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Table 4. Cont.

Applications Previous Studies Research Focuses
Mounted a hyperspectral sensor on a boom arm that was
o installed on a truck for acquiring images at 1 m above the
Iden’nfy}ng Fddy etal. [139] ground and applied the hyperspectral images to classifying
vegetation weeds in different crop fields.
species or - -
weeds Installed an AISA Eagle imaging spectrometer on a scaffold at
Lopatin et al. [145] the height of 2.5 m above ground, aiming to collect hyperspectral
imagery in a grassland area for classifying grassland species.
Utilized hyperspectral cameras and a close-range 3D laser
scanner that were mounted on a linear stage for collecting
Phenotyping Behmann et al. [146] hyperspectral images and 3D point models, respectively, and

used these two datasets for generating hyperspectral 3D plant
models for better monitoring plant phenotyping features.

Attempted to estimate copper concentration in contaminated
Antonucci et al. [147] soils using hyperspectral images that were acquired from a
lab-based spectral scanner.

Monitoring soil
properties

Collected close-range soil images using Pika XC2 hyperspectral
camera that was mounted on a linear stage and used the
hyperspectral imagery for investigating soil macro- and

micro-elements.

Malmir et al. [137]

Overall, the close-range hyperspectral imaging platform is capable of acquiring super-high-
spatial-resolution hyperspectral imagery that is critical for investigating fine-scale crop or soil features.
These features provide detailed information about the plant’s biophysical and biochemical processes
and how plants respond to environmental stresses and diseases. However, the image collection and

processing also suffer from different issues, such as uninformative variability caused by the interaction
of light with the plant structure (i.e., illumination effects), influences of shadows, and expanding
applications of the platform to a large scale [141,146]. Further research in these areas is warranted.

Figure 4. Close-range imaging platforms used in previous studies. Figures were reproduced with
permission from corresponding publishers: (a) American Society for Photogrammetry and Remote
Sensing (ASPRS), Bethesda, Maryland, asprs.org [139]; (b) SPIE [148]; (c) Elsevier [138]; (d) Springer
Nature [144]; (e) Elsevier [149].

In summary, different hyperspectral imaging platforms, including satellites, airplanes, helicopters,
UAVs, and close-range, have different advantages and disadvantages for applications in precision
agriculture. Detailed comparisons of these platforms for agricultural applications are shown in
Table 5. In brief, satellite-based systems provide images covering large areas but suffer from medium
spatial resolution and limited data availability (e.g., a limited number of operating sensors and long
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revisit time). Airplane- and helicopter-based imaging platforms acquire data with suitable spatial
coverage and resolution for most of the agricultural applications. However, they are limited by
a high mission cost and scheduling challenges and thus are not suitable for repeated monitoring.
UAV-based systems are capable of acquiring high-spatial resolution images repeatedly and have high
flexibility. However, they can only cover a small area due to the limited battery endurance and aviation
regulations. The close-range imaging systems are capable of obtaining super-high-spatial-resolution
images, but they can only be used at leaf or canopy levels. Therefore, the following factors should be
taken into consideration when selecting a platform for a specific research project: spatial resolution
needed for the study, flight area and flight endurance, weight of the imaging system, platform payload
capacity, flight safety and regulations, operation flexibility, and cost.

Table 5. Comparison of hyperspectral imaging platforms.

. . . Fixed-Wing  Multi-Rotor ~ Close-Range
Satellites Airplanes Helicopters UAVs UAVs Platforms
Example W o \\ - S = e
Photos — > - g S
(Photo: Swales (Photo:
Aerospace) ASPRS)
Oﬁﬁﬁg’;"l 400700 km 1-20 km 100 m—2 km <150 m <10m
Very large Medium—Ilarge ~ Medium Small—medium  Small Very small
Spatial e.g., one o .
Coverage Hyperion scene A 10-min flight/operation covers
covers 42 km X
7.7 km ~100 km? ~10 km? ~5 km? ~0.5 km? ~0.005 km?
Rfsf(’jfl‘zlm 20-60 m 120m 0.1-1m 0.01-0.5m 0.0001-0.01 m
I;ree;:)llril ?‘EL Days to weeks Depends on flight operations (hours to days)
. Medium (e.g., limited by the
Flexibility Low (-e 8- fixed availability of aviation High
repeating cycles) com
pany)
Operational Low (F‘mal data Medium (Depends on who High (users typically operate sensors and need
Complexi provided to operates the sensor, users or to set up hardware and software properly)
plexity users) data vendors) P properly
Applicable Regional— .

Scales global Landscape—regional Canopy—landscape Leaf—canopy
Ma'](')r Weather (e.g., Unfavorable flight Short battery endurance (e.g., Ple?tform
Limiting . height/speed, unstable . . R design and

rain and clouds) . L L. 10-30 min), flight regulations .
Factors illumination conditions operation
Image . . . ..
Acquisition Low to medium High (ty p! cally requires hiring High (If need to cover a large area)
Cost an aviation company to ﬂy)
Number of

publications *

59

133 3

4 38 79

* The number of publications was counted based on which specific platform was used in each of the

literature reviewed.

3. Methods for Processing and Analyzing Hyperspectral Images

Hyperspectral images acquired by different platforms and sensors are typically provided in a
raw format (e.g., digital numbers) that needs to be pre-processed (e.g., atmospheric, radiometric,
and spectral corrections) to retrieve accurate spectral information. Afterward, different approaches can
be used for analyzing the hyperspectral information and investigating various agricultural features
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(e.g., crop and soil properties). A few commonly used methods include linear regression, advanced
regression (e.g., PLSR), machine learning and deep learning (e.g., RF, CNN), and radiative transfer
modelling (e.g., PROSPECT and PROSAIL). Researchers have used one or more of these methods for
investigations of different agricultural features. In this section, the review is arranged based on the
different methods used in the studies.

3.1. Pre-Processing of Hyperspectral Images

Typical processing of hyperspectral imagery includes geometric correction, orthorectification,
radiometric correction, and atmospheric correction. For satellite- and airplane-based hyperspectral
images, the geometric and orthorectification correction are generally performed by data providers,
and the radiometric and atmospheric corrections can be done following standard image processing steps
available in remote sensing software. For UAV-based images, in contrast, the users need to conduct
these processing steps and decide on appropriate processing methods and associated parameters.
For instance, a digital elevation model (DEM) and ground control points (GCPs) are usually needed
for performing the orthorectification and geometric correction [12]. If the sensor mounted on UAV
is pushbroom based, accurate sensor orientation information recorded by an IMU will be needed
for these corrections, and the IMU needs to be integrated into the UAV and well-calibrated [12,27].
Software packages commonly used in previous studies for performing these corrections on UAV-based
hyperspectral images include ENVI (Exelis Visual Information Solutions, Boulder, CO, USA) and
PARGE (ReSe Applications Schldpfer, Wil, Switzerland) [12,26,117].

Radiometric correction is conducted to convert image digital numbers to radiance using calibration
coefficients that are provided by the sensor manufacturer [11]. These coefficients may need to be updated
over time due to the degradation of spectral materials used to construct the hyperspectral sensors.
Regarding atmospheric correction, although the UAVs are flown at low altitudes, the signals acquired
are still subjective to the influence of various atmospheric absorptions and scatterings, such as oxygen
absorption at 760nm; water absorption near 820, 940, 1140, 1380, and 1880 nm; and carbon dioxide
absorption at 2010 and 2060 nm [12,13,26,150]. Therefore, atmospheric correction is critical for obtaining
good-quality spectral information. However, Adao et al. [11] suggest that this process might be skipped
if the UAVs are operated close to the ground. Therefore, the application of atmospheric correction will
depend on specific flight missions and research purposes (e.g., flight altitudes, if atmosphere-influenced
spectral bands are needed). Software or methods commonly used in previous studies for performing
atmospheric correction on UAV-based hyperspectral images include the MODTRAN model (Spectral
Sciences Inc.), ENVI FLAASH (L3Harris Geospatial), PCI Geomatica (PCI Geomatics Corporate),
SMARTS model (Solar Consulting Services), and empirical line correction [12,19,27,32,33,116].

Hyperspectral images typically have hundreds of bands, and many of them are highly correlated.
Therefore, dimension reduction is also an essential procedure to consider in the pre-processing of
hyperspectral imagery. Many previous studies using hyperspectral imagery have discussed the
challenges of data redundancy and have used different methods for dimension reduction. For instance,
Miglani et al. [151] performed principal component analysis (PCA) on hyperspectral images and
indicated that 99% of the information could be explained in the first 10 principal components.
Amato et al. [152] discussed a few previous methods of dimension reduction, such as PCA, minimum
noise fraction (MNF), and singular value decomposition (SVD), and proposed a dimension reduction
algorithm based on discriminant analysis for supervised classification. Teke et al. [38] reviewed
several dimension reduction methods and summarized them based on transformation techniques.
Thenkabail et al. [153] discussed the problems of high dimensionality and listed a number of spectral
bands that are more important for investigating crop features. Sahoo et al. [4] reviewed different
methods for dimension reduction, such as PCA, uniform feature design (UMD), wavelet transforms,
and artificial neural networks (ANNSs), and discussed their features of operation. Wang et al. [154]
proposed an auto-encoder-based dimensionality reduction method that is a deep learning-based
approach. Of these different methods, the wavelet transform is one of the most widely used ones for
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dimension reduction. This technique decomposes a signal into a series of scaled versions of the mother
wavelet function and allows the variation of the wavelet based on the frequency information to extract
localized features (e.g., local spectral variation) [155,156]. It has also been successfully used for image
fusion, feature extraction, and image classification [156-158].

In addition to dimensionality reduction, band sensitivity analysis and band selection have also
been widely used in hyperspectral remote sensing to reduce the data size by selecting only the bands
that are sensitive to the object of interest. Different algorithms have been proposed in previous studies
for band selection, such as a fast volume-gradient-based method that is an unsupervised method and
removes the most redundant band successively based on the gradient of volume [159], a column subset
selection-based method that maximizes the volume of the selected subset of columns (i.e., bands)
and is robust to noisy bands [160], and a manifold ranking-based salient band selection method that
puts band vectors in manifold space and selects a band-based ranking that can tackle the problem of
inappropriate measurement of the band difference [161]. With the sensitivity analysis, previous studies
have identified spectral bands that are sensitive to different crop properties, for instance, ~515, ~550,
~570, ~670, 700-740, ~800, and ~855 nm for investigating chlorophyll content; ~405, ~515, ~570, ~705,
and ~720 nm for evaluating nitrogen status; ~970, ~1180, ~1245, ~1450, and ~1950 nm for assessing
water content; ~682, ~855, ~910, ~970, ~1075, ~1245, ~1518, ~1725, and ~2260 nm for estimating
biomass; and ~550, ~682, ~855, ~1075, ~1180, ~1450, and ~1725 nm for crop classification [36,44,153,162].
Overall, pre-processing is an essential step for improving the quality of hyperspectral images and
preparing for further data analysis. After the pre-processing, the analytical methods to be discussed
below can be used for analyzing the hyperspectral information and investigating various agricultural
features on the ground.

3.2. Empirical Relationships

Linear regression is a widely used method for analyzing hyperspectral imagery and retrieving
target information (e.g., crop and soil properties). Both spectral reflectance and vegetation indices can
be used as predictor variables in establishing a linear relationship. For instance, using spectral bands,
Finn et al. [108] built linear regressions between field-measured soil moisture data and the spectral
reflectance of collected hyperspectral imagery and identified bands that have stronger correlations with
soil moisture. More studies have used vegetation indices in the regression for a better performance as
some indices can enhance the signal of targeted features and minimize the background noise. Some of
the previous studies are shown in Table 6.

Table 6. Selected previous studies utilized linear regression and hyperspectral vegetation indices for
investigating agricultural features.

Applications Previous Studies Research Focuses

Utilized the Chlorophyll Absorption Integral (CAI), Optimized
Soil-Adjusted Vegetation Index (OSAVI), and hyperspectral
Oppelt and Mauser [105] ~ Normalized Difference Vegetation Index (h NDVI) for estimating
leaf chlorophyll and nitrogen content from hyperspectral
imagery and evaluated the performance of each of the indices.

Tested a range of vegetation indices (e.g., NDVI, Simple Ratio

Estimating leaf Wu et al. [45] (SR), and Triangular Vegetation Index (TVI)) for retrieving
chlorophyll and wetal & vegetation chlorophyll content and LAI from Hyperion images
nitrogen content and determined the indices that produced high accuracies.

Utilized the Double-peak Canopy Nitrogen Index (DCNI) and
Modified Chlorophyll Absorption Ratio Index/Modified
Triangular Vegetation Index 2 (MCARI/MTVI2) for estimating
Cilia et al. [103] nitrogen content, as well as the Transformed Chlorophyll
Absorption in Reflectance Index (TCARI), MERIS Terrestrial
Chlorophyll Index (MTCI) and Triangular Chlorophyll Index
(TCI) for estimating leaf pigments.
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Table 6. Cont.

Applications Previous Studies Research Focuses

Evaluated a range of vegetation indices, such as the modified
simple ratio index (MSR), NDVI, a newly proposed index
NDVI-like (which resembles NDVI), modified triangular

vegetation index (MTVI2), and modified soil adjusted vegetation
index (MSAVI) for estimating winter wheat LAI from
hyperspectral images.

Tested the NDVI and Red Edge Position (REP) for estimating
field-scale winter wheat biomass.

Xie et al. [109]

Estimating LAT and Ambrus etal. [104]
biomass

Examined a range of techniques (e.g., index-based empirical
regression, radiative transfer modelling, and artificial neural
network) for estimating crop biophysical variables (e.g., LAl and
water content) in terms of operational agricultural applications
with airborne Hymap data and discussed the unique features of
each technique.

Richter et al. [98]

Utilized 28 published vegetation indices (e.g., Chlorophyll
Absorption Ratio Index (CARI) and Normalized Difference Red
Edge (NDRE)) for estimating oat nitrogen and identified the
best-performing one.

Estimating nitrogen

Nevalainen et al. [163]
content

Examined the performance of the photochemical reflectance
index (PRI) for estimating the disease index of wheat yellow rust
Huang et al. [164] using canopy reflectance data and then applied the regression
on an airborne hyperspectral imagery for mapping the

Detecting cro I
5 crop disease-affected areas.

disease

Calculated a range of vegetation indices (e.g., NDVI and red
Copenhaver et al. [34] edge position index) for detecting crop disease and compared
the effectiveness of these indices.

Utilized the Normalized Difference Tillage Index (NDTI) and
Cellulose Absorption Index (CAI), together with ALI, Hyperion,
and airborne hyperspectral (SpecTIR) data, for estimating crop

residue cover for conservation tillage application.

Estimating crop

. Galloza and Crawford [47]
residue cover

Utilized both spectral bands and vegetation indices for
classifying different crop types and estimating vegetation
properties and evaluated the performance difference of using
various bands or indices.

Crop classification Thenkabail et al. [44]

Overall, linear regression has been commonly used for estimating a wide range of crop or soil
properties. It is easy to establish, and most of the index-based regressions generated satisfactory
accuracies. However, there are several potential issues associated with this approach, such as the large
number of indices available and it is unknown which performs better, regression may be very sensitive
to data size and quality, and the saturation problem of indices [36,165]. It is thus critical to consider
these potential issues and adopt appropriate solutions when establishing linear regressions with
hyperspectral data. For instance, selecting appropriate vegetation indices with targeted crop or soil
variables is recommended. Researchers have evaluated a wide range of hyperspectral vegetation indices
for different research purposes. Haboudane et al. [166] examined 11 hyperspectral vegetation indices for
estimating crop chlorophyll content. Main et al. [167] investigated 73 vegetation indices for estimating
chlorophyll content in crop and savanna tree species. Peng and Gitelson [168] tested 10 multispectral
indices and 4 hyperspectral indices for quantifying crop gross primary productivity. Croft et al. [169]
analyzed 47 hyperspectral indices for estimating the leaf chlorophyll content of different tree species.
Zhou et al. [170] evaluated eight hyperspectral indices for estimating the canopy-level wheat nitrogen
content. Tong and He [165] evaluated 21 multispectral and 123 hyperspectral vegetation indices for
calculating the grass chlorophyll content at both the leaf and canopy scales. Yue et al. [171] examined
54 hyperspectral vegetation indices for estimating winter wheat biomass. Indices performed differently
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in these studies; thus, it is suggested to evaluate the top-performed ones in these studies and select the
one that generates the highest accuracy.

To deal with issues of linear regression, advanced regression, such as MLR and PLSR, has also
been commonly used in previous research for estimating crop and soil properties [172,173]. Compared
with linear regression, the advanced regression models mostly use multiple predictor variables in the
model to achieve a higher accuracy. PLSR is one of the most widely used models for investigating
crop properties using hyperspectral images, such as Ryu et al. [35], Jarmer [99], Siegmann et al. [73],
and Yue et al. [124] used PLSR and hyperspectral images for estimating different crop biophysical and
biochemical variables (e.g., LAI, biomass, chlorophyll, content, fresh matter, and nitrogen contents).
Thomas et al. [100] examined PLSR for retrieving the biogas potential from hyperspectral images and
evaluated the influence of imaging time on retrieval accuracy. Regarding soil features, Gomez et al. [49],
Van Wesemael et al. [107], Hbirkou et al. [102], and Castaldi et al. [110] built a PLSR model for estimating
the SOC content using hyperspectral images. Zhang et al. [50] used PLSR for estimating a wide range
of soil properties (e.g., soil moisture, soil organic matter, clay, total carbon, phosphorus, and nitrogen
content) from hyperspectral imagery and identified factors that may affect the model accuracy
(e.g., low signal-to-noise ratio, spectral overlap of different soil features). Casa et al. [59] used the
PLSR model and different hyperspectral imagery for investigating soil textural features and evaluated
various factors (e.g., spectral range and resolution, soil moisture, geolocation error) influencing the
model performance.

