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Abstract: An integrated approach that utilises hyperspectral and chlorophyll a fluorescence sensors
to predict biochemical and biophysical parameters represents a new generation of remote-sensing
research. The main objective of this study was to obtain a detailed spectral profile that correlates with
plant physiology, thereby enhancing our understanding and management of plant health, pigment
profiles, and compound fingerprints. Leveraging datasets using non-imaging or passive hyper-
spectral and chlorophyll fluorescence sensors to collect data in Tradescantia species demonstrated
significant differences in leaf characteristics with pigment concentrations and structural components.
The main goal was to use principal component analysis (PCA) and partial least squares regression
(PLS) methods to analyse the variations in their spectra. Our findings demonstrate a strong corre-
lation between hyperspectral data and chlorophyll fluorescence, which is further supported by the
development of hyperspectral vegetation indices (HVIs) that can accurately evaluate fingerprints
and predict many compounds in variegated leaves. The higher the integrated analytical approach
and its potential application in HVIs and fingerprints, the better the selection of wavelengths and
sensor positions for rapid and accurate analysis of many different compounds in leaves. Nonetheless,
limitations arose from the specificity of the data for the Tradescantia species, warranting further
research across diverse plant types and compounds in the leaves. Overall, this study paves the way
for more sustainable and informed agricultural practices through breakthroughs in the application of
sensors to remote-sensing technologies.

Keywords: biochemical compounds; HVI; hyperspectral sensors; partial least squares regression;
principal component analysis; purple leaves

1. Introduction

The integration of hyperspectral sensors with chlorophyll fluorescence techniques
represents a significant advancement in leaf signature analysis [1]. These cutting-edge
methodologies provide a detailed understanding of the physiological and biochemical
states of vegetation, enabling us to understand plant responses to various environmental
conditions [2,3]. These tools not only improve the accuracy of traditional assessments
but also open up new possible innovative approaches for monitoring plant health and
managing agriculture [4-6].
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Chlorophyll fluorescence (ChlF) curves are an essential tool for assessing plant health
because they allow for the accurate mapping of pigment concentrations and biochemical
components based on 1 s curves [7,8]. By measuring the fluorescence emitted by chloro-
phyll a, these curves provide valuable insights into the photosynthetic efficiency and stress
response of plants. The data obtained from the ChlF curves can reveal variations in chloro-
phyll content, as well as changes in other pigments and biochemical markers, which are
crucial for understanding the physiological state of the plant [9-11]. This technique is par-
ticularly useful for detecting early signs of stress before visible symptoms appear, enabling
proactive management and mitigation strategies for crop cultivation and environmental
monitoring or pigment profiling in leaves [12,13].

Hyperspectral curves derived from both imaging and non-imaging sensors provide
a comprehensive spectral profile of plant leaves and capture detailed information over
a wide range of wavelengths [14-17]. Non-imaging hyperspectral sensors offer distinct
advantages. These sensors facilitate rapid data acquisition without the need for spatial
context, making them highly efficient for large-scale or remote assessments. The flexi-
bility and precision of non-imaging hyperspectral sensors enable the detection of subtle
physiological changes, enhancing the capacity to monitor plant stress responses with ex-
ceptional accuracy [11,18-21]. Consequently, these tools are invaluable for advancing our
understanding of plant dynamics and improving agricultural practices.

With the intricate cellular and foliar architecture of plants, an array of chloroplastic
pigments, such as chlorophylls and carotenoids, and non-chloroplastic compounds, in-
cluding anthocyanins, flavonoids, and phenolic compounds, have been identified [22-24].
Moreover, structural components such as lignin and cellulose play critical roles in the
biomechanical integrity of plant tissues. The concentrations of these biochemical con-
stituents can vary significantly and are influenced by factors such as the expansion of leaf
area, leaf thickness, and the number and structural alterations of cells [21,23,25]. These
variations are pivotal because they reflect the biophysical and biochemical dynamics within
the plant and offer insights into its adaptive responses to environmental conditions.

