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Abstract: The ability to differentiate species is not adequate for modern forage breeding programs.
The measurement of persistence is currently a bottleneck in the breeding system that limits the
throughput of cultivars to the marketplace and prevents it from being selected as a trait. The use
of hyperspectral data obtained through remote sensing offers the potential to reduce guesswork by
identifying the distribution of pasture species, but only if such data alone can distinguish the subtle
differences within species, i.e., cultivars. The implementation of this technology faces many challenges
due to the spectral and temporal variability of species. To understand the spectral variability between
and within species groups, differentiation using hyperspectral data from monoculture plots of
turf species was utilized. Spectral data were collected over a year using an ASD FieldSpec® and
canopy pasture probe (CAPP). The plots consisted of monocultures of various species, and cultivars
(a total of 10 plots). Linear discriminant analysis (LDA) was conducted on the full spectrum and
reduced band data. This technique successfully differentiated the species with high accuracy (>98%).
We demonstrate the potential of hyperspectral data and analysis techniques to accurately separate
differences down to cultivar level. We also show that diurnal variation is measurable in the spectra
but does not preclude differentiation.

Keywords: hyperspectral; C3; C4; cultivar; LDA; diurnal variation

1. Introduction

This article explores the use of hyperspectral sensing in a controlled field setting to
better understand the capabilities and limitations of the technology to separate varieties
and cultivars of both C3 and C4 fine turf species and cultivars of the same species. The
physiological differences that allow plants to be classified create variation in reflectance,
so we hypothesized it would be possible to differentiate species and even cultivars of
species only using hyperspectral data. Turf species were used as a surrogate for agricultural
pasture species as they were available in a diverse array of species and cultivars.

In attempting to understand the spectral reflectance of pasture species, this research
acknowledges that grass and forage breeders experience problems assessing the long-term
benefits of sown species. Persistence in the managed pasture environment is the ability of a
sown species to compete with self-seeded species and remain within the sward after sowing.
A number of metrics have been suggested to measure persistence in the sown sward, but all
rely on visual assessment by experienced personnel [1]. The reliance on operator dependent
pattern recognition leaves the task subject to intra- and inter-observer variability, which
is typically mitigated by using multiple experts [2]. The need for multiple experts and
the time needed to assess the trials also create logistical issues in finding, coordinating,
and paying for the required number of experts to be on site at the same time. This limits
the throughput of such trials, as some prospects must be excluded earlier in the breeding
process. There is a probability that the cumulative benefits (yield) from more persistent
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species might outperform less persistent species that are otherwise superior. Varieties
that might have greater persistence could therefore be excluded, resulting in breeders not
readily selecting for this trait. Hyperspectral remote sensing could enable a data-driven
selection process that requires less expert time and simultaneously increases throughput,
but there are potential obstacles to this goal.

It is common that field hyperspectral surveys take the time of day for sample collection
into consideration to ensure repeatable results. This is particularly true if the sample
collection relies on illumination from the sun, as the deleterious effects of sun angle are well
established [3–8]. Other important plant characteristics that change throughout the day,
including carbohydrate [9] and photosynthetic function [10], also need to be considered.
How the diurnal changes in plant characteristics impact species identification via spectral
reflectance is not well known. This work investigates the extent of diurnal change in
plant spectral signatures and whether those variations are sufficient to interfere with
species differentiation.

Differentiation is an important step prior to the challenges in species identification.
Differentiation and identification are not the same. Differentiation is defined here as the
ability to predict the correct target from a small, confined, and defined group. This can be
thought of as a multiple-choice type of question where a probability exists of choosing the
correct answer in error. Identification is the ability to identify a target in any context with
an unlimited list of options. The structural and chemical variability within and between
species has a large impact on the signal returned from reflectance and thus on our ability to
differentiate them. Plant species and communities are physiologically adapted to specific
environments, which enables each to compete in those unique circumstances [11]. These
adaptations to environmental forces can enhance or obstruct differentiation. When different
species are adapted to the same environmental niche (evolutionary convergence) [12],
they may exhibit similarities in their spectral returns and create difficulties when trying to
distinguish them [13]. The adaptations may also create distinctiveness that can be leveraged
for identification as found by Wang, Hunt [14]. Researchers employ some remote sensing
and precision agriculture techniques in breeding and cultivar development [15–18], but not
yet for cultivar differentiation, perhaps because the breeding lines are so closely related.
This study builds on the work that has been started by others to solve these problems.

