lines represent correlation with the 
indicated principal component. Any correlation value that is significant at the P < 0.05 level is marked with a red dot.
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of each were acquired on clear days within minutes of each other. 
In fact, this platform produced an index that displayed a wide 
range and no saturation as the corn grew and matured, in contrast 
to a recent report of NDVI and its correlation with maize yield in 
different nitrogen conditions (Buchaillot et al., 2019).

It may be surprising that sampling two broad wavebands at 
200,000 points within a plot across genotypes and time could 
produce metrics that correlated strongly with differences in 
flowering time, yield, and kernel thickness, but that is the central 
conclusion of this study. The correlations were reproducible across 
years. The predictive metrics derived from principal component 
analysis of BNDVI histograms have no traditional analog or 
manually-measured equivalent, but the correlations with yield 
were high enough to be useful in a selection process and higher 
than other researchers found using average NDVI as the metric 
(Spitkó et al., 2016; Buchaillot et al., 2019). The BNDVI histogram 
may be more useful for predictions than a simple plot average 
because multivariate analysis of histogram shape can de-emphasize 
uninformative values, for example those that may correspond to 
soil. The present results indicate that the metrics derived from the 
BNDVI histograms predict yield as well or better than genomic 
selection methodologies (Zhao et al., 2012). Our results support 
a recent suggestion to combine spectral information and genomic 
selection to improve breeding processes (Crossa et al., 2017). Other 
uses for mid-season information that reliably relates to yield include 
forecasting a year’s harvest and for inferring yield outcomes that 
were not accurately measured due to late-season storm damage.

Flowering time in relation to growing season has an 
important effect on yield. Traditionally, flowering time is 
measured by humans visually inspecting plots. Therefore, the 
method is prone to individual subjectivity. In 2018, two people 
independently scored flowering time of the plots studied in this 
project. The correlation between their two data sets was 0.82. 
Acquiring BNDVI data frequently during the flowering window 
with a simple UAV platform may more accurately and efficiently 
measure flowering time than human scorers. The feature in the 
data that appears to cause the correlation between NDVI and 
flowering is a transient reduction or dip, possibly due to the 
abrupt appearance of tassel material that is not green. In addition 
to being useful for determining the timing of tassel emergence, 
this feature in the data could serve as a proxy measurement of 
tassel size and structure (Gage et al., 2017), which may affect 
photosynthesis by shading the canopy (Duncan et al., 1967).

At a high level, yield is a function of canopy photosynthesis 
(source) and utilization of photosynthetic products especially in 
developing kernels (sink). Because a vegetation index measures 
the interaction between light and photosynthetic pigments, and 
may even correlate with photosynthetic capacity (Gamon et al., 
1995), it is reasonable to consider that the platform used in this 
study measured source-related traits that affect yield. Lee and 
Tollenaar, (2007) argue that a slow rate of pigment loss in the 
latter stages of the season, a delay in senescence termed “stay 
green,” is associated with greater yield. The transcriptional and 
metabolic pathways associated with the stay-green phenomenon 
are beginning to be elucidated (Sekhon et al., 2019). The BNDVI 
histograms may have captured genotype-dependent differences 
in “stay green” that are associated with grain yield, resulting 

in the observed reproducible correlations with the histogram 
principal components. Performing more flights through the 
senescence period may improve yield predictions from BNDVI 
data by characterizing the senescence time course better. A 
more targeted or hypothesis-based analysis of the BNDVI 
histograms may capture the senescence time course better than 
the principal components approach taken here, resulting in 
better predictions.

The UAV platform described here collects data from which 
metrics that correlate well with flowering time, yield, and kernel 
dimensions can be computed. The bottleneck in the process is 
isolating the individual plots from the full field image. If future 
software development activities can automate this currently 
manual step, then the advantages of a simple aerial platform for 
measuring maize in a field can be put into full practice.

CONCLUSION

The present study demonstrated that a UAV-based imaging 
platform assembled from consumer-grade components can 
generate measurements of a vegetation index that allowed the 
flowering time, yield, and kernel dimensions of maize hybrids to be 
compared. Rather than averaging the index values to summarize 
the plot, the frequency histograms of the values were decomposed 
into principal components. The three principal components that 
explained most of the variance were interpretable and predictive 
of tassel time, grain yield, kernel length, and kernel thickness. If 
a future software development effort could automate the step of 
isolating individual plots from the full-field image, the methods 
described here could allow essentially any research group to 
incorporate high-throughput predictive NGB imaging in their 
maize genetic research or breeding programs.