The PLSR model is implemented in Python and R [174,175] and is widely used in many research
areas, including forests [176], grasslands [177], and waters [178]. This model performed well in different
studies owning to its strengths in dealing with a large number of inter-correlated predictor variables
(i.e., by converting them to a few non-correlated latent variables), addressing the data noise challenge,
and tackling the over-fitting problem [171,179]. Different techniques have also been confirmed to
be efficient for improving the accuracy of the PLSR model, such as incorporating different types of
predictor variables in the model (e.g., spectral bands, indices, textural variables), utilizing predicted
residual error sum of squares (PRESS) statistics for determining the optimal number of latent variables,
and feature evaluation for selecting more important predictor variables in the model [36]. It is thus
critical to carefully examine these techniques for achieving the optimal model accuracy.

3.3. Radiative Transfer Modelling

Radiative transfer modelling is a physically based approach that uses physical laws to
simulate the interaction of electromagnetic radiation with vegetation (e.g., reflection, transmission,
and absorption) [180]. The RTMs simulate vegetation spectra (e.g., leaf reflectance and transmittance)
using vegetation biophysical and biochemical properties (e.g., chlorophyll and water contents) in
the forward mode, and for inversion of these variables from spectral measurements in the inverse
mode [181]. PROSAIL is one of the most widely used RTMs. This model is an integration of the
leaf-level PROSPECT model and canopy-level SAIL model and is capable of simulating canopy
reflectance using leaf properties (e.g., chlorophyll and water contents), canopy structural parameters
(e.g., LAl and leaf angle), and soil reflectance [18].

PROSAIL has also been used in agricultural environments for investigating crop and soil
properties. For instance, Casa and Jones [182] inverted PROSAIL and a ray-tracing canopy model
with spectroradiometer-measured hyperspectral reflectance data and imaging spectrometer-acquired
hyperspectral image data, respectively, for estimating canopy LAI and evaluated factors influencing
the estimation accuracy (e.g., the non-homogeneous surface caused by the crop row structure).
Richter et al. [98] utilized PROSAIL for estimating LAI, fCover, canopy chlorophyll, and water content
from hyperspectral images and compared its performance to other methods (e.g., artificial neural
network). Richter et al. [183] applied PROSAIL to investigate similar vegetation variables and analyzed
the accuracy and efficiency of this method. Wu et al. [184] examined the sensitivity of vegetation indices
to vegetation chlorophyll content using simulated results from the PROSPECT model and suggested
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a few well-performed indices. Locherer et al. [74] attempted to estimate vegetation LAI using the
PROSAIL model and multi-source hyperspectral images and tested several techniques (e.g., different
cost functions and types of averaging methods) used for the inversion process. Yu et al. [37] estimated
a range of vegetation phenotyping variables (e.g., LAI and leaf chlorophyll) using hyperspectral
imagery and PROSAIL and examined the sensitivity of different spectral ranges to the parameters in
the PROSAIL model.

Compared with the regression models discussed in previous sections, the RTMs have been less
used in the literature for investigating agricultural features due mainly to their high model complexity
and computational intensity. For instance, a wide range of parameters need to be considered in
RTM (e.g., chlorophyll, carotenoids, water contents, leaf area index, leaf angles, solar angles, and soil
reflectance, along with other parameters, in the PROSAIL model) and the users need to use different
techniques (e.g., merit function, look-up table) to facilitate the forward and inversion operations of
the model. In addition, it costs much more computing time than the regression models to achieve the
predictions of target vegetation variables. However, it is also well known that the regression models
tend to be site and time specific and are not readily transferable to other geographical regions or
different times over the site [166]. In contrast, RTM is a more transferable approach owning to the
fact that it is established based on physical laws and does not require training data for rebuilding
the model. In addition, RTM is capable of estimating a range of vegetation properties in one model,
while regression models typically can only estimate one variable [36,185].

3.4. Machine Learning and Deep Learning

Machine learning algorithms, including support vector machine regression (SVM) and RF,
are powerful tools for analyzing hyperspectral information since they can process a large number of
variables (e.g., spectral reflectance and vegetation indices) efficiently [186]. Machine learning has been
widely used in the remote sensing field for estimating properties of ground features or classifying
different ground covers [36,114,187]. Researchers have also used different machine learning algorithms
and hyperspectral images for agricultural applications. SVM has been a commonly used algorithm
in previous research for prediction or classification purposes. For instance, Honkavaara et al. [123]
estimated crop biomass using SVM and UAV-acquired hyperspectral imagery. Bostan et al. [51] utilized
SVM for classifying different crop types and achieved high classification accuracy. Ran et al. [93]
used KNN and SVM classifiers for investigating tillage practices in agricultural fields and compared
their performances. RF is another commonly used algorithm for investigating agricultural features
with hyperspectral imagery. For instance, Gao et al. [188] successfully classified weed and maize
using RF and lab-based hyperspectral images. Using ground-based hyperspectral reflectance data
acquired by an ASD spectroradiometer, Siegmann and Jarmer [189] evaluated the performance of
RF, SVM, and PLSR for estimating crop LAI and confirmed the good performance of RE. Similarly,
using hyperspectral reflectance, Adam et al. [190] attempted to detect maize disease with the RF model.
Overall, machine learning models generally have robust performances for investigating agricultural
features using hyperspectral imagery.

Deep learning is a subset of machine learning and extends machine learning by adding more
“depth” (i.e., hierarchical representation of the dataset) in the model [191,192]. It is a popular approach
in recent years for recognizing patterns in remote sensing images and thus for investigating various
ground features. Deep learning has been commonly used in the remote sensing field for image
classification, such as land cover classification [193-195] and the identification of ground features
(e.g., buildings) [196]. Deep learning has also been applied to precision farming to solve complicated
issues. Existing studies are, for example, investigating the estimation of crop yield using CNN
and multispectral images together with climate data [197], plant disease detection using CNN and
smartphone-acquired images [198], crop classification using 3-D CNN and multi-temporal multispectral
images [199], and classification of agricultural land cover using deep recurrent neural network and
multi-temporal SAR images [200]. Kamilaris and Prenafeta-Boldu [191] reviewed applications of deep
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learning in agriculture and food production, although not all studies used remote sensing images.
Singh et al. [201] reviewed a range of deep learning methods and their applications, specifically in plant
phenotyping. Up to now, deep learning has not been well explored for processing and analyzing remote
sensing images, especially hyperspectral images, for agricultural applications. Considering the capacity
of deep learning for studying feature patterns in images and the rich information in hyperspectral
imagery, the integration of the two has a wide range of agricultural applications (e.g., crop classification,
weed monitoring, crop disease detection, and plant stress evaluation). Further research in these areas
is warranted.

Machine learning or deep learning is capable of processing multi-source and multi-type data [202].
For instance, besides multi-type remote sensing images (e.g., optical, thermal, LIDAR, and Radar), other
sources of data, such as weather, irrigation, and historical yield information, can also be incorporated in
the modelling process for a possibly better evaluation of targeted agricultural features [203]. Although
machine learning and deep learning models are powerful, it is also critical to keep in mind that these
models require large-quantity and high-quality training samples to achieve robust performances [202].
Insufficient training datasets or data with issues (e.g., data incompleteness, noise, and biases) may
cause undesired model performances.

In summary, different analytical methods (e.g., linear regression, advanced regression,
machine learning and deep learning, and RTM) have different levels of complexity, performance,
and transferability. More detailed comparisons on these methods are listed in Table 7. Overall, linear
regression is the easiest method to use, and its performance is generally acceptable, although this
method can be highly influenced by the choice of predictor variables and quality of the sample data.
The advanced regression (e.g., PLSR) mostly performs better than the linear regression since it involves
multiple variables in the model and is less sensitive to data noise. RTM (e.g., PROSAIL) is capable of
producing multiple data products (e.g., chlorophyll, water, and LAI) with reasonably high accuracies.
One essential advantage of this method is its high transferability. However, this method has the highest
complexity as it requires a wide range of parameters and extensive programming. In terms of machine
learning, many algorithms, such as RF and SVM, are well established and mostly performed well in
previous studies. Some programming and model adjustments are needed for this method to achieve
optimal performance. Deep learning is a relatively new method and is increasingly popular in recent
years. Appropriate model design and programming are critical for this approach. It also requires a
substantial amount of training data and computing resources to achieve a good model performance.
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4. Hyperspectral Applications in Agriculture

Hyperspectral imaging has been used in agriculture for a wide range of purposes, including
estimating crop biochemical properties (e.g., chlorophyll, carotenoids, and water contents) and
biophysical properties (e.g., LAI, biomass) for understanding vegetation physiological status and
predicting yield, evaluating crop nutrient status (e.g., nitrogen deficiency), monitoring crop disease,
and investigating soil properties (e.g., soil moisture, soil organic matter, and soil carbon). Previous
studies have also summarized some of the above-mentioned applications of hyperspectral remote
sensing in precision agriculture [4,84]. In this section, we will thus focus more on recent hyperspectral
studies and summarize these studies according to specific applications.

4.1. Estimation of Crop Biochemical and Biophysical Properties

One important hyperspectral application in agriculture is monitoring crop conditions through
the retrieval of crop biochemical and biophysical properties [8,99]. For instance, the leaf chlorophyll
content is an essential biochemical property influencing the vegetation photosynthetic capacity and
controlling crop productivity [99]. In previous studies, Oppelt and Mauser [105] collected AVIS data
to retrieve the chlorophyll and nitrogen contents in a winter wheat field. Similarly, Moharana and
Dutta [43] used Hyperion data to estimate the contents of these two biochemical components in a rice
field. LAI, on the other hand, is a fundamental vegetation biophysical parameter and is highly related
to crop biomass and yield [98]. Previous studies have used hyperspectral remote sensing to estimate
the LAI of different crops, and some of the example studies are shown in Table 8.

Table 8. Selected previous studies estimating LAI for different crop types using hyperspectral images.

Crops Previous Studies Research Focuses

Estimated canopy LAl in a winter wheat field using airborne
Xie et al. [109] hyperspectral imagery and proposed a new vegetation index for
improved estimation accuracy.

Winter wheat
Retrieved LAI of two wheat fields using EnAMAP images and
Siegmann et al. [73] attempted to pan-sharp the images aiming to improve the
spatial resolution of LAI products.
Retrieved a range of canopy variables from barley, including
Barley Jarmer [99] LAI, chlorophyll, water, and fresh matter content using HyMap

data and established an efficient approach for monitoring the
spatial patterns of crop variables.

Investigated LAI, leaf chlorophyll content, canopy water
Rice Yuetal. [37] content, and dry matter content using UAV-based hyperspectral
imagery, aiming to understand the growing status of rice.

Estimated crop LAI and water content with airborne HyMap
data aiming to support operational agricultural practices (e.g.,
irrigation management and crop stress detection) in the context
of the EnMap hyperspectral mission.

Richter et al. [98]

Estimated chlorophyll content and LAI in a mixed agricultural

Mixed W et al. [45] field (e.g., corns, chestnuts trees, and tea plants) using Hyperion
agr;aﬁitural ' data and identified spectral bands and vegetation indices that
ields

generated the highest accuracy.

Estimated LAI, fCover, and FAPAR in an agricultural site with
different crops using PROBA-CHRIS data.

Estimated LAI in mixed crop fields using EnMAP data and
Locherer et al. [74] compared the result accuracy to that of LAI estimation with
airborne data.

Verger et al. [57]
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In addition to the above-mentioned vegetation biochemical and biophysical properties, crop water
content is a critical parameter for revealing water stress. Richter et al. [98] attempted to estimate the
water content in maize, sugar beet, and winter wheat using airborne HyMap data. Moharana and
Dutta [204] investigated the water stress in a rice field and its variations using Hyperion images and
indicated that the remote sensing-estimated water content matched well with field-observed data.
Izzo et al. [128] evaluated the water status in a commercial vineyard using UAV-based hyperspectral
data and determined wavelengths sensitive to the canopy water content. Sahoo et al. [4] discussed the
applications of hyperspectral remote sensing data for evaluating water features in crops and listed
several vegetation indices for calculating the water content.

It can be found from the literature review that many previous studies have focused on estimating
the crop chlorophyll content, LAI, and water content using hyperspectral imagery, while other
important crop properties, such as carotenoids, that are sensitive to plant stress are less explored.
In addition, crop production is influenced by all of these vegetation properties (e.g., chlorophyll,
water, and LAI). Besides investigating the spatial and temporal variations of each property, it is also
critical to evaluate the relationships between these properties and further understand how they affect
crop growth and crop production.

Estimating crop biomass and forecasting yield are also important applications of remote sensing,
as they will contribute to the understanding of crop productivity and implementing suitable
management measures [126]. Yue etal. [124] utilized UAV-based hyperspectral images for estimating the
above-ground biomass of winter wheat. Yang [205] and Mariotto et al. [15] utilized both multispectral
and hyperspectral data to estimate crop yield and found that the hyperspectral imagery-based model
performed better. In addition, crop residues left in the field are critical materials protecting soil
from water and wind erosion and influencing soil biochemical processes. Previous studies, such as
Bannari et al. [106], Galloza and Crawford [47], Bannari et al. [46], have used different hyperspectral
images for the estimation of crop residues on farmlands

Beyond the estimation of crop biomass and residue, one further research topic is investigating
bioenergy (e.g., biogas), which can be generated from the crop biomass. Thomas et al. [100] attempted
to estimate the amount of biogas that can be generated per unit of biomass using airborne HyMap
data and achieved satisfactory results. Overall, hyperspectral imagery has contributed greatly to the
estimation of crop biomass, yield, and other related features (e.g., bioenergy, crop residues). Since crop
biomass and yield are highly affected by agricultural practices (e.g., watering and nutrition treatment),
involving these practice data, together with hyperspectral imagery, in the model can potentially
generate better results. More research in this area is warranted.

4.2. Evaluating Crop Nutrient Status

Precision farming involves evaluating the crop nutrient status and providing recommendations
on site-specific resource management according to crop needs [206]. Such an approach is critical for
improving the resource use efficiency and reducing environmental impacts [4,103]. Previous studies
have used hyperspectral images for estimating the nitrogen content of different crop types, as shown
in Table 9.

Table 9. Selected previous studies estimating the nitrogen content for different crop types using
hyperspectral images.

Crop types Previous Studies Research Focuses

Used UAV-based hyperspectral images for estimating nitrogen
Akhtman et al. [127] content and phytomass in corn and wheat fields and monitored the
temporal variation of these properties.

Corn Collected hyperspectral images in a cornfield with different nitrogen

treatments and weed controls aiming to evaluate to what extent the
spectral signals can identify different nitrogen treatments, weed
controls, or their interactions.

Goel et al. [207]
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Table 9. Cont.

Crop types

Previous Studies

Research Focuses

Cilia et al. [103]

Estimated nitrogen concentration and dry mass in an experimental
maize field using airborne hyperspectral imagery, aiming to
quantify the nitrogen deficit and provide a variable rate fertilization
map. The authors also suggested a way to evaluate the minimum
amount of nitrogen to apply without reducing crop yield and avoid
excessive fertilization.

Quemada et al. [208]

Evaluated plant nitrogen status in a maize field using airborne
hyperspectral images and developed nitrogen fertilizer
recommendations.

Wheat

Koppe et al. [209]

Attempted to investigate wheat nitrogen status and aboveground
biomass using hyperspectral and radar images and to evaluate
spectral signatures of wheats under different nitrogen treatments.

Kaivosoja et al. [126]

Used UAV-based hyperspectral imagery to investigate nitrogen
content and absolute biomass in a wheat field and evaluated the
degree of nitrogen shortage on the date of image acquisition. In this
research, historical farming data, including a yield map and a spring
fertilization map, were used for estimating the optimal amount of
fertilizer to be applied in different areas of the field.

Castaldi et al. [210]

Estimated nitrogen content in wheat using multi-temporal
satellite-based multispectral and hyperspectral images and found
that the band selection affected estimation accuracy at different
phenological stages.

Rice

Moharana and Dutta [43]

Collected Hyperion images for monitoring nitrogen and chlorophyll
contents in rice and investigated the performance of different
spectral indices.

Ryu et al. [35]

Used airborne hyperspectral images and multivariable analysis to
estimate nitrogen content in rice at the heading stage.

Zheng et al. [211]

Tried to monitor rice nitrogen status using UAV-based hyperspectral
images and tested the performance of different vegetation indices
for estimating the nitrogen content.

Zhou et al. [212]

Estimated leaf nitrogen concentration of rice using close-range
hyperspectral images and tested if the variations of the spatial
resolution of the imagery affect the estimation accuracy.

