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Quantifying plant water content and nitrogen levels and determining water and nitrogen
phenotypes is important for crop management and achieving optimal yield and quality.
Hyperspectral methods have the potential to advance high throughput phenotyping efforts
by providing a rapid, accurate, and nondestructive alternative for estimating biochemical
and physiological plant traits. Our study (i) acquired hyperspectral images of wheat plants
using a high throughput phenotyping system, (i) developed regression models capable
of predicting water and nitrogen levels of wheat plants, and (ji) applied the regression
coefficients from the best-performing models to hyperspectral images in order to develop
prediction maps to visualize nitrogen and water distribution within plants. Hyperspectral
images were collected of four wheat (Triticum aestivum) genotypes grown in nine sail
nutrient conditions and under two water treatments. Five multivariate regression methods
in combination with 10 spectral preprocessing techniques were employed to find a
model with strong predictive performance. Visible and near infrared wavelengths (VNIR:
400-1,000nm) alone were not sufficient to accurately predict water and nitrogen content
(validation R? = 0.56 and R? = 0.59, respectively) but model accuracy was improved when
shortwave-infrared wavelengths (SWIR: 1,000-2,500nm) were incorporated (validation
R? =0.63 and R? = 0.66, respectively). Wavelength reduction produced equivalent model
accuracies while reducing model size and complexity (validation R? = 0.69 and R? = 0.66
for water and nitrogen, respectively). Developed distribution maps provided a visual
representation of the concentration and distribution of water within plants while nitrogen
maps seemed to suffer from noise. The findings and methods from this study demonstrate
the high potential of high-throughput hyperspectral imagery for estimating and visualizing
the distribution of plant chemical properties.
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INTRODUCTION

Wheat (Triticum aestivum) is the major winter crop in
Australia and sustainable improvement of yields is a major
research focus. The availability of nitrogen and water are widely
recognized as two of the main factors limiting crop growth and
production (Garnett and Rebetzke, 2013). Nitrogen is essential
for crops but nitrogen use efficiency is generally low (Raun
and Johnson, 1999). Understanding the nitrogen dynamics
within the plant is key to improving fertilization practices and
breeding more efficient crops (Garnett et al., 2015) which in
turn may help reach the increased yields required for a growing
population. Water also profoundly influences plant health and
potential yield. Water is a strong driver of photosynthesis,
respiration, absorption, and the translocation of nutrients
and metabolites throughout the plant (Lambers et al., 2008).
The accurate assessment of water content also has importance
for fertilization, irrigation practices, and drought assessment
(Penuelas et al., 1997; Torres et al., 2019).

High throughput plant phenotyping is an emerging approach
for plant breeding and crop improvement studies (Awada et al.,
2018; Hansen et al., 2018). Image-based phenotyping offers
nondestructive techniques which can significantly reduce the
cost, time, and labor involved in larger-scale screening trials.
Collecting information from multiple sensors allows near-
simultaneous data collection for the measurement of many plant
traits (Li et al., 2014; Humplik et al., 2015). Since such methods
are nondestructive, they are repeatable across a plants lifecycle,
thereby allowing for changes to be detected over time which
otherwise could not be determined with traditional destructive
analyses (Berger et al., 2012; Fahlgren et al., 2015).

Hyperspectral cameras are becoming more common in the
plant research environment. Hyperspectral imaging combines
the benefits of both spectroscopy and traditional imaging; it
is able to quantify light reflectance across hundreds of narrow
spectral bands for distinct spatial pixels (EIMasry et al., 2012;
Liu et al, 2014). Hyperspectral imaging has successfully
been used in the prediction of many plant traits such as early
drought stress in barley (Behmann et al., 2014), macronutrient
content and distribution in oilseed rape (Zhang et al., 2013),
and nitrogen distribution in cucumber leaves (Yu et al., 2014).
Chemical properties, including water content, micronutrient,
and macronutrient concentrations, have also been quantified
in maize and soybean plants using hyperspectral imaging in
a high throughput phenotyping greenhouse (Ge et al., 2016;
Pandey et al., 2017).

Multivariate analysis techniques are required to relate the
spectral information gained from hyperspectral instruments
to the chemical or physical traits of interest. Many different
multivariate methods exist for model development but these
techniques require a measured reference sample to use in the
development of calibration models. Although ideal, this is
impossible to achieve at a pixel-scale resolution; wet chemistry
reference methods often require minimum amounts of tissue
from an entire leaf or plant. Therefore, regression is often
performed using mean spectra extracted from the entire
plant or a region thereof (Ge et al., 2016; Pandey et al., 2017).

Regression coefficient vectors based on these mean spectra
can then be applied to the image at the individual pixel
scale to make predictions at a resolution equivalent to that
of the images acquired. These developed prediction maps,
or distribution maps, provide a visual interpretation of the
content and spatial variation of the predicted component
which otherwise cannot be visualized by the hyperspectral
data alone.

The present study focused on wheat, the major winter crop in
Australia. The specific objectives were (i) to acquire hyperspectral
images of wheat plants using a high throughput phenotyping
system, (ii) develop regression models capable of predicting water
and nitrogen levels of wheat plants, and (iii) apply the regression
coeflicients from the best-performing models to hyperspectral
images in order to develop prediction maps to visualize nitrogen
and water distribution within plants.

MATERIALS AND METHODS

The experiment was carried out in an automated phenotyping
platform (LemnaTec GmbH, Aachen, Germany) at The Plant
Accelerator (Australian Plant Phenomics Facility, University of
Adelaide, Adelaide, Australia; longitude: 138.64, latitude: -34.97).
The platform houses a hyperspectral imaging chamber (WIWAM,
Ghent, Netherlands) which contains two individual cameras, a
Specim FX10 (Specim, Oulu, Finland) operating in the VNIR
(visible and near infrared: 400-1,000 nm) range and Specim
SWIR (Specim, Oulu, Finland) operating at the longer SWIR
(shortwave infrared: 1,300-2,500 nm) wavelengths. The VNIR
FX10 has spatial sampling of 1024 pixels and a spectral interval of
approximately 1.3 nm, capturing a total of 448 individual spectral
measurements for each image acquisition. The SWIR camera
has spatial sampling of 640 pixels and a spectral interval of 5.7
nm, capturing 288 bands. The hyperspectral imaging chamber
is illuminated by 18 halogen lights to ensure a consistent light
source across the wavelengths.

Experimental Design

Four soil nutrient factors at two levels each and two watering
treatments were applied to four varieties of wheat- cv Gladius,
Kukri, Mace and RAC875. The nutrient factors were nitrogen
(N:25, 100 mg/kg), phosphorous (P:15, 40 mg/kg), potassium
(K:20, 60 mg/kg), and Micromax (5, 10 g/150 g). Half of the full
2%4(= 16) combinations of the soil nutrient treatments, in addition
to a control treatment where no nutrients were added, were
included in the design, resulting in nine different soil nutrients
treatments (Table 1). The base soil was a 1:1:1 mixture of UC
(University of California)-mix:coco-peat:clay-loam without any
nutrients but balanced to pH 6.4 using dolomite lime. The base
soil was divided and different levels of nutrients were added and
mixed by hand. Nitrogen was added as Polyon urea (Polyon, 42%
N, Koch, Melbourne, Australia), phosphorous as Superphosphate
(20.1% P, Incitec Pivot Ltd., Melbourne, Australia), potassium as
Potash sulphate (Greenskote, 41% K), and secondary nutrients
as Micromax (Scotts Micromax micronutrients; Scotts-Sierra
Horticultural Products Co., Marysville, Ohio).
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TABLE 1 | Nutrient levels of the different soils used in this study. Half of the full
24(= 16) combinations of the soil nutrient treatments were used in addition to a
control treatment, where no nutrients were added.

Soil N (mg/kg) P (mg/kg) K (mg/kg) secondary
nutrients
(9/150kg)

1 0 0 0 0

2 25 15 20 5

3 100 15 20 10

4 25 40 20 10

5 100 40 20 5

6 25 15 60 10

7 100 15 60 5

8 25 40 60 5

9 100 40 60 10

For the drought treatment, pots were dried down to 10% (g/g)
gravimetric water content 23 days after sowing (DAS) to ensure
initial plant establishment in well-watered conditions. The well-
watered pots were watered to 20% (g/g) water content which was
then increased to 23% (g/g) from 34 DAS as growth increased
and additional water reserves were required. Each soil, variety
and drought combination was replicated six times resulting in a
total of 432 pots. Plants were grown in 150 mm pots containing
2.5 kg of dry soil. The greenhouse maintained an average daytime
temperature of 23.8°C and average night temperature of 17.5°C.

When first sown, pots were kept on greenhouse benches
and hand watered daily until plant emergence. The pots were
transferred to the conveyor system 17 DAS where the daily
watering became automated. Pots were arranged in a criss-cross
design with split-plots, randomized using “dae” (Brien, 2017),
a package for the R statistical computing environment (R Core
Team, 2017). The pots occupied 24 lanes divided into six zones,
each containing a single replicate of allocated factors. The four
varieties were randomized to the four lanes in each zone. The
layout was split into two sides (west and east) and the drought
treatments randomized to the combination of zones by sides
using three 2x2 Latin squares. The nine soil nutrient treatments
were assigned to the nine carts with a lane-side combination
using an 8x9 Youden square.

Data Collection

Hyperspectral System and Data Measurements
Hyperspectral images were collected weekly from 31-61 DAS
from a position above the plant. The data collected for each plant
consisted of a raw hyperspectral datacube, a white reference and
dark reference image. MATLAB (2017b, The MathWorks, Natick,
MA) was used to write a function to convert the raw and reference
image data into calibrated 3D datacubes of the plants (Equation 1):

I — I raw I dark
calibrated — I

(1)

white I dark

where I_jj...q is the calibrated datacube image, I, is the raw,
unprocessed datacube, I, is the dark current image, and I, is
the white reference image.

Plant Sampling and Chemical Analysis

At the end of the experiment (61 DAS), the flag leaf from the
main tiller and the remainder of the plant were harvested
separately. The plant (minus a flag leaf) was immediately weighed
to measure plant fresh weight. Samples were then placed in an
oven at 60°C for 72 hours until a constant weight had been
achieved and were then reweighed to obtain dry weight. Plant
water content was calculated by (Equation 2):

W, —W,

water content = D x 100% ()

F

where W is the fresh weight of the harvested sample and W,
is the dried sample weight.