Caturegli, Lulli [19] examined a series of spectral indices and associated traits of
twenty turf subjects to help understand if they could be distinguished from satellite data
with mixed results. They found that, although helpful to highlight spectral differences,
indices were not capable of separating within species variation. Irisarri, Oesterheld [20]
also investigated the reflectance of seven C3 and C4 turf species. Their work focused on
plants in pots and used hyperspectral data ranging from 350 to 1075 nm. Other research on
turf focused on the nutrient status [21,22] and water status [23–25] of turf species. Some
studies, e.g., Schmidt and Skidmore [26] and others, have sought to map species richness
or diversity in grasslands [27,28]. Many of the attempts to differentiate grass species have
focused on the separation of C3 and C4 species. In doing so, most have taken advantage of
the spectral variability that they exhibit at different times of the year [14,29]. Although this
is a step forward in our understanding, the reality is that such a method requires data from
two seasons to carry out. Liu and Cheng [30] have shown that it is possible to differentiate
C3 from C4 plant functional types within a single data collection. However, the challenge
still exists to define different pasture species or cultivars within those C3 and C4 groups.
For the technology to be of practical use, it must differentiate varieties and cultivars from a
single data collection without the need for additional supplementary data.

The question we sought to answer with this work was whether the spectral similarity
of species or cultivars and the spectral differences caused by diurnal variation would work
together to suppress our ability to differentiate them. The aim of the study is to assess
if hyperspectral data can be used to differentiate species in an established, field-based,
pastoral setting. The objectives were to identify and define the extent of species or cultivar
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differentiation and to assess if subjects can be separated with the technology alone, without
supplementary information.

2. Materials and Methods

The trial sites were located on the north island of New Zealand, 6 km south of the
Palmerston North CBD, at the New Zealand Sports Turf Institute (NZSTI). The location was
selected for its wide range of C3 and C4 turfgrass species and some broad-leafed species
grown in homogenous, long-term trial plots. The sites were established for various research
trials and as teaching aids for greenkeeper training.

2.1. Site Description

For simplicity and to avoid misnomers, the various species and cultivars used in the
trial are referred to as subjects. Managed monoculture sites of turfgrass and broadleaf turf
species were used to reduce external variability. Sites varied in size from 2 m2 to 12 m2

(averaging around 10 m2) and were positioned within a single 50 m area on a series of
terraces. The sites had been growing for at least two years, so they were well established
and mature. The species used in the trial are listed in Table 1.

Table 1. Common and botanical names of subjects chosen for inclusion in the trial.

Common Name Latin Name

Cotula Leptinella dioica cv. Pahia
Couch Cynodon dactylon cv. Agridark
Kikuyu Pennisetum clandestinum cv. Regal Stay Green
Egmont Agrostis capillaris var. Egmont
Browntop Agrostis capillaris cv. Arrowtown
Ryegrass ‘4600’ Lolium perenne cv. 4600
Ryegrass ‘Bizet’ Lolium perenne cv. Bizet
Ryegrass ‘Premier 2’ Lolium perenne cv. Premier 2
Blue Fescue Festuca sp.
Chewing’s Fescue Festuca rubra subsp. Commutata

It was assumed that it would be more difficult to distinguish plants with close taxo-
nomic associations, such as the closely related, elite-performing ryegrass accessions studied
in forage trials. The subjects were selected for their purity and to represent a wide range of
taxonomies, i.e., family, genus, species, variety, and cultivar, as illustrated in Figure 1 and
in line with other work [19,31]. The wide taxonomic range of subjects was hypothesized to
offer better insight into the technology’s threshold for differentiation.

Cotula (Leptinella sp.) was the only dicotyledon subject in the trial, it is the primary
species used on New Zealand bowling greens and was maintained at 5 mm. All other sub-
jects were monocotyledons from the poaceae genera but can again be further distinguished.
The couch and Kikuyu are both C4 plants; that is, they have physiological adaptations to
both their leaf cell structure and cell metabolites [32] that differ from the remaining seven
subjects. The remaining subjects are from the Agrostis, Festuca, and Lolium genera, with
each having quite distinctive morphological differences. Lolium is from the same genera
as the elite forage accessions bred for animal feed. The group has tufted growth habits,
glossy, hairless leaves, and often a pink/purple tinge to the leaf base. Fescues have narrow,
needle-like leaves, which reduces the surface area, an adaptation that provides tolerance
to dry conditions. Agrostis have wider leaves; they produce both stolons and rhizomes,
which form a dense spreading sward. They do well in many habitats, especially in damp
soil conditions.
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2.2. Reflectance Data Collection

Reflectance data from the sites was collected using an ASD FieldSpec® 4 High Res-
olution (Malvern Panalytical Ltd., Malvern, UK) with an attached CAPP [33]. The ASD
collected reflectance in the visible near-infrared (VNIR) 350–1000 nm and shortwave in-
frared (SWIR) 1000–2500 nm to produce a combined reflectance curve from 350 nm to
2500 nm. The CAPP diameter on the ground is 32 cm, with elliptical internal sampling
dimensions of 19.7 cm and 18.7 cm for the major and minor axes [34].