Other crops
(i.e., barley,
potato,
cabbage,
tomato,
sugarcane,
and cacao)

Nasi et al. [213]

Evaluated the performance of using airborne hyperspectral images

and photogrammetric features for estimating crop nitrogen content

and biomass in a barley field and a grassland site, and examined if

the integration of spectral and plant height information can improve
the estimation results.

Nigon et al. [214]

Examined nitrogen stress in potato fields using airborne
hyperspectral imagery and identified spectral indices that are
sensitive to nitrogen content.

Chen et al. [215]

Estimated nitrogen content in cabbage seedlings using close-range
hyperspectral images and identified sensitive wavelengths for the
estimation.

Zhu et al. [142]

Investigated soluble sugar, total nitrogen, and their ratio in tomato
leaves using close-range hyperspectral images and tested data
fusion analysis techniques for improving the investigation accuracy.

Miphokasap and
Wannasiri [216]

Collected Hyperion images for investigating spatial variations of
sugarcane canopy nitrogen concentration and attempted to identify
the nutrient deficient areas for corresponding treatments.

Malmir et al. [217]

Attempted to evaluate nutrient status (e.g., nitrogen, phosphorus,
and potassium) of cacao leaves using close-range hyperspectral
images and examined influences of band selection on the evaluation
accuracy.
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Overall, owing to the large amount of spectral information in hyperspectral imagery, crop nutrient
status can be evaluated with high accuracies, and a corresponding fertilizer treatment plan can be
proposed to achieve optimal crop productions. However, it is also essential to keep in mind that there is
a wide range of factors, such as soil moisture, soil type, and topographic conditions, that can impact crop
growth and production. A more comprehensive treatment plan that takes into consideration both the
crop nutrient status and other influencing factors can make a greater contribution to crop production.

4.3. Classifying Imagery to Identify Crop Types, Growing Stages, Weeds/Invasive Species, and Stress/Disease

Besides quantifying crop properties, hyperspectral images have also been used for classification
purposes, such as differentiating crop types, identifying crop growing stages, classifying weeds or invasive
species, and detecting disease [218]. Examples of previous studies are shown in Table 10. Different
agricultural land covers or crop types have different spectral characteristics; hence, hyperspectral
images can contribute greatly to the classification of these agricultural features.

Table 10. Selected previous studies for the classification of agricultural features using hyperspectral images.

Applications Previous Studies Research Focuses

Utilized Hyperion data and different classification algorithms

(e.g., spectral angle mapper and adaptive coherence estimator)

for identifying five types of crops (e.g., oil palm, rubber, grass
for grazing, citrus, and sugar cane) in Colombia.

Camacho Velasco et al. [48]

Classified different crop and land cover types (e.g., maize,
cotton, urban, water, barren rock, and other crop types) using
Bostan et al. [51] Landsat 8 multispectral and EO-1 Hyperion hyperspectral
images and indicated that hyperspectral imagery performed
better than the multispectral imagery.

Assessed the potential of PRISMA data for classifying different
agricultural land uses (e.g., soybean, corn, and sugar beet) and
evaluated the contribution of spectral bands to image
segmentation and classification.

Classification of
crop types Amato et al. [152]

Performed crop classification over homogeneous and
Nigam et al. [91] heterogeneous agriculture and horticulture areas with airborne
AVIRIS images and assessed crop health at the field scale.

Reviewed a few previous studies that used hyperspectral
images for classification purposes and indicated the robustness
of hyperspectral imagery for classifying different crop types and

different crop phonological stages.

Applied multi-angle PROBA-CHRIS data for classifying
different growth stages of wheat.

Sahoo et al. [4]

Antony et al. [58]

Attempted to detect agricultural tillage practices using

Qt.her. Ran et al. [93] hyperspectral imagery with different classification models and
classifications identified the best performing one.
(e.g., growth stages
and agricultural Discussed the application of spectral libraries for classification
tillage practices) purposes and listed several spectral libraries available

worldwide. The authors also indicated the limitations of using a
spectral library, such as the spectral varieties within the same
species or land cover, and highlighted the importance of having
geographically specific libraries

Teke et al. [38]

Weed infestation is a severe issue in agricultural fields and could substantially affect crop growth
and yield. Identifying and mapping weeds in agricultural fields using remote sensing will contribute
greatly to variable rate treatment in the fields [219]. Researchers have utilized different remote sensing
data and methods for weed mapping, as shown in Table 11. Overall, the identification of weeds
typically requires a high spatial resolution since many weeds are small in size and mixed with crops.
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UAV-based and close-range hyperspectral imaging is capable of acquiring high-spatial-resolution
images, and thus has high potential to contribute to weed detection.

Table 11. Selected previous studies for detecting weeds using different hyperspectral imaging platforms.

Platforms Previous Studies Research Focuses

Attempted to detect weed infestation in a cornfield that
had different nitrogen treatments using airborne
hyperspectral imagery and found the different nitrogen
treatments affected the classification accuracy of weed.

Goel et al. [97]

Airborne

Performed combinations of different nitrogen treatment
rates and weed management practices in a cornfield and
tried to classify these combinations with airborne
hyperspectral images.

Karimi et al. [220]

Developed a close-range weed sensing system using
Zhang et al. [221] hyperspectral images for classifying tomato and weeds
and tested its performance in different environments.

Used a ground-based hyperspectral imaging system for
classifying weeds in canola, pea, and wheat crops and
evaluated the applicability of this approach for real-time
detection of weeds in the field.

Eddy et al. [139]

Close range

Used hyperspectral image data as well as secondary
Eddy et al. [222] products with reduced bands to classify weeds and
achieved good accuracy.

Classified carrot and weeds using a ground-based
hyperspectral imaging system and evaluated the number
of spectral bands needed to achieve a good classification

accuracy.

Liu et al. [223]

Attempted to classify herbicide-resistant weeds in
different crop fields (e.g., barley, corn, and dry pea) using
Multiple platforms Scherrer et al. [129] both ground- and UAV-based hyperspectral imagery and
discussed factors influencing classification accuracy (e.g.,

crop type, plant age, and illumination condition).

Discussed the high potential of hyperspectral remote
sensing images for mapping weeds but also indicated
the limitations of this technology due to the high cost of
data collection.

Review studies LOPEZ-Granados [224]

Monitoring crop disease is highly important to growers trying to reduce economic and yield
losses [38]. Hyperspectral imaging collects signals at fine spectral resolutions (e.g., less than 10-nm
intervals), and thus can possibly detect early symptoms of crop disease and support timely
interventions [225]. Previous studies have used hyperspectral images for detecting diseases in
different types of groups (Table 12). Overall, hyperspectral signals are sensitive to the variations of
crop growth status (e.g., caused by disease or stress) and thus can indicate the occurrence of crop
disease or stress. However, considering that crop status can be affected by other factors (e.g., nutrient
deficiency), repeat imaging and analysis together with robust modelling would be critical for accurate
and timely detection of crop disease or stress.
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Table 12. Selected previous studies for detecting disease in different crops using hyperspectral images.

Crops Previous Studies Research Focuses

Used both ground- and UAV-based hyperspectral imaging
platforms for detecting yellow rust in wheat and evaluated
factors influencing the detection (e.g., measurement distance,
spectral features to use).

Bohnenkamp et al. [119]

Targeted the infestation of wheat by Fusarium and attempted to

detect this disease using hyperspectral remote sensing data, and

consequently suggested that farmers need to deal with infected
crops separately from healthy crops.

Wheat Bauriegel et al. [226]

Attempted to detect the Fusarium head blight in winter wheat
similarly using close-range hyperspectral imaging and
suggested that this is a stable and feasible way to monitor this
disease using low-altitude remote sensing.

Zhang et al. [227]

Used airborne hyperspectral images to detect the signal of
Ostrinia nubilalis in a cornfield (e.g., via monitoring rate of plant
senescence) and tested the performance of this approach
throughout the growing season.

Corn Copenhaver et al. [34]

Tried to detect charcoal rot in soybeans using close-range
Soybean  Nagasubramanian et al. [144] hyperspectral imaging and identified wavelength ranges that
are sensitive to this disease.

Detected sugarcane areas affected by orange rust disease using
Sugarcane Apan et al. [41] Hyperion data and developed specific vegetation indices that
are sensitive to the disease.

Delineated mustard areas influenced by diseases using Hyperion

Mustard Dutta etal. [42] images and evaluated the performance of different indices.

Focused on hyperspectral imaging and reviewed some of its

Lowe etal. [21] applications in detecting and classifying crop disease and stress.

Reviewed the contributions of hyperspectral imaging to the
Thomas et al. [225] detection of plant disease and discussed different factors (e.g.,
light and wind) that may limit its wide applications.

Review
studies

Reviewed previous studies using remote sensing for detecting

Mahlein etal. [228] plant disease, but not limited to hyperspectral imaging.

4.4. Retrieving Soil Moisture, Fertility, and Other Physical or Chemical Properties

Agricultural soil properties, including soil moisture, soil organic matter, soil salinity, and roughness,
are important factors influencing crop growth and final production [7]. Hyperspectral remote sensing
can contribute greatly to the investigation of these factors. For instance, estimating soil moisture is
one of the most popular research topics. Finn et al. [108] estimated soil moisture at three different
depths using airborne hyperspectral images and linear regression and discussed the contributions and
limitations of hyperspectral remote sensing for soil moisture studies. Casa et al. [229] investigated
soil water, clay, and sand contents using a fusion of CHRIS-PROBA images and soil geophysical data.
Shoshany et al. [7] summarized four main approaches for estimating soil moisture content: (1) Radar
techniques; (2) radiation balance and surface temperature calculations; (3) reflectance in the visible,
NIR, and SWIR ranges; and (4) integrative methods using multiple spectral ranges. Although soil
moisture can be estimated using optical remote sensing data, it is often affected by the plant ground
cover. Integrating multi-type remote sensing data, e.g., SAR and thermal data, can possibly generate
more accurate estimates.

SOC is a critical component of soil fertility, which highly controls both the growth and yield of
crops. Hyperspectral data provide fine spectral details that are critical for the estimation of SOC content.
Previous studies have used hyperspectral images collected by different platforms for investigating
SOC (Table 13). Overall, hyperspectral imagery has a high potential for the estimation of soil organic
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matter and carbon. However, similar to the evaluation of soil moisture, the investigation of soil organic
matter and carbon can be highly influenced by vegetation cover. Therefore, collecting hyperspectral

images in non-growing seasons could be a solution.

Table 13. Selected previous studies for estimating soil organic carbon using hyperspectral images

acquired by different platforms.

Platforms Previous Studies

Research Focuses

Zhang et al. [50]
Satellites

Utilized EO-1 Hyperion images for estimating several soil
properties, including soil moisture, soil organic matter, total
carbon, total phosphorus, total nitrogen, and clay content. The
authors also found the influence of spectral resolution on the
performance of retrieval models.

Casa et al. [230]

Assessed soil organic matter and soil texture at the field scale
using CHRIS-PROBA images and produced uniform soil zones
for supporting irrigation management.

Hbirkou et al. [102]

Attempted to estimate SOC in agricultural fields using airborne
HyMap images and tested the influences of soil surface
conditions on the estimation, aiming to support soil
management in precision farming.

Gedminas and Martin [231]

Tried to map soil organic matter using airborne hyperspectral
imagery in combination with topographic information extracted
from LiDAR image and evaluated the correlation between soil
organic matter and various spectral bands.

Airplanes
Castaldi et al. [110]

Investigated the relationship between SOC in croplands and
spectral signals using a soil database and then estimated SOC in
their study sites using airborne hyperspectral imagery. With this

approach, the authors attempted to reduce the amount of new
data collection in the field or lab.

Van Wesemael et al. [107]

Discussed the impacts of vegetation cover on soil and the
estimation of SOC from remote sensing data and attempted to
use spectral unmixing techniques to estimate the fraction of
vegetation cover and then estimate the soil carbon content using
the residue soil spectra.

Multiple

platforms Gomez et al. [49]

Estimated SOC using both lab-based hyperspectral reflectance
data and Hyperion image data and found that using the
lab-acquired reflectance data can generate more accurate results
than using the Hyperion data. At the same time, the Hyperion
data can generate a SOC map that matches field observations
and thus can also be used for prediction.

Hyperspectral remote sensing data have also been used for estimating other soil features, as shown
in Table 14. It can be found from these studies that hyperspectral images can be used for studying a
wide range of soil features. Different soil features influence the spectral signals in different bands and
with different magnitudes, while some of these influences may be spectrally overlapped. Therefore,
when investigating a specific soil feature, it is critical to collect a suitable number of soil samples with

other soil features generally controlled.
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Table 14. Selected previous studies for investigating different soil features using hyperspectral images.

Soil Features Previous Studies Research Focuses

Investigated soil texture using airborne MIVIS and spaceborne
Soil texture Casa et al. [59] PROBA-CHRIS hyperspectral images and discussed their
performance and limitation (e.g., lack of SWIR band).

Used airborne hyperspectral images for evaluating the impact of
soil nitrogen applications and variable-rate fertilization on winter
Soil nitrogen Song et al. [232] wheat growth. The authors also indicated that the variable-rate
fertilization in the field could reduce the growing difference of
winter wheat caused by the spatial variations of soil nitrogen.

Copper
concentration

Attempted to estimate in soil using lab-based hyperspectral

Ant ietal. [147 i
ntonucci et al. [147] measurement and achieved good accuracy.

Evaluated potassium content in cinnamon soil using close-range

Potassium Wang et al. [233] hyperspectral imaging aiming to better understand soil fertility and

content indicated the good performance of this approach when the
potassium content is high (i.e., > 100 mg/kg).
CO, leaks McCann et al. [234] Detected CO; leaks from the soil by monitoring vegetation stress

signals using multi-temporal hyperspectral images.

In summary, hyperspectral imaging has been successfully applied to a wide range of agricultural
applications, as reviewed above, and summarized in Table 15. Future research directions are
also suggested.
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5. Conclusions and Recommendations

Hyperspectral imaging has great potential for applications in agriculture, particularly precision
agriculture, owing to ample spectral information sensitive to different plant and soil biophysical and
biochemical properties. Multiple platforms, including satellites, airplanes, UAVs, and close-range
platforms, have become more widely available in recent years for collecting hyperspectral images with
different spatial, temporal, and spectral resolutions. These platforms also have different strengths and
limitations in terms of spatial coverage, flight endurance, flexibility, operational complexity, and cost.
These factors need to be considered when choosing imaging platform(s) for specific research purposes.
Further technological developments are also needed to overcome some of the limitations, such as the
short battery endurance in UAV operations and high cost of hyperspectral sensors.

Different analytical methods, such as linear regression, advanced regression, machine learning,
deep learning, and RTM, have been explored in previous studies for analyzing the tremendous amount
of information in hyperspectral images for investigating different agricultural features. Previous
studies have mainly used the regression approach, while more physically based methods, such as
RTM, have been less explored. Deep learning and effective big-data analytics are powerful tools for
recognizing patterns in remote sensing data. Together with hyperspectral imagery, deep learning
models have high potential to support the monitoring of a wide range of agricultural features. Different
analytical methods have different advantages and disadvantages, and thus it is critical to compare
these methods for specific research (e.g., requirements of accuracy and computing efficiency) and
choose an optimal approach. In addition, image spectral information has been commonly used as
variables for prediction or classification tasks, while other information, such as texture, has been less
explored. Further, some other sources of data, such as weather, irrigation records, and historical yield
information, can also be used in some of the analytical methods (e.g., machine learning and deep
learning) for better monitoring of crop features. More research in these fields is also warranted.