The flag leaf samples were reserved for nitrogen analysis.
Nitrogen was measured using a “rapid N exceed” N analyzer
(Elementar Analysensysteme GmbH, Langenselbold, Germany)
with the Dumas combustion method. Samples were dried using
the same methods as the whole plant samples and were then
ground using a Geno/Grinder (SPEX SamplePrep, NJ, USA).
Although different nutrient factors of N, P, and K were selected
in the experimental design, only nitrogen values were predicted;
there was insufficient flag-leaf tissue to also allow for the analysis
of phosphorous and potassium. Nitrogen was therefore selected
due to its importance to crop health.

Data Analysis

Extraction of Mean Plant Spectra

In order to extract only the spectral information corresponding
to the plant shoot, the background pixels of the images were
identified and excluded. This was achieved in the VNIR (400~
1,000 nm) images by establishing an enhanced vegetation index
(EVTI) threshold mask in order to segment the plant tissue from
other pixels (Huete et al., 2002). The band at 670 nm was assigned
as the red band, 800 nm as the NIR band, and 470 nm as the blue
band. These bands were extracted from the datacubes and used
to calculate the EVI output for each image (Equation 3):

— 2.5 Ryir = Ry
(Ryr +6Ry — 7.5R;) +1

EVI (3)

where Ry is the reflectance value in the near infrared band,
Ry isthereflectance value in the red band, and Ry, is the reflectance
value in the blue band. The EVI output image was found to be
very effective at identifying and segmenting plant pixels from
background pixels when a threshold of 0.25 was applied. A
binary mask based on the EVI values above 0.25 was therefore
built and applied to the calibrated images. The reflectance values
of all pixels identified as vegetation were then averaged to obtain
the average reflectance spectrum of each plant.

For the SWIR images (1,000-2,500 nm), a different
segmentation method was adopted (Liu et al, 2019). The
SWIR data was first transformed from the original space of the
hypercube to a hyper-hue space. A SVM model was then trained
with a radial basis function kernel using the svm.OneClassSVM
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function in the Python programming language (Python Software
Foundation) with the sklearn toolbox (Pedregosa et al., 2011) and
optimal parameter tuning. The extracted mean spectra from both
the VNIR and SWIR cameras were then combined for each plant.

Multivariate Regression

The average plant reflectance spectrum extracted from each
image was used to develop models capable of predicting water
content (%) and nitrogen content (%) in wheat plants. Spectral
pre-processing techniques were used to remove noise, transform
spectra, emphasis features, and to extract useful information
in order to develop multivariate prediction models. The
preprocessing techniques selected were adapted from those of
Dotto et al. (2018) and Gholizadeh et al. (2015) and included
the first-order Savitzky-Golay derivative (see further detail
below) on reflectance spectra (SGD1), second-order Savitzky-
Golay derivate on reflectance spectra (SGD2), the first-order
Savitzky-Golay derivative of the absorbance-transformed spectra
(ASGD1), the second-order Savitzky-Golay derivative of the
absorbance-transformed spectra (ASGD2), multiplicative scatter
correction (MSC), extended multiplicative scatter correction
(EMSC), normalization by range (NBR), standard normal variate
spectra (SNV), and smoothed spectra (SMO). In addition, the
raw spectra were also used as model input to evaluate whether
preprocessing actually improved the regression results.

Savitzky-Golay (SG) derivatives are used to reduce baseline
shifts and linear trends: the first derivative removes baseline
drifts whereas second derivatives can remove both baseline and
linear effects (Martens and Nees, 2011). SG derivatives perform
least squares linear regression fits of a polynomial around each
point in the spectrum to smooth the data. They involve a spectral
smoothing method prior to derivation to reduce the signal-to-
noise ratio and to determine how many adjacent variables will
be used for their calculation. Consideration is required when
selecting the tuning parameters for derivatives: the polynomial
order, window size, and order of differentiation can strongly
influence resulting spectra (Zimmermann and Kohler, 2013).
The first-order derivative was calculated using Savitzky-Golay
filtering in the “prospectr” package (Stevens and Ramirez-Lopez,
2015) in the R open-source statistical environment (R Core
Team, 2007). The SGD1 treatment was fitted with a first order
differentiation, second-order polynomial, and a window size
of 11. Similarly, the SGD2 treatment was fitted with a second-
order polynomial, a window size of 11 but with a second order
differentiation. For the ASGD1 treated data, the raw reflectance
was first converted to absorbance values before a first-order
Savitzky-Golay derivative was applied with a second-order
polynomial and a window size of 11 nm.

Multiplicative scatter correction (MSC) involves regressing
each spectrum in a dataset against a reference spectrum (quite
commonly, the mean spectrum) in order to estimate the intercept
and slope of the equation representing the scattering component
(Geladi et al., 1985). Each spectrum in the dataset is corrected
by subtracting the intercept and dividing by the slope. Extended
multiplicative scatter correction (EMSC) is an improvement to
MSC that allows the physical light scattering effects to be separated
from chemical light effects in spectra (Martens and Stark, 1991).

Standard normal variate (SNV) removes scatter effects from
spectral data by performing a row-oriented transformation which
centers and scales each spectrum (Barnes et al., 1989). Performing
SNV will produce similar results to MSC. The main difference is
that SNV does not use the mean spectrum for standardisation
but relies only on the data of each individual spectrum.
Normalization by range (NBR) is a simple normalisation which
adjusts values that are measured on different scales. Neither SNV
nor normalization involve least squares fitting and are therefore
quite sensitive to spectral noise (Rinnan et al., 2009). The MSC
treatment was applied using the “pls” (Mevik and Wehrens, 2007)
package in the R open-source statistical environment (R Core
Team, 2007). The CRR and SNV treatments were applied using
the “prospectr” package (Stevens and Ramirez-Lopez, 2015),
the EMSC transformation was applied through the “EMSC”
package (Liland, 2017) using a 6-degree polynomial, and the
NBR was applied using the “clusterSim” package (Walesiak and
Dudek, 2017).

The five different multivariate regression methods applied in
this study were partial least square regression (PLSR), Principal
Component Regression (PCR), Multiple Linear Regression
(MLR), Support Vector Machines (SVM), and Random Forest
(RF). PLSR is a multivariate calibration method that uses data
compression in order to reduce the full spectrum into a smaller
number of noncorrelated components while maintaining the
majority of the information contained in the data (Axelsson et al.,
2013). PLSR is a popular and widely-used regression method
because it performs well when variables contain high correlation
or colinearity, as is the case with hyperspectral data, due to its
ability to minimise redundancy and overfitting of models (Wold
et al., 2001). PLSR was applied in the “pls” package (ncomp =
10, validation = “CV”). The optimal number of components to
include in the model was determined by visual inspection of the
root mean square error of prediction (RMSEP) graph; the number
of components which gave the lowest RMSEP was selected.

PCR is a technique very similar to PLSR in that it is able
to model variables when there are a large number of highly
correlated predictors present (Wold et al., 1984). Furthermore,
both techniques construct new predictor variables which are
linear combinations of the original predictor variables. As with
the PLSR, PCR was applied in the “pls” package (ncomp =
10, validation = “CV”). The optimal number of components
to include in the model was determined by the number of
components which gave the lowest RMSEP.

MLR is one of the most common forms of linear regression
analysis which has had some success with hyperspectral data
(Pan et al,, 2016). However, it may not be particularly applicable
to all high-dimensional hyperspectral data as many of the data
assumptions are not met. For example, MLR assumes that a
linear relationship between the independent and dependent
variables exists as well as that variables are normally distributed
(Montgomery etal., 2012; Osborne and Waters, 2002). The “MASS”
package (Venables and Ripley, 2002) was used to fit a linear model
by ridge regression (lambda = 0.1-10 by 0.1, repl = 10).

SVM is a group of supervised learning methods originally
developed for classification and has recently been adapted for
regression models. SVM create hyperplanes that maximize the
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margins between different classes by reducing the cost function
and therefore enabling high prediction performance (Do et al.,
2012; Karatzoglou et al., 2005). SVM models are able to fit both
linear and nonlinear relationships between variables and are
able to handle large datasets (Dotto et al., 2018). Support vector
machine (type = “eps’, kernel = “radial’, cost = 50) was employed
using the “e1071” package (Meyer et al., 2017).

RF is a machine learning technique that enhances the
performance of a single decision tree by averaging the predictions
from multiple trees, each of which is generated from a random
selection of the input variables (Belgiu and Dragut, 2016).
RF is flexible with small or large datasets but their validation
performance is usually poor compared to their calibration
performance. The results from a RF model can also be difficult
to interpret so their implementation has not been widespread
in past spectroscopic vegetation studies. The “randomForest”
package was used to implement a RF algorithm (ntree = 1000,
type = “regression”) (Liaw and Wiener, 2002).

The dataset of mean spectra was split based on experimental
replicates into a training set (n = 236 for nitrogen and n = 250
for water) and a validation (n = 109 for nitrogen and n = 105
for water) set to allow both the development and independent
validation of the models. Only the training data set was used in
the development of the nutrient prediction models; the validation
set was used as an independent test set. The total number of
samples used in model development deviated from the total
number of pots in the experiment (n = 432) due to technical
issues during image acquisition. The number of samples in the
calibration sets varied between the water and nitrogen regressions
because plants grown in soil 1 (no nutrients) did not produce a
flag leaf and therefore were not sampled for nitrogen analysis.
The accuracy of the developed models was assessed using the
independent testing set excluded from the model calibration.
Three statistical measures were calculated to evaluate the models
developed by each of the multivariate methods: the coefficient
of determination (R?), root mean square error (RMSE), and the
ratio of performance to deviation (RPD) (Equations 4-6).

(4)
(5)
SD
D= RMSE ©)

where i are the predicted values, i is the mean of the
observed value, y is the observed value, n is the number of
samples in the validation or calibration set, and SD is the standard
deviation of the reference values.

Since VNIR cameras are more affordable than SWIR cameras,
we first tested to see whether models based on VNIR wavelengths

alone were able to predict nitrogen and water content in wheat.
Full-spectra models incorporating both VNIR and SWIR
wavelengths were then trialled to see if models were improved.
While adding SWIR data increases the number of variables, it may
contribute noise to the original VNIR models rather than adding
useful information. SWIR wavelengths alone were not exclusively
trialled because of the cameras coarser spatial resolution. The
larger pixel size of the SWIR images would not allow subtle spatial
variations to be visualized in the distribution maps.