Principal component analysis (PCA) is an advanced statistical method that is widely
applied to address the complexity and high dimensionality of hyperspectral and fluo-
rescence data [22,26-28]. This method effectively separates and recognises patterns by
reducing data dimensionality while maintaining most of the variance, thus revealing the
underlying variability among the samples. One of the main benefits of PCA is its ability
to select the optimal number of principal components (PCs) required to capture signifi-
cant data features [27,29,30]. This choice is vital because it balances the maximisation of
information retention with minimising noise. The (3-loadings obtained from PCA provide a
clear illustration of the spectral peaks, offering “fingerprints” of the chemical and physical
properties within the dataset [22,23]. Furthermore, PCA can be combined with regression
coefficients obtained from various spectral curves, such as OJIP, which represent the fluo-
rescence kinetics over the first few seconds of illumination, and hyperspectral reflectance,
transmittance, and absorbance curves. This combination allows for more comprehensive
analysis by combining biochemical and biophysical insights [31]. Such a multifaceted
approach enhances the understanding of plant responses and interactions with their en-
vironment, aiding in more accurate and predictive modelling of plant physiology and
agronomy by remote-sensing techniques [4-6,32].
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Hyperspectral vegetation indices (HVIs) are useful for analysing large datasets from
both chlorophyll fluorescence and hyperspectral measurements [15,33-35]. By simplifying
complex spectral data into understandable indices, HVIs enable the effective large-scale
surveillance and mapping of more relevant parameters. These indices can be used to
systematically identify areas of specific interest wavelengths by locating regions of in-
terest in which key biochemical and biophysical components or fingerprint indicators
show significant changes [22,23]. For example, specific HVIs can be designed to detect
changes in chlorophyll content, water stress, and nutrient levels [25,29,36-38]. The combi-
nation of these indices with chlorophyll fluorescence data improves the ability to spatially
differentiate areas with different photosynthetic efficiencies or stress reactions, whereas
hyperspectral data can be used to map the distribution of various biochemical markers
across a landscape. Ultimately, the application of HVIs provides a powerful tool for pre-
cision agriculture and environmental monitoring. By converting complex spectral data
into actionable information, these indices enable the development of targeted intervention
strategies, maximisation of resource use, and improvement of crop management practices.

Partial least squares regression (PLSR) is a general method for analysing hyperspec-
tral data for predictive modelling because it can effectively handle highly collinear and
multivariate data [22,26,27,39,40]. This method is particularly useful when there are more
predictor variables than observations, which is often the case in spectral analysis. PLSR
works by finding the most relevant information from the predictors (in this case, spectral
bands) by projecting them onto a new subspace defined by the latent variables. These
latent variables are selected not only for their ability to account for the variance in the
predictors but also for their correlation with the response variable, which is essential for
making accurate predictions [27,40,41]. One of the main benefits of PLSR is its ability to
handle multicollinearity among spectral bands well, where traditional regression methods
may not work or yield unreliable coefficients. PLSR reduces the predictors to a smaller set
of uncorrelated components while maintaining the ability to capture key patterns related
to the response variable.

PLSR is useful not only for prediction but also for exploratory data analysis as it
can uncover hidden patterns and associations in the data. It can be very effective when
combined with other techniques, such as cross-validation, to increase model stability and
assess predictive performance [27,42]. PLSR stands out for its flexibility and efficiency
in dealing with complex and large datasets that are common in hyperspectral imaging,
making it a preferred method for both academic research and practical applications in
fields such as remote sensing, chemometrics, and precision agriculture [27,40,41]. For those
who want to know more about this method, detailed applications and comparisons with
other techniques are often found in the scientific literature related to spectroscopy and data
analysis [22,26,27,39,40].

This study aimed to improve the prediction of chlorophyll a fluorescence parameters
together using hyperspectral sensors. The main objective of this study was to identify
specific spectral bands by HVI using hyperspectral data that are strongly correlated with
chlorophyll a fluorescence to aid in the estimation of seventeen biochemical and biophysical
parameters in Tradescantia plants. This concerns considering the shape of leaf structures,
which is relevant to plant physiology. The hypothesis of this study is that by combining
and enhancing the use of advanced hyperspectral sensors for reflectance, transmittance,
and absorbance data, along with powerful multivariate statistical methods such as PCA
and PLSR, it is possible to increase the prediction of these data parameters (Figure 1).
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Figure 1. A flowchart showing how to predict the biochemical compounds in Tradescantia spathacea
(L.) Olof Swartz and Tradescantia pallida (Rose) D.R. Hunt. plants, using two hyperspectral and
chlorophyll sensors. Stage 1 involved growing plants in a greenhouse and using two hyperspectral
sensors to measure the reflectance, transmittance, and absorbance spectra of their leaves. Stage 2
involves examining leaves to detect changes in their optical properties. In Stage 3, the levels of
biochemical compounds in the leaves were measured using a microplate reader. In Stage 4, the
leaves were exposed to dark conditions to measure chlorophyll a fluorescence and evaluate the
prediction models. Stage 5 involves analysing the data using PLS and other multivariate statistical
methods for the classification and prediction of biochemical and biophysical parameters. Created
with BioRender.com.