Hyperspectral imaging has been successfully applied in a wide range of agricultural applications,
including estimating crop biochemical and biophysical properties; evaluating crop nutrient and stress
status; classifying or detecting crop types, weeds, and diseases; and investigating soil characteristics.
Previous studies have focused on discussing one or two of the many factors impacting crop growth
performance and productivity, and thus cannot evaluate crop status and growth-limiting factors
comprehensively. It is important to integrate these factors to achieve a better understanding of their
inter-relationships for optimal crop production and environmental protection. Besides, previous studies
using hyperspectral imaging have mainly targeted investigating crop growth, aiming to improve
crop yield, while less research has focused on understanding the ecosystem side of crop production
(e.g., ecosystem services and biodiversity). Further research in these areas is warranted.
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Abbreviations

ALI Advanced Land Imager

APEX Airborne Prism Experiment

AVIS Airborne Visible Near-Infrared Imaging Spectrometer
AVIS Airborne Visible Near-Infrared Imaging Spectrometer
AVIRIS Airborne Visible/Infrared Imaging Spectrometer
ANN Artificial Neural Networks

CAI Cellulose Absorption Index
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CAI
CARI
CASI
CHRIS
CNN
DEM
DESIS
DCNI
EnMAP
FAPAR
fCover
GCPs
HSI
HySI
HICO
HISUI
HyspIRI
HyMap
h NDVI
PRISMA
IMU
LAI
MTCI
MNF
MCARI/MTVI2
MSR
MSAVI
MTVI2
MIVIS
MsI
MLR
NDRE
NDTI
OLL
OSAVI
PLSR
PRI
PRESS
PCA
PHI
RTM
RF

REP
SWIR
SR

SVD
SOC
SHALOM
SFOC
SVM
TCARI
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Chlorophyll Absorption Integral

Chlorophyll Absorption Ratio Index

Compact Airborne Spectrographic Imager
Compact High Resolution Imaging Spectrometer
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DIr Earth Sensing Imaging Spectrometer
Double-Peak Canopy Nitrogen Index
Environmental Mapping And Analysis Program
Fraction Of Absorbed Photosynthetically Active Radiation
Fraction Of Vegetation Cover

Ground Control Points

Hyper Spectral Imaging

Hyperspectral Imager

Hyperspectral Imager For The Coastal Ocean
Hyperspectral Imager Suite

Hyperspectral Infrared Imager

Hyperspectral Mapper

Hyperspectral Normalized Difference Vegetation Index
Hyperspectral Precursor And Application Mission
Inertial Measurement Unit

Leaf Area Index

Meris Terrestrial Chlorophyll Index

Minimum Noise Fraction

Modified Chlorophyll Absorption Ratio Index/Modified Triangular Vegetation Index 2

Modified Simple Ratio Index

Modified Soil Adjusted Vegetation Index

Modified Triangular Vegetation Index

Multispectral Infrared Visible Imaging Spectrometer
Multispectral Instrument

Multi-Variable Regression

Normalized Difference Red Edge

Normalized Difference Tillage Index

Operational Land Imager

Optimized Soil-Adjusted Vegetation Index

Partial Least Square Regression

Photochemical Reflectance Index

Predicted Residual Error Sum Of Squares

Principal Component Analysis

Pushbroom Hyperspectral Imager

Radiative Transfer Modelling

Random Forest

Red Edge Position

Shortwave Infrared

Simple Ratio

Singular Value Decomposition

Soil Organic Carbon

Spaceborne Hyperspectral Applicative Land And Ocean Mission
Special Flight Operations Certificate

Support Vector Machine Regression

Transformed Chlorophyll Absorption In Reflectance Index
Triangular Chlorophyll Index

Triangular Vegetation Index

Uniform Feature Design

Unmanned Aerial Vehicle
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Abstract: The content of chlorophyll, an important substance for photosynthesis in plants, is an
important index used to characterize the photosynthetic rate and nutrient grade of plants. The real-time
rapid acquisition of crop chlorophyll content is of great significance for guiding fine management
and differentiated fertilization in the field. This study used the method of continuous wavelet
transform (CWT) to process the collected visible and near-infrared spectra of a corn canopy. This task
was conducted to extract the valuable information in the spectral data and improve the sensitivity
of chlorophyll content assessment. First, a Savitzky-Golay filter and standard normal variable
processing were applied to the spectral data to eliminate the influence of random noise and limit
drift on spectral reflectance. Second, CWT was performed on the spectral reflection curve with 10
frequency scales to obtain the wavelet energy coefficient of the spectral data. The characteristic bands
related to chlorophyll content in the spectral data and the wavelet energy coefficients were screened
using the maximum correlation coefficient and the local correlation coefficient extrema, respectively.
A partial least-square regression model was established. Results showed that the characteristic bands
selected via local correlation coefficient extrema in a wavelet energy coefficient created a detection
model with optimal accuracy. The determination coefficient (R.%) of the calibration set was 0.7856,
and the root-mean-square error (RMSE) of the calibration set (RMSEC) was 3.0408. The determination
coefficient (R,?) of the validation set is was 0.7364, and the RMSE of the validation set (RMSEV)
was 3.3032. Continuous wavelet transform is a process of data dimension enhancement which can
effectively extract the sensitive variables from spectral datasets and improve the detection accuracy
of models.

Keywords: canopy spectra; chlorophyll content; continuous wavelet transform (CWT); correlation
coefficient; partial least square regression (PLSR)

1. Introduction

Corn, one of the major food crops in the world, provides an important guarantee of food security
and economic development. Proper nitrogen application is one of the keys to a good harvest of
corn [1,2]. A number of studies have shown that the leaf chlorophyll content (LCC) can be used
to predict the nitrogen requirement of crops [3,4]. Chlorophyll content is an important indicator of
crop photosynthesis ability and nutrition level. Variable fertilization can be achieved using nitrogen
fertilizers according to different chlorophyll contents through accurate monitoring of the chlorophyll
content of corn leaves [5,6]. Appropriate fertilization can ensure that crops receive adequate nitrogen
and avoid soil and water pollution caused by excessive fertilization [7]. This mechanism is the key to
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improving the photosynthetic performance of crops, thereby regulating the growth and development
of corn and increasing the input-output ratio of corn fertilizers [8]. The topic of detecting chlorophyll
content of corn is one of the active areas in field management research today. Thus, this study aimed to
detect the chlorophyll content in field crops to evaluate the growth status and providing guidance
for fertilization.

The traditional chlorophyll detection method is an analytical chemical method, which has
high precision. However, the process is complex, time-consuming, and may damage crops. This
method cannot meet the requirements of rapid and nondestructive testing on site. Spectral analytical
technology has been widely used in qualitative and quantitative analysis of the physicochemical
parameters of farmland crops because of its fast, nondestructive, and nonpolluting characteristics.
Kapp-Junior et al. [9] developed a novel regression model able to produce a prescription of the
required nitrogen (N) for maize by combining spectral reflectance data and agronomic efficiency.
Lu et al. [10] used hyperspectral techniques to analyze the vertical distribution of nitrogen in corn.
Zhang et al. [11] used leaf characteristic spectra to forecast apple sugar content. These studies highlight
the feasibility and efficiency of evaluating crop nutrients via spectroscopy. Therefore, rapid detection
of the chlorophyll content was conducted in the present research by using hyperspectral technology
during the growth stages.

Most current studies on the detection of chlorophyll content via spectral analysis have focused
on the exploration of spectral characteristics to quantitate the intensity and position of molecular
absorption or reflection [12,13]. The two types of methods to quantify the spectral absorption and
reflectance of specific matters include multivariate statistical analysis and region positioning calculation.
First, multivariate statistical methods are used to select and enhance the parameters of spectral
reflectance, derivative spectrum, and vegetation index using maximum correlation coefficient analysis.
Liang et al. [14] compared fifty hyperspectral vegetation indices, such as the photochemical reflectance
index and canopy chlorophyll index, to identify the most appropriate vegetation indices for crop LCC
and canopy chlorophyll content (CCC) inversion. Xu et al. [15] used simulated datasets from the
PROSAIL model to establish a 2D-matrix-based relationship between leaf chlorophyll and red-edge
relative indices (RERI(795nm) and RERI(783nm)). The leaf chlorophyll content can be retrieved using the
two vegetation indices from observations on the basis of the matrix. Neto et al. [16] created a sunflower
leaf chlorophyll model with the spectral reflectance in the band of 500-1039 nm by using partial
least-squares regression (PLSR). Rei et al. [17] used two methods, namely machine-learning algorithms
and the inversion of a radiative transfer model, to detect the LCC of tea. Second, the characteristic
spectral positions show changes with the local correlation extreme values, which generally include
the red edge and green peak. Li et al. [18] used spectral reflectance to construct red-edge spectral
parameters and newly developed red-edge region parameters to detect the chlorophyll content in
rapeseed leaves. Sun et al. [19] indicated that the blue edge, red valley, and eight other spectral
parameters could be used to reflect the chlorophyll content of potato crops. Zheng et al. [20] developed
a model of chlorophyll content in potato leaves on the basis of the red-edge location. The mentioned
characteristic parameters selected by maximum or local extreme correlation have been widely used as
sensitive spectral variables for detecting the chlorophyll content.

However, the canopy reflectance spectrum and sensitive bands of crops are easily affected
by external interferences of dynamically changing soil background, vegetation canopy geometry,
and atmospheric conditions during the growth periods [21-23]. Numerous studies have attempted
to improve the detection models of chlorophyll content by eliminating the irrelevant and noise
information of the spectral data [24,25]. With regard to the ideas and principles of radiation transmission,
the combination of the PROSPECT leaf optical property model and SAIL (Scattering by arbitrarily
inclined leaves) model, also referred to as PROSAIL, has been used to develop methods for retrieval of
vegetation biophysical properties. Mridha et al. [26] used the broadband canopy radiation transfer
model PROSAIL to invert the leaf area index (LAI), LCC, CCC, and leaf equivalent water thickness
of the biophysical variables in soybeans. Botha et al. [27] evaluated the ability of the PROSAIL
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canopy-level reflectance model to detect LCC of spring wheat (Triticum aestivum L.) during the growth
stages between pretillering (Zadoks growth stage (ZGS15)) and booting (ZGS50). Lunagaria et al.
discussed the spectral sensitivity of crop canopy parameters using a theoretical model. The results
indicated that the reflectance in the visible range was important for chlorophyll retrieval. Reflectance
in the near-infrared range has importance for retrieval of leaf inclination angle, dry matter, and LAL
Accordingly, the influencing factors are difficult to reduce, and the modeling results are challenging to
improve because of the external and internal interferences affecting the field canopy spectrum [28].
The primary concern of this research area is to overcome such challenges to detect the chlorophyll
content by hyperspectral technology during the growth stages.

Although scholars have tried to use preprocessing methods (such as continuum removal, first-order
differentiation, and high-pass filtering) to eliminate the noise and enhance the characteristic signals
caused by certain factors (such as sample background and stray light), challenges and problems
in effectively removing the interference signals, especially random and low-frequency signals,
exist during dynamic growth periods [29-31]. We addressed the primary concern using continuous
wavelet transform (CWT) to overcome such problems. CWT, with its rich wavelet base function,
multiresolution analysis, time-frequency localization, and other advantages, has received increasing
attention in image and signal analysis, decomposition, compression, and denoising [32-37]. This method
can effectively separate low-frequency signals from high-frequency signals and extract the weak
information from the spectral signal. Chen et al. [38] studied the CWT, taking 265 leaves of 47 plants as
the sample spectrum and effectively inverting the water content in the sample, with a high precision of
up to 75%. Li et al. proposed a new technique (WREP) to extract red-edge positions (REPs) on the basis
of the application of CWT to the reflectance spectra. The results demonstrated that WREP obtained
the best detection accuracy for LCC and CCC compared with the traditional techniques. High scales
of wavelet decomposition were favorable for the detection of CCC and low scales for the detection
of LCC [39]. These studies highlight that the CWT can be used to improve the modeling results of
LCC detections. However, great uncertainty still exists regarding the effects of this method to help
improve LCC detection during growth periods in which the spectral characteristics are dynamically
changed and influenced by soil background, vegetation canopy geometry, and atmospheric conditions.
Similar to spectral wavelengths, whether to use the local correlation extremum method or the maximum
correlation coefficient method to select sensitive wavelet features is worth discussing. Thus, this study
aimed to clarify and create a model to monitor the CCC of corn on the basis of CWT during the
growth stages.

This study focused on the relationship between LCC and corn canopy spectral reflectance to
propose an efficient method to evaluate the chlorophyll content of corn. The main aims of this study
were as follows: (1) to comparative analyze the advantages of maximum correlation value and local
correlation extreme value in selecting feature variables; (2) to use CWT to decompose the original
spectral data and extract the weak information in the spectrum to detect the chlorophyll content.

2. Materials and Methods

2.1. Experiments and Materials

The experiments were conducted in Hengshui City, Hebei Province, China. Seventy-two sampling
areas were present in the test field, as shown in Figure 1, with six fertilization levels to ensure the
gradient of chlorophyll content. The nitrogen fertilizer was pure nitrogen, and the phosphorus fertilizer
was P»Os. The spectral data were collected in three growth periods on the basis of the growth time and
conditions, namely, G1 (6 leaf stage), G2 (9 leaf stage), and G3 (12 leaf stage). During growth periods,
one leaf sample was collected in each sampling area, so that two hundred and sixteen leaf samples
were collected.
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Figure 1. Locations and treatments of the experiment.

The overall process of analyzing reflection spectrum data and chlorophyll content is shown in
Figure 2; this mainly included the collection of spectrum data, preprocessing of the spectral data,
selection of the characteristic variables, and establishment of a detection model for the chlorophyll
content. The selection of the characteristic variables was conducted on the basis of comparison of the
characteristic wavelengths and wavelet features selected by maximum correlation coefficients and
local extrema of the correlation coefficients.
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Figure 2. Data analysis flow chart.
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2.2. Field Spectrum Data Collection and Chlorophyll Content Measurement

The ASD FieldSpec® HandHeld 2 was used in the field to measure the canopy reflectance of corn.
This tool is a hand-held spectrometer with a wavelength range of 325-1075 nm, wavelength accuracy
of 1 nm, and spectral resolution of <3.0 nm at 700 nm [40]. Sample leaves were randomly chosen in
each sample area to measure the spectral reflectance. Sample leaves were then sealed for subsequent
chlorophyll extraction experiment. Spectrum reflectance data were collected three times above the leaf
during the spectrum measurement. The averaged reflectance was taken as an original spectral datum.

The chlorophyll content of the sample leaves was measured in the laboratory via SHIMADZU
UV2450 spectrophotometry. The spectrophotometry measurement wavelength range was 190-900 nm
and the band width was 0.1-5 nm. The spectral resolution was 0.1 nm and the stray light was lower
than 0.015%. The main stems of corn leaves were removed, and the leaves were shredded and
evenly mixed. Approximately 0.4 g crushed leaf samples were soaked in 25 mL acetone and absolute
ethanol mixture for 24 hours, and the mixture ratio was 2:1. During soaking, the mixed solutions were
shaken three times to accelerate the chlorophyll extraction. The absorbances of extract solution at 645
and 663 nm were measured with a UV spectrophotometer. The concentrations of chlorophyll a (Chl,)
and chlorophyll b (Chl,) were calculated using the following equations:

Chl, = 12.72 X Aggz — 2.59 X Apas, 1)
Chl, = 22.88 X Agys — 4.67 X Ags3, 2)
Chir = Chlo(mg L™!) + Chly(mg L"), 3)

where Agys and Agz3 are the absorbances of the extract solution at 645 and 663 nm, respectively, and Chlr
is the total chlorophyll [41].

2.3. Spectrum Data Preprocessing

The corn canopy spectrum collected in the field environment contained noise information due to
the uneven surface of the sample, random noise, different optical paths, and light scattering. First,
a Savitzky—Golay (S-G) filter was used to smoothen the reflection spectrum, and the smoothing
window was set to 13 [42]. The S-G filter is based on the principle of least squares. Multiple fitting
was performed to the original signal in the correction window and the final conversion result was
calculated by the multiplicity of the fitting. Using m (m is odd) continuous wavelength points as
the window, the data points inside the smooth window were fitted by p-order polynomial function,
and the polynomial equation combination was obtained. The smoothing coefficient was obtained using
least-square fitting, and the corrected spectral value of the center point of the window was calculated.
By successively moving the position of the smoothing window and repeating the above polynomial
fitting steps, the spectra after 5-G filtering were obtained.

Second, the standard normal variable (SNV) method was used to process the smoothed spectral
curve to reduce the influence of the scattering effect [43]. Standard normal variable correction is often
used to eliminate the effects of different particle sizes, surface scattering, and optical path differences
in NIR diffuse reflectance spectra. The SNV correction of sample spectra were independent of each
other and did not involve the spectral information related to the sample set. First, the sample spectrum
was centralized, which means that the mean value of spectral reflectance of each spectral data was
subtracted from the sample. The standard deviation of the sample reflectance was then used to scale up.
After SNV correction, the spectral mean of each sample became 0 and the variance became 1. The SNV
correction spectrum of sample j is as follows:

Ajsny = (Aj —IT]‘)/U;, 4)
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where A_/ is the mean value of the spectrum of sample j and ¢ is the standard deviation of the spectrum
of sample j.

Wavelet analysis is one of the potential technologies used in the extraction of weak hyperspectral
information. Wavelet transform is a function combination that decomposes a complex signal into
simple subsignal components. The spectral signal can be decomposed into subsignals of different
frequencies when applied to the analysis of crop spectral data. We effectively used the overall
structural characteristics of spectral information and extracted the weak information hidden in the
spectral signal. Moreover, we searched for the optimal combination of the subsignal components to
detect the chlorophyll content of the crop canopy.

2.4. Sample-Set Division Algorithm According to Sample-Set Partitioning Based on the Joint X-Y Distance (SPXY)

In this study, the SPXY algorithm proposed by Galvao et al. was used to divide the modeling
and verification sets [44]. This approach is a method for dividing the sample set on the basis of the
statistical perspective, and it comprehensively considers the difference between the spectrum and the
property parameters to select the modeling set. The SPXY algorithm first calculates the Euclidean
distance between the spectrum data of all samples using Equation (5). The algorithm then selects the
two with the largest distance as the first two samples in the modeling set.

1
de(p.0) = | Y[ =03 pg < (LN, ®)

where x,(i) and x,(i) are the spectral parameters of samples p and q at i wavelength, respectively; I is
the number of wavelengths in the spectrum; and N is the number of samples.

The Euclidean distances between the remaining and selected samples were calculated. The sample
with the next longest Euclidean distance was selected as the third sample in the modeling set.
We repeated the above-mentioned steps until the number of selected samples was equal to the
predetermined number.

The nature property factor d,(p,q) was considered as Equation (6) on the basis of the
above-mentioned formula.

dy(p,q) = @rwﬁnMDWL ®)

where y, and y, are the property parameters of samples p and g, respectively.