DATA AVAILABILITY STATEMENT

All datasets for this study are included in the manuscript/
Supplementary Files or are available on request to the 
corresponding author.

AUTHOR CONTRIBUTIONS

ES, NL, SK, and GW conceived of the project. ES assembled the 
UAV platform and camera code. GW designed and performed 
the UAS experiments and data collection. NL and SK were 
responsible for establishing the plots. NM and GW performed 
the statistical analysis; GW and ES wrote the manuscript with 
feedback from the other authors.

FUNDING 

This work was supported by Iowa Corn and USDA-ARS.

ACKNOWLEDGMENTS

The authors thank Paul Braun of Continental Mapping Inc. for 
piloting the UAV in 2016 and 2017, Dustin Eilert and Marina 

https://www.frontiersin.org/journals/plant-science#articles
https://www.frontiersin.org/journals/plant-science/
www.frontiersin.org


Maize Flowering, Yield, and Kernel DimensionsWu et al.

11 October 2019 | Volume 10 | Article 1251Frontiers in Plant Science | www.frontiersin.org

Borsecnik for measuring grain yields, Naser Alkhalifah for 
recording the flowering time, Kathryn Michel for help with 
measuring kernel dimensions, Bridget McFarland for calculating 
the genotype principal components, and Julian Bustamante for 
pilot assistance.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online 
at: https://www.frontiersin.org/articles/10.3389/fpls.2019.01251/
full#supplementary-material

REFERENCES

Araus, J. L., and Cairns, J. E. (2014). Field high-throughput phenotyping: 
the new crop breeding frontier. Trends Plant Sci. 19, 52–61. doi: 10.1016/ 
j.tplants.2013.09.008

Bendig, J., Willkomm, M., Tilly, N., Gnyp, M. L., Bennertz, S., Qiang, C., et 
al. (2013a). Very high resolution crop surface models (CSMs) from UAV-
based stereo images for rice growth monitoring in Northeast China. Int. 
Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 40, 45–50. doi: 10.5194/
isprsarchives-XL-1-W2-45-2013

Bendig, J., Bolten, A., and Bareth, G. (2013b). UAV-based imaging for multi-
temporal, very high resolution crop surface models to monitor crop 
growth variability. Photogramm. Fernerkund. Geoinf. 2013, 551–562. 
doi: 10.1127/1432-8364/2013/0200

Bevan, M. W., Uauy, C., Wulff, B. B. H., Zhou, J., Krasileva, K., and Clark, M. D. 
(2017). Genomic innovation for crop improvement. Nature 543, 346–354. 
doi: 10.1038/nature22011

Bortiri, E., and Hake, S. (2007). Flowering and determinacy in maize. J. Exp. Bot. 28, 
909–916. doi: 10.1093/jxb/erm015

Buchaillot, M. L., Gracia-Romero, A., Vergara-Diaz, O., Zaman-Allah, M. A., 
Tarekegne, A., Cairns, J. E., et al. (2019). Evaluating maize genotype performance 
under low nitrogen conditions using RGB UAV phenotyping techniques. 
Sensors (Basel) 19, 1815. doi: 10.3390/s19081815

Candiago, S., Remondino, F., De Giglio, M., Dubbini, M., and Gattelli, M. (2015). 
Evaluating multispectral images and vegetation indices for precision farming 
applications from UAV images. Remote Sens. 7, 4026–4047. doi: 10.3390/
rs70404026

Cerrudo, D., González Pérez, L., Mendoza Lugo, J. A., and Trachsel, S. (2017). 
Stay-green and associated vegetative indices to breed maize adapted to heat and 
combined heat-drought stresses. Remote Sens. 9, 235. doi: 10.3390/rs9030235

Chu, T., Starek, M. J., Brewer, M. J., Murray, S. C., and Pruter, L. S. (2017). Assessing 
lodging severity over an experimental maize (Zea mays L.) field using UAS 
images. Remote Sens. 9, 923. doi: 10.3390/rs9090923

Colomina, I., and Molina, P. (2014). Unmanned aerial systems for photogrammetry 
and remote sensing: a review. ISPRS J. Photogramm. Remote Sens. 92, 79–97. doi: 
10.1016/j.isprsjprs.2014.02.013