2. Materials and Methods
2.1. Plant Materials and Experimental Design

The model plants Tradescantia spathacea (L.) Olof Swartz and Tradescantia pallida (Rose)
D.R. Hunt., plants that exhibit variations in pigment concentration and leaf thickness, were
cultivated in 2 L pots at the Botanical Garden of the State University of Maringd, Brazil.
These plants were grown under greenhouse conditions, benefiting from natural light, and
maintained within a temperature range of 22 °C to 26 °C under a 16-h photoperiod. Regular
watering was conducted twice daily, at 8 a.m. and 6 p.m., to ensure consistent hydration.
Leaves of various ages and positions (apex, middle, and base) were sampled from different
sections of the plants. The investigation involved hyperspectral reflectance analysis and
leaf biochemical profiling of a total of 200 samples. All measurements were meticulously
performed between 11 a.m. and 1 p.m. to maintain consistency in the data collection. A
summary of the analytical procedure is shown in Figure 1.
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2.2. OJIP Chlorophyll a Fluorescence Transient

The leaves were analysed using an infrared gas exchange analyser (IRGA) with a
Multiphase Flash™ Fluorometer (LI-6800-01; LI-COR Inc., Lincoln, NE, USA) equipped
with a constant concentration of 400 umol mol~! in the chamber sample (CO,_sample)
and a relative humidity of 60% in the sample chamber (%RH_sample). A flow rate of
700 umol s—!, a fan speed of 10,000 rpm, and a sample heat exchanger temperature of
25 °C were maintained within a 6 cm? sample chamber. The sensor operates at >720 nm,
specifically for chlorophyll a fluorescence [23].

To elicit chlorophyll a fluorescence transients, the leaves were subjected to dark accli-
mation for 12 h in the dark. Thereafter, a clipping chamber was used, and a saturating light
pulse of 15,000 pmol m~2 s~ ! was applied for 1 s in induction mode, ensuring the closure
of all reaction centres [13].

2.3. Hyperspectral Optical Leaf Properties

A FieldSpec® 3 spectroradiometer with an ASD Contact PlantProbe® (ASD Inc., Boul-
der, CO, USA) with a diameter of 10 mm was used to measure the reflectance (R) and
transmittance (T) of the leaves. The equipment consisted of a VNIR detector with a
512-element silicon array for wavelengths ranging from 350 to 1000 nm (3 nm spectral
resolution), an SWIR 1 detector with a Graded Index InGaAs Photodiode, a Two-Stage TE
Cooled for wavelengths from 1001 to 1800 nm (10 nm spectral resolution), an SWIR 2 detec-
tor with a Graded Index InGaAs Photodiode, and a Two-Stage TE Cooled for wavelengths
from 1801 to 2500 nm (10 nm spectral resolution), with interpolation in 1 nm by spectrora-
diometer equipment. This spectroradiometer is based on non-imaging passive sensors. A
PlantProbe® leaf clip was used to minimise atmospheric effects. ViewSpec Pro software
version 6.2 (ASD Inc., Boulder, CO, USA) was used to preprocess the data and change the
sensor at 1000 and 1800 nm. Standard white reference plates were used to calibrate and
optimise the equipment. A high-intensity light beam (1500 mol m~2 s~!) was measured
at 1 cm from the light source with an irradiance sensor measured by LI-180 (LI-COR Inc.,
Lincoln, NE, USA), and from one plant probe was directed to the upper (adaxial) surface
of the leaf, whereas another probe, without its light beam, assessed the lower (abaxial)
surface of the leaf. The reflectance and transmittance for each wavelength were recorded
simultaneously, and the absorbance was calculated using the formula [A =1 — (R + T)].

2.4. Evaluation of Biochemical and Biophysical Leaf Tissue Composition
2.4.1. Measurement of Chlorophyll and Carotenoid Contents

We used a modified version of the method by Gitelson and Solovchenko (2018) [43] to
determine the concentrations of chlorophyll 4, chlorophyll b, total chlorophyll (a+b), and
carotenoids, including carotenes and xanthophylls. The absorbance of the methanol extract
from the apolar phase of chloroform:methanol (2:1) extraction was measured at 470, 652,
and 665 nm [44]. We calculated the concentrations of these pigments using these formulas
and expressed the final concentrations in mg cm~2 and mg g~ ! [44].