2.3. Collection of Data for Diurnal Analysis

Reflectance spectra were collected from all plots at 08.00, 10.00, 12.00, 14.00, and
16.00 h on the 3rd and 5th of September 2014 (Southern Hemisphere Spring). Sample areas
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were marked with location pegs (Figure 2) that remained in place for three days to ensure
the collection of data from the same area on each occasion. The CAPP was rotated for each
sample to account for variations in leaf orientation while maintaining positional accuracy at
the same location. Data collection took place under bright and sunny conditions. Although
sunny conditions were not needed for data collection (the CAPP had internal illumination),
it did mean maximizing photosynthetic activity. Data collection took place three days after
mowing to minimize the influence of mechanical damage.

Remote Sens. 2024, 16, x FOR PEER REVIEW 5 of 18 
 

 

Fescues have narrow, needle-like leaves, which reduces the surface area, an adaptation 
that provides tolerance to dry conditions. Agrostis have wider leaves; they produce both 
stolons and rhizomes, which form a dense spreading sward. They do well in many habi-
tats, especially in damp soil conditions. 

2.2. Reflectance Data Collection 
Reflectance data from the sites was collected using an ASD FieldSpec® 4 High Reso-

lution (Malvern Panalytical Ltd., Malvern, UK) with an attached CAPP [33]. The ASD col-
lected reflectance in the visible near-infrared (VNIR) 350–1000 nm and shortwave infrared 
(SWIR) 1000–2500 nm to produce a combined reflectance curve from 350 nm to 2500 nm. 
The CAPP diameter on the ground is 32 cm, with elliptical internal sampling dimensions 
of 19.7 cm and 18.7 cm for the major and minor axes [34]. 

2.3. Collection of Data for Diurnal Analysis 
Reflectance spectra were collected from all plots at 08.00, 10.00, 12.00, 14.00, and 16.00 

h on the 3rd and 5th of September 2014 (Southern Hemisphere Spring). Sample areas were 
marked with location pegs (Figure 2) that remained in place for three days to ensure the 
collection of data from the same area on each occasion. The CAPP was rotated for each 
sample to account for variations in leaf orientation while maintaining positional accuracy 
at the same location. Data collection took place under bright and sunny conditions. Alt-
hough sunny conditions were not needed for data collection (the CAPP had internal illu-
mination), it did mean maximizing photosynthetic activity. Data collection took place 
three days after mowing to minimize the influence of mechanical damage. 

 
Figure 2. Ryegrass ‘Bizet’ plot showing locational pegs and a graphic (black line, 32 cm diameter) 
showing how the CAPP was located within the pegs. 

2.4. Continued Data Collection for Subject Differentiation 
Following the initial daily collection, spectral data were collected from each site every 

4 to 6 weeks (weather-dependent) over the course of one year. Again, the internal illumi-
nation of the CAPP meant consistency in spectral data regardless of external illumination. 
Data were collected from various points within the core of the plots to optimize sample 
purity. Unfortunately, the Cynodon site was removed for operational reasons by the NZSTI 
towards the end of the trial period, while data collection for the other sites continued 
throughout the year. 

2.5. Data Handling 
All spectra from both datasets were corrected for variations in the internal sensors 

according to manufacturer specifications using the ViewSpec Pro software, v 6.20, (Mal-
vern Panalytical Ltd., Malvern, UK) that is packaged with the ASD spectrometer. The cor-
rected data were exported to Matlab® 8.4 and R 3.2.2 statistical software packages via 

Figure 2. Ryegrass ‘Bizet’ plot showing locational pegs and a graphic (black line, 32 cm diameter)
showing how the CAPP was located within the pegs.

2.4. Continued Data Collection for Subject Differentiation

Following the initial daily collection, spectral data were collected from each site every
4 to 6 weeks (weather-dependent) over the course of one year. Again, the internal illumi-
nation of the CAPP meant consistency in spectral data regardless of external illumination.
Data were collected from various points within the core of the plots to optimize sample
purity. Unfortunately, the Cynodon site was removed for operational reasons by the NZSTI
towards the end of the trial period, while data collection for the other sites continued
throughout the year.

2.5. Data Handling

All spectra from both datasets were corrected for variations in the internal sensors
according to manufacturer specifications using the ViewSpec Pro software, v 6.20, (Malvern
Panalytical Ltd., Malvern, UK) that is packaged with the ASD spectrometer. The corrected
data were exported to Matlab® 8.4 and R 3.2.2 statistical software packages via Excel. The
first and last fifty bands (350–400 nm and 2450–2500 nm) were excised due to signal-to-
noise problems [35], resulting in each dataset having 2050 bands ranging from 400 nm to
2450 nm.

2.6. Statistics and Analysis
2.6.1. Pre-Processing

Preprocessing of spectral data is often necessary to simplify the relationships between
spectra and target traits, and to maximize model performance [36].