Condorelli, G. E., Maccaferri, M., Newcomb, M., Andrade-Sanchez, P., White, 
J. W., French, A. N., et al. (2018). Comparative aerial and ground based high 
throughput phenotyping for the genetic dissection of NDVI as a proxy for 
drought adaptive traits in Durum wheat. Front. Plant Sci. 9, 893. doi: 10.3389/
fpls.2018.00893

Crossa, J., Pérez-Rodríguez, P., Cuevas, J., Montesinos-López, O., Jarquín, 
D., de  los Campos, G., et al. (2017). Genomic selection in plant breeding: 
methods, models, and perspectives. Trends Plant Sci. 22, 961–975. doi: 10.1016/ 
j.tplants.2017.08.011

Deery, D., Jimenez-Berni, J., Jones, H., Sirault, X., and Furbank, R. (2014). Proximal 
remote sensing buggies and potential applications for field-based phenotyping. 
Agronomy 4, 349–379. doi: 10.3390/agronomy4030349

Duncan, W. G., Williams, W. A., and Loomis, R. S. (1967). Tassels and the 
productivity of maize. Crop Sci. 7, 37–39. doi: 10.2135/cropsci1967.0011183X
000700010013x

Edwards, D., Batley, J., and Snowdon, R. J. (2013). Accessing complex crop genomes 
with next-generation sequencing. Theor. Appl. Genet. 126, 1–11. doi: 10.1007/
s00122-012-1964-x

Furbank, R. T., and Tester, M. (2011). Phenomics—technologies to relieve 
the phenotyping bottleneck. Trends Plant Sci. 16, 635–644. doi: 10.1016/ 
j.tplants.2011.09.005

Gage, J., Miller, N. D., Spalding, E. P., Kaeppler, S. M., and de Leon, N. (2017). 
TIPS: a system for automated image-based phenotyping of maize tassels. Plant 
Methods 13, 21. doi: 10.1186/s13007-017-0172-8

Gamon, J. A., Field, C. B., Goulden, M. L., Griffin, K. L., Hartley, A. E., Geeske, J., 
et al. (1995). Relationships between NDVI, canopy structure, and photosynthesis 
in three California vegetation types. Ecol. App. 5, 28–41. doi: 10.2307/1942049

Guan, S., Fukami, K., Matsunaka, H., Okami, M., Tanaka, R., and Nakano, H. 
(2019). Assessing correlation of high-resolution NDVI with fertilizer application 
level and yield of rice and wheat crops using small UAVs. Remote Sens. 11, 112. 
doi: 10.3390/rs11020112

Haghighattalab, A., González Pérez, L., Mondal, S., Singh, D., Schinstock, D., 
Rutkoski, J., et al. (2016). Application of unmanned aerial systems for high 
throughput phenotyping of large wheat breeding nurseries. Plant Methods 12, 
35. doi: 10.1186/s13007-016-0134-6

Han, L., Yang, G., Yang, H., Xu, B., Li, Z., and Yang, X. (2018). Clustering field-
based maize phenotyping of plant-height growth and canopy spectral dynamics 
using a UAV remote-sensing approach. Front. Plant Sci. 9, 1638. doi: 10.3389/
fpls.2018.01638

Holman, F. H., Riche, A. B., Michalski, A., Castle, M., Wooster, M. J., and 
Hawkesford, M. J. (2016). High throughput field phenotyping of wheat plant 
height and growth rate in field plot trials using UAV based remote sensing. 
Remote Sens. 8, 1031. doi: 10.3390/rs8121031

Issei, H.-Y., Ishii, K., and Noguchi, N. (2010). Satellite and aerial remote sensing 
for production estimates and crop assessment. Environ. Control Biol. 48, 51–58. 
doi: 10.2525/ecb.48.51

Kasampalis, D. A., Alexandridis, T. K., Deva, C., Challinor, A., Moshou, D., and 
Zalidis, G. (2018). Contribution of remote sensing on crop models: a review. 
J. Imaging 4, 52. doi: 10.3390/jimaging4040052

Lee, E. A., and Tollenaar., M. (2007). Physiological basis of successful breeding 
strategies for maize grain yield. Crop Sci. 47, S202–S215. doi: 10.2135/
cropsci2007.04.0010IPBS