2.4.2. Measurement of Anthocyanins and Flavonoids

To measure anthocyanins, we acidified the water-methanol phase with hydrochloric
acid and measured its absorbance at A530 nm using the molar absorption coefficient of
Gitelson and Solovchenko (2018) [43]. To measure flavonoids, we examined the polar
fraction of the methanol extract at a wavelength of 358 nm. We also used molar absorption
coefficients according to the method described by Gitelson and Solovchenko (2018) [43].

2.4.3. Evaluation of Antioxidant Capacity

To measure the total antioxidant capacity of the samples, we followed a modified
version of the DPPH assay, based on the method described by Llorach et al. (2008) [45]. In
this assay, we incubated the methanolic extract with 1 mM DPPH solution and recorded
the absorbance of the mixture for colour changes.
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2.4.4. Measurement of Phenolic Compounds in Leaves

We used a modified version of the method described by Ragaee (2006) [46] to measure
the soluble phenolic compounds. The methanolic extract was mixed with Folin—Ciocalteu
reagent, sodium carbonate (Na;CO3), and deionised water. The mixture was incubated in
the dark and centrifuged to separate the phases. The absorbance of the supernatant was
measured at a wavelength of 725 nm.

2.5. Hyperspectral Vegetation Indices Using Optimal Wavelengths for JIP-Test and
Hyperspectral Parameters

The hyperspectral bands and chlorophyll a fluorescence were calculated using the
normalised difference vegetation index formula (Equation (1)), as outlined by Crusiol et al.
(2023) [27]. This procedure yielded unique hyperspectral vegetation indices (HVIs). Each
HVI was then correlated with relevant cross-sections pertaining to chlorophyll a kinetic
parameters. These correlations were quantified using the Pearson correlation coefficient
and the coefficient of determination (R?) using a custom IDL code. The data were collected
using a ground-based sensor, which captured spectra across a range of 350-2500 nm, and
the results are presented in a contour map.

_ Wavelength 1 — Wavelength 2

HVI =
v Wavelength 14 Wavelength 2

(1)

2.6. Partial Least Squares Regression (PLSR) by Analysis of Spectroscopy Data

The hyperspectral data were centred on the mean and subjected to PLSR to create
prediction models for JIP test parameters. To achieve this, the spectral data of the various
parameters of the 200 samples were divided into two groups: 75% (150) of the samples
were allocated to the training group, whereas the remaining 25% (50) were designated as
the prediction group. This allocation was chosen to ensure that the resulting estimates were
valid and accurate. Validity was ensured by preventing an overestimation of the accuracy,
which was maximised by minimising the overestimation of the approximation error. This
approach was based on the analysis described in [22,23].

Calibration (Cal) and cross-validation (Cva) were employed to predict quality at-
tributes based on the JIP test. Furthermore, the predictive capabilities of the calibration
model were assessed by calculating metrics, such as the coefficient of determination. (R?;

P
1-— gg:ﬁ: ), offset, root mean square error (RMSE; /Z?zl i nYL) ), the ratio of performance to

deviation (RPD; ﬁ), and bias were used to assess the quality, precision, and accuracy

of the model, as descrifoed in [23].

2.7. Statistical Analyses
2.7.1. Descriptive, Univariate, and Multivariate Statistical Analyses

Descriptive statistics were used to describe the biochemical parameters. For each
parameter, assessments included the count (n), mean, median, minimum, maximum, and
coefficient of variation (CV, %). The CV was categorised according to the criteria proposed
by Zar (2010) [47]. Pearson’s correlation methodology was employed to determine the in-
terrelationships between biochemical and biophysical attributes. For these analytical tasks,
we utilised Statistica 10® (StatSoft Inc., Tulsa, OK, USA) and the R-Studio software version
2023.12.1 (Posit Software, PBC, Boston, MA, USA) framework. Graphical representations
were generated using a range of applications: SigmaPlot 10.0® (Systat Inc., Santa Clara,
Silicon Valley, CA, USA), R-Studio software, Excel 365 version 2404 (Microsoft Inc., Silicon
Valley, CA, USA), and CorelDraw 2024® version 25 (Corel Corp., Ottawa, ON, Canada).
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2.7.2. Principal Component Analysis (PCA)

Unscrambler X software, version 10.4 (CAMO Software, Oslo, Norway), was used for
principal component analysis (PCA) of the growth parameter data. This was achieved with
a predetermined statistical significance level of p < 0.01. To ensure that the analysis was
not subject to underfitting or overfitting, the optimal number of principal components was
determined based on the first maximum value of overall accuracy, as outlined in [22,23].