Variables dx(p,q) and dy(p,q) were divided by their maximum values in the dataset to ensure that
the sample had the same weight in the spectral and property spaces. The standardized xy distance
formula was as follows:

dx(p,q) dy(p,q)

dey(p,q) = + . @)
P-4 maxp,qe[l,N] dX (P: 17) maxp,qe[l,N] dy (Pf ‘1)

2.5. Spectrum Characteristic Variable Selection Method

2.5.1. Characteristic Variable Selection

(1) Maximum Correlation Coefficient Method
The characteristic variables needed to be filtered to simplify the model and improve its accuracy.
The correlation analytical method is widely used to select variables highly correlated with chlorophyll

content on the basis of the maximum correlation coefficient method. However, the selection result
showed multicollinearity between the adjacent wavelength variables [45].
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(2) Local Extremum of Correlation Coefficient Method

The local extremum of the correlation coefficient method was proposed to improve the variable
selection strategy of correlation analysis to solve multicollinearity between the adjacent wavelength
variables: the correlation coefficient of spectral reflectance and chlorophyll content were calculated,
and the correlation coefficient curve was drawn. Thereafter, the local extreme points of the correlation
curve (the zero-crossing positions of the correlation first-derivative curve) were calculated as the
chlorophyll characteristic wavelengths [46]. The maximum correlation wavelengths were also selected
on the basis of the maximum correlation coefficient method for comparative analysis.

2.5.2. Continuous Wavelet Analysis

From the perspective of signal processing, wavelet analysis can be used to perform data analysis in
the frequency and time domains and extract available information from the signal [47]. The reflection
spectrum analysis is highly similar to electronic signal analysis. Accordingly, CWT can be used to
decompose the reflection spectrum curve at different frequency scales to generate a series of wavelet
energy coefficients. The CWT process is shown in Equation (8).

1 A—b

F e, ®
where 4 is the frequency scale factor which is set to 2" (1 =1,2, ..., 10) gradients, and translation factor
b is the center wavelength of the mother wavelet function. The mother wavelet function {(1) uses the
second-order Gaussian function. f(x) is a 1D reflection spectrum, and the wavelet coefficient Wx(a,b)
(denoted as WF, p,) is 2D data, including frequency scale (1, 2, ... , 10) and wavelength (325-1075 nm).

Correlation analysis of the wavelet energy coefficient and chlorophyll content was performed.
The local extreme value of the correlation was calculated as the sensitive wavelet feature. The wavelet
coefficient with the highest correlation was selected for comparative analysis.

The extreme point was calculated using the peak function in MATLAB software. The parameters
of the peaks’ function were set as follows: the correlation extreme value peak distance of the spectral
reflectance was set to 10, and the minimum peak value was set to 0.1; the correlation extreme value
peak distance of the wavelet coefficient was set to 50, and the minimum peak value was set to 0.3.

Wf (a, b) =

2.6. Establishing Chlorophyll Content Detection Model Based on PLSR

PLSR gradually became a widely used modeling method in spectral analysis after it was proposed
by Geladi in 1986 [48-50]. PLSR can solve the problems of autocorrelation and multicollinearity
between variables on the basis of the method of principal component extraction. PLSR was used to
perform principal component decomposition simultaneously on the spectral reflectance matrix and
LCC matrix. During decomposition, PLSR correlated the spectral and chlorophyll content matrixes
and established a linear regression model between the two to detect the chlorophyll content of
corn leaves. The leave-one-out cross-validation (LOOCV) method was used for internal interactive
verification, and the optimal number of characteristic variables was determined by root-mean-square
error of cross-validation (RMSECV). The model evaluation indicators were the validation coefficient of
validation set model (R,2) and the root-mean-square error of validation set (RMSEV).

3. Results

3.1. Analysis of Canopy Spectral Response of Corn during Growth Periods

The original reflectance spectrum of the corn canopy is shown in Figure 3a. The figure demonstrates
serious noise-point information in the spectral curve. The noise point of the spectral curve was
significantly reduced after the S-G filtering (Figure 3b). The scattering effect of the sample reflection
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spectrum was significantly improved after the SNV correction (Figure 3c). The average spectral curves
of three growth stages are shown in Figure 3d.

In general, 400-500 and 611-710 nm were two low-reflectance regions in the visible light band due
to the strong absorption of blue and red light by leaf pigments. The absorption valleys appeared near
400 and 680 nm. Approximately 520-610 nm was a high-reflection area due to the strong reflection by
the leaf pigments of green light. The reflection peak appeared near 550 nm. In the near-infrared region,
the reflectance sharply increased from 711 nm to 760 nm due to the large cavity of the reflective surface in
the spongy tissue structure of the mesophyll, thereby showing a “rapid climb” trend. The 761-1000 nm
region was a strong reflection area, and the curve was close to horizontal, thereby showing a “high
reflection platform”. A weak absorption valley appeared around 970 nm due to the absorption of water.

Figure 3d demonstrates that the different growth periods varied in the four spectral ranges of
325-400, 401-700, 761-970, and 971-1075 nm. The spectral reflectance increased with the growth period
in the ranges of 325-400 and 761-970 nm. The reflectance decreased with the growth period in the
ranges of 401-700 and 971-1075 nm.
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Figure 3. Corn canopy reflectance spectral curve. (a) Original canopy reflectance spectra; (b) canopy
reflectance spectral after the S-G filtering; (c) canopy reflectance spectra after the S-G filtering and SNV;
(d) average canopy spectra of three growth stages.

3.2. Statistical Analysis and Sample-Set Division

The trend of the average chlorophyll content with the growth period is shown in Figure 4,
which demonstrated an increase from G1 to G3. From G1 to G3, the variation ranges of the chlorophyll
content between samples gradually concentrated. The SPXY algorithm was used to divide the
sample set according to the ratio of 2:1. The division result is shown in Table 1. One hundred and
forty-four samples were included in the modeling set to establish a chlorophyll content detection model,
and 72 samples in the verification set to test the performance of the detection model. The range of
chlorophyll content of the samples in the modeling set was larger than that in the verification set. Thus,
the sample set obtained by the SPXY algorithm was reasonable and was used for subsequent modeling.

220



Remote Sens. 2020, 12, 2741

55 *  Average chlorophyll content -
i

=% | i E
= ! |
=) } 1
Eus |
= .
=
S
40
s :
.35 i i
= ! i
[=5 : |
£ 30 : -
= |
“ s —

20

Gl G2 G3

Growth stages
Figure 4. Statistical box line graph of chlorophyll content of the corn growth stages.

Table 1. Statistical results of the calibration set and validation set (%).

Sample Set Sample Size Maximum Minimum Average Standard Deviation
Total sample 216 55.58 20.11 44.19 6.51
Modeling set 144 55.58 20.11 44.11 6.59

Verification 72 55.22 2531 4435 638

3.3. Correlation Analysis of the Chlorophyll Content and Spect/ral Reflectance

3.3.1. Characteristic Wavelength Selection Based on the Maximum Correlation Coefficient Method

The correlation curve of the chlorophyll content and spectral reflectance is shown in Figure 5.
The chlorophyll content was positively correlated with spectral reflectance in the blue (450-500 nm)
and red (620-780 nm) regions, and negatively correlated in the green region. This result is consistent
with the absorption characteristics of chlorophyll in visible light. The absolute value of the correlation
coefficient between the chlorophyll content and the spectral reflectance was higher than 0.5 in the
five bands, namely, 376-504, 518-596, 671681, 698-746, and 880-913 nm. The correlation coefficient
gradually decreased.

300 400 500 600 700 800 900 1000 1100
Wavelengths/nm

Figure 5. Correlation curve between the spectral reflectance and the chlorophyll content.
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The top 15 wavelengths with the maximum correlations were selected as the chlorophyll-sensitive
wavelengths (denoted as CA bands). The results were concentrated in the green light region of
529-543 nm. The CA bands were only divided into narrow bands. Accordingly, information redundancy
may occur due to autocorrelation of information caused by adjacent narrow-band wavelengths.

3.3.2. Characteristic Wavelength Selection Based on the Local Extrema of the Correlation Coefficient

Twelve extreme points (denoted as CA peak bands) of correlation existed between the spectral
reflectance and the chlorophyll content in five highly correlated bands. Approximately 392 and 409
nm were present in the violet region, 453 and 465 nm in the blue region, 533 nm in the green region,
677 nm in the red region, 715 and 782 nm in the red edge, and 845, 896, 976, and 1051 nm in the
near-infrared region. The selected wavelengths are shown in Figure 4 with red circles.

3.4. Correlation Analysis of Chlorophyll Content and Wavelet Energy Coefficient

CWT was performed with 10 frequency scales on the spectral reflection curve. We calculated the
correlation coefficients of the wavelet energy coefficient and chlorophyll content at each frequency scale.
Thereafter, we took the absolute value of the correlation coefficient results and drew the distribution
map of the correlation coefficients at different scales. The result is shown in Figure 6.

The wavelet energy coefficient bands with high correlation with chlorophyll content (|r| > 0.5)
are shown in Table 2. Most of high-correlation wavelengths were concentrated in the visible light
area of 325-700 nm. Selected numbers of wavelet energy bands were reduced with the scale increase.
In the low-frequency scales from 1 to 4, the high-correlation bands had narrow wavelength ranges,
more numbers, and clear division of intervals. In the mid- and high-frequency scales from 5 to 8,
selected bands had wider wavelength ranges, less numbers, and ambiguous division of intervals.
At the low-frequency scale, the high correlation bands of scale 1 and 2 were consistent, and the high
correlation bands of scale 3 and 4 were consistent. With the increase of frequency scale, the correlation
between the wavelet energy coefficient and chlorophyll decreased gradually from scale 5, and the
boundary between the high-correlation band and the low-correlation band became ambiguous. It can
also be seen from Figure 6 that as the frequency scale increased, the correlation between the wavelet
energy coefficient and the chlorophyll content gradually decreased. No high-correlation wavelet
energy coefficient exists on the high-frequency scale of 9-10. Therefore, the optimal features of wavelet
energy should be selected on a scale of 1 to 5.
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Figure 6. Distribution of the absolute values of the correlation coefficients between the wavelet energy
coefficient and the chlorophyll content.
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Table 2. Wavelet energy coefficient bands with high correlation with chlorophyll content (Jr| > 0.5).

Scale Wavelengths

480-516 nm, 525-565 nm, 575-590 nm, 599-604 nm,635-645 nm, 671-700 nm, 710-740 nm,
745-775 nm.

480-516 nm, 525-565 nm, 575-590 nm, 599-604 nm,635-645 nm, 671-700 nm, 710-740 nm,
745-775 nm.

480-516 nm, 525-565 nm, 575-590 nm, 635-645 nm,671-700 nm, 710-740 nm, 745-775 nm.
480-516 nm, 525-565 nm, 575-590 nm, 635-645 nm,671-700 nm, 710-740 nm, 745-775 nm.
455-500 nm, 520-585 nm, 605-675 nm, 700-750 nm,758-811 nm.

455-500 nm, 520-585 nm, 605-675 nm, 700-750 nm,788-858 nm, 886-901 nm.

376-470 nm, 532-582 nm, 665-740 nm, 854-918 nm.

326-466 nm, 555-695 nm, 883-944 nm.

1

N ONU N

3.4.1. Sensitive Wavelet Feature Selection Based on the Maximum Correlation Coefficient

Fifty wavelet energy coefficients with high correlations were selected as the chlorophyll-sensitive
wavelet features (denoted as CA-WFs). These result are shown in Table 3. The absolute values of the
correlation coefficients of CA-WFs and chlorophyll content were all higher than 0.8.

Table 3. Location and frequency scale parameters of the chlorophyll-sensitive wavelet features (CA-WFs)
with [ higher than 0.8.

Wavelet Feature Scale Wavelengths
CA-WF1 1 504-505 (2)
CA-WF2 2 527
CA-WF3 2 687
CA-WF4 3 527-529 (3)
CA-WF5 3 685-688 (4)
CA-WF6 3 716-718 (3)
CA-WF7 4 528-534 (7)
CA-WF8 4 679-685 (7)
CA-WF9 4 715-720 (6)
CA-WF10 5 472-483 (12)
CA-WF11 5 717-720 (4)

3.4.2. Sensitive Wavelet Feature Selection Based on the Local Extrema of the Correlation Coefficient

Fifty-five chlorophyll-sensitive wavelet energy coefficients were selected as sensitive wavelet
features (denoted as CA peak WFs) on the basis of the extreme values of the correlation coefficient.
The absolute values of the correlation coefficients of CA peak WFs and chlorophyll content were all
higher than 0.5. The distribution of CA peak WFs at different frequency scales is shown in Figure 7.
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Figure 7. Result of the sensitive wavelet feature selection based on the local correlation coefficients.
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The wavelength position analysis indicated that all sensitive wavelet variables of the CA Peak WF1,
CA Peak WF2, and CA Peak WF3 were distributed in the visible light region, reflecting the leaf
pigment information. CA Peak WF4 contained eight sensitive variables, seven of which were located
in the visible light region, and another variable was located at 839 nm. CA Peak WF5 contained eight
sensitive variables, six of which were located in the visible light region, and the other two variables
were located at 915 and 973 nm. The 915 nm wavelength can reflect CH, methylene groups, and 973 nm
can present the leaf moisture information. CA Peak WF6 contained eight sensitive variables, five of
which were located in the visible light region, and the other three variable positions were 821, 896,
and 985 nm. CA Peak WF7 and CA Peak WE8 contained four and eight variables, respectively; each of
them had one sensitive variable located in the near-infrared region at 894 and 909 nm. The remaining
sensitive variables were located in the visible region.

3.5. Establishment of Chlorophyll Content Detection Model with PLSR

The PLSR algorithm was used to establish a chlorophyll content detection model on the basis of
the spectral characteristic variables of the CA bands, CA peak bands, CA-WFs, and CA peak WFs.
Both models used LOOCYV for internal cross-validation to eliminate the influence of spectral information
redundancy and multicollinearity on the model accuracy. The modeling results are shown in Table 4
and the verification results are shown in Figure 8. The comparison of the four detection models
showed that the PLSR chlorophyll content detection model based on CA peak WFs had the optimal
performance. The decision coefficient (R.%) of the modeling set was 0.7856, the RMSEC of the modeling
set was 3.0408, the decision coefficient (R,2) of the verification set was 0.7364, and the RMSEV of the
verification set was 3.3032.
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Figure 8. Results of the PLSR detection model for the chlorophyll content. (a) Results of the maximum
correlation coefficient method; (b) Results of the local extremum of correlation coefficient method;
(c) Results of the maximum correlation coefficient method with wavelet energy coefficient; (d) Results
of the local extremum of correlation coefficient method with wavelet energy coefficient.
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Table 4. Result statistics of PLSR detection model for the chlorophyll content.

Characteristic Number of Number of Principal Modeling Set Verification Set
Variable Variables Components R.? RMSEC R, 2 RMSEV
CA bands 15 4 0.6959 3.6214 0.6319 3.8432
CA peak bands 12 3 0.7622 3.2015 0.7082 3.4306
CA-WFs 50 17 0.7820 3.0661 0.6940 3.5286
CA peak WFs 55 13 0.7856 3.0408 0.7364 3.3032

3.6. Chlorophyll Distribution

The spectral reflectance of the corn canopy in three growing stages was introduced into the
chlorophyll content detection model. The distribution of chlorophyll in the field during the three
growing periods was obtained (Figure 9).

1 25 49 1 25 49 1 25 49
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Figure 9. Field chlorophyll distribution in three growth stages.

4. Discussion

4.1. Sensitive Spectral Wavelengths

This study demonstrated that spectral measurements can be used for corn CCC detection.
In the range of visible light, the chlorophyll content in the blue and red light regions was positively
correlated with spectral reflectance, and reflection peaks were present; in the green light region,
the chlorophyll content was negatively correlated with spectral reflectance, and an absorption valley
was present [16,51,52]. When the maximum correlation coefficient method was used to filter the
sensitive wavelengths, the 15 selected wavelengths were all in the absorption valley of green light, and
a serious multicollinearity existed between them. The sensitive wavelengths screened by the local
extremum of correlation coefficient method were relatively dispersed and distributed in the visible
and near-infrared regions. In the visible light region, the chlorophyll was is characterized by the
reflection peak in the red and blue light regions and the absorption valley in the green light region.
The extremum characteristic wavelengths in the near-infrared region reflected the composition of other
substances [53-55]. The reflectance of the 896 nm band indicates CH3 methyl groups, that in the 976 nm
band reflects the moisture content, and that in the 1051 nm band reflects CH, methylene groups [56-58].
These substances are relative to the canopy structure of the corn crop. Therefore, the characteristic
wavelengths in the NIR region will improve the robustness of the chlorophyll detection model.
The CA peak bands were more evenly distributed and had less redundant information compared with
CA bands.
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4.2. Continuous Wavelet Analysis

Each wavelet feature contains the information of scale and wavelength position, which corresponds
to the state of the generating wavelet function in the process of CWT, namely the scaling factor and
the position of shift. The physical meaning of the wavelet feature can be explained by plotting the
generating wavelet function corresponding to the wavelet feature that is sensitive to the biochemical
parameters. In this study, the Gaussian second derivative was chosen as the generating function
of CWT. Each wavelet feature reflects the similarity between the generating wavelet function and the
reflectivity spectrum at a specific wavelength position and scale. The absorption characteristics of
biochemical parameters at different positions and intensities in the reflectivity spectrum were detected.
This situation can be seen as the result of smoothing the spectrum at a particular wavelength and finding
the second derivative. The spectral bending degree caused by the different absorption intensities of the
biochemical parameters in various bands can be characterized. These two understandings of CWT can
be combined to explain the physical meaning of wavelet transform.