Wavelength Selection

Wavelength selection is widely performed with hyperspectral
data because a large number of wavelengths are often
redundant and contribute to noise. In this study, wavelength
selection was approached in two ways: firstly, using regression
coeflicients from the full-spectra models and secondly, using
only wavelengths located at known-absorption features for both
water and nitrogen. For the regression coefficient approach, the
vector of regression coefficients (B), a measure of association
between each wavelength and the response, was output from
the original full-spectra PLSR models. Wavelengths with small
absolute regression coefficients, and therefore low association to
water or nitrogen, were removed. Both the nitrogen and water
datasets were reduced to 132 wavelengths based on the top 30%
of regression coefficient values.

A second method, a feature-selection method, was also used
for wavelength selection. This is a more traditional approach
in which only the wavelengths in a particular region of the
spectrum known to be associated with responses (i.e., water or
nitrogen content) are selected. Wavelengths known to be related
to either water and nitrogen content of vegetation were identified
from previous studies (Tables 2 and 3). A 40 nm range centered
on each of these wavelengths was then included in the models to
ensure that the identified wavelengths were encompassed.

RESULTS

Prior to destructive harvest of the wheat plants grown in
varying nutrient and water regimes, hyperspectral images were
acquired in the VNIR and SWIR regions. For each corrected
hyperspectral image, the pixels corresponding to vegetation
were identified and the mean reflectance spectra of those pixels
were calculated to develop prediction models for both water
content and nitrogen levels. The mean spectra exhibited the
typical reflectance properties of vegetation with low reflectance
across visible wavelengths, a dramatic increase in reflectance
at the transition from visible to near infrared wavelengths,
and maximum reflectance values throughout the near infrared
domain (Figure 1). An obvious feature of the spectral graph
was the offset at 1,000 nm. This was caused by the two separate
cameras: the FX10 operating at 400-1,000 nm and the SWIR
camera operating at 1,000-2,500 nm. The two cameras, while
focally and geometrically aligned, had different optical systems
and spectral and spatial resolutions, which attribute to the
offset between cameras. While overlapping regions common
to both cameras were removed (996-1,006 nm), appropriate
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TABLE 2 | Wavelengths known to be associated with water content in vegetation. A broad range (40 nm) centered on these values were included in the feature-reduced

models to ensure that each feature was captured.

Wavelength (nm) Range Included (nm)

Assignation

Reference

600 580-620
680 660-700
810 790-830
820 800-840
860 840-880
900 880-920
970 950-990
1240 1,220-1,260
1630 1,5610-1,550
1550 1,630-1,570
1720 1,700-1,740
1750 1,730-1,770
2080 2,060-2,100
2350 2,330-2,370
1400-1450 1,400-1,450

O-H Hydrogen Bonding
Electron transition

N-H secondary amines
N-H secondary amines
C-H secondary overtones
N-H and C-H, O-H stretch and deformation
C-H combinations

O-H bend and stretch

Hunt and Rock, 1989
Hong et al., 2017

C-H Hong et al., 2017

C-H Hunt and Rock, 1989

C-H Gao, 1996; Eitel et al., 2006

C-H Penuelas et al., 1993; Pefiuelas et al., 1995
O-H bend Curran, 1989; Pefiuelas et al., 1993;

Pefuelas et al., 1995
C-H Gao, 1996; Eitel et al., 2006
Foutry and Baret, 1997; Curran, 1989
Musick and Pelletier 1986; Musick and
Pelletier, 1988
C-H Foutry and Baret, 1997
Musick and Pelletier 1986; Musick and
Pelletier, 1988
Musick and Pelletier 1986; Musick and
Pelletier, 1988; Curran, 1989
Musick and Pelletier 1986; Musick and
Pelletier, 1988; Curran, 1989
Curran, 1989; De Bei et al., 2011

TABLE 3 | From Ecarnot et al. (2013). Wavelengths known to be associated with
nitrogen content in vegetation. A broad range (40 nm) centered on these values were
included in the feature-reduced models to ensure that each feature was captured.

Wavelength Range Included Assignation

(nm) (nm)

460 440-480 Electron transition, chlorophyll a,b

530 510-550 Electron transition, carotenoids

670 650-690 Electron transition, chlorophyll a,b
1440 1,420-1,460 O-H bend, first overtone, starch

1500 1,480-1,520 N-H stretch

1680 1,660-1,700 C-H stretch, aromatic

1712 1,692-1,732 C-H stretch, CH3

1770 1,750-1,790 C-H stretch, CH2

1900 1,880-1,920 O-H stretch, C = O, starch, CO2H
1960 1,940-1,980 N-H, CONH2

2080 2,060-2,100 N-H stretch, proteins

2115 2,095-2,135 N-H stretch, CONH2, CONHR

2140 2,120-2,160 Amide, proteins

2230 2,210-2,250 N-H stretch, C = H stretch, amino acid
2300 2,280-2,320 N-H stretch, C = O stretch, amino acid
2400 2,380-2,420 CH2 bend, C-H deformation, cellulose

preprocessing should be applied in order to correct the spectral
jump in future studies. Baseline shifts across the spectra were also
apparent which suggests that a preprocessing technique which is
able to correct for additive scatter, such as EMSC or MSC, may
improve subsequent regression results.

VNIR Wavelengths Alone Are Not
Sufficient to Predict Water Content

Initially, only VNIR (400-1,000 nm) wavelengths were used
as input into the regression models. The different multivariate
regression techniques and preprocessing methods resulted in
various predictive performances for quantifying water content.
Only three preprocessing methods (ASGD1, SMO, and raw)

achieved R? values above 0.50 (Table 4). Of the preprocessing
methods, the smoothed and raw data consistently achieved the
highest overall prediction performance with validation R? values of
up to 0.62 and 0.57 for smoothed and raw data, respectively (when
used in combination with multiple linear regression). For the
regression methods, PLSR models produced the highest accuracy
performance for the prediction of water content in fresh wheat
leaves; they consistently returned models with higher R? values
compared to other techniques with relatively high RPD values
and low RMSE values. PLSR validation R? values varied from
0.33 to 0.56, RMSE varied from 3.61-2.85, and RPD varied from
1.18-1.5 (Supplementary Table 1). PLSR achieved the best results
when used in conjunction with raw spectra, achieving validation
statistics of R? = 0.56, RMSE = 2.85, and RPD = 1.50. However,
even this model does not provide a sufficient level of accuracy for
predicting water content. According to the model classification of
Lietal. (2018), these models can only be considered as “acceptable”
for the prediction of water content based on their R?> and RPD
values (0.50<R? < 0.75 and 1.40<RPD < 2.00).

VNIR Wavelengths Are Not Sufficient for
Nitrogen Prediction

As with water prediction, PLSR and MLR showed the strongest
prediction of nitrogen (Table 5). The calibration R? values ranged
from 0.23 to 0.90 with the calibration RMSE and RPD values
varying from 0.55 to 0.22 and 1.13 to 2.84, respectively. On the
other hand, the validation R? values ranged from 0.06 to 0.59
with the validation RMSE and RPD values varying from 0.97 to
0.41 and 0.66 to 1.56, respectively (Supplementary Table 2). As
with the water models, the smoothed and raw data achieved the
highest overall prediction performance for estimating nitrogen,
considering both calibration and validation data. PLSR models
also produced the highest accuracy performance for nitrogen
prediction compared to other multivariate methods trialled.
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FIGURE 1 | Mean spectra extracted from the vegetation pixels for each image using the FX10 visible and near infrared wavelength (VNIR) camera for wavelengths
from 400-1,000nm and the shortwave-infrared wavelength (SWIR) camera for the 1,000-2,500nm wavelengths.
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TABLE 4 | Performance results for the prediction of water content in wheat using
VNIR (400-1,000 nm) spectra.

TABLE 5 | Performance results (validation R?>0.5) of trialled preprocessing and
multivariate methods for the prediction of nitrogen in wheat.

Calibration Calibration
PLSR PCR MLR RF SVM PLSR PCR MLR RF SVM
ASGD1 R? 0.63 0.42 0.50 0.47 0.84 SMO R? 0.56 0.50 0.53 0.42 0.60
RMSE 2.92 3.61 3.42 3.46 1.96 RMSE 0.42 0.45 0.43 0.48 0.40
RPD 1.63 1.32 1.39 1.38 2.43 RPD 1.49 1.40 1.46 1.31 1.568
SMO R? 0.64 0.60 0.61 0.44 0.67 Raw R? 0.59 0.49 0.48 0.42 0.62
RMSE 2.90 3.04 2.96 3.57 2.76 RMSE 0.41 0.45 0.45 0.47 0.39
RPD 1.64 1.67 1.61 1.33 1.73 RPD 1.53 1.38 1.39 1.32 1.60
Raw R? 0.67 0.60 0.57 0.44 0.69 Validation
RMSE 2.79 3.04 3.13 3.55 2.70 PLSR PCR MLR RF SVM
RPD 1.71 1.56 1.562 1.34 1.77 SMO R? 0.59 0.54 0.57 0.33 0.43
Validation RMSE 0.41 0.44 0.42 0.52 0.48
PLSR PCR MLR RF SVM RPD 1.56 1.47 1.53 1.22 1.33
ASGD1 R? 0.51 0.41 0.54 0.49 0.562 Raw R? 0.57 0.52 0.58 0.33 0.43
RMSE 3.01 3.30 2.94 3.06 2.96 RMSE 0.42 0.44 0.42 0.52 0.48
RPD 1.42 1.29 1.45 1.39 1.44 RPD 1.563 1.44 1.54 1.23 1.33
SMO R? 0.56 0.54 0.62 0.47 0.55 . T .
RMSE 290 288 270 311 289 R2 = coefficient of delte‘rm/nat/on, RMS?E; root mean square errgr; RPD; rat/g of
RPD 147 148 158 137 148 performance to deV/gt/on. PLSR; paﬁ/a/ (east—squaresf regression; PCR; principal
Raw R 0.56 0.54 0.57 0.49 0.56 components regreSSI'on; MLR; multiple linear regression; RF; random forest; SVM;
support vector machine; SMO; smoothed.
RMSE 2.85 2.88 2.82 3.05 2.86
RPD 1.50 1.48 1.51 1.40 1.49

R?, coefficient of determination, RMSE, root mean square error; RPD, ratio of performance
to deviation. PLSR, partial least-squares regression; PCR, principal components regression;
MLR, multiple linear regression; RF, random forest; SVM, support vector machine;

SMO = smoothed.