3. Results
3.1. Statistical Description of the Biochemical Compounds

Table 1 provides a comprehensive statistical analysis of various biochemical com-
pounds measured in the leaves of Tradescantia spathacea (L.) Olof Swartz and Tradescantia
pallida (Rose) D.R. Hunt., species based on 200 samples per parameter. The data included
the mean, median, minimum, maximum, and coefficient of variation for each compound
(Table 1).

Table 1. The descriptive statistics of biochemical compound parameters measured in the leaves
of Tradescantia spathacea (L.) Olof Swartz and Tradescantia pallida (Rose) D.R. Hunt. species. For
each parameter, data were collected for 200 samples, including the mean, median, minimum, and
maximum values and the coefficient of variation (CV%). (n = 200).

Parameter Count (n) Mean Median Minimum Maximum CV (%)
Chla (mg m~2) 200 765.25 760.47 480.20 996.52 10.92
Chlb (mg m~2) 200 487.48 469.65 262.06 875.10 18.99

Chla+b (mg m2) 200 1252.73 1231.39 742.26 1871.61 13.89
Car (mg m~2) 200 263.54 264.23 185.89 362.00 9.24
AnC (nmol cm~2) 200 23.78 23.59 18.36 27.48 6.52
Flv (nmol cm—2) 200 34.02 32.94 17.97 51.74 18.21
Chla/b ratio 200 1.59 1.61 1.14 1.94 7.63
Chla (mg gfl) 200 10.53 10.30 0.96 17.50 28.99
Chlb (mg g_l) 200 6.64 6.85 0.64 11.77 29.01
Chla+b (mg gfl) 200 17.16 17.46 1.60 27.88 28.68
Car (mg g_l) 200 3.64 3.57 0.33 6.40 29.58
AnC (umol gfl) 200 3.37 2.92 0.24 5.75 37.07
Flv (umol gfl) 200 4.94 3.75 0.33 11.32 46.51
Phe (mL L~1) 200 57.91 57.59 29.02 111.31 29.66
DPPH 200 91.73 91.68 88.58 99.30 1.35
Lignin (mg g_l) 200 307.67 303.22 178.09 422.13 19.68
Cellulose (nmol mgfl) 200 725.52 671.16 322.95 1386.90 37.39

Chlorophyll a (Chla, mg m~2) had a mean of 765.25, a median of 760.47, a minimum
of 480.20, and a maximum of 996.52, with a coefficient of variation of 10.92%. Chlorophyll
b (Chlb, mg m’z) had a mean of 487.48, a median of 469.65, a minimum of 262.06, and
a maximum of 875.10, with a high variation coefficient of 18.99%. Total chlorophyll a+b
(Chla+b, mg m~2) had a mean of 1252.73, a median of 1231.39, a minimum of 742.26, and a
maximum of 1871.61, with a variation coefficient of 13.89%. Carotenoids (Car, mg m’z)
had a mean of 263.54, a median of 264.23, a minimum of 185.89, and a maximum of 362.00,
showing a lower variability of 9.24%. The mean chlorophyll a/b ratio was 1.59, the median
was 1.61, the minimum was 1.14, and the maximum was 1.94, with a variation coefficient
of 7.63% (Table 1).

The anthocyanin contents (AnC, nmol cm~2) were 23.78, 23.59, 18.36, and 27.48, respec-
tively, with a variation coefficient of 6.52%. The mean flavonoid content (Flv, nmol cm~?2)
was 34.02, the median was 32.94, the minimum was 17.97, and the maximum was 51.74,
with a coefficient of variation of 18.21%.
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On a mass basis, chlorophyll a (mg g~!) had a mean of 10.53, a median of 10.30, a
minimum of 0.96, and a maximum of 17.50, showing high variability with a coefficient of
28.99%. Similarly, chlorophyll b (mg g~ !) exhibited high variability, with a mean of 6.64, a
median of 6.85, a minimum of 0.64, and a maximum of 11.77, with a coefficient of variation
of 29.01%. The mean total chlorophyll a+b concentration (Chla+b, mg g’l) was 17.16, the
median was 17.46, the minimum was 1.60, and the maximum was 27.88, with a variation of
28.68%. On a mass basis (Car, mg g_l), the mean carotenoid content was 3.64, the median
was 3.57, the minimum was 0.33, and the maximum was 6.40, with a high coefficient of
variation of 29.58%.

The mean anthocyanin content (AnC, pmol g_l) was 3.37, with a median of 2.92, a
minimum of 0.24, and a maximum of 5.75, with a variability of 37.07%. The mean flavonoid
content (Flv, umol g’l) was 4.94, with a median of 3.75, a minimum of 0.33, and a maximum
of 11.32, with the highest coefficient of variation at 46.51%. The mean phenolic compound
content (Phe, mL L™1) was 57.91, the median was 57.59, the minimum was 29.02, and the
maximum was 111.31, with a coefficient of variation of 29.66%.