The raw spectral data were transformed in two ways: by Standard Normal Variate
(SNV) transformation ((x)−Mean(x)/Std(x)) [37] and by conversion to 1st derivative. The
SNV is a widely used method to reduce the variability caused by the impact of nonspecific
surface radiation scatter, differences in spectral pathlength, and chemical composition. [37].
For SNV calculation. the reflectance at a given wavelength has the average intensity for all
wavelengths subtracted from it. The result is then divided by the standard deviation for all
wavelengths to provide a corrected value for each.
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Derivatives have a long history of use in the pre-processing of spectral data and with
good reason, as they often improve performance [38,39]. The first derivative was calculated
by applying the gap-segment algorithm, which included smoothing with a Savitzky–Golay
filter. Smoothing is an important part of the derivative procedure as it is susceptible to
noise [40]. The filter with a window size of 11, followed by a gap segment derivative with
a segment size of 10, was carried out using the ‘prospectr’ package in ‘R’ [41].

2.6.2. Band Ranking and Band Reduction, U-Test

A Mann–Whitney U test (U-Test) was carried out in Matlab® to identify bands that
were sensitive to species discrimination. The U-Test compared median values at each
wavelength across all subjects to assess between-subject variation. Bands were ranked
based on the cumulative results, with higher results considered more useful in classification
or prediction.

2.6.3. Subject Differentiation with Linear Discriminate Analysis (LDA)

LDA is a statistical technique based on Fisher’s linear discriminant that is used for
classification and pattern recognition. It tries to maintain the between-class variance
by projecting a line that is orthogonal to the overall class variance to best separate the
classes [42]. The LDA decision boundary is determined by both the position of the class
centroid and the class distribution covariance [43]. The approach is applicable to numerical
data, such as reflectance data, and is a good approach for classification [44]. LDA is used
for a wide variety of classification problems, including facial analysis [45], complex pattern
recognition [46], and the analysis of spectroscopic data [47,48]. The long history of its use
and wide array of applications mean it is an easily accessible method for classification.

The LDA for the discrimination of subjects was first carried out using a small selection
of the most prominent bands as predicted by the U test. The number of bands used was
incrementally increased, and the accuracies were plotted to identify the optimal number for
the highest accuracy. This approach was repeated for both standardized and derivative data.

2.6.4. Stepwise LDA

Stepwise feature selection was utilized to include or exclude features based on im-
provements in model performance. LDA with stepwise feature selection was employed
to overcome the sensitivity of LDA to the Hughes effect [49,50]. The model was created
and refined using a 10-fold repeated cross-validation approach with the ‘KLAR’ package in
‘R’ [51]. A reduced number of variables were identified for the analysis of collection time.
The model was then independently validated on a previously isolated test dataset.

The LDA for diurnal collection time was carried out with the model built from a
30/70 (training/test) data split instead of the more common 80/20 data split. The decision
was taken to use a 30/70 (training/test) split as it hindered the output somewhat and was
more revealing of the limits of the analysis.

3. Results
3.1. Datasets

2800 total sample spectra (280 per subject) were collected in a series of collection events
over one year, resulting in two primary datasets:

• Diurnal dataset: This dataset (n = 2000) was examined for fluctuations in diurnal
reflectance for each subject. Forty spectral samples per subject, at each of the five time
periods, were collected over two days. Each spectral sample represents the average of
ten automatically collected and averaged readings.

• Differentiation dataset: The total dataset (n = 2800) collated data from all subjects over
the 12 months, including the data used for diurnal analysis, to investigate subject
separability and explore dimensionality reduction through band selection.

The subtle variations in reflectance recovered from each of the subjects are illustrated
in Figures 3 and 4, showing the overall similarity typical of vegetation reflectance.
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3.2. Subject Differentiation with LDA

Both data transformations allowed the LDA to differentiate subjects. Tables 2 and 3
show the output statistics from the LDA for the smallest number of bands used in the
analysis. Both had relatively high overall accuracies >78%, with a general trend in the
incorrect predictions made between the three Ryegrass cultivars and two fescues.

The optimum number of bands necessary for species differentiation varied with the
pre-processing method (as seen in Tables 4 and 5). Although both datasets ended up
with similar prediction accuracy maxima, the 1st derivative data did so with fewer bands.
Prediction accuracies of greater than 95% were achieved with as few as 50 bands.

3.3. Band Reduction

Figure 5 shows the distribution, over the spectrum, of important ranked bands from
the U-Test. Important bands are markedly different between the standardized (yellow) and
1st derivative data (black).



Remote Sens. 2024, 16, 3142 8 of 17

Table 2. Example confusion matrix and basic statistics for LDA used to differentiate subjects. Analysis
carried out on 12 bands of SNV transformed spectra and defined as important by the U-Test. Overall
accuracy is defined as the total correct (sum of diagonals) divided by the total samples.