Li, W., Niu, Z., Chen, H. Y., Li, D., Wu, M. Q., and Zhao, W. (2016). Remote 
estimation of canopy height and aboveground biomass of maize using high-
resolution stereo images from a low-cost unmanned aerial vehicle system. Ecol. 
Indic. 67, 637–648. doi: 10.1016/j.ecolind.2016.03.036

Liebisch, F., Kirchgessner, N., Schneider, D., Walter, A., and Hund, A. (2015). 
Remote, aerial phenotyping of maize traits with a mobile multi-sensor approach. 
Plant Methods 11, 1746–4811. doi: 10.1186/s13007-015-0048-8

Liu, C., Zhou, Q., Dong, L., Wang, H., Liu, F., Weng, J., et al. (2016). Genetic 
architecture of the maize kernel row number revealed by combining QTL 
mapping using a high-density genetic map and bulked segregant RNA 
sequencing. BMC Genomics 17, 915. doi: 10.1186/s12864-016-3240-y

Makanza, R., Zaman-Allah, M., Cairns, J. E., Magorokosho, C., Tarekegne, A., 
Olsen, M., et al. (2018). High-throughput phenotyping of canopy cover and 
senescence in maize field trials using aerial digital canopy imaging. Remote Sens. 
10, 330. doi: 10.3390/rs10020330

Miller, N. D., Haase, N. J., Lee, J., Kaeppler, S. M., de Leon, N., and Spalding, E. P. 
(2017). A robust, high-throughput method for computing maize ear, cob, and 
kernel attributes automatically from images. Plant J. 89, 169–178. doi: 10.1111/
tpj.13320

Montes, J. M., Technow, F., Dhillon, B. S., Mauch, F., and Melchinger, A. E. (2011). 
High-throughput non-destructive biomass determination during early plant 
development in maize under field conditions. Field Crop Res. 121, 268–273. doi: 
10.1016/j.fcr.2010.12.017

Perez-Sanz, F., Navarro, P. J., and Egea-Cortines, M. (2017). Plant phenomics: an 
overview of image acquisition technologies and image data analysis algorithms. 
Gigascience 6, 1–18. doi: 10.1093/gigascience/gix092

https://www.frontiersin.org/journals/plant-science#articles
https://www.frontiersin.org/journals/plant-science/
www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fpls.2019.01251/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2019.01251/full#supplementary-material
https://doi.org/10.1016/j.tplants.2013.09.008
https://doi.org/10.1016/j.tplants.2013.09.008
https://doi.org/10.5194/isprsarchives-XL-1-W2-45-2013
https://doi.org/10.5194/isprsarchives-XL-1-W2-45-2013
https://doi.org/10.1127/1432-8364/2013/0200
https://doi.org/10.1038/nature22011
https://doi.org/10.1093/jxb/erm015
https://doi.org/10.3390/s19081815
https://doi.org/10.3390/rs70404026
https://doi.org/10.3390/rs70404026
https://doi.org/10.3390/rs9030235
https://doi.org/10.3390/rs9090923
https://doi.org/10.1016/j.isprsjprs.2014.02.013
https://doi.org/10.3389/fpls.2018.00893
https://doi.org/10.3389/fpls.2018.00893
https://doi.org/10.1016/j.tplants.2017.08.011
https://doi.org/10.1016/j.tplants.2017.08.011
https://doi.org/10.3390/agronomy4030349
https://doi.org/10.2135/cropsci1967.0011183X000700010013x
https://doi.org/10.2135/cropsci1967.0011183X000700010013x
https://doi.org/10.1007/s00122-012-1964-x
https://doi.org/10.1007/s00122-012-1964-x
https://doi.org/10.1016/j.tplants.2011.09.005
https://doi.org/10.1016/j.tplants.2011.09.005
https://doi.org/10.1186/s13007-017-0172-8
https://doi.org/10.2307/1942049
https://doi.org/10.3390/rs11020112
https://doi.org/10.1186/s13007-016-0134-6
https://doi.org/10.3389/fpls.2018.01638
https://doi.org/10.3389/fpls.2018.01638
https://doi.org/10.3390/rs8121031
https://doi.org/10.2525/ecb.48.51
https://doi.org/10.3390/jimaging4040052
https://doi.org/10.2135/cropsci2007.04.0010IPBS
https://doi.org/10.2135/cropsci2007.04.0010IPBS
https://doi.org/10.1016/j.ecolind.2016.03.036
https://doi.org/10.1186/s13007-015-0048-8
https://doi.org/10.1186/s12864-016-3240-y
https://doi.org/10.3390/rs10020330
https://doi.org/10.1111/tpj.13320
https://doi.org/10.1111/tpj.13320
https://doi.org/10.1016/j.fcr.2010.12.017
https://doi.org/10.1093/gigascience/gix092


Maize Flowering, Yield, and Kernel DimensionsWu et al.