The mean DPPH radical scavenging activity was 91.73, with a median of 91.68, a mini-
mum of 88.58, and a maximum of 99.30, indicating minimal variability with a coefficient
of variation of 1.35%. Lignin (mg g~ !) had a mean of 307.67%, a median of 303.22%, a
minimum of 178.09%, and a maximum of 422.13%, with a coefficient of variation of 19.68%.
Finally, cellulose (nmol mg~!) displayed a mean of 725.52, a median of 671.16, a minimum
of 322.95, and a maximum of 1386.90, showing significant variability with a coefficient of
variation of 37.39% (Table 1).

3.2. Chlorophyll a Fluorescence Kinetics

The two Tradescantia species displayed different chlorophyll a fluorescence kinetics in
their leaves (Figure 2). The OJIP curves follow the names of the distinct phases O (origin),
L, K, ], I, and P (peak), which are essential for calculating the JIP test parameters based on a
logarithmic scale.
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Figure 2. Spectral chlorophyll a fluorescence kinetics in leaves. (A) Tradescantia spathacea (L.) Olof
Swartz. (B) Tradescantia pallida (Rose) DR. Hunt., species. The O, L, K, ], I, and P phases are based on
a logarithmic scale (Time, s). (1 = 100).

The OJIP curves indicated significant differences in pigments between the two species
(p < 0.01), as measured by the photosynthetic performance. Significant reductions in
variable fluorescence were observed at key points of 20 ps (AL), 300 ps (AK), 2 ms (A]), 10 ms
(Al), and 40 ms (AP). The curves illustrate different patterns of chlorophyll a fluorescence
kinetics between Tradescantia spathacea and Tradescantia pallida plants (Figure 2A,B).

Further analysis revealed that points O and P had almost the same chlorophyll a
fluorescence intensity, based on fluorescence yield for both species. However, Tradescantia
pallida consistently showed greater fluorescence at points L, K, J, and I than T. spathacea,
indicating possible differences in photosynthetic apparatus efficiency.
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3.3. Hyperspectral Reflectance, Transmittance, and Absorbance Curves

There were noticeable differences in the reflectance between Tradescantia spathacea
and Tradescantia pallida at specific wavelengths within each spectral range (Figure 3A,B).
In the VIS spectrum (400-700 nm), a significant difference was observed at 544 nm. The
largest difference in the NIR range (700-1300 nm) was observed at 700 nm. For the SWIR1
spectrum (1300-1800 nm), the most evident contrast was observed at 1441 nm, and in the
SWIR2 range (1800-2500 nm), the most marked change was observed at 2488 nm. The
consistently low p-values (p < 0.01) highlight the statistical importance of these results,
implying that these wavelengths are essential for separating the two Tradescantia species
based on their reflectance.
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Figure 3. Spectral leaf reflectance, transmittance, and absorbance curves from 350 to 2500 nm
for Tradescantia spathacea (L.) Olof Swartz and Tradescantia pallida (Rose) D.R. Hunt., species.
(A,B) Reflectance curves. (C,D) Transmittance curves. (E,F) Absorbance curves. For clarity, Trades-
cantia spathacea is represented by orange lines, while Tradescantia pallida is indicated by blue lines
(n =100).

The transmittance values also showed substantial differences between the species at
certain wavelengths within each spectral band (Figure 3C,D). In the VIS spectrum, the
largest difference was observed at 400 nm. The peak difference within the NIR spectrum
was at 1125 nm, whereas in the SWIR1 spectrum, it was at 1607 nm, and the SWIR2 spectrum
peaked at 2175 nm. These significantly low p-values indicate that transmittance at these
selected wavelengths can be used to distinguish Tradescantia spathacea from Tradescantia
pallida species.
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In the absorbance analysis, significant differences were detected at specific wave-
lengths across spectral bands (Figure 3E,F). The most notable changes were observed at
495 nm within VIS-Blue, 498 nm in VIS-Blue-Green, 733 nm in VIS-Red-Far-Red, 800 nm
in NIR-Far-Red, 1117 nm in the NIR, 1575 nm in SWIR1, and 2175 nm in SWIR2. The ex-
tremely low p-values associated with these wavelengths verify their statistical significance
and suggest that absorbance at these wavelengths is crucial for distinguishing Tradescantia
spathacea from Tradescantia pallida species (Figure 3).