Reference Sample
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Blue Fescue 50 2 7 4 0 2 3 0 0 0
Browntop 0 44 2 0 0 2 0 0 0 0

Chewings Fescue 0 3 34 0 0 1 0 0 1 0
Cotula 0 1 2 46 0 0 0 0 0 0
Couch 0 0 0 1 52 0 0 0 0 0

Egmont 0 5 2 0 1 50 0 5 0 2
Kikuyu 0 0 1 2 1 0 49 0 0 0

Ryegrass—4600 1 0 0 0 2 1 0 24 4 6
Ryegrass—Bizet 5 0 8 2 0 0 4 7 50 9

Ryegrass—Premier 2 0 1 0 1 0 0 0 20 1 39
Overall Statistics

Accuracy: 0.7821
95% Confidence Interval: (0.7456, 0.8157)

No Information Rate: 0.1
p-Value [Acc > NIR]: <2.2 × 10−16

Kappa: 0.7579

Table 3. Example confusion matrix and basic statistics for LDA used to identify species. Analysis
carried out on 11 bands of spectra transformed to the 1st derivative and defined as important by
the U-Test.

Reference Sample
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Blue Fescue 34 3 2 0 5 2 1 2 2 1
Browntop 0 50 1 0 0 4 0 0 0 0

Chewings Fescue 6 2 48 0 2 2 0 0 0 1
Cotula 0 0 1 54 0 0 0 0 0 0
Couch 5 0 2 0 46 0 0 2 6 2

Egmont 0 0 0 0 1 47 0 0 0 0
Kikuyu 0 0 0 0 0 0 54 0 0 0

Ryegrass—4600 0 1 0 0 0 1 0 43 1 3
Ryegrass—Bizet 5 0 0 0 2 0 1 6 43 13

Ryegrass—Premier 2 6 0 2 2 0 0 0 3 4 36
Overall Statistics

Accuracy: 0.8125
95% Confidence Interval: (0.7777, 0.844)

No Information Rate: 0.1
p-Value [Acc > NIR]: <2.2 × 10−16

Kappa: 0.7917
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Table 4. Summary of LDA subject prediction accuracy results using standardized data with increasing
numbers of bands chosen via the U-Test.

Bands
Used 12 76 150 200 404 800 914 1740 2050

Accuracy 78.21% 89.82% 91.61% 93.75% 96.96% 96.07% 94.20% 92.14% 93.04%
kappa 75.79% 88.69% 90.67% 93.06% 96.63% 95.63% 94.25% 91.27% 92.26%

Table 5. Summary LDA subject prediction accuracy results using 1st derivative data with increasing
numbers of bands chosen via the U-Test.

Bands Used 11 50 110 266 422 814 1177 1665

Accuracy 81.25% 95.54% 96.61% 98.04% 97.68% 96.96% 96.07% 94.82%
kappa 79.17% 95.04% 96.23% 97.82% 97.42% 96.63% 95.63% 94.25%
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Figure 5. Frequency plot of U-test results for standardized spectra and 1st derivative transformed
spectra with a significance level of 5% from standardized data. The reflectance curve of Blue Fescue
is overlaid for visualization of typical reflectance features. The y axis represents the cumulative total
of positive results when each subject is compared against every other subject at a given wavelength.

The U test from the derivative data indicated a higher importance of VNIR bands,
whereas the standardized data highlighted a greater importance of bands in the SWIR.

The U-Test defined 110 1st derivative transformed bands as important, and 148 of
the bands were from SNV data. When transformed to the 1st derivative, most of the
important bands were identified in the VNIR range of the spectrum. The dramatic change
in the distribution of important bands between the two pre-treatments was interesting.
The results from the SNV transformation had a greater spread but indicated bands mostly
in the SWIR region as important. Table 6 below shows the numbers, distributions, and
proportions of each group selected as important.
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Table 6. Number of important bands for subject separation, identified by U-Test, for each transforma-
tion and broken down by spectral region. The VNIR range was 400 nm to 1000 nm, the SWIR range
was from 1000 nm to 2500 nm, and the total range was from 400 nm to 2500 nm.

Group Details Important Bands Bands in Range
Importance as a

Proportion of
the Group

1st derivative (total) 110 2020 bands 5.4%
SNV (total) 148 2051 bands 7.3%

1st derivative (VNIR only) 98 1000 bands 9.8%
SNV (VNIR only) 41 1000 bands 4.1%

1st derivative (SWIR only) 13 1020 bands 1.3%
SNV (SWIR only) 107 1051 bands 10.2%

3.4. Prediction of Sample Collection Time

The reduced training set of 60 samples (30% of the total) resulted in a larger test set
(140 samples) for subsequent validation. A successful prediction of collection ‘time’ with
an accuracy of >92% was achieved. Table 7 shows the overall accuracy for predicting the
collection time associated with each individual subject. Chewings fescue had the lowest
overall accuracy at 92.14%.

Table 7. LDA prediction accuracy for the time of data collection (by subject).