For different preprocessing methods, validation R? values varied
from 0.26 to 0.59, RMSE varied from 0.55-0.41 and RPD varied
from 1.16-1.56 (Supplementary Table 2). PLSR achieved the
best results when used in conjunction with smoothed spectra,
achieving validation statistics of R? = 0.59, RMSE = 0.41, and
RPD = 1.56 (Table 5). However, no model developed with VNIR
wavelengths alone can be considered as accurate for predicting
nitrogen content. As with the VNIR water content models, these

regressions are only considered as “acceptable” (0.50<R? < 0.75
and 1.40<RPD < 2.00) (Li et al., 2018).

Full-Spectra (VNIR+SWIR) Regressions
Improve Accuracies for Water and Nitrogen
Since both water and nitrogen also express strongly in the SWIR
region, SWIR wavelengths were also included in the regression
models to see whether prediction accuracies were improved
compared to VNIR models alone. The incorporation of the SWIR
wavelengths in the full-spectra models improved the prediction
accuracies of both the water and nitrogen models (Table 6).
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TABLE 6 | Validation prediction accuracies for full-spectra (VNIR+SWIR: 400-2500nm) regression models for predicting water content and nitrogen.

Water full-spectra (VNIR+SWIR) validation

PLSR PCR MLR RF SVM
ASGD1 R? 0.56 0.59 0.56 0.60 0.61
RMSE 3.1 2.95 3.25 2.92 2.88
RPD 1.48 1.56 1.41 1.58 1.60
ASGD2 R2 0.58 0.50 0.34 0.59 0.55
RMSE 3.07 3.24 5.22 3.00 3.10
RPD 1.50 1.42 0.88 1.53 1.48
EMSC R2 0.57 0.59 0.54 0.55 0.59
RMSE 3.10 3.01 3.27 3.08 2.94
RPD 1.49 1.58 1.41 1.49 1.57
MSC R2 0.57 0.56 0.54 0.49 0.55
RMSE 3.09 3.10 3.19 3.37 3.09
RPD 1.49 1.49 1.44 1.37 1.49
SGD1 R? 0.58 0.58 0.54 0.60 0.59
RMSE 3.01 3.00 3.25 2.92 2.94
RPD 1.53 1.54 1.42 1.58 1.57
SGD2 R2 0.52 0.57 0.37 0.57 0.58
RMSE 3.19 3.08 4.42 3.07 3.00
RPD 1.44 1.62 1.04 1.50 1.54
SNV R? 0.57 0.57 0.54 0.48 0.55
RMSE 3.10 3.08 3.19 3.37 3.10
RPD 1.48 1.49 1.44 1.37 1.48
SMO R? 0.63 0.62 0.61 0.61 0.59
RMSE 2.80 2.83 2.96 2.89 2,97
RPD 1.64 1.62 1.56 1.59 1.55
Raw R? 0.63 0.62 0.58 0.62 0.60
RMSE 2.81 2.83 3.01 2.85 2.95
RPD 1.64 1.62 1.53 1.61 1.56

Nitrogen full-spectra (VNIR+SWIR) validation
PLSR PCR MLR RF SVM
ASGD1 R2 0.58 0.57 0.55 0.56 0.55
RMSE 0.45 0.49 0.46 0.45 0.47
RPD 1.46 1.36 1.43 1.46 1.42
ASGD2 R? 0.51 0.14 0.29 0.54 0.59
RMSE 0.48 0.63 0.63 0.47 0.45
RPD 1.39 1.06 1.04 1.41 1.48
EMSC R? 0.56 0.61 0.54 0.48 0.53
RMSE 0.45 0.46 0.46 0.49 0.47
RPD 1.47 1.44 1.45 1.36 1.40
MSC R? 0.61 0.53 0.54 0.39 0.43
RMSE 0.43 0.49 0.45 0.52 0.52
RPD 1.54 1.35 1.48 1.26 1.28
SGD1 R2 0.57 0.58 0.55 0.48 0.55
RMSE 0.46 0.47 0.45 0.52 0.47
RPD 1.45 1.41 1.46 1.27 1.40
SGD2 R? 0.48 0.43 0.26 0.51 0.56
RMSE 0.48 0.51 0.63 0.49 0.45
RPD 1.38 1.31 1.05 1.36 1.46
SNV R? 0.57 0.50 0.55 0.36 0.42
RMSE 0.45 0.51 0.45 0.54 0.52
RPD 1.46 1.30 1.48 1.23 1.27
SMO R2 0.66 0.63 0.63 0.37 0.43
RMSE 0.41 0.44 0.41 0.52 0.50
RPD 1.61 1.52 1.64 1.26 1.32
Raw R? 0.60 0.61 0.59 0.36 0.43
RMSE 0.43 0.44 0.43 0.53 0.50
RPD 1.54 1.52 1.56 1.25 1.33

R? = coefficient of determination; RMSE, root mean square error; RPD, ratio of performance to deviation. PLSR, partial least-squares regression; PCR, principal components
regression;, MLR, multiple linear regression; RF, random forest; SVM, support vector machine; ASGD1, absorbance transformation then Savitzky-Golay first derivative; ASGD2,

absorbance transformation then Savitzky-Golay second derivative; EMSC, extended multiplicative scatter-correction; MSC, multiplicative scatter-correction; SGD1, Savitzky-Golay

first derivative; SGD2, Savitzky-Golay second derivative; SNV, standard normal variate; SMO, smoothed. Models with validation R?>0.6 are in bold.
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For the prediction of water, the validation R? values ranged from
0.34 to 0.63 with the validation RMSE and RPD values varying
from 5.22 to 2.8 and 0.88 to 1.64, respectively. Similarly, for the
prediction of nitrogen, the validation R? values ranged from 0.14
to 0.66 with the validation RMSE and RPD values varying from
0.63 to 0.41 and 1.04 to 1.64, respectively. As was found with the
VNIR models, the smoothed and raw data had the highest overall
prediction performance for both water and nitrogen, except for
the RF and SVM prediction of nitrogen which was improved with
preprocessing. PLSR models again had the most consistently high
performance compared to other multivariate methods trialled,
particularly when used with raw or smoothed data (Table 6).

Wavelength Selection Using Regression
Coefficients Reduces Data Without
Compromising Accuracy

Wavelength selection was performed in order to remove some
of the redundant information inherent in hyperspectral data.
Two approaches to wavelength selection were used: through
the regression coefficients from the full-spectra models and by
selecting only wavelengths located at known-absorption features
for both water and nitrogen.

The wavelengths retained in the reduced P coefficient water
model were 398-404, 410-415, 426-432, 440-443, 637-705, 724-
752, and 950-1,000 nm. Direct associations between reflectance
spectra and water content are those features related specifically
to the water content in the leaves. These are known to occur at
1450 and 1940 nm with smaller features at 980, 1150, and 1400
nm associated with the bonding and stretching of O-H molecules
(Curran, 1989; Ollinger, 2011). However, reflectance properties
can also be influenced by indirect effects, those associated with
other traits that vary alongside water or nitrogen status. These
indirect effects can be caused by properties such as varying leaf
pigments or vegetation architecture, which are represented
by reflectance changes throughout visible and near-infrared
wavelengths (Ollinger, 2011). The fact that the model produced
predictions based on wavelengths within only the visible and near-
infrared regions suggests that rather than directly quantifying
water content, it is detecting indirect associations between water
and secondary traits influencing the overall reflectance.

The nitrogen wavelengths with the highest  coefficients were
located at 510-637 nm and 693-739 nm. The 693-739 nm region
is likely representing changes in the red-edge position, which have
previously been shown to vary with crop chlorophyll concentration
(Horler et al., 1983; Curran et al., 1990). However, the identified
wavelengths from 510-637 nm do not correspond to a direct
association with nitrogen. Foliar nitrogen is predominantly found
within proteins, largely chlorophyll or Rubisco (Evans, 1989; Elvidge,
1990). Protein absorption features only occur in the infrared region
around 910, 1,020, 1,510, 1,690, 1,980, 2,060, 2,130, 2,180, 2,240,
and 2,300 nm while chlorophyll absorptions are found in the visible
region of the spectrum near 430, 460, 640, and 660 nm (Curran,
1989). Therefore, the 510-637 nm wavelengths are likely detecting
an indirect association between the spectra and nitrogen content.

The second approach to wavelength reduction was to use only
wavelengths that have previously been related to either water

and nitrogen content. The wavelengths identified by previous
studies included both direct and indirect associations to water
(Table 2) and nitrogen (Table 3). The wavelengths selected for
the reduced nitrogen models excluded some of the direct spectral
asssociations known to exist with nitrogen. Wavelengths with
direct association to nitrogen occurring within the SWIR region
were not included in the model because those absorption features
are generally weaker (Curran, 1989; Ollinger, 2011). Therefore,
wavelengths were selected (from Ecarnot et al., 2013) which
are known to be correlated with nitrogen content in vegetation,
even if they are detecting secondary traits relating to changes
in water content. Similarly, some of the major water absorption
features, those located at 1,940 and 1,150 nm were excluded
from the reduced water models while other wavelengths that
don’t have direct associations to water were included (e.g., those
located within the visible region). A number of plant functions
are related to changes in water content. Therefore, even if the
exact compound or process is not determined, spectral features
of several secondary traits and processes have been used, and
included in these reduced water models, for indirect associations
to water content.

Since PLSR consistently showed the strongest performance
in the previous model development, it was the only multivariate
technique considered in the reduced-wavelength models. The
predictive performances of the wavelength-selection models
developed using the regression coefficient method had higher
accuracy than the full-spectra or VNIR model (Figure 2). For the
prediction of water content, the regression coefficient method
generated a PLSR model with validation R? = 0.69, RMSE = 2.53,
and RPD = 1.78 while the feature method gave accuracies of R? =
0.64, RMSE = 2.74, and RPD = 1.76. (Table 7). This is compared
to a maximum validation R? value of 0.63 using the full-spectra
PLSR model (Table 8). For nitrogen, the regression coefficient
method had a validation accuracy of R? = 0.66, RMSE = 0.41,
and RPD = 1.66 (Table 7), compared to a validation R? value of
0.60 using the same methods (PLSR with raw data) from the full-
spectra models (Table 8).

The reduced wavelength models, while greatly simplifying the
models also reduced the degree of overfitting. The calibration
and validation prediction values (Table 7) are much closer
together than the models without wavelength selection (Tables
4 and 5). The feature method produced accuracies of R? = 0.52,
RMSE = 0.47, and RPD = 1.39 for predicting nitrogen. The
feature reduction method for wavelength refinement did not
improve either the water or nitrogen models.