3.4. Principal Component Analysis for Fluorescence, Reflectance, Transmittance, and
Absorbance Sensors

Figure 4 shows a principal component analysis (PCA) that reveals the spectral differ-
ences in the leaves of Tradescantia spathacea and Tradescantia pallida using various sensors for
fluorescence, reflectance, transmittance, and absorbance (Figure 4A-D).

(A) Fluorescence sensors (B)  Reflectance sensors
1.5
g 2
= ©
AN AN
O O 3
o o
PC1 (91%) PC1 (67%)
(C) Transmittance sensors (D)  Absorbance sensors
2
=
N
O
o

PC1 (78%) @ T spathacea () cluster ~ PC1 (74%)
@ 7 paiida (O Cluster

Figure 4. Principal component (PC) from 350 to 2500 nm in the leaves of Tradescantia spathacea (L.) Olof
Swartz and Tradescantia pallida (Rose) D.R. Hunt., plants. (A) Fluorescence sensors. (B) Hyperspectral
reflectance sensors. (C) Hyperspectral transmittance sensors. (D) Hyperspectral absorbance sensors.
Clustering-coloured leaves are displayed as orange (T. spathacea) and blue (T. pallida) circles (n = 100).

Figure 4A shows the PCA for the fluorescence sensors, where Tradescantia spathacea
is in orange and Tradescantia pallida is shown in blue. There was a clear separation along
Principal Component 1 (PC1), which accounted for 91% of the variance, highlighting
distinct fluorescence patterns for each species.

Figure 4B shows the PCA of the reflectance sensors. Here, a moderate difference
was observed in PC1, which accounted for 67% of the total variance, indicating different
reflectance features between the two species.
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Figure 4C shows the PCA for transmittance sensors, showing a noticeable distinction
between Tradescantia spathacea and Tradescantia pallida along both PC1 and PC2, explaining
78% and 15% of the variance, respectively. This implies that there were significant species-
specific transmittance signatures.

Figure 4D shows the PCA for the absorbance sensors, with PC1 explaining 74% of
the variance and PC2 accounting for 18%. This separation suggests strong differences in
absorbance between the species.

The shaded regions within each shape show clusters of data points, reflecting the
diversity within each species and the level of resemblance between them. The PCA results
demonstrated the value of these spectral measurements for distinguishing between the two
species of Tradescantia.

By analysing Figure 5A-L, each of which shows the variability and loadings across
different spectral measurements, one can delineate the principal component contributions
to spectral data interpretation for fluorescence, reflectance, transmittance, and absorbance
(Figure 5).
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Figure 5. Displays scores, -loadings, and regression coefficients obtained from fluorescence sen-
sor, reflectance, transmittance, and absorbance hyperspectral analyses of Tradescantia spathacea (L.)
Olof Swartz and Tradescantia pallida (Rose) D.R. Hunt. plants. (A-D) Variability and accumula-
tion (%) based on three principal components. (E-H) -Loading, corresponding to the sensors.
(I-L) Regression coefficients for PC1-3 from 350 to 2500 nm. The green line represents PC1. The blue
line represents PC2. The orange line represents PC3. The dashed red line delimits —0.75 to +0.75.



Remote Sens. 2024, 16, 1910

12 of 25

Figure 5A shows the variance captured by the principal components in the fluores-
cence data, with PC1 accounting for the majority of the variance (90.68%), followed by
significantly smaller contributions from subsequent components. The reflectance data in
Figure 5B show that PC1 was the dominant factor explaining 60.02% of the variability.
The other components progressively contributed less, with PC2 and beyond explaining
less than 20% of the variance. Figure 5C shows the transmittance data, with PC1 being
pivotal and capturing 77.82% of the variance. PC2 also plays a more substantial role than
the reflectance data, accounting for 15.10% of the variability. The absorbance variability in
Figure 5D was primarily determined by PC1, which explained 74.06% of the total variance,
followed by smaller yet significant contributions from PC2 and PC3.

Figure 5E-H presents the -loadings across the time or wavelength range for each
principal component, reflecting their weight in each spectral band. Figure 5I-L correlates
these findings with the regression coefficients to indicate the influence of each wavelength
on the respective spectral measurements. Figure 5F shows the leading wavelengths for PC1
located in the blue, green, red, NIR, SWIR1, and SWIR2 bands. The reflectance datasets for
PC2 and PC3 also highlighted similar influential wavelengths, confirming their significance
across the spectrum. Figure 5G shows the crucial wavelengths for the transmittance of
PC1 in the blue and SWIR2 bands. The subsequent principal components, depicted in
Figure 5], K, corroborate the importance of these wavelengths, suggesting consistency in
the influential spectral bands across different components.