The absorption of chlorophyll in the green light band was weaker than that in red and blue
light regions. In the reflectivity spectrum, a reflection peak was formed in the green light band. The
wavelet features sensitive to chlorophyll were located near the reflection peak of the green light band.
Different chlorophyll contents can affect the shape and size of the reflection peak. These changes are
easily captured by wavelet features in low scales. A small wavelet feature of medium and high scale
near the green light band covered the whole visible band, thus providing the amplitude information
of reflectance. The wavelet features at red edge and near-infrared band were stable at the leaf level,
thereby indicating that this region is important for chlorophyll monitoring.

Wang et al. used a Mexican hat as the generating wavelet function to obtain the correlation
between the wavelet coefficient and the SPAD value of wheat leaves, which can reflect the amount of
chlorophyll content. The results showed that the wavelet features sensitive to chlorophyll were located
in the red-edge band of 720-740 nm, which was consistent with the research results in References [59-62].
The multiple scattering of light inside the leaves leads to high reflectivity in the near-infrared region,
resulting in the rapid increase of spectral reflectance of green vegetation at 680-750 nm, the “red
edge” of the area. In the vegetation reflectance spectrum curve, the red edge is one of the most
obvious spectral features, and it is an important indicator band used to describe the chlorophyll state
of vegetation. The red-edge position (REP) is the wavelength position at which the reflectance of
vegetation increases fastest in this interval, and it is also the inflection point of the first derivative of
spectral reflectance in this interval. The position of the red edge is an important spectral parameter
for detecting the chlorophyll content of vegetation. Liao et al. extracted the wavelet characteristics
sensitive to the chlorophyll content of maize leaves in different layers on the basis of the canopy
spectrum. The wavelet features sensitive to the chlorophyll content in the upper leaves were distributed
in green light and red-edge bands. Meanwhile, the wavelet features sensitive to chlorophyll content in
the middle and lower leaves were all located in the red-edge bands, and those in the green light bands
disappeared [63]. This phenomenon could have been due to the strong absorption of chlorophyll in
the visible range that made it difficult for the green light to penetrate to the middle and lower layers;
the visible band of the canopy spectrum mainly contained information regarding chlorophyll in the
upper leaves [64]. The comparison of existing literature indicated that the wavelet features at the green
light band at the blade level perform better among different datasets. The wavelet features at the red
edge perform better among the different datasets at the canopy level.

4.3. Sensitive Wavelet Features

The frequency-scale analysis indicated that CA-WFs were mainly distributed on the low frequency
scale (1-4), and the other two types were distributed on the mid-frequency scale (5). The wavelength
position analysis indicated that CA-WF1 and CA-WF10 were distributed in the blue light region,
and CA-WF 3, CA-WF 5, CA-WF 6, CA-WF 8, CA-WF9, and CA-WF11 were distributed in the red
light area. These regions are the strong absorption bands of leaf chlorophyll. CA-WF2, CA-WF4,
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and CA-WEF7 were distributed in the green light regions. These regions are strong reflection bands of
leaf chlorophyll. All wavelet features were distributed in the visible light region, which represented the
pigment information of the leaves. CA-WFs selected using the maximum correlation coefficient method
also had redundant information. For example, the 12 characteristic wavelet coefficients of CA-WF10
were distributed in 472-483 nm, and had serious variable autocorrelation. These autocorrelation
problems also existed in CA-WF7, CA-WES, and CA-WF9.

The frequency-scale analysis indicated that CA peaks WF1-WF4 were distributed in the
low-frequency scale (1-4). Meanwhile, CA peaks WE5-WEF7 were distributed in the medium-frequency
scale (5-7), and CA peak WEF8 was located in the high frequency scale (8). Most wavelet features
were in the middle- and low-frequency scales, which was consistent with the result of Yao et al [47].
The wavelet features in middle and low frequencies could effectively detect the water content of
wheat leaves.

The analysis from the distribution of characteristic wavelet features indicated that all the variables
in CA-WFs were distributed in the visible light area and could only reflect the pigment information in
the leaves. CA peak WFs were more evenly distributed compared with CA-WFs. The sensitive variable
WEF4—839 nm in the near-infrared region—reflected the molecular structure of RNHR. WF5—915 nm
reflected the CH;, methylene group, and WF5—973 nm showed the moisture information. WF6—985nm
reflected the starch material, WF7—894 nm showed the CH3 methyl group, and WF8—909 nm provided
protein information. CA peak WFs comprehensively reflected the material structural information of
corn leaves, thereby improving the stability of the chlorophyll detection model.

4.4. Chlorophyll Content Detection Model

From the perspective of the method of selecting feature variables, the R, values of the detection
models established by using as feature variables the CA bands and CA-WFs were 0.6319 and 0.6940,
respectively. The R,? values of the detection models established by using as feature variables
the CA peak bands and CA peak WFs were 0.7082 and 0.7364, respectively. The distributions of
CA bands and CA-WFs were relatively concentrated. A high degree of autocorrelation existed
between variables. Meanwhile, CA peak bands and CA peak WFs were evenly distributed and
comprehensively reflected information.

Comparing the CA peak bands and the CA peak WFs, under the same variable selection method,
the R,? of the detection model established using the CA peak WFs (0.7364) was larger than that using
CA peak bands (0.7082). The CWT, a process of dimensionality-increasing operation, could dig out the
spectral variable information of chlorophyll. The CA peak WFs provided more variable information
related to chlorophyll content. Finally, the PLSR model established using CA peak WFs was preferred
to detect the chlorophyll content of corn crops.

Comparing the detection models established using spectral reflectance (R.2 = 0.77) [14] and
spectral index (R2 = 0.70) [15], the wavelet features (R.2 = 0.7856) showed better detection capability,
which further illustrated that the CWT can deeply mine the information in spectral data.

The model comparison demonstrated that the data after continuous wavelet decomposition
can be used to effectively extract valuable information in the spectral reflectance through the
dimensionality-increasing operation. In terms of the physical and chemical parameter inversion,
the middle- and low-frequency wavelet features highlighted the characteristics of crop pigment
and water absorption. In combination with the local extremum of correlation coefficient method,
the interference of multicollinearity was eliminated, and the degree of information redundancy
was reduced. The detection model established by combining these two methods showed advantages
in accuracy and error elimination.

4.5. Chlorophyll Distribution in the Field

The distribution of chlorophyll in Figure 9 demonstrates that the chlorophyll concentration in the
canopy of plants gradually increased with the advancement of growth period. The field observation
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during the field experiment also conformed to this conclusion. The green leaves slowly become dark
with the gradual growth of the corn, as shown in Figure 1. The chlorophyll content gradient in the
test field remained unchanged over the three growth periods. The figure shows that the chlorophyll
contents in the four regions of No. 28-31, 39-48, 52-55, and 63-72 were lower than those in other regions.
Some studies have shown a significant positive correlation between the chlorophyll and the nitrogen
contents of plants, and chlorophyll can reflect the nitrogen demand of plants to a certain extent [65-68].
Therefore, the chlorophyll detection model based on spectral reflectance can play a guiding role in
smart field management and differentiated fertilization.

4.6. Future Work

In this study, the advantages of local correlation coefficient extrema in screening feature variables
were compared, the ability of CWT to extract weak spectral information was discussed, and a chlorophyll
content detection model for corn canopy based on wavelet energy coefficient was constructed. Advanced
methods for crop characteristics’ detection like computer vision techniques should be involved [69].
In this experiment, hyperspectral images of sample leaves were collected. It is necessary to establish a
more accurate and reliable chlorophyll detection model through hyperspectral images. Furthermore,
a larger dataset should be used to verify the adaptability of the algorithm.

5. Conclusions

In this study, corn canopy spectrum data were collected for three growing stages. First, an 5S-G
filter and SNV correction were applied to the reflectance spectra. Subsequently, the dynamic migration
of the canopy spectral characteristics and the chlorophyll content dynamic changes in the three growing
periods of G1 to G3 were analyzed. Extraction of the chlorophyll characteristic variables was carried out.
Finally, the PLSR detection model of the maize chlorophyll content was established. The conclusions
were as follows.

The noise point of the spectral curve was significantly reduced. The scattering effect of the
reflection spectrum was significantly reduced after the preprocessing steps of S-G filtering and
SNV correction. The reflectance spectrum increased in the 325-400 and 761-970 nm regions as the
growth stage advanced and the growth period shifted. The reflectance decreased in the 401-700 and
971-1075 nm regions as the growth stage advanced.

The characteristic variables selected on the basis of the local extrema of correlation coefficients
were more evenly distributed compared with the maximum correlation coefficient method.
This method weakened the autocorrelation and information redundancy of variables and reflected
comprehensive information. The wavelet coefficient obtained by performing CWT on the reflectance
spectra was used to efficiently analyze the information of chlorophyll and leaf structure substances in
a deep and comprehensive way. The spectral feature extraction method based on CWT highlighted the
spectral reflectance features of a specific scale, while suppressing the noncorrelated spectral features
and noise of other spectral bands with high flexibility. The proposed method effectively improved the
matching accuracy of spectral features.

The highest R,? was for the detection model established using the CA peak WFs. The results
showed that the CA peak WFs had excellent detection capability for chlorophyll content. CWT combined
with the local extremum of the correlation coefficient method is a potentially accurate and efficient
strategy for detecting the chlorophyll content of corn crops.
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Abstract: Achieving reproducibility and replication (R&R) of scientific results is tantamount for
science to progress, and it is also necessary for ensuring the self-correcting mechanism of the scientific
method. Topics of R&R have sailed to the forefront of research agenda in many fields recently
but have received less attention in remote sensing in general and specifically for studies utilizing
hyperspectral data. Given the extremely local environments in which many hyperspectral studies are
conducted (e.g., agricultural field plots), purposeful attention to the repeatability of findings across
study locales can help ensure methods are generalizable. This study undertakes an investigation
of the nutrient content of tef (Eragrostis tef), an understudied plant that is growing in importance
due to both food and forage benefits, but does so within the context of the replicability of methods
and findings across two study sites situated in different international and environmental contexts.
The aims are to (1) determine whether calcium, magnesium, and protein of both the plant and grain
can be predicted using hyperspectral data with partial least squares (PLS) regression with waveband
selection, and (2) compare the replicability of models across differing environments. Results suggest
the method can produce high nutrient prediction accuracy for both the plant and grain in individual
environments, but selection of wavebands for nutrient prediction was not comparable across study
areas. The findings suggest that the method must be calibrated in each location, thereby reducing
the potential to extrapolate methods to different areas. Our findings highlight the need for greater
attention to methods and results replication in remote sensing, specifically hyperspectral analyses,
in order for scientific findings to be repeatable beyond the plot level.

Keywords: reproducibility; replicability; hyperspectral; waveband selection; partial least squares;
Ethiopia; Eragrostis tef
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1. Introduction

The reproducibility and replication (R&R) of scientific findings has recently moved to the forefront
of research agenda in many fields [1-5] since it has been discovered that findings often cannot be
reproduced or replicated [5,6]. While the two “R’s”—reproducibility and replicability—are intertwined,
there are key differences between their goals. Adopting the definitions from the National Science
Foundation [7] and the National Academy of Science, Engineering, and Medicine [8], we define
reproducibility as the ability of a researcher to duplicate the results of a prior study using the same data
and methods as the original investigator. In short, if a researcher makes the data and methods/code
available, another researcher should be able to produce the exact same results. In comparison,
replicability is the ability of a researcher to duplicate results using similar methods but with new data.

Achieving R&R is critical for advancing scientific discoveries, yet neither topic has received much
attention in geography and the spatial sciences, where investigations tend to be observational instead
of experimental or theoretical [9]. R&R has received even less attention in remote sensing (but see [10]
for an early take), even though the field is uniquely positioned to contribute to R&R on several fronts.
First, there is a rich archive of publicly available remote sensing datasets (e.g., Landsat), supporting
opportunities for reproducibility [9,11]. Second, remote sensing studies, and in particular hyperspectral
studies, are often situated in extremely local contexts (e.g., agricultural plots) due to the need for
ground reference data and the high labor and time costs of operating equipment. Yet, an implicit
goal of science is to develop widely applicable methodologies and generalizable findings that can be
applied in different contexts. Thus, working toward the replicability of methods and findings across
different study areas is important for advancing remote sensing science.

Despite the myriad opportunities for remote sensing scientists to explore R&R issues, very few
formal efforts have been documented. One reason is likely because remote sensing scientists often work
with large datasets and perform complex spectral and spatial manipulations [12-16], which makes
R&R difficult if processing code is not made available. Until recently, many scientific publications did
not require code to be submitted as part of the manuscript review process, although this is changing.
Replication in remote sensing is also hindered by attributes of local environments, which makes the
transfer of results from one landscape to another difficult. However, if we are to develop methodologies
that are transferrable across space, it is necessary to begin developing and implementing protocols
for testing the R&R of remote sensing studies. One way to do this is to incorporate multi-field,
multi-environment analyses into studies to self-test the replicability of methods and results.

Precision agriculture is one field where immediate gains can be made toward testing the replicability
of methods while also contributing a larger understanding of the extent of R&R issues in remote sensing.
Since the overall goal of precision agriculture is to decrease the ambiguity of decisions required on
agricultural lands that are often highly variable [17], the ability to transfer methods and findings from
one environment or location to another requires them to be replicable [18]. However, most studies
capture data in a single region or location (often in a single crop field) under uniform conditions [12,15],
thus limiting their generalizability across environmental or geographical contexts. Furthermore,
the implicit assumption is that methods and findings are extendable beyond the single field in which
they were tested, but in most cases, no such evidence is provided. Many studies lack basic explanation
for environmental variances such as soil, hydrology, and topography that can cause reflectance
variations, thereby altering results across space [16]. Ultimately, remote sensing methodologies are of
little practical value for precision agriculture if they are developed, tested, and applicable in a single
location where these multiple and often confounding factors are held constant.

Partial least squares (PLS) regression has become an accepted technique in vegetation studies
using hyperspectral data for estimating a range of biophysical and biochemical properties [19-23].
In situations where the number of independent variables is large and the variables are collinear,
which is common with hyperspectral data, multiple linear regression will often overfit the model [24,25].
PLS regression standardizes model construction from the preprocessed hyperspectral data via latent
variables, from which the predictive capabilities of the model can be tested. Recently, variations of PLS
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regression using a waveband selection procedure [13] have been proposed and adopted, but there has
been little effort to test the replicability of these methods across environments to determine whether
results might be transferable.

The objective of this study is to investigate the replicability of PLS regression methods, including
PLS with waveband selection, for predicting nutrient content in plant and grain material across
multiple environments. This study addresses gaps in the remote sensing R&R literature by replicating
a methodological workflow using hyperspectral data and PLS regression for predicting nutrients in a
single crop but in two varying environments in different international contexts to determine the degree
to which the methods are replicable. The focus is on Eragrostis tef (tef), a cereal crop primarily grown
in Ethiopia, although production has been expanding to other parts of the world due to its versatility
and resistance to drought. Tef is ideal for studying replicability because it is grown in different
international contexts and is known for being successfully cultivated across differing environments.
Additionally, very few hyperspectral analyses have been performed on non-milled grains [26], so this
study contributes knowledge in that realm as well.

Tef is a grass (Family: Poaceae) that has received little attention from the remote sensing and
precision agricultural communities despite its versatile cultivation characteristics. Tef is thought to be
one of the earliest domesticated plants [27], with the center of origin and diversity in Ethiopia/Horn
of Africa [28]. It is drought and heat resistant, has a high nutrient content, and is grown for animal
feed as well as a staple food crop [29]. While tef can be cultivated across many environments, it is
primarily grown in Ethiopia, where it is the most commonly harvested crop, popular for its highly
nutritious, gluten-free grain [30-35]. Recently, cultivation has been spreading outside the region; in the
United States, tef is planted as a sequential forage crop for livestock feed but is currently only grown in
a handful of locations [29,36].

2. Data Collection and Processing

2.1. Study Sites

This study focuses on four sites in two countries. The two US sites (US1: 21.45 ha; US2: 24.19 ha) are
located in Hydro, Oklahoma, which is part of the Central Great Plains ecoregion. The region experiences
cold winters (average temperature minimums from 4 to —12 °C) and hot summers (temperatures
greater than 38 °C). Precipitation is variable, and temperature changes can be considerable across
all seasons. The US sites are located within three kilometers of each other, so the environmental
characteristics are similar. Both sites have similar soils (vertisols) and are located at the same elevation
(474 m). The two Ethiopia sites (ET1: 0.77 ha; ET2: 1.23 ha) are also in close geographic proximity
(Figure 1). The first site is located in the warm, sub-moist lowlands, while the second site is in the
warm, humid lowlands. Soil composition at both sites is similar (vertisols), but the sites are at different
elevations (1919 m and 2201 m, respectively).
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Figure 1. Locations of the four study sites.
2.2. Spectral Data Collection and Nutrient Processing

Data collection and processing methods included in situ spectral data collection and ex situ
laboratory nutrient analyses. The methodology proceeded in four general phases (Figure 2), which are
briefly described here and detailed below. First, canopy spectral measurements and plant samples were
collected at the four sites immediately prior to peak crop maturity (seed head stage). Next, plant samples
were dried and separated in the laboratory where the grain was imaged and both the plant material
and grain were subjected to nutrient analyses. Third, the relationship between the nutrients and
spectral components were modeled using PLS regression with both the full spectrum and a waveband
selection method. Lastly, the replicability of the PLS regression methods were tested through statistical
comparisons of model fits and similarity of results.