Distribution Maps Can Visualize Water

and Nitrogen Distribution

Distribution maps, or prediction maps, were developed in order
to provide a visual representation of the concentration of water
and nitrogen content within the plants as well as to show any
spatial variability within individual plants. Distribution maps
were created by applying the regression coefficients of the highest
performing VNIR models to the calibrated hyperspectral images
(Figure 3). In the case of water content, the coefficients from the
VNIR PLSR model of raw spectra were used. For nitrogen, the
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FIGURE 2 | Water (top) and nitrogen (bottom) regression graphs for the
models showing the best validation predictive performance from all trialled
methods (regression coefficient reduction method with raw spectra and
partial least square regression (PLSR)).

coefficients from the VNIR PLSR model with smoothed spectra
were applied. Only the VNIR models were used to develop the
distribution maps; the combined full-spectra models were not
considered. This is because the two cameras (FX10 and SWIR)
operate at different spatial resolutions, so the combined models
cannot be visualized on a single image.

The resulting prediction maps revealed the spatial variation
in biochemical properties, particularly water content, and

allowed for a visual comparison between and within the plants
which is otherwise impossible with the raw hyperspectral data
(Figure 4). There were noticeable differences between the maps
of the watered (Figure 4A) and drought (Figure 4C) plants as
indicated by their color scale; the watered plants appear yellow-
red (72-88% water content) whereas the drought plants are
predominantly green (64-72% water content). This is also the
case for the low (Figure 4B) and high (Figure 4D) nitrogen
plants, however this difference is less obvious.

In general, water content was higher at the base of the leaves
and decreased toward the tips (Figures 4A, C). Higher levels of
water were also apparent around the midrib region as opposed
to the outsides of the leaves. These clear patterns and gradual
degradation between neighboring pixels suggests that the water
distribution maps provide a visually plausible indication of
spatial variability within the plants. The nitrogen distribution
maps (Figures 4B, D) do not appear to follow a plausible spatial
pattern; each pixel is a different colour with no clear gradation
to the neighboring pixels. This “noise” in the image is likely the
result of model overfitting (Gowen et al., 2014).

DISCUSSION

Hyperspectral imagery combines the spatial information of
traditional RGB imagery with the benefits of high-resolution
spectral reflectance data. This reflectance data, an indication of
how light is interacting with the target, provides a unique spectral
fingerprint of the chemical nature of each plant. However,
hyperspectral images alone are not visually intuitive or easily
interpretable. The development of distribution maps has allowed
for a visual comparison between and within plants and revealed
the spatial variation in water and nitrogen.

Of the five different multivariate regression methods and
10 different spectral preprocessing techniques trialled, the
smoothed and raw data consistently achieved the highest overall
prediction performances for both water and nitrogen. This
suggests that preprocessing may not have been required for
this dataset and that applying preprocessing techniques may
have dampened some of the important features of the spectra.
Without accounting for the physical influence of scatter or noise,
it would normally be expected that a poorer performance is
achieved for the smoothed data in comparison to pre-processed
data, however, this was found not to be the case.

The high accuracies achieved with PLSR in comparison to
other techniques is due to its ability to handle both the high
dimensionality and collinearity inherent in hyperspectral data
and its effectiveness when a large number of collinear predictor
variables are present (Wold et al., 1984). The strong performance
of PLSR and its ability to handle spectral data explains why it has
been so widely adopted in past hyperspectral studies quantifying
plant biochemical properties. MLR and SVM also performed well.

One apparent and perhaps significant finding was the large
difference between the calibration and validation performances
for the VNIR models (Supplementary Tables 1 and 2). The
inconsistencies between the sets, particularly in the case where
validation statistics are considerably lower than calibration
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TABLE 7 | Predictive performances for the wavelength refined models. Cal = calibration. Val = validation. Results are shown for the two different approaches used for
variable selection: using the top 30% of wavelengths based on the regression coefficients from the full-spectra models and using wavelengths previously determined to
be associated with nitrogen and water.

Water wavelength selection models Nitrogen wavelength selection models

PLSR Cal Val PLSR Cal Val
Regression Coefficients R? 0.81 0.69 Regression Coefficients R? 0.74 0.66
RMSE 2.05 2.53 RMSE 0.32 0.41
RPD 2.31 1.78 RPD 1.89 1.66
Known Absorption Features R? 0.71 0.64 Known Absorption Features R? 0.54 0.52
RMSE 2.57 2.74 RMSE 0.42 0.47
RPD 1.85 1.76 RPD 1.45 1.39

TABLE 8 | Validation results for the strongest performing models for water and nitrogen prediction across the different pre-processing and regression methods trialled-
PLSR in combination with raw input data. Wavelength selection using the regression coefficient method produced the strongest models.

VNIR Full spectra Wavelength selection Wavelength selection
(VNIR+SWIR) regression coefficients feature positions
Water R? 0.56 0.63 0.69 0.64
RMSE 2.85 2.81 2.53 2.74
RPD 1.50 1.64 1.78 1.76
Nitrogen R? 0.57 0.60 0.66 0.52
RMSE 0.42 0.43 0.41 0.47
RPD 1.53 1.54 1.66 1.39

Vegetation Pixels
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FIGURE 3 | The procedure for the development of water and nitrogen distribution maps. Mean spectra were used as input to generate a PLSR model. The
coefficients of the partial least square regression (PLSR) model were then applied to the unfolded datacube at the individual pixel level providing a spatial
visualisation of water and nitrogen distribution within the plants.

between the nitrogen and water models were quite similar; there
was no drastic difference in the ability to predict one property
over the other. This is true for all models developed: VNIR,
full-spectra, and wavelength-refined models (besides perhaps

statistics, may be attributed to model overfitting. This discrepancy
is not as severe in the wavelength-selection models suggesting that
the wavelength selection methods were able to remove the noise
and irrelevant wavelengths in the data. The prediction accuracies
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the absorption feature method for wavelength-selection which
yielded validation R? = 0.64 for water and R? = 0.52 for nitrogen).
The stronger performing models, e.g., PLSR, were not
drastically improved in the full-spectra models in comparison
to the VNIR models. However, the regression and preprocessing
methods that did not perform as well in the VNIR models,
e.g., EMSC and multiple linear regression, were improved
significantly. By considering only the visible and near infrared
wavelengths initially, it might have been expected that nitrogen
and water, both which have major spectral expressions in the
shortwave infrared region, would not be predicted accurately.
The fact that the full-spectra (VNIR+SWIR) models did not
significantly improve the VNIR models suggests that perhaps

neither water nor nitrogen content is being directly detected,
rather secondary processes within the plant spectrally expressed
in the VNIR region.

The applied wavelength reduction techniques, both the
“regression coeflicient” and “known absorption feature”
methods, while successfully reducing the volume of data,
did not significantly improve the model accuracies. The
wavelengths incorporated in the two approaches contained
both direct and indirect associations with nitrogen and water.
Since the regression coeflicient approach is likely detecting both
direct and indirect associations, selecting known absorption
features also based on both direct and indirect associations
does not necessarily provide additional or new information

Water content (%)
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m 4410 48 60to 64 76t0 80
m 48to 52 64to 68 = 80to 84
m 52to 56 8to 72 = 84to 88

soil plant.
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FIGURE 4 | Distribution maps showing the prediction of water content in a watered (A) and drought (C) plant and nitrogen levels in a low (B) and high (D) nitrogen
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(i.e., there is some degree of duplication in the two approaches
since they both target direct and indirect associations). If only
direct features of nitrogen or water were selected from previous
literature during the known absorption feature approach, then
the wavelength selection methods could be considered as more
independent approaches; one approach, the known absorption
feature approach, is targeting only the direct associations to
water or nitrogen while the regression coefficient approach
is targeting both direct and indirect associations. Targeting
only direct associations would mean that the developed
models would likely have a stronger predictive performance
for independent datasets. Due to the indirect associations
included, the wavelengths identified as being sensitive to water
and nitrogen cannot be generalised and may not hold true for
all future studies.

Previous studies have utilized high-throughput
phenotyping platforms equipped with hyperspectral cameras
for investigating crop traits. Pandey et al. (2017) imaged
maize and soybean leaves using a hyperspectral camera with
a spectral range of 550-1700 nm to predict leaf water content
and nutritional status. They showed that both water and
nitrogen content could be predicted accurately using PLSR
(R? = 0.93 and 0.92 with RPD = 3.80 and 3.60, for water and
nitrogen respectively). Ge et al. (2016) used high throughput
hyperspectral imaging to characterize the temporal dynamics
of the leaf water content of maize. They used PLSR to accurately
predict leaf water content using a hyperspectral camera with
a wavelength range of 550-1750 nm and a spectral bandwidth
of 5 nm (R? = 0.87, RMSE = 3.0%, and RPD = 2.82). Although
different species and smaller datasets were used (Ge et al.
(2016) used 80 plants while Pandey et al. (2017) used 120),
these previous studies achieved much greater accuracies for
predicting water and nitrogen content than presented here.
Compared to wheat, which has narrow, twisting leaves with
irregular structure, maize has considerably broader leaves
with a more regular leaf architecture. There are fewer pixels
to work with when analyzing wheat plants with a greater
proportion suffering from mixed signals (i.e., edge pixels of
background and plant material). The fact that maize plants
have more pixels to work with, and proportionally fewer
mixed-pixels, may have contributed to the higher accuracies
achieved in these previous studies.

The generally poor R? values achieved in this study can be
attributed to a number of factors. The main factor influencing the
poor performance of the nitrogen models is likely the different
scales at which the spectral and reference measurements
were made. The spectra were extracted and averaged over the
entire plant whereas the reference laboratory measurements
of nitrogen were taken on a single leaf. Nitrogen is considered
a mobile element within plants and can be retranslocated to
younger leaves from older leaves (Taiz and Zeiger, 1998). Its
distribution is not homogenous throughout wheat plants but is
generally lower in older leaves (Wang et al., 2005). Therefore, the
nitrogen measured in a single leaf may not be representative of
the entire plant’s nitrogen status. Regressions may be improved
if either spectra were extracted from only the leaf which
was sampled for nitrogen (i.e., the flag leaf), or alternatively,

reference nitrogen measurements were determined on the
plant scale. This could be achieved by calculating masks which
identify only the flag leaf within the image. However, the
flag leaf could not be identified automatically in the images.
Manually extracting the flag leaf would have been too time-
consuming and would have diminished the benefits of using a
high-throughput system. By separating the flag leaf from the
remainder of the plant material and using only the leaf pixels
corresponding to those analysed for nitrogen, regression results
are likely to improve. Similarly, water regressions could also be
improved by reversing the mask and removing the flag leaves
which were not used in the calculation of water content. A
smaller subset of the data could be used to this affect to assess
how much of the noise and error can be attributed to different
measurement scales.