Target Subject Prediction Accuracy Kappa

Blue Fescue 97.86% 97.86%
Browntop 95.71% 95.71%
Chewings 92.14% 92.14%

Cotula 98.57% 98.57%
Couch 94.29% 94.29%

Egmont 96.43% 96.43%
Kikuyu 98.57% 98.57%

Ryegrass—‘4600’ 97.86% 97.86%
Ryegrass—‘Bizet’ 94.29% 94.29%

Ryegrass—‘Premier 2’ 100.00% 100.00%

Figure 6 shows a scatter plot for the highest and lowest scoring subjects (‘Premier 2’
and Chewings fescue, respectively). Both show good separability for the early collection
times and less separability for the later collection times as plotted in discriminant space.
The prediction for sampling at 0800 h was correct with 100% accuracy for all subjects. Later
predictions for time of collection showed some variability from one subject to another, with
the last two collections (1400 h and 1600 h) misclassified most often.
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3.5. Analysis of Collection Time Predictions for Colated Samples

The prediction accuracy for sample time fell to 68.36% (Kappa 60.45%) when the data
for all subjects (2000 samples) were combined into a single analysis for collection time. As
shown in Table 8, 0800 h (a) and 1200 h (c) were most separable. 1000 h (b) had a spread of
predictions before and after the correct time, as did 1400 h (d). The separability problems
are illustrated by Figure 7, which shows how categories overlap.

Table 8. The confusion matrix for collection time prediction when using all data (accuracy 68.36%,
Kappa 60.45%) (n = 2000). Time = (a) 08.00 (b) 10.00 (c) 12.00 (d) 14.00 (e) 16.00.

Reference

Prediction a b c d e

a 257 71 0 2 6
b 8 158 28 18 2
c 0 24 225 9 8
d 1 20 25 172 119
e 14 7 2 79 145

Remote Sens. 2024, 16, x FOR PEER REVIEW 12 of 18 
 

 

e 14 7 2 79 145  

 
Figure 7. Plot of the first two linear discriminants for the time of collection when all subject data 
were collated and analyzed together. a = 0800 h, b = 1000 h, c = 1200 h, d = 1400 h and e = 1600 h. The 
times are also color coded for added clarity. 

4. Discussions 
4.1. Subject Differentiation 

The optimum number of bands necessary for subject differentiation varied with the 
pre-processing method, although both datasets ended up with similar maximum predic-
tion accuracies. The U-test may have contributed to this; Prospere, McLaren [52] reported 
slightly lower classification accuracies from bands chosen by the U-test, which was con-
sistent across the three methods they used for classification, including LDA. Despite this 
drawback, in this work, accuracies greater than 95% were achieved with as few as 50 
bands. Other studies of species managed to use smaller numbers of bands. For example, 
Schmidt and Skidmore [26] used six; Prospere, McLaren [52] used around twenty; and 
Vaiphasa, Skidmore [53] managed with just four. However, the high accuracy in this study 
extended to the cultivar level. This work supports other studies of reflectance data that 
have promoted the value of first derivatives to improve analytical results [38,54], but it 
does contrast with Zhang, Rivard [55], who suggested they may not be suitable for species 
identification, although the later study was on tree canopies rather than pasture species. 

4.2. Band Selection 
The bands chosen from the U-Tests produced highly accurate subject predictions. 

However, these wavelengths may not be the only ones capable of this result [56]. The anal-
yses of species revealed that different bands selected from the two pre-processing meth-
ods yielded comparable results. This suggests that the relevant information is widespread 
in the reflectance bands, supporting the findings of Asner [57], who suggest that bands 
carrying the pertinent information will vary depending on the species. It is therefore un-
likely that a single analysis or group of bands will be usable for all species. For this reason 
and because the maximum accuracy was achieved with >50 bands, it may be prudent to 
have a greater number of bands included in a species analysis than previous researchers 
aspired to use [26,52,53]. The number of bands used and samples collected may require 
some consideration of the specific variability within the species being examined. Brown, 
Shepherd [58] suggested it would take more than 5.2 × 109 carefully selected calibration 
samples to create a comprehensive spectral library for each subject. Care must be taken to 
avoid the phenomenon known in remote sensing as the Hughes effect, where including 
too many bands can have a deleterious effect on the prediction accuracy [59]. This drop in 
accuracy is usually noted when the number of bands is substantially larger than the 

Figure 7. Plot of the first two linear discriminants for the time of collection when all subject data
were collated and analyzed together. a = 0800 h, b = 1000 h, c = 1200 h, d = 1400 h and e = 1600 h. The
times are also color coded for added clarity.

4. Discussions
4.1. Subject Differentiation

The optimum number of bands necessary for subject differentiation varied with
the pre-processing method, although both datasets ended up with similar maximum
prediction accuracies. The U-test may have contributed to this; Prospere, McLaren [52]
reported slightly lower classification accuracies from bands chosen by the U-test, which
was consistent across the three methods they used for classification, including LDA. Despite
this drawback, in this work, accuracies greater than 95% were achieved with as few as
50 bands. Other studies of species managed to use smaller numbers of bands. For example,
Schmidt and Skidmore [26] used six; Prospere, McLaren [52] used around twenty; and
Vaiphasa, Skidmore [53] managed with just four. However, the high accuracy in this study
extended to the cultivar level. This work supports other studies of reflectance data that
have promoted the value of first derivatives to improve analytical results [38,54], but it
does contrast with Zhang, Rivard [55], who suggested they may not be suitable for species
identification, although the later study was on tree canopies rather than pasture species.