Phase 2 Phase 3
» | Spectral |, “Spectral
Processing Bands

Independent

Lab Spectral| Grain Partial Least
Phase 1 Analysis Spectra Squares
: : Regression
Canopy Both Full Spectrum &
F|e|d Data Spectra Waveband Selection
Collection 7
Plant Drying & Nutrient V'\\;I:\?:IB';ILSdg*
Samples Separation Plant Analysis “For waveband
fon only
Material i
[_]Methods Ca, Mg, Replicability
frotein Analyses
C) Datasets P i

Figure 2. Methods flowchart detailing data collection and processing methods.

In Phase 1, canopy-level hyperspectral measurements and plant material were collected at each
site immediately prior to harvest during peak maturity, which was late June/early July 2016 in the
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US and October 2017 in Ethiopia. For each of the four sites, 40 random points were generated in
ArcGIS, providing 80 possible sampling location in each country. These points were then located in
the field using a hand-held GPS unit (Trimble Juno 3B, Corvallis, OR, USA). In some cases, locations
could not be accessed due to sampling on the days of harvest and attempting to not interfere with the
harvesting practices of the respective farmers, so the actual number of samples is below 40 for each
field and below 80 for the region. At all sampling sites, canopy spectral data were captured using the
same spectroradiometer (FieldSpec Pro FR: Analytical Spectral Devices [ASD], Boulder, CO, USA),
measuring reflectance from 350-2500 nm with a spectral sampling width of 1.4 nm from 350-1000 nm
and 2.0 nm from 1000-2500 nm. The spectroradiometer was calibrated using a Spectralon diffuse
reference panel (Analytical Spectral Devices [ASD], Boulder, CO, USA) approximately every 15 min.
The spectralon was held at a distance from the spectroradiometer fiber to ensure no shadows were
measured. The spectroradiometer fiber was held 1.2 m above the ground; since the top of canopy was
about 0.3 m above ground, the cone of acceptance was 25°, resulting in a footprint with a diameter of
0.40 m for each sample. This diameter ensured a sufficient mass of plant/grain matter was collected for
nutrient testing (10 g of grain; SSSA, 1990; [37]). Reflectance data were captured between 11:00 a.m. and
2:00 p.m. local time under a cloud-free sky. It is important to mention that the same spectroradiometer
was operated by the same individual in all locations to ensure the exact same data collection process
was reproduced. Each location was imaged five times in succession, and spectra were averaged.
Plant material in the footprint of the imaging fiber was then clipped at the base, stored in plastic bags,
and placed on ice in a cooler for transport back to the laboratory.

In the laboratory, samples were dried to remove excess moisture, and the grains were separated
from the plant using a traditional method of hand threshing with the assistance of a basket weaved
surface. The grains from each sample, which measure approximately 1 mm in length, were aggregated
in a petri dish to generate a sufficient amount to fully cover the lens of the imaging equipment.
The grains were spectrally imaged in a dark room using a contact probe (Contact Probe: Analytical
Spectral Devices [ASD], Boulder, CO, USA) with a halogen light source, while not equivalent to the
sun, still emitted spectral wavelengths (350-2500 nm) capable of being identified using the same
spectroradiometer used in the field (Figure 3). As with the in situ samples, five spectral readings were
collected for each sample, and the values averaged.

Figure 3. Use of spectroadiometer in the field (left) and a close-up of Eragrostis tef (tef; right).

2.3. Spectral Processing

The raw spectral curves from both the plant (in situ) and grain (ex situ) were smoothed using a
Savitsky—Golay filter [38] to reduce noise (SG; Figure 4a). A third-order, 10-band moving polynomial
was fitted upon the original spectral signatures [39]. Data within each 5 nm window were averaged
(e.g., the value at 600 nm is average of 598602 nm). First derivatives (hereafter, FD) were computed
from the smoothed spectra (Figure 4b). Computing derivatives allows minor differences in reflectance
values to be exploited and permits discrimination of key points along the spectral curves (i.e., inflections
and maxima) corresponding to biophysical and biochemical components that would otherwise be
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difficult to detect [40,41]. Lastly, wavebands associated with atmospheric noise (1290-1495, 1705-2045,
and 2355-2500 nm) and splicing points within the spectroradiometer (350-395 and 1005-1015 nm)
were removed, resulting in 277 wavebands between 400-2350 nm, at a spectral resolution of 5 nm.
The reflectance/derivative values at these wavebands ultimately serve as the independent variables for
the statistical analyses discussed below.
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Figure 4. Typical canopy spectra (noisy atmospheric windows removed) for tef (Eragrostis tef) showing
(a) Savitsky—Golay filtered reflectance curve and (b) first derivative (FD) transformation.

2.4. Nutrient Analysis

Since tef serves as both a food (grain) and forage (plant) crop, nutrient analyses were performed
on both the plant and grain. All samples were analyzed for calcium (Ca), magnesium (Mg), and protein
content (Table 1). For details on Ca and Mg laboratory procedures, readers are directed to the Soil
Science Society of America [42] plant analysis guidelines. For details on protein analysis, readers
are directed to the National Forage Testing Association’s (NFTA) Forage Analysis Procedures [37].
For the US samples, nutrient analyses were performed at the Oklahoma State University Soil, Water,
and Forage Analytical Laboratory. For the ET samples, analyses were performed by the Ethiopian
Public Health Institute of Addis Ababa. These labs were chosen for their rigor and location as samples
could not be transported across country boundaries. Moreover, the procedures used by both institutions
followed these established standards [37,42], with aim to minimize impact on results. Ca and Mg
values are expressed in ppm mg/kg, while protein values are expressed in percent (%) of total sample
weight. All are expressed as dry matter weight. These nutrient data from the plant material and grains
ultimately serve as the dependent variable in the PLS regression analyses (discussed below).

Table 1. Number of samples of each component collected in each study location.

Component Nutrient Number of Samples (1)
United States Ethiopia

Ca 67 78

Plant Mg 67 79

Protein 67 79

Ca 66 78

Grain Mg 66 79

Protein 65 79
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3. Analytical Methods

Partial least squares (PLS) regression was implemented to assess the relationship between
reflectance (independent variable) and nutrient content (dependent variable) of both the plant and
grain. PLS, which can also stand for projection to latent structures [43], was selected over other
forms of regression because it accounts for overfitting errors common when analyzing hyperspectral
data [13,44]. Briefly, PLS regression finds a set of components (called latent factors) from X, a matrix of
predictors collected on the observations, that best predict Y, a matrix of dependent observations [43].
These latent factors, or latent vectors, are orthogonal, and thus explain as much of the covariance
between X and Y as possible, often resulting in a smaller number of variables than principal component
regression. PLS regression extracts X-scores from the latent variables to construct a model to predict
the Y-scores. In PLS, the X- and Y-scores are subject to redundancy analysis that seeks directionality in
factor space until the most accurate prediction is found [25,45]. When implementing PLS regression
with hyperspectral data, it is important to ensure the number of latent variables does not far exceed the
number of independent variables being used, as overfitting can occur [13].

3.1. Specification of the PLS Regression Model Using the Full Spectrum

The PLS equation follows a standard regression (Equation (1)):
§ = Prxy +Poxa + -+ frxg + € )

where the response variable f is the nutrient value, and the predictor variables x; to x; are the reflectance
(SG) or derivative (FD) values for bands 1 to k (here, 277). By to By are the estimated weighted regression
coefficients computed directly from the PLS loadings corresponding to the model with the optimal
number of latent variables, and ¢ is the error vector. The optimal number of latent variables (NLV) is
determined through a leave-one-out (LOO) cross-validation and assessed through the minimum root
mean square error:

(- y)

RMSEcy = -

@

where {)¢ represents the predicted response when the model is built without sample 7, y{ represents
the measured nutrient value for sample i, and n represents the number of samples used in the
calibration [46]. Twelve, standard PLS regressions were performed, each corresponding to a dataset in
Table 1, and each including the full set of 277 bands (PLS-Full).

3.2. PLS Regression with Waveband Selection

A modified form of PLS regression, known as the waveband selection (or iterative stepwise
elimination) method, was developed to eliminate noisy and unhelpful predictors in hyperspectral
studies [13,44]. Instead of including all 277 wavebands, the number is reduced iteratively [44] by
dropping the least important wavebands (similar to stepwise linear regression). Waveband importance
(v) is determined as:

|Bfs

~E s

where ) and s; are the regression coefficient and standard deviation corresponding to waveband
k. The selection begins with all 277 wavebands, and the waveband contributing least to the model
(lowest v) is removed. The model (Equation (1)) is then re-run with 276 variables, and so on, until the
maximum predictive capability is achieved [47]. A representation of the iterative processes to determine
the maximum predictive capability is shown in Figure 5. This version of the model is hereafter referred
to as PLS-Wave.

©)
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Figure 5. Representation of the iterative process to determine the number of wavebands via the
waveband selection process. The number of wavebands is determined by the lowest RMSEcv value
(dotted line), which in turn determines the coefficient of determination (solid line) using the given
number of wavebands in the partial least square regression (PLS). Top figure is for the Savitsky-Golay
filtered data. The bottom figure is for the first derivative.

3.3. Predictive Ability of PLS Regression

To test the predictive capabilities of the PLS-Full and PLS-Wave models, we implemented a
bootstrapping procedure by dividing the data into calibration (65-75%) and validation (25-35%) sets
replacing the data of these sets n = 1000 times (following [48,49]). After each separation, the models
were calibrated (assessed through RMSEcy) and then validated using root mean square error of
prediction (RMSEp):

(- )
n

RMSE, = *)

where {7 represents the predicted nutrient values, y? represents the measured nutrient values, and n
represents the number of samples in the validation subset [46]. Mean coefficient of determination (R?),
R? standard deviation (R? std.), and RMSEp standard deviation (RMSEp std) are also reported for the
validation. PLS regressions were performed in Matlab v2016a (MathWorks, Sherborn, MA, USA).

3.4. Replication across Environments

To assess the replicability of the PLS-Full and PLS-Wave regression methodologies for predicting
nutrient content across environments, we compared model performance between the US and ET
using a difference of means (t-test) for each component-nutrient combination (e.g., grain—calcium,
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plant—calcium, etc.) between the two sites from the bootstrapped results. To compare the similarity of
wavebands selected by the PLS-Wave model, the Jaccard index [50] was used to measure the overlap in
selected wavebands compared to the total number of wavebands selected for each site (Equation (5)):

J(A,B) =1AnBI/jauB| (5)

where A and B are the set of selected wavebands in the two locations, respectively. A Jaccard value
of 1.0 indicates that the models for the two locations overlap completely in terms of the wavebands
selected as important for prediction; 0 indicates the two locations share none of the same wavebands.

4. Results

4.1. Plant and Grain Nutrient Analyses

Plant nutrient values for Ca, Mg, and protein were considerably higher for the US compared to ET
(Table 2). Mean Ca was five to six times higher; mean Mg almost four times higher; and mean protein
nearly 2.5 times higher in the US. Results were similar for grain nutrients (Table 2), with values in the
US typically two to four times higher than ET. Additionally, the standard deviation and ranges for
Ca and protein at both the plant and grain level were higher in the US, except for Mg, which showed
similar standard deviation and ranges across both locations for plant and grain.

Table 2. Descriptive statistics for the calcium (Ca), magnesium (Mg), and protein measured for the
plant and grain samples from each location.

Nutrient Descriptive Statistics
United States (US) n Min. Mean Max. Range SD
Ca (ppm mg/kg) 67 3760 6651 9360 5600 1371
Plant Mg (ppm mg/kg) 67 1860 2753 3620 1760 327
Protein (%) 67 5.74 15.68 23.52 17.78 5.42
Ca (ppm mg/kg) 66 1620 2267 3240 1620 465
Grain Mg (ppm mg/kg) 66 1750 2015 2510 760 186
Protein (%) 65 12.13 17.59 34.42 22.29 4.71

Ethiopia (ET)

Ca (ppm mg/kg) 78 437 1223 1772 1335 195
Plant Mg (ppm mg/kg) 79 115 740 1181 1066 297
Protein (%) 79 3.02 5.77 9.93 691 1.69
Ca (ppm mg/kg) 78 716 1283 2128 1411 460
Grain Mg (ppm mg/kg) 79 270 553 841 571 155
Protein (%) 79 8.16 10.84 14.57 6.41 1.43

4.2. Model Performance

4.2.1. Results for the PLS-Full Model

At the plant level (Table 3, top), the PLS-Full models varied considerably in performance between
the two sites with cross-validated calibration coefficients of determination (R2cy) ranging from 0.03
(Mg US) to 0.88 (Mg ET) at the plant level. The validation coefficients of determinations (Mean R?)
closely matched the calibration values, except in the case of ET (Ca and Protein (SG)) where the
validation R* was approximately double that of the calibration. Interestingly, when comparing the
US and ET, one generally outperformed the other, but the relationship changed depending on the
nutrient. Differences in filtering (SG vs. FD) were largely negligible, with the exception of protein in ET,
where the model fit for the FD was about twice that for the SG data (0.41 vs. 0.18). The bootstrapped
R? values were normally or semi-normally distributed in all cases except for Mg in the US and Ca
in ET (Figure S1, Supplementary Material). Importantly, t-test comparisons for replicability indicate
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the PLS-Full regression model did not replicate well across the two environments, with significant
differences in fit for every nutrient at the plant level (Table 3, top).

Table 3. Partial least squares (PLS) regression and t-test results for the full spectrum model (PLS-Full)
for plant and grain. SG: Savitsky—Golay; FD: First derivative; NLV: Number of latent variables; std:
Standard deviation.

Loc. Calibration Validation Comparison
NLV  R?cy RMSEcy Mean R? R?2Std  Mean RMSEp  RMSEp Std t-test
Plant
Calcium
sG Us 2 0.53 935.79 0.52 0.12 976.86 168.52 _58.75 %
ET 3 0.10 229.07 0.18 0.14 221.14 42.02
D us 2 0.51 954.17 0.50 0.12 1000.47 156.54 5610+
ET 1 0.09 231.48 0.20 0.17 233.25 82.71
Magnesium
s us 3 0.03 327.93 0.06 0.08 345.49 65.33 276,75 #+
ET 7 0.87 108.63 0.86 0.04 117.70 16.45
B 7 om  oies 0% oo w68
Protein
S B s om 1 0w om 1 b6 e
ooR 3o o mm e
Grain
Calcium
sG Us 7 0.88 159.89 0.87 0.04 176.55 28.41 _50.57 %+
ET 14 0.78 216.06 0.74 0.07 253.12 31.16
D Us 2 0.88 163.19 0.86 0.04 183.84 28.04 _44.06 %+
ET 8 0.80 205.09 0.78 0.05 234.28 25.71
Magnesium
< B 5 on uh e wm wy we-
D us 3 0.73 96.49 0.72 0.10 104.89 17.96 144.8 *++
ET 9 0.74 79.67 0.71 0.08 90.55 12.24
Protein
« B 5w omowowm mm e
P 5 oW os 0@ om oo o5 les1

*** t-test significant at 0.001, ET served as first group.

At the grain level (Table 3, bottom), results were more consistent across the study sites and
nutrients. This is believed to be the case in-part to grain spectral values measured in a controlled
setting, while plants were measured in a field setting. Calibration R? ranged [0.47, 0.93], and validation
R? ranged [0.49, 0.90] (Table 3). The results for ET protein using the SG data were a slight outlier
though, and when considering only the FD values, the minimums increase to 0.64 and 0.62, respectively.
The differences between the SG and FD filters were again negligible, except in the Mg ET case.
The t-test comparisons for grain indicate the PLS-Full regression method did not replicate well across
the environments.
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4.2.2. Results for the PLS-Wave Model

At the plant level, the PLS-Wave models varied in performance in both environments with
calibration R? ranging [0.11, 0.94] (Table 4, top). Differences between the SG and FD were negligible
in most cases. Fits for Mg in ET and Protein in the US were high (0.88-0.94), but there was little
consistency across locations. T-test comparisons show significant differences in model performance for
all nutrients/processing methods between the two locations indicating the PLS-Wave regression model
did not replicate well in terms of predicting plant nutrients across these two environments.

Table 4. Partial least squares (PLS) regression and t-test results for the waveband selection model
(PLS-Wave) for plant and grain. SG: Savitsky—-Golay; FD: First derivative; NLV: Number of latent
variables; std: Standard deviation.