Alternatively, the poor results for the water regressions may
be attributed to measurement protocols used to obtain reference
values. The relative water content (RWC), or relative turgidity
of a leaf or plant, is a measure of its hydration status (actual
water content) relative to its maximal water holding capacity at
full turgidity (Weatherley, 1950; Mullan and Pietragalla, 2012).
Determining the RWC may have provided a better indication
of plant water status than the method used here which did
not consider turgid weight. Alternatively, regressions may
have been stronger if leaf thickness was also considered. Light
reflected from leaves or transmitted through leaves depends on
both the RWC of leaf cells as well as the thickness of the leaves
(Seelig et al., 2008). Therefore, models may have proved more
accurate if leaf thickness or even total plant biomass were taken
into consideration.

A further contribution to the poor R? values for both the
water and nitrogen regressions may be the canopy geometry.
The geometry of plants and inclination of individual leaves has a
strong influence on the spectral information acquired (Behmann
et al., 2015; Huang et al., 2018). The cameras took a top-view
image from directly above the plant. Lower leaves may have
been hidden by leaves above and this information consequently
missed. Incorporating 3-D structural information alongside the
hyperspectral images may reduce the effect of plant geometry on
the acquired spectra.

Prediction accuracies may also improve if the spectral
reflectance jump between the two sensors, caused by
the different properties and measurement principles of
the cameras and detectors, was corrected. Overlapping
wavelength regions (996-1006 nm) were removed from
the spectra, however, correcting the spectral jumps with
appropriate preprocessing techniques, such as splice or
parabolic correction, may improve confidence in the data
when combining information from separate cameras. In this
case, combining the data from the two cameras still provided
meaningful information without removing the jump. The
spectral signatures with the jump arevstill representative of
the spectral properties of the plants, providing the jumps
are consistent in the calibration and validation datasets. A
further consideration in combining the two datasets is the
difference in the spatial resolution of the two cameras. The
issue of different spatial resolutions was reduced by extracting
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the mean spectrum of the entire plant rather than using pixel-
level information. Combining the information from two
cameras gives meaningful information at the plant level but
the different spatial resolutions of the cameras may prove an
issue when performing pixel-level analysis.

As well as providing information related to the biochemical
properties of plants, the developed prediction maps provide a
visual representation of model performance. This is apparent
when comparing the distribution maps of nitrogen to those of
water content; the nitrogen maps appear “noisier” in comparison
to the water maps. The spatial distribution and patterns within
the plant do not appear feasible and may not be caused by real
spatial variation in nitrogen. This is likely an effect of model
overfitting (Gowen et al., 2014). This noise could be reduced by
selecting a different PLSR model with which to create the maps,
likely one with fewer components.

One of the main advantages of developing distribution maps
is their potential to be used in time-series analyses in order
to track the dynamics of biochemical parameters throughout
the growing season. Images can be non-destructively acquired
at multiple times throughout the season and used to predict
changes or remobilisation of biochemical components over
time. While hyperspectral images were acquired weekly,
reference measurements of nitrogen and water were only
collected at the conclusion of the experiment. Therefore,
models were developed using plants of only one age (61 DAS).
The growth stage of the plant has a strong influence on the
developed models (Li et al., 2010; Haiying and Hongchun,
2016; Wen et al., 2019). As such, time-series analysis would
first require the development of robust models using a variety
of plant ages and growth stages.

Using hyperspectral phenotyping methods to estimate
the content and spatial distribution of nitrogen and water in
wheat shows strong promise but models could be improved by
incorporating additional data from a larger range of growing
conditions, e.g., seasons, soils, and genotypes. Using the
techniques and methods developed here, it may be possible to
measure other plant biochemical and structural properties,
such as other nutrients, salts, lignin, cellulose, and water-soluble
carbohydrates. Such methods may lead to advances in high-
throughput phenotyping and subsequent improvements in the
way that breeding trials are conducted and their biochemical
properties analysed.

CONCLUSION

The development of distribution maps through hyperspectral
imaging was demonstrated as a nondestructive, in vivo tool for
estimating the concentration, and spatial distribution of water
content and nitrogen levels in wheat. Hyperspectral images
were collected of wheat plants and multivariate regression was
performed in order to relate the spectral information to the
measured water and nitrogen levels. Both plant water content
and nitrogen level could be predicted with “acceptable” accuracy

using PLSR models developed with the mean reflectance from the
full-spectra wavelengths. Wavelength selection using a regression
coefficient approach slightly improved model accuracy while
significantly reducing model complexity.

The regression coefficients from the best-performing VNIR
models were applied to the calibrated images to develop
distribution maps. The water distribution maps provided
a plausible visual representation of the water distribution
within the plant, however, the nitrogen maps appeared to
suffer from noise likely due to model overfitting. The findings
and methods from this study demonstrate the high potential
of hyperspectral imagery, multivariate regression, and
distribution maps have for estimating the level and distribution
of plant chemical properties.

DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this manuscript will
be made available by the authors, without undue reservation, to
any qualified researcher.

AUTHOR CONTRIBUTIONS

All authors listed have made substantial, direct, and intellectual
contribution to the work and approved it for publication.

FUNDING

The Plant Accelerator®, Australian Plant Phenomics Facility, is
funded under the National Collaborative Research Infrastructure
Strategy (NCRIS). BrBr acknowledges the University of Adelaide
for research support through the provision of an Australian
Government Research Training Program Scholarship and The
Plant Accelerator® for a PhD stipend top-up. Financial support
from the Grains Research and Development Corporation
(GRDC) and The AW Howard Memorial Trust (Department
of Primary Industries and Regions, South Australia) is
also acknowledged.

ACKNOWLEDGMENTS

The authors would like to thank The Plant Accelerator® staff,
particularly Lidia Mischis, Nicole Bond and Fiona Groskreutz,
for their assistance with the glasshouse experiments and Sanjiv
Satija for his assistance with the nitrogen measurements.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpls.2019.01380/
full#supplementary-material

Frontiers in Plant Science | www.frontiersin.org

14

October 2019 | Volume 10 | Article 1380


https://www.frontiersin.org/articles/10.3389/fpls.2019.01380/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2019.01380/full#supplementary-material
https://www.frontiersin.org/journals/plant-science/
http://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles

Bruning et al.

Nitrogen and Water Distribution Maps

REFERENCES

Awada, L., Phillips, P W. B, and Smyth, S. J. (2018). The adoption of
automated phenotyping by plant breeders. Euphytica 214, 148. doi: 10.1007/
510681-018-2226-z

Axelsson, C., Skidmore, A. K., Schlerf, M., Fauzi, A., and Verhoef, W. (2013).
Hyperspectral analysis of mangrove foliar chemistry using PLSR and support
vector regression. Int. J. Remote Sens. 34 (5), 1724-1743. doi: 10.1080/
01431161.2012.725958

Barnes, R. J., Dhanoa, M. S., and Lister, S. J. (1989). Standard normal variate
transformation and de-trending of near-infrared diffuse reflectance spectra.
Appl. Spectroscopy 43 (5), 772-777. doi: 10.1366/0003702894202201

Behmann, J.,, Mahlein, A.-K., Paulus, S., Kuhlmann, H., Oerke, E.-C., and
Plumer, L. (2015). Calibration of hyperspectral close-range pushbroom
cameras for plant phenotyping. ISPRS J. Photogrammetry Remote Sens. 106,
172-182. doi: 10.1016/j.isprsjprs.2015.05.010

Behmann, J., Steinriicken, J., and Pliimer, L. (2014). Detection of early plant stress
responses in hyperspectral images. ISPRS J. Photogrammetry Remote Sens. 93,
98-111. doi: 10.1016/j.isprsjprs.2014.03.016

Belgiu, M., and Dragut, L. (2016). Random forest in remote sensing: A review of
applications and future directions. ISPRS J. Photogrammetry Remote Sens. 114,
24-31. doi: 10.1016/j.isprsjprs.2016.01.011

Berger, B., de Regt, B., and Tester, M. (2012). “High-Throughput Phenotyping
in Plants. Methods in Molecular Biology (Methods and Protocols),” in High-
Throughput Phenotyping of Plant Shoots, vol. 918. Ed. Normanly, J. (Totowa, NJ:
Humana Press). doi: 10.1007/978-1-61779-995-2_2

Brien, C.J. (2017) dae: Functions useful in the design and ANOVA of experiments.
Version 3.0-12. https://cran.r-project.org/package=dae.

Curran, P.J. (1989). Remote Sensing of Foliar Chemistry. Remote Sens. Environ. 30,
271-278. doi: 10.1016/0034-4257(89)90069-2

Curran, P. ], Dungan, J. L., and Gholz, H. L. (1990). Exploring the relationship
between reflectance red edge and chlorophyll content in slash pine. Tree
Physiol. 7, 33-48. doi: 10.1093/treephys/7.1-2-3-4.33

De Bei, R., Cozzolino, D., Sullivan, W., Cynkar, W., Fuentes, S., Dambergs, R.,
et al. (2011). Non-destructive measurement of grapevine water potential
using near infrared spectroscopy. Australian J. Grape Wine Res. 17, 62-71. doi:
10.1111/j.1755-0238.2010.00117.x

Do, H,, Kalousis, A., Wang, J., and Woznica, A. (2012). “A metric learning perspective
of SVM: on the relation of LMNN and SVM? In: Proceedings of the 15th
International Intelligence and Statistics (AISTATS), JMLR Proceedings. 308-317.