4.2. Band Selection

The bands chosen from the U-Tests produced highly accurate subject predictions.
However, these wavelengths may not be the only ones capable of this result [56]. The anal-
yses of species revealed that different bands selected from the two pre-processing methods
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yielded comparable results. This suggests that the relevant information is widespread
in the reflectance bands, supporting the findings of Asner [57], who suggest that bands
carrying the pertinent information will vary depending on the species. It is therefore un-
likely that a single analysis or group of bands will be usable for all species. For this reason
and because the maximum accuracy was achieved with >50 bands, it may be prudent to
have a greater number of bands included in a species analysis than previous researchers
aspired to use [26,52,53]. The number of bands used and samples collected may require
some consideration of the specific variability within the species being examined. Brown,
Shepherd [58] suggested it would take more than 5.2 × 109 carefully selected calibration
samples to create a comprehensive spectral library for each subject. Care must be taken to
avoid the phenomenon known in remote sensing as the Hughes effect, where including
too many bands can have a deleterious effect on the prediction accuracy [59]. This drop
in accuracy is usually noted when the number of bands is substantially larger than the
number of samples and is evident in Tables 4 and 5, where the accuracy drops with larger
amounts of bands included in the analysis.

The techniques and data combined to produce high accuracies for subject determina-
tion, even though some of the subjects were closely related cultivars of the same species.
This gives promise that the technology could be adapted for persistence trials, if only
as a tool to identify those plots that should be attended by experienced agronomists for
further scrutiny.

4.3. Band Reduction and Selection

The U test from the derivative data indicated a shift in importance between SWIR
and VNIR depending on data pre-treatment. Not having access to data from both re-
gions negates the ability to check this possibility for a specific dataset or task. Cho,
Debba [60] did not include any bands from the SWIR region for their study on savan-
nah tree species but suggested some bands in the SWIR might have improved their results.
Sobhan, Vaiphasa [61] found important bands for discrimination in the visible part of the
spectrum but noted a reduced number of bands in the NIR. They idenitified bands for
species descrimination in several regions, including the SWIR, and suggested that bands
within these regions ‘share’ information to descriminate species. Our results indicated
that both data transformations suggested there were useful bands in the visible range.
The derivative transformation suggested very different, important features. This is not
unexpected, as derivatives have previously been used to resolve precise features in hyper-
spectral data [40,62]. Demetriades-Shah, Steven [62] showed the ability of derivatives to
suppress background noise, which could explain the narrower features it created and the
realization of other features not apparent in the SNV data.

4.4. Diurnal Identification

The lower accuracy achieved when all samples were analyzed suggests that the
analysis for individual subjects used slightly different criteria to separate collection times.
Plant species and communities are physiologically adapted to specific environments, which
enables each to compete in unique circumstances [11]. These environmental forces can pose
difficulties with respect to species identification when different species adapt to the same
environmental niche (evolutionary convergence) [12].

The challenge our analysis encountered in identifying the collection time for some
subjects is interesting because it often occurred in data collected towards the end of the
day. This trend only became evident when we reduced the number of samples the model
was constructed from. Not all the species exhibited this trait, which points to a possible
divergence in physiology. We noted that most of the subjects that were more difficult to
categorize later in the day were C3 species, such as the Chewings Fescue example shown
in Figure 6, that are less adapted to high-growth competition situations. The other plot in
Figure 6 shows the Ryegrass cultivar “Premier 2”, which is more separable and competitive
in high-growth environments. This trend is also evident in Figure 7, where all subjects
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were included in the analysis. It shows the latter two times of day, “d” (2.00 pm) and “e”
(4.00 pm), with more overlap than any of the others. This supports the premise that the
criteria responsible for change in the spectra throughout the day may have reached an
asymptote in some species. This is feasible given the high light conditions experienced
during the trial. It is hypothesized that this could relate to a buildup of xanthophyll
cycle pigments, photochemical quenching, carbohydrate storage, or a combination of such
biophysical properties. The diurnal samples were collected in early spring, which may help
explain the inclusion of Kikuyu in the group that was less separable, as the C4 Kikuyu is
less active at that time of year [63]. The results are based on limited data but raise intriguing
questions around species competition strategies that hyperspectral data may help answer.
Further tests with data collected on cloudy days with reduced light levels in comparison to
days where sunlight hours are longer (summer) might be a good follow-up study.

The bands chosen by the stepwise feature selection process for this analysis heavily
favored bands in the SWIR region. These bands, known to be sensitive to protein, starch,
and nutrients in plants [64,65], are thought to enable detection of subtle differences in plant
chemistry that change systematically throughout the day, such as carbohydrates.