The absorbance measurements in Figure 5H for PC1 show the selection of key wave-
lengths from the blue to the SWIR2 range. This is in line with the absorbance results for PC2
and PC3, as shown in Figure 5K,L, which further confirms the relevance of the wavelengths.

A comprehensive examination of these findings, in conjunction with the regression
coefficients depicted in Figure 5I-L, provides a profound understanding of the most in-
fluential wavelengths across the reflectance, transmittance, and absorbance spectra. The
variance explained by the principal components underscores the significant spectral regions
that differentiate the studied variables (Figure 5A-L).

3.5. Hyperspectral Vegetation Index for Chlorophyll a Fluorescence, Reflectance, Transmittance,
and Absorbance

Figure 6 shows a contour plot that maps the coefficient of determination (R?) values
from linear regression analyses, which evaluates the relationship between the levels of vari-
ous biochemical compounds and chlorophyll fluorescence (ChlF) over a time logarithmic
scale of 0.00001 to 1 s (Figure 6A-Q).

Figure 6A,B shows the R? values for chlorophyll a and chlorophyll b, respectively,
measured in mg m~2, over the time scale. Areas that changed from dark to light red
indicate higher R? values, indicating stronger relationships at certain time points. In
Figure 6C, the total chlorophyll (Chla+b) content is plotted, showing the R? values over
time, indicating the time points at which the fluorescence data best predicted the total
chlorophyll content. Figure 6D-F show the contour maps for carotenoids, anthocyanins,
and flavonoids, measured in mg m~2 and nmol cm 2, respectively. These plots show the
temporal patterns of the correlation between chlorophyll fluorescence and the levels of
these compounds.

Figure 6G-I focus on the chlorophyll a/b ratio, chlorophyll 4, and chlorophyll b on a
mass basis (mg g~ !). The plots show different correlations, with some timeframes showing
higher R? values. Figure 6J,K,L shows the total chlorophyll (Chla+b), carotenoids, and
anthocyanins per mass, highlighting the times when fluorescence is most indicative of
the presence of these compounds. In Figure 6M,N, the maps for flavonoids and phenolic
compounds, measured in pmol g~ ! and mL L1, respectively, show areas of stronger and
weaker correlations over the fluorescence time scale. Figure 60 shows the R? values for the
DPPH assay, which is a measure of antioxidant activity, showing less variation over time.
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Figure 6. Count plot map of the coefficient of correlation (R?) from the linear regression between

the concentration of compounds and wavelengthl vs. wavelength2 from ChIF from 0.00001 to 1 s.
(A) Chlorophyll a (mg m~2). (B) Chlorophyll b (mg m~2). (C) Total chlorophyll (a+b) (mg m~2).
(D) Carotenoids (mg m~2). (E) Anthocyanins (nmol cm™2). (F) Flavonoids (nmol cm~2). (G) Chla/b
ratio. (H) Chlorophyll a (mg gfl). (I) Chlorophyll b (mg gfl). (J) Total chlorophyll (a+b) (mg gfl).
(K) carotenoids (mg g_l). (L) Anthocyanins (umol g_l). (M) Flavonoids (pmol g_l). (N) Phenolic
compounds (mL L-1). (O) DPPH. (P) Lignin (mg gfl). (Q) Cellulose (nmol mgfl). Dark blue to light
red indicate increased associations. (n = 200).
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Figure 6PQ shows the lignin and cellulose contents, measured in mg g~! and nmol mg !,
respectively. This figure shows specific time intervals with strong relationships between
fluorescence and compound levels.

Overall, these contour maps provide a visual representation of the temporal and
quantitative relationships between chlorophyll fluorescence dynamics and the levels of
various biochemical compounds in plant leaves. The gradation from dark to light red areas
shows where the relationship is strongest, offering valuable insights into the moments
when ChlF is the most informative of the compound levels.

Figure S1 shows a series of contour plots that illustrate the strength of the correlation,
as indicated by the coefficient of determination (R?), across two wavelengths (wavelengthl
and wavelength?2) for various biochemical compounds using hyperspectral reflectance data
(Figure S1A-Q).

Figure S1A-C displays the relationships for chlorophyll a, chlorophyll b, and total
chlorophyll (Chla+b), respectively, measured in mg m~2. Areas with higher R? values,
which changed from dark blue to red, showed stronger correlations, especially for specific
wavelength pairings. In Figure S1D, the R? values for the carotenoids (mg m~2) are plotted,
showing regions where the correlation between the reflectance at