Dotto, A. C., Dalmolin, R. S. D., Caten, A., and Grunwald, S. (2018). A systematic
study on the application of scatter-corrective and spectral derivative
preprocessing for multivariate prediction of soil organic carbon by Vis-NIR
spectra. Geoderma 314, 262-274. doi: 10.1016/j.geoderma.2017.11.006

Ecarnot, M., Compan, E, and Roumet, P. (2013). Assessing leaf nitrogen content
and leaf mass per unit area of wheat in the field throughout plant cycle
with a portable spectrometer. Field Crops Res. 140, 44-50. doi: 10.1016/j.
£cr.2012.10.013

Eitel, J. U. H,, Gessler, P. E., Smith, A. M. S., and Robberecht, R. (2006). Suitability
of existing and novel spectral indices to remotely detect water stress in Populus
spp. For. Ecol. Management 229, 170-182. doi: 10.1016/j.foreco.2006.03.027

ElMasry, G., Sun, D. W,, and Allen, P. (2012). Near-infrared hyperspectral imaging
for predicting colour, pH and tenderness of fresh beef. J. Food Eng. 110 (1),
127-140. doi: 10.1016/j.jfoodeng.2011.11.028

Elvidge, C. D. (1990). Visible and near infrared reflectance characteristics of
dry plant materials. Int. J. Remote Sens. 11 (10), 1775-1795. doi: 10.1080/
01431169008955129

Evans, J. R. (1989). Photosynthesis and nitrogen relationships in leaves of C3
plants. Oecologia 78, 9-19. doi: 10.1007/BF00377192

Fahlgren, N., Gehan, M. A., and Baxter, I. (2015). Lights, camera, action: high-
throughput plant phenotyping is ready for a close-up. Curr. Opin. Plant Biol.
24, 93-99. doi: 10.1016/j.pbi.2015.02.006

Foutry, T., and Baret, E (1997). Vegetation water and dry matter contents estimated
from top of the atmosphere reflectance data: a simulation study. Remote Sens.
Environ. 61, 34-45. doi: 10.1016/S0034-4257(96)00238-6

Gao, B.-C. (1996). NDWI A normalized difference water index for remote sensing
of vegetation liquid water from space. Remote Sens. Environ. 58, 257-266. doi:
10.1016/S0034-4257(96)00067-3

Garnett, T., Plett, D., Heuer, S., and Okamoto, M. (2015). Genetic approaches to
enhancing nitrogen-use efficiency (NUE) in cereals: challenges and future
directions. Funct. Plant Biol. 42, 10, 921-941. doi: 10.1071/FP15025

Garnett, T. P, and Rebetzke, G. J. (2013). “Improving water and nutrient-
use efficiency in food production systems,” in Improving crop nitrogen
use in dryland farming. Eds. Rengel, Z., and Wiley, N. J,, 123-144. doi:
10.1002/9781118517994.ch8

Ge, Y, Bai, G, Stoerger, V., and Schnable, J. C. (2016). Temporal dynamics of
maize plant growth, water use, and leaf water content using automated high
throughput RGB and hyperspectral imaging. Computers Electronics Agric. 127,
625-632. doi: 10.1016/j.compag.2016.07.028

Geladi, P, MacDougall, D., and Martens, H. (1985). Linearization and scatter-
correction for near-infrared reflectance spectra of meat. Appl. Spectroscopy
39 (3), 491-500. doi: 10.1366/0003702854248656

Gholizadeh, A., Boruvka, L., Saberioon, M. M., Kozak, J., Vasat, R., and Nemecek, K.
(2015). Comparing different data preprocessing methods for monitoring soil
heavy metals based on soil spectral features. Soil Water Res. 10 (4), 218-227. doi:
10.17221/113/2015-SWR

Gowen, A., Burger, J., Esquerre, C., Downey, G., and O'Donnell, C. (2014). Near
infrared hyperspectral image regression: on the use of prediction maps as a tool
for detecting model overfitting. J. Near Infrared Spectroscopy 22, 261-270. doi:
10.1255/jnirs. 1114

Haiying, L., and Hongchun, Z. (2016). Hyperspectral characteristic analysis for
leaf nitrogen content in different growth stages of winter wheat. Appl. Optics 55
(34), 151-161. doi: 10.1364/A0.55.00D151

Hansen, N.J. S., Plett, D., Berger, B., and Garnett, T. (2018). “Engineering Nitrogen
Utilization in Crop Plants,” in Tackling Nitrogen Use Efficiency in Cereal
Crops Using High-Throughput Phenotyping. Eds. Shrawat, A., Zayed, A., and
Lightfoot, D. (Cham, Switzerland: Springer). doi: 10.1007/978-3-319-92958-3_7

Hong, M., Zeng, W,, Ma, T, Lei, G., Zha, Y, Fang, Y., et al. (2017). Determination
of growth stage-specific crop coefficients (Kc) of sunflowers (Helianthus
annuus L.) under salt stress. Water 9, 1-17. doi: 10.3390/w9030215

Horler, D. N. H., Dockray, M., and Barber, J. (1983). The red edge of plant
leaf reflectance. Int. J. Remote Sens. 4 (2), 278-288. doi: 10.1080/
01431168308948546

Huang, P, Luo, X,, Jin, J., Wang, L., Zhang, L., Liu, J., et al. (2018). Improving high-
throughput phenotyping using fusion of close-range hyperspectral camera and
low-cost depth sensor. Sensors 18 (8), 2711. doi: 10.3390/5s18082711

Huete, A., Didan, K., Miura, T., Rodriguez, E. P, Gao, X., and Ferreira, L. G. (2002).
Overview of the radiometric and biophysical performance of the MODIS
vegetation indices. Remote Sens. Environ. 83 (1), 195-213. doi: 10.1016/
S0034-4257(02)00096-2

Humplik, J. E, Lazar, D., Husickova, A., and Spichal, L. (2015). Automated
phenotyping of plant shoots using imaging methods for analysis of plant stress
responses- a review. Plant Methods 11 (29), 1-10. doi: 10.1186/s13007-015-
0072-8

Hunt, E. R, and Rock, B. N. (1989). Detection of changes in leaf water content
using near- and middle-infrared reflectances. Remote Sens. Environ. 30 (1),
43-54. doi: 10.1016/0034-4257(89)90046-1

Karatzoglou, A., Meyer, D., and Hornik, K. (2005). “Research Report Series /
Department of Statistics and Mathematics, Department of Statistics and
Mathematics,” in Support vector machines in R, vol. 21. (Vienna: WU Vienna
University of Economics and Business).

Lambers, H., Chapin, E S., and Pons, T. L. (2008). “Plant physiological ecology,’
in Plant water relations. Eds. Lambers, H., Chapin, E. S., and Pons, T. L. (New
York: Springer), 163-223. doi: 10.1007/978-0-387-78341-3_5

Li, F, Miao, Y., Hennig, S. D., Gnyp, M. L., Chen, X,, Jia, L., et al. (2010). Evaluating
hyperspectral vegetation indices for estimating nitrogen concentration of
winter wheat at different growth stages. Precision Agric. 11, 335-357. doi:
10.1007/s11119-010-9165-6

Li, L., Wan Li, L., Wang, S., Ren, T., Wei, Q., Ming, J., et al. (2018). Ability of models
with effective wavelengths to monitor nitrogen and phosphorus status of winter
oilseed rape leaves using in situ canopy spectroscopy. Field Crops Res. 215, 173-
186. doi: 10.1016/j.fcr.2017.10.018

Li, L., Zhang, Q., and Huang, D. (2014). A review of imaging techniques for plant
phenotyping. Sensors 14, 20078-20111. doi: 10.3390/s141120078

Liaw, A., and Wiener, M. (2002). Classification and Regression by random Forest.
R. News 2, 3, 18-, 22.

Frontiers in Plant Science | www.frontiersin.org

15

October 2019 | Volume 10 | Article 1380


https://doi.org/10.1007/s10681-018-2226-z
https://doi.org/10.1007/s10681-018-2226-z
https://doi.org/10.1080/01431161.2012.725958
https://doi.org/10.1080/01431161.2012.725958
https://doi.org/10.1366/0003702894202201
https://doi.org/10.1016/j.isprsjprs.2015.05.010
https://doi.org/10.1016/j.isprsjprs.2014.03.016
https://doi.org/10.1016/j.isprsjprs.2016.01.011
https://doi.org/10.1007/978-1-61779-995-2_2
https://doi.org/10.1016/0034-4257(89)90069-2
https://doi.org/10.1093/treephys/7.1-2-3-4.33
https://doi.org/10.1111/j.1755-0238.2010.00117.x
https://doi.org/10.1016/j.geoderma.2017.11.006
https://doi.org/10.1016/j.fcr.2012.10.013
https://doi.org/10.1016/j.fcr.2012.10.013
https://doi.org/10.1016/j.foreco.2006.03.027
https://doi.org/10.1016/j.jfoodeng.2011.11.028
https://doi.org/10.1080/01431169008955129
https://doi.org/10.1080/01431169008955129
https://doi.org/10.1007/BF00377192
https://doi.org/10.1016/j.pbi.2015.02.006
https://doi.org/10.1016/S0034-4257(96)00238-6
https://doi.org/10.1016/S0034-4257(96)00067-3
https://doi.org/10.1071/FP15025
https://doi.org/10.1002/9781118517994.ch8
https://doi.org/10.1016/j.compag.2016.07.028
https://doi.org/10.1366/0003702854248656
https://doi.org/10.17221/113/2015-SWR
https://doi.org/10.1255/jnirs.1114
https://doi.org/10.1364/AO.55.00D151
https://doi.org/10.1007/978-3-319-92958-3_7
https://doi.org/10.3390/w9030215
https://doi.org/10.1080/01431168308948546
https://doi.org/10.1080/01431168308948546
https://doi.org/10.3390/s18082711
https://doi.org/10.1016/S0034-4257(02)00096-2
https://doi.org/10.1016/S0034-4257(02)00096-2
https://doi.org/10.1186/s13007-015-0072-8
https://doi.org/10.1186/s13007-015-0072-8
https://doi.org/10.1016/0034-4257(89)90046-1
https://doi.org/10.1007/978-0-387-78341-3_5
https://doi.org/10.1007/s11119-010-9165-6
https://doi.org/10.1016/j.fcr.2017.10.018
https://doi.org/10.3390/s141120078
https://www.frontiersin.org/journals/plant-science/
http://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles

Bruning et al.

Nitrogen and Water Distribution Maps

Liland, K. H. (2017) “Package ‘EMSC’: extended multiplicative signal correction”
R package Vignette version 0.9.0.

Liu, D., Sun, D. W,, and Zeng, X. A. (2014). Recent advances in wavelength
selection techniques for hyperspectral image processing in the food industry.
Food Bioprocess Tech. 7 (2), 307-323. doi: 10.1007/s11947-013-1193-6

Liu, H., Bruning, B., Berger, B., and Garnett, T. (2019). “7th Edition of the
International Workshop on Image Analysis Methods for the Plant Sciences,”
in Green plant segmentation in hyperspectral images using SVM and hyper-hue
(France: Lyon).

Martens, H., and Nes, T. (2011). Pretreatment and linearization, Multivariate
Calibration. Hoboken, NJ: John Wiley&Sons Ltd.