Loc Calibration Validation Compare
" NLV R2cy RMSEcy #ofWaves MeanR? R2Std Mean RMSEp RMSEp Std t-test
Plant
Calcium
o US 3 056 5924 9 0.55 0.10 95424 113.58 5236 w5
ET 2 012 22693 49 0.23 0.17 22146 7421 -52.

p U5 1 05 9965 9 0.55 0.10 937.88 125.67 29100
ET 1 011 22837 2 0.25 0.19 219.72 75.70 -39
Magnesium
o Us 2 008 31241 121 0.10 0.11 323.94 56.66 g e
ET 10 092  100.04 15 0.88 0.03 109.74 14.80 -1
oo US4 030 27797 50 0.28 0.14 296.41 4851 S
ET 5 094 8414 38 0.92 0.02 88.49 12.98 -2
Protein

Us 6 088 1.84 16 0.88 0.04 193 0.29
G kT 3 045 125 31 0.46 0.11 132 0.12 —85.95%
Us 5 092 153 16 0.90 0.04 178 0.28
D gr 1 042 128 166 047 0.12 131 0.16 7248
Grain
Calcium
o US 8 090 14980 14 0.88 0.03 169.35 25.42 1005
ET 7 081 20020 3 0.79 0.06 223.68 28.61 —40.

o U 2 091 14223 47 0.89 0.04 156.88 25.36 1745 e
ET 12 093 12284 4 0.92 0.02 142.35 20.65 :
Magnesium

Us 4 073 974 77 0.73 0.10 102.28 278
SC BT 12 o073 80.54 15 0.73 0.07 87.75 11.56 —0.7781
o US 4 07 8609 7 0.78 0.06 90.85 11.74 S0 v
ET 8 087 5629 3 0.85 0.04 63.38 9.02 :
Protein
o U 12 095 1.00 74 0.94 0.03 117 0.29 0455 v
ET 6 05 0.99 23 0.53 0.14 1.05 0.17 —94
Us 4 093 124 3 0.92 0.03 143 0.33
Dkt 7 oer 0.82 159 0.65 0.11 091 0.14 7655

* t-test significant at 0.05, ** at 0.01, *** at 0.001.

At the grain level, the PLS-Wave models performed generally well for all nutrients across the two
locations, with calibration R? ranging [0.52, 0.95] (Table 4, bottom). Fits for protein were lower for
ET than US, but fits for Ca and Mg were similar. Bootstrapping resulted in normal and semi-normal
distributions for all nutrients and processing (Figure S2, Supplementary Material). For Ca ET, a bimodal
distribution was observed. Upon further investigation of the original Ca ET data, the distribution
deviated from a normal distribution and instead was bimodal and skewed to the right, explaining the
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bimodal and skewed distribution of the R? bootstrapping values (Figure S2, Supplementary Material).
T-test comparisons again indicate significant differences in all cases, despite similar R? values for some
of the nutrient-component combinations, indicating the PLS-Wave regression model did not replicate
well across these two environments.

In addition to significant differences in the model fits, the PLS waveband selection procedure also
indicated considerable differences in the number and position of important wavebands for nutrient
prediction (Figure 6). At both the plant and grain level, Jaccard indices were low (<0.2), with three
instances having no overlapping bands (Table 5). For instance, nine wavebands were selected as
important for predicting plant-level Ca in the US (SG): One at 760 nm, and eight from 1020-1060 nm
(Figure 6). In contrast, the important bands for predicting Ca from the ET samples (SG) included fifteen
bands positioned from 1045-1115 nm. The Jaccard index for this set was 0.069 (Table 5) indicating
minimal overlap in the band positioning.

Table 5. Jaccard index for similarity between bands selected by partial least square regression (PLS) for
the US and Ethiopia (ET) datasets for the various models.

Plant SG FD
Ca 0.069 0.00
Mg 0.081 0.148

Protein 0.052 0.185

Grain SG FD
Ca 0.00 0.110
Mg 0.00 0.046

Protein 0.025 0.104

In summary, the results from this study indicate that the PLS regression, using both the full model
and the waveband selection process, did not generate replicable findings across the two study areas.
We found statistically significant differences in model fits for 11 of the 12 comparisons; only the model
for grain Mg using the SG filtering (Table 4) was not statistically different. Even though model fits
were not comparable, it is still possible for the wavebands identified as important for prediction to be
similar. However, the Jaccard index (Table 5) and plots of the important wavebands for each model
(Figure 6) indicate very little overlap in the important wavebands between the US and ET samples,
further diminishing the case for replicability across these two study sites.
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4.3. Combined Samples for Multiple Environments

Following the single environment analytics, we tested the performance of a PLSR for the two
environments (US and ET) combined. We re-ran the analytics with the same methodologies for the
PLS-Full and PLS-Wave models using the combined samples (named USET), and found this generally
resulted in better model fits compared to the single sites for both calibration and validation for both
the PLS-Full (Table 6) and PLS-wave models (Table 7). Calibration and validation coefficients of
determination (R?) were all greater than 0.9 for all plant and grain nutrients using both SG and FD
data and for both the PLS-Full and PLS-Wave models. RMSE values from the validation were slightly
higher than those from the calibration, which is expected, and RMSE,, values were all within 11 percent,
so the models do not appear to be overfit.

Table 6. Partial least squares regression (PLS) results for the full spectrum model (PLS-Full) for plant
and grain using the combined United States and Ethiopia (USET) dataset. SG: Savitsky—Golay; FD:
First derivative; NLV: Number of latent variables; std: Standard deviation.

Calibration Validation
NLV R?cy RMSEcy Mean R? R? Std Mean RMSEp RMSEp Std
Plant
Calcium
SG 7 0.94 674.18 0.94 0.01 693.01 70.18
FD 5 0.94 684.48 0.94 0.01 694.93 87.95
Magnesium
SG 12 0.93 274.06 0.93 0.02 287.42 32.92
FD 6 0.93 269.72 0.93 0.02 289.64 37.94
Protein
SG 8 0.91 1.86 0.91 0.01 1.96 0.19
FD 4 0.90 1.94 0.90 0.02 2.03 0.22
Grain
Calcium
SG 14 0.90 216.52 0.80 0.03 240.30 22.71
FD 11 0.91 203.73 0.90 0.02 223.02 19.95
Magnesium
SG 14 0.97 118.87 0.97 0.01 128.61 13.50
FD 9 0.98 117.99 0.97 0.01 130.00 14.64
Protein
SG 15 0.93 1.25 0.92 0.02 1.37 0.25
FD 9 0.93 1.23 0.93 0.02 1.34 0.24

Table 7. Partial least squares regression (PLS) results for the waveband selection model (PLS-Wave) for
plant and grain using the combined Untied States and Ethiopia (USET) dataset. SG: Savitsky-Golay;
FD: First derivative; NLV: Number of latent variables; std: Standard deviation.

Calibration Validation
NLV R?cy RMSEcy “’;a:’,i s Mean R> R?*Std  Mean RMSEp  RMSEp Std
Plant
Calcium
SG 5 0.95 658.69 13 0.95 0.01 664.46 72.39
FD 4 0.95 664.55 38 0.94 0.01 690.87 79.27
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Table 7. Cont.

Calibration Validation
NLV R?cy RMSEcy Vjﬁ:’/ﬁ s Mean R*> R?Std  Mean RMSEp  RMSEp Std
Plant
Magnesium
SG 9 0.94 265.07 44 0.93 0.01 276.48 31.00
FD 5 0.94 261.27 112 0.94 0.01 271.65 33.62
Protein
SG 5 0.92 1.78 13 0.92 0.02 1.81 0.18
FD 8 0.93 1.68 52 0.92 0.02 1.79 0.16
Grain
Calcium
SG 11 091 206.43 59 0.90 0.02 221.41 21.83
FD 10 0.93 173.75 59 0.93 0.02 186.35 17.83
Magnesium
SG 12 0.98 106.71 39 0.98 0.00 114.98 11.90
FD 7 0.98 101.05 51 0.98 0.00 103.95 9.54
Protein
SG 10 0.94 1.12 19 0.94 0.02 1.16 0.19
FD 9 0.95 1.04 31 0.95 0.01 1.10 0.17

5. Discussion

5.1. Replicability of Scientific Methods and Findings

Demonstrating that methods and findings can be replicated across studies is critical for the
self-correcting mechanism of the scientific method to function properly and is imperative for generating
solutions that can be applied widely. Hyperspectral data is commonly used in precision agriculture
for predicting biochemical properties of vegetation and nutrients [18,26,51-53], yet the replicability of
findings is rarely tested across different study sites. Scalable science is needed to develop solutions
that can be applied globally. The adoption of PLS regression has provided a solution to some of the
computational challenges when working with high dimensional, hyperspectral data in remote sensing
in general and precision agriculture more specifically, but whether these solutions are transferable has
not been widely explored. This study used hyperspectral data and in situ samples to build PLS models
to predict plant and grain nutrients for tef and test the replicability of those models for predicting
across different environments.

We found significant differences in model fits for both the PLS-Full and PLS-Wave models along
with differences in the number and locations of wavebands deemed important for prediction with
the PLS-Wave models. Differences in the optimal number and location of wavebands for predicting
nutrients via plant canopy measurements may be influenced by varying management practices, such as
differing irrigation practices, which may lead to variable water content in the crops [41]. The ET
fields were rain fed while the US fields were irrigated through to harvest; therefore variable plant
water content may have influenced which wavebands were selected, as water can cause access noise
in spectral signatures. This noise is particularly prevalent in wavebands that are sensitive to O-H
bonds, including the spectral range 971-1400 nm [54-56]. While we removed a portion of this range
from our data (see Figure 4), it is possible remaining wavelengths were affected by noise making
replication difficult.

The number of wavebands selected in the PLS models for ET was often less than the number
selected for the US (Figure 5). This difference may reflect how the PLS models incorporate water-induced
noise that may have been present in the US samples. These findings suggest that understanding
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how hyperspectral remote sensing methods, such as PLS regression, replicate across agricultural
environments may require greater controls on the conditions under which crops are being cultivated.
In addition to irrigation and other management differences, changes in latitude and sun angle could
have led to differences in scattering and light absorption during field data collection [57], which would
impact replication comparisons. However, hyperspectral readings for the grain samples were collected
in a controlled laboratory setting with the same halogen lamp, so we can assume that any differences
in wavebands were not the result of external factors (i.e., sun angles, latitudes, etc.).

When comparing the nutrient content of the grains, there were clear differences between the study
areas (Table 2). These large differences likely result in varying chemical property relationships within
the grain, which in turn can result in differential absorption and scattering of electromagnetic energy.
The large variance amongst biochemicals within the grain may result in noise for some nutrients as
nutrient reflectance properties are often associated with near or similar portions of the electromagnetic
spectrum [41].

In short, had we completed this study only in the US, the PLS regression method (both with
and without waveband selection) would have produced favorable findings for all three nutrients at
the grain level, and for protein at the plant level. Similarly, had we completed this study only in ET,
PLS regression would have also produced favorable findings for all three nutrients at the grain level,
and for Mg at the plant level. Yet, even where favorable results were found in both environments
(all three nutrients at the grain level), the model fits were statistically different, and the wavebands
selected were not similar. This finding serves as a cautionary tale that urges researchers to refrain from
placing too much confidence on R? values, which may not translate to different areas. Even when
the R? values were superficially high, there were statistical differences in their values. This is not to
suggest that hyperspectral investigations with PLS regression are not useful or valuable but rather that
caution should be used when translating findings from one site to another.

5.2. Combining Samples from Multiple Regions

A valid question arises as to whether combining samples from multiple regions can make models
more robust for prediction across environments. Higher performance was obtained when the US and
ET samples were combined. However, these higher R? values are likely artifacts of a larger spread
among the dataset (larger range of levels of nutrients across locations).

It is worth noting that in three instances, the RMSEp from the combined USET dataset was greater
than the minimum value of the nutrient in ET (see Table 2). These included Ca and Mg at the plant
level for the PLS-Full model (Table 6) and Ca at the plant level for the PLS-Wave model (Table 7).
Upon further investigation, it was determined that two of these samples were outliers (PLS-Full Mg
and Ca), where the value was more than two standard deviations from the mean. Thus, these issues do
not appear to be widespread or have a large impact on predictive capabilities of the models. However,
it is important to keep this point in mind when combining data from differing regions with varying
environmental factors and agricultural practices, where there may be large disparities in nutrient
content. These disparities may result in the identification of between-site variation, requiring a greater
variation of nutrient values to fully establish a generalized model.

Nevertheless, the results from the combined dataset are promising because they suggest that
increasing within-sample variation can improve PLS model predictability across study areas. It is also
worth mentioning that this practice could result in a reduction of accuracy of measurement, especially
for field measurements, as the data may take on more noise. In this case, the use of single region
analytics may be more beneficial. Nonetheless, improvement of predictability has been a similar
finding in past studies that have referred to a need for global (i.e., USET) versus local (i.e., US and ET)
modeling within similar measurement collections such as those in soil geochemistry studies [58,59].
Since it is unlikely though that this range of variation would be captured within a single site in
many cases, it becomes necessary to combine samples from a variety of locations, and likely from a
variety of study sites and research groups. To this point, we recommend building a more open and
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transparent culture of data sharing within the remote sensing community that can permit data sharing
to advance our modeling capabilities and promote development of more generalizable predictive
models. We recognize that a shift is already underway in many disciplines to promote data and code
sharing, with some journals mandating these components accompany manuscript submission to allow
reproducibility checks. Our findings here suggest that sharing data may have broader impacts beyond
simply reproducing tests, but rather could result in more robust predictive models.

5.3. Non-Milled Grains

Since very few hyperspectral analyses have been performed on non-milled grains [26], we comment
briefly on those aspects here. We generally found positive results using hyperspectral data with PLS
regression to predict nutrient content of non-milled grains. While the reflectance measurements for
these grain samples were collected in a controlled environment (i.e., a dark room using a contact probe),
the coefficients of determination were noticeably higher for the grains compared to the plant canopy
measurements collected in situ.

An interesting finding emerging from this research is that in the US, several blocks of wavebands
corresponding to the VIS-NIR regions were identified as important for protein prediction when using
FD values (Table S1, supplementary material). We compared these findings to other studies predicting
protein from hyperspectral data [26,56,60]. We do see a considerable amount of overlap in the bands
identified in this study for tef, and the bands identified in those studies for forage quality, cooked hams,
and cereal grains (rice, oats, and maize), particularly for the FD transformation (Table 8). However,
as noted by Talens et al. [56], several of the band ranges found to be important across multiple studies
for protein prediction do fall in the range impacted by O-H bonds. So, it is difficult to determine
whether these consistencies are true positives or are being affected by other factors.

Table 8. Identification of matching bands associated with tef protein content that has also been identified
as important protein indicators in past hyperspectral studies. Abbreviations: S: Savitsky-Golay; F: First
derivative; B: Both; US: United States; ET: Ethiopia.

Object Measured Band(s) USPlant ETPlant USGrain  ET Grain Paper
Forage 583 F F
Forage 679 B S F [60]
Forage 700-800 (Red Edge) B F B B
Forage 710 F B
Cooked Hams 930 F
Cooked Hams 971 S F S F
Cooked Hams 1051 F F S F 1561
Cooked Hams 1137 F B
Cooked Hams 1165 F F
Cooked Hams 1212 S F
Cereal Grains 1216 F [26]
Cereal Grains 1100-1400 B F B B
Cooked Hams 1645 F S [56]
Cooked Hams 1682 S F F
Forage 2091 F
Forage 2128 [60]
Forage 2146 F F

5.4. Potential Limitations

Environmental factors such as sun angle, soil types/moisture, agronomic practices, etc.,
can contribute to the reflectance and nutrient differences at the plant the level. Given the number of
samples collected at each location, this study is not meant to be a representative sampling for all tef
varieties at varying growth stages around the world. To establish more generalized models that can be
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applied to a broader range of locations/tef varieties, future studies should focus on obtaining a greater
number of samples across a greater number of location for multiple tef varieties.

6. Conclusions

This study investigated the replicability of PLS regression methods, including PLS with waveband
selection, for predicting nutrient content in plant and grain material across multiple environments.
Using Eragrostis tef (tef) as a target crop, this study compared PLS model fits and selected wavebands
across two environments in the U.S. and Ethiopia to determine the extent to which the methods and
finding are replicable. Three main findings emerge from this study:

First, the model fits and wavebands selected as important for nutrient prediction were not
replicable across the two study sites in the US and Ethiopia. Eleven of the 12 comparisons had
statistically different model fits across 1000 bootstrapped iterations, and the Jaccard index for similarity
indicated very low similarities in the wavebands selected.

Combining samples from both environments improved model fits, suggesting that increasing
within-sample variation may improve the predictability of PLS models across study areas,
though caution is reserved if great disparities in sample values are great. Our recommendation
is to build a more open and transparent culture of data sharing within the remote sensing community
that will permit data sharing in order to advance modeling capabilities and promote development of
more generalizable predictive models.

Results using PLS regression with hyperspectral data from non-milled grains were generally
positive, and wavebands for protein prediction generally agreed with other studies. While more
research is needed to determine whether these consistencies are true positives or are affected by other
factors, this study contributes to the gap in the literature related to non-milled grains.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/18/2867/s1,
Figure S1: Bootstrapping results for plant and grain analyses with the PLS-Full model, Figure S2: Bootstrapping
results for plant and grain analyses with the PLS-Wave model, Table S1: Selected wavebands from the partial least
square regression (PLS) using waveband selection (PLS-Wave) for protein in plant and grain for the combined
United State and Ethiopia samples (USET).
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