12 October 2019 | Volume 10 | Article 1251Frontiers in Plant Science | www.frontiersin.org

Pölönen, I., Saari, H., Kaivosoja, J., Honkavaara, E., and Pesonen, L. (2013). 
Hyperspectral imaging based biomass and nitrogen content estimations from 
light-weight UAV. Proc. SPIE 8887, 88870J. doi: 10.1117/12.2028624

Pugh, N. A., Horne, D. W., Murray, S. C., Carvalho, G., Malambo, L., Jung, J., et al. 
(2018). Temporal estimates of crop growth in sorghum and maize breeding 
enabled by unmanned aerial systems. Plant Phenome. J. 1, 170006. doi: 10.2135/
tppj2017.08.0006

Rouse, J. W., Haas, R. H., Schell, J. A., and Deering, D. W. (1973). “Monitoring 
vegetation systems in the great plains with ERTS,” in Third NASA ERTS 
Symposium (Washington, D.C., USA: NASA SP-351 I), 309–317. 

Sekhon, R. S., Saski, C., Kumar, R., Flinn, B., Luo, F., Beissinger, T. M., et al. 
(2019). Integrated genome-scale analysis identifies novel genes and networks 
underlying senescence in maize. Plant Cell 31, 1968–1989. doi: 10.1105/
tpc.18.00930

Shi, Y., Thomasson, J. A., Murray, S. C., Pugh, N. A., Rooney, W. L., Shafian, S., 
et  al. (2016). Unmanned aerial vehicles for high-throughput phenotyping 
and agronomic research. PLoS One 11, e0159781. doi: 10.1371/journal.
pone.0159781

Spitkó, T., Nagy, Z., Zsubori, T., Szőke, C., Berzy, T., Pintér, J., et al. (2016). 
Connection between normalized difference vegetation index and yield in 
maize. Plant Soil Environ. 62, 293–298. doi: 10.17221/676/2015-PSE

Tucker, C. J. (1979). Red and photographic infrared linear combinations 
for monitoring vegetation. Remote Sens. Environ. 8, 127–150. 
doi: 10.1016/0034-4257(79)90013-0

Tucker, C. J., and Choudhury, B. J. (1987). Satellite remote sensing  of drought 
conditions. Remote Sens. Environ. 23, 243–251. doi: 10.1016/0034-4257 
(87)90040-X

Verhoeven, G. J. J. (2010). It’s all about the format—unleashing the power 
of RAW aerial photography. Inter. J. Remote Sens. 31, 2009–2042. 
doi: 10.1080/01431160902929271

Viña, A., Gitelson, A. A., Rundquist, D. C., Keydan, G., Leavitt, B., and Schepers, J. 
(2004). Monitoring maize (Zea mays L.) phenology with remote sensing. 
Agro. J. 96, 1139–1147. doi: 10.2134/agronj2004.1139

White, J. W., Andrade-Sanchez, P., Gore, M. A., Bronson, K. F., Coffelt, T. A., 
Conley, M. M., et al. (2012). Field-based phenomics for plant genetics research. 
Field Crops Res. 133, 101–112. doi: 10.1016/j.fcr.2012.04.003

Yang, G., Liu, J., Zhao, C., Li, Z., Huang, Y., Yu, H., et al. (2017). Unmanned aerial 
vehicle remote sensing for field-based crop phenotyping: current status and 
perspectives. Front Plant Sci. 8, 1111. doi: 10.3389/fpls.2017.01111

Yu, K., Kirchgessner, N., Grieder, C., Walter, A., and Hund, A. (2017). An image 
analysis pipeline for automated classification of imaging light conditions and 
for quantification of wheat canopy cover time series in field phenotyping. Plant 
Methods 13, 15. doi: 10.1186/s13007-017-0168-4