Martens, H., and Stark, E. (1991) “Extended multiplicative signal correction and
spectral interference subtraction: new preprocessing methods for near infrared
spectroscopy’. . Phar. Biomed. Anal. 9 (8), 625-635

Mevik, B. H., and Wehrens, R. (2007). The pls package: Principal component and
partial least squares regression in R. J. Statistical Software 18 (2), 1-23. doi:
10.18637/jss.v018.i02

Meyer, D., Dimitriadou, E., Hornik, K., Weingessel, A., Leisch, E, Chang, C.-C.,
et al. (2017) “Package ©€1071’: Misc functions of the department of statistics,
Probability Theory Group (Formerly: E1071), TU Wien” R package Vignette
version 1.6-8.

Montgomery, D. C., Peck, E. A., and Vining, G. G. (2012). Introduction to Linear
Regression Analysis. Hoboken, New Jersey: A John Wiley & Sons, Inc.

Mullan, D., and Pietragalla, J. (2012). “Physiological Breeding II: a field guide
to wheat phenotyping,” in Leaf relative water content. Eds. Pask, A. J. D,
Pietragalla, J., Mullan, D. M., and Reynolds, M. P. (Mexico, D.E: CIMMYT).

Musick, H. B., and Pelletier, R. E. (1986). Response of some Thematic Mapper
band ratios to variation in soil water content. Photogrammetric Eng. Remote
Sens. 52 (10), 1661-1668.

Musick, H. B., and Pelletier, R. E. (1988). Response to soil moisture of spectral
indexes derived from bidirectional reflectance in thematic mapper wavebands.
Remote Sens. Environ. 25 (2), 167-184. doi: 10.1016/0034-4257(88)90099-5

Ollinger, S. V. (2011). Sources of variability in canopy reflectance and
the convergent properties of plants. New Phytolog. 189, 375-394. doi:
10.1111/j.1469-8137.2010.03536.x

Osborne, J. W., and Waters, E. (2002). Four assumptions of multiple regression that
researchers should always test. Practical Assessment Res. Evaluation 8 (2), 1-5.

Pan, T. T, Sun, D. W,, Cheng, J. H,, and Pu, H. (2016). Regression algorithms
in hyperspectral data analysis for meat quality detection and evaluation.
Comprehensive Rev. Food Sci. Food Safety 15, 529-541. doi: 10.1111/1541-4337.
12191

Pandey, P, Ge, Y., Stoerger, V., and Schnable, J. C. (2017). High throughput in vivo
analysis of plant leaf chemical properties using hyperspectral imaging. Front.
Plant Sci. 8, 1348. doi: 10.3389/fpls.2017.01348

Pedregosa, F, Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., et al.
(2011). Scikit-learn: machine learning in python. J. Machine Learn. Res. 12,
2825-2830.

Peniuelas, J., Filella, 1., Biel, C., Serrano, L., and Save, R. (1993). The reflectance at
the 950-970nm region as an indicator of plant water status. Int. J. Remote Sens.
14 (10), 1887-1905. doi: 10.1080/01431169308954010

Pefiuelas, J., Filella, I., Lloret, P., Munoz, E, and Vilajeliu, M. (1995). Reflectance
assessment of mite effects on apple trees. Int. J. Remote Sens. 16, 2727-2733.
doi: 10.1080/01431169508954588

Pefiuelas, J., Pifiol, J., Ogaya, R., and Filella, I. (1997). Estimation of plant water
concentration by the reflectance Water Index WI (R900/R970). Int. J. Remote
Sens. 18 (13), 2869-2875. doi: 10.1080/014311697217396

R Core Team. (2017). R: a language and environment for statistical computing.
R Foundation for Statistical Computing, Vienna, Austria. URL https://www.R-
project.org/.

Raun, W. R, and Johnson, G. V. (1999). Improving nitrogen use efficiency for
cereal production. Agronomy J. 91 (3), 357-363. doi: 10.2134/agronj1999.000
21962009100030001x

Rinnan, A., van den Berg, E, and Engelsen, S. B. (2009). Review of the most
common pre-processing techniques for near-infrared spectra. Trends Analytical
Chem. 28 (10), 1201-1222. doi: 10.1016/j.trac.2009.07.007

Seelig, H. D., Hoehn, A., Stodieck, L. S., Klaus, D. M., Adams, W. W,, and Emery,
W. J. (2008). Relations of remote sensing leaf water indices to leaf water
thickness in cowpea, bean, and sugarbeet plants. Remote Sens. Environ. 112,
445-455. doi: 10.1016/j.rse.2007.05.002

Stevens, A., and Ramirez-Lopez, L. (2015) “Package ‘prospectr” [online] Available:
https://cran.r-project.org/web/packages/prospectr/prospectr.pdf.

Taiz, L., and Zeiger, E. (1998). “Plant Physiology,” in Mineral Nutrition, Eds. Taiz, L.,
and Zeiger, E. (Sunderland, Massachusetts: Sinauer Associates Publishers), 103-124.

Torres, 1., Sanchez, M.-T., Benlloch-Gonzalez, M., and Pérez-Marin, D. (2019).
Irrigation decision support based on leaf relative water content determination
in olive grove using near infrared spectroscopy. Biosyst. Eng. 180, 50-58. doi:
10.1016/j.biosystemseng.2019.01.016

Venables, W. N., and Ripley, B. D. (2002). Modern Applied Statistics with S. New
York: Springer. doi: 10.1007/978-0-387-21706-2

Walesiak, M., and Dudek, A. (2017) “Package ‘clusterSim’: Searching for optimal
clustering procedure for a data set” R package Vignette version 0.47-1.

Wang, Z., Wang, J., Zhao, C., Zhao, M., Huang, W., and Wang, C. (2005).
Vertical distribution of nitrogen in different layers of leaf and stem and their
relationship with grain quality of winter wheat. J. Plant Nutrition 28 (1), 73-91.
doi: 10.1081/PLN-200042175

Weatherley, P. E. (1950). Studies in the water relations of the cotton plant. I. The
field measurement of water deficits in leaves. New Phytolog. 49, 81-97. doi:
10.1111/j.1469-8137.1950.tb05146.x

Wen, P-E, He, J., Ning, E, Wang, R., Zhang, Y.-H., and Li, J. (2019). Estimating leaf
nitrogen concentration considering unsynchronized maize growth stages with
canopy hyperspectral technique. Ecological Indicators 107, 1-16. doi: 10.1016/j.
ecolind.2019.105590

Wold, S., Sjostrom, M., and Eriksson, L. (2001). PLS-regression: a basic tool of
chemometrics. Chemometrics Intelligent Lab. Syst. 58, 109-130. doi: 10.1016/
S0169-7439(01)00155-1

Wold, S., Ruhe, A., Wold, H., and Dunn, W. ., III (1984). The collinearity problem
in linear regression. The partial least squares (PLS) approach to generalized
inverses. SIAM Int. J. Sci. Statistical Comput. 5 (3),735-743. doi: 10.1137/0905052

Yu,K.-Q., Zhao, Y.-R., Li, X.-L., Shao, Y.-N,, Liu, F,,and He, Y. (2014). Hyperspectral
imaging for mapping of total nitrogen spatial distribution in pepper plant.
PLoS One 9 (12), 1-19. doi: 10.1371/journal.pone.0116205

Zhang, X,, Liu, F, He, Y., and Gong, X. (2013). Detecting macronutrients content
and distribution in oilseed rape leaves based on hyperspectral imaging. Biosyst.
Eng. 115, 56-65. doi: 10.1016/j.biosystemseng.2013.02.007

Zimmermann, B., and Kohler, A. (2013). Optimizing Savitzky-Golay parameters
for improving spectral resolution and quantification in infrared spectroscopy.
Appl. Spectroscopy 67 (8), 892-902. doi: 10.1366/12-06723

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 Bruning, Liu, Brien, Berger, Lewis and Garnett. 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.

Frontiers in Plant Science | www.frontiersin.org

October 2019 | Volume 10 | Article 1380


https://doi.org/10.1007/s11947-013-1193-6
https://doi.org/10.18637/jss.v018.i02
https://doi.org/10.1016/0034-4257(88)90099-5
https://doi.org/10.1111/j.1469-8137.2010.03536.x
https://doi.org/10.1111/1541-4337.12191
https://doi.org/10.1111/1541-4337.12191
https://doi.org/10.3389/fpls.2017.01348
https://doi.org/10.1080/01431169308954010
https://doi.org/10.1080/01431169508954588
https://doi.org/10.1080/014311697217396
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.2134/agronj1999.00021962009100030001x
https://doi.org/10.2134/agronj1999.00021962009100030001x
https://doi.org/10.1016/j.trac.2009.07.007
https://doi.org/10.1016/j.rse.2007.05.002
https://doi.org/10.1016/j.biosystemseng.2019.01.016
https://doi.org/10.1007/978-0-387-21706-2
https://doi.org/10.1081/PLN-200042175
https://doi.org/10.1111/j.1469-8137.1950.tb05146.x
https://doi.org/10.1016/j.ecolind.2019.105590
https://doi.org/10.1016/j.ecolind.2019.105590
https://doi.org/10.1016/S0169-7439(01)00155-1
https://doi.org/10.1016/S0169-7439(01)00155-1
https://doi.org/10.1137/0905052
https://doi.org/10.1371/journal.pone.0116205
https://doi.org/10.1016/j.biosystemseng.2013.02.007
https://doi.org/10.1366/12-06723
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/plant-science/
http://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles

	The Development of Hyperspectral Distribution Maps to Predict the Content and Distribution of Nitrogen and Water in Wheat (Triticum aestivum)

	﻿Introduction

	﻿Materials and Methods

	﻿Experimental Design

	﻿Data Collection

	Hyperspectral System and Data Measurements

	Plant Sampling and Chemical Analysis


	﻿Data Analysis

	Extraction of Mean Plant Spectra

	Multivariate Regression

	Wavelength Selection



	﻿Results

	﻿VNIR Wavelengths Alone Are Not Sufficient to Predict Water Content

	﻿VNIR Wavelengths Are Not Sufficient for Nitrogen Prediction

	﻿Full-Spectra (VNIR+SWIR) Regressions Improve Accuracies for Water and Nitrogen

	﻿Wavelength Selection Using Regression Coefficients Reduces Data Without Compromising Accuracy

	﻿Distribution Maps Can Visualize Water and Nitrogen Distribution


	﻿Discussion

	﻿Conclusion

	﻿Data Availability Statement

	﻿Author Contributions

	﻿Funding

	﻿Acknowledgments

	﻿Supplementary Material

	References