Although this study was investigating subject separation, in the absence of supple-
mentary data, the lack of additional correlation to plant chemistry became a problem. Plant
chemistry, i.e., leaf carbohydrate, nitrogen, fiber, or other variable component concentra-
tions, could have added to the discussion both in terms of species separability and diurnal
fluctuation. However, investigating the diurnal fluctuations of plants as measured by
reflectance appears to be unique, so comparison with the results from other studies is not
possible. The nearest comparison was found to be Gamon, Peñuelas [66], who created
the Physiological Reflectance Index (PRI) to measure subtle diurnal fluctuations in pho-
tosynthetic efficiency. The goal of this analysis was quite different, as it only sought to
identify if it was possible to predict the ‘time’ of a sample collection and was not limited to
a 2-band index. It was successful in this respect as collection time was accurately predicted,
supporting the use of this equipment for such tasks. The study of Susič, Žibrat [67] found
that separating their data into groups according to time of collection improved the overall
result accuracy when trying to separate abiotic and biotic drought stress. It therefore seems
prudent that diurnal fluctuations should be considered in the experimental setup and data
analysis, if not as a category of interest, at least to remove the deleterious effects they
introduce to the examination.

The species were well separated, even though diurnal variation was clear. The question
of whether individual species can be identified from samples taken under different growth
and stress conditions has yet to be fully answered. Price [68] gave a concise list of reasons
why it may be difficult or impossible to distinguish any given species from spectra alone,
and it has been suggested by others [69,70] that identification may need to be defined by
spectra taken at a particular time or growth period to be most effective.

The homogenous nature of the soils within each plot and consistent maintenance
between plots, including mowing and watering, reduced the potential variability that
might normally be associated with field trials. Those factors, coupled with the use of the
CAPP to remove solar variability, contributed to the overall reduction in the variability of
the spectral data collected and, thus, likely improved results.

For now, there is still no substitute for expert agronomists in species surveys, and
this will likely remain the case for the foreseeable future. Human experts are still the most
accurate, but they take a long time to train, which makes them expensive. Add to that
the need to include multiple experts to reduce observer error [2], and the cost increases.
If hyperspectral analysis technology can be implemented for species identification, it
will certainly reduce the burden on those experts since it would be possible to use with
minimal training. Therefore, the cost per hour should be a lot lower, making it a cost-
effective way to reduce reliance on experts for all tasks. That could allow their effort to
be better utilized when it is necessary, for checking equipment accuracy, or to add further
value to the hyperspectral results. The added value that hyperspectral differentiation
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would have is the ability to scale the technology far beyond the capabilities of a human.
Analysis of data is only limited by computer speeds, so implementing the analysis of
thousands of plots or numerous hectares of land would only be limited by the available
data collection technology.

This study faced three primary constraints. Firstly, the absence of wet chemical analysis
on the plant samples hindered our ability to link certain observations to plant chemistry,
which likely influences variation across species and time of day. Secondly, the small scale of
the experimental plots restricted the scope of data collection, preventing a comprehensive,
large-scale study. Lastly, the limited geographical diversity due to the experiments being
conducted at a single site means we cannot determine the extent to which the findings
might vary or remain consistent in different locations. Despite these limitations, the results
are promising and hint at the feasibility of this technology to differentiate pasture plants in
breeding systems.

5. Conclusions

This research confirms that highly detailed hyperspectral data can be used to differen-
tiate pasture/fine turf species and cultivars and answers the question of whether species
similarity and diurnal variation would confound our ability to differentiate them. This
supports the hypothesis that it would be possible to differentiate species groups and even
cultivars of species only using hyperspectral data. This suggests it would be possible for
hyperspectral data to overcome the need for indirect measurements of the persistence
trait [1] and allow direct measurement of persistence.

The diurnal variation was discernible, but importantly, it did not preclude species
differentiation. Diurnal variation should be a consideration for experimental setups to
reduce or negate it as a source of error.

This research provides insight into regions of the spectrum that might assist with
species identification or that may be helpful in differentiating subjects. There is still much
work needed to enable a practical application, but it is clear from the results that such
possibilities exist. The derivative transformed data provided a wider range of useful bands
for separation, and importantly, most of them were in the VNIR. This has positive implica-
tions for sensor acquisition for such tasks, with the potential to use less expensive variants.
Additional research is required to delve deeper into understanding the species-specific
mechanisms responsible for the alterations in reflectance. For instance, a comprehensive
exploration of the spectral responses of various plant components (e.g., carbohydrates) and
physiological processes, such as non-photochemical quenching, could provide valuable
insights. By unraveling these intricacies, we can enhance our comprehension of how these
factors contribute to changes in reflectance across different plant species and across time.
We also suggest that specific field applications of this technology may require adaptation
of the method to the specific conditions and requirements. At that stage, an examina-
tion of multiple methods would be appropriate to ascertain if LDA is still best suited to
the application.
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