Zaman-Allah., M., Vergara, O., Araus, J. L., Tarekegne, A., Magorokosho, C., Zarco-
Tejada, P. J., et al. (2015). Unmanned aerial platform-based multi-spectral 
imaging for field phenotyping of maize. Plant Methods 11, 35. doi:  10.1186/
s13007-015-0078-2

Zarco-Tejada, P. J., González-Dugo, V., and Berni, J. A. J. (2012). Fluorescence, 
temperature and narrow-band indices acquired from a UAV platform for water 
stress detection using a micro-hyperspectral imager and a thermal camera. 
Remote Sens. Environ. 117, 322–337. doi: 10.1016/j.rse.2011.10.007

Zhang, K., Ge, X., Shen, P., Li, W., Liu, X., Cao, Q., et al. (2019). Predicting rice 
grain yield based on dynamic changes in vegetation indexes during early to 
mid-growth stages. Remote Sens. 11, 387. doi: 10.3390/rs11040387

Zhao, Y., Gowda, M., Liu, W., Würschum, T., Maurer, H. P., Longin, F. H., et al. 
(2012). Accuracy of genomic selection in European maize elite breeding 
populations. Theor. Appl. Genet. 124, 769–776. doi: 10.1007/s00122-011-1745-y

Zheng, H. J., Wu, A. Z., Zheng, C. C., Wang, Y. F., Cai, R., Shen, X. F., et al. (2009). 
QTL mapping of maize (Zea mays) stay-green traits and their relationship to 
yield. Plant Breed. 128, 54–62. doi: 10.1111/j.1439-0523.2008.01529.x

Conflict of Interest: The authors declare that the research was conducted in the 
absence of any commercial or financial relationships that could be construed as a 
potential conflict of interest.

Copyright © 2019 Wu, Miller, de Leon, Kaeppler and Spalding. This is an open-
access article distributed under the terms of the Creative Commons Attribution 
License (CC BY). The use, distribution or reproduction in other forums is permitted, 
provided the original author(s) and the copyright owner(s) are credited and that 
the original publication in this journal is cited, in accordance with accepted 
academic practice. No use, distribution or reproduction is permitted which does 
not comply with these terms.

https://www.frontiersin.org/journals/plant-science#articles
https://www.frontiersin.org/journals/plant-science/
www.frontiersin.org
https://doi.org/10.1117/12.2028624
https://doi.org/10.2135/tppj2017.08.0006
https://doi.org/10.2135/tppj2017.08.0006
https://doi.org/10.1105/tpc.18.00930
https://doi.org/10.1105/tpc.18.00930
https://doi.org/10.1371/journal.pone.0159781
https://doi.org/10.1371/journal.pone.0159781
https://doi.org/10.17221/676/2015-PSE
https://doi.org/10.1016/0034-4257(79)90013-0
https://doi.org/10.1016/0034-4257(87)90040-X
https://doi.org/10.1016/0034-4257(87)90040-X
https://doi.org/10.1080/01431160902929271
https://doi.org/10.2134/agronj2004.1139
https://doi.org/10.1016/j.fcr.2012.04.003
https://doi.org/10.3389/fpls.2017.01111
https://doi.org/10.1186/s13007-017-0168-4
https://doi.org/10.1186/s13007-015-0078-2
https://doi.org/10.1186/s13007-015-0078-2
https://doi.org/10.1016/j.rse.2011.10.007
https://doi.org/10.3390/rs11040387
https://doi.org/10.1007/s00122-011-1745-y
https://doi.org/10.1111/j.1439-0523.2008.01529.x
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Predicting Zea mays Flowering Time, Yield, and Kernel Dimensions by Analyzing Aerial Images

	Introduction

	Materials and Methods

	Germplasm and Field Trials

	Flowering Time

	Kernel Dimensions

	Grain Yield

	Unmanned Aerial Vehicle Platform

	Image Processing and BNDVI Extraction

	Principal Component Analysis (PCA)

	Partial Least Squares Regression (PLS-R)


	Results

	BNDVI Profiles During Growing Season

	Principal Components Analysis of BNDVI Histograms

	Flowering Time: Correlations With Histogram Principal Components

	Yield: Correlations With Histogram Principal Components

	Kernel Traits: Correlations With Histogram Principal Components

	Partial Least Squares Regression (PLS-R) Modeling


	Discussion

	Conclusion

	Data Availability Statement

	Author Contributions

	Funding 

	Acknowledgments

	Supplementary Material

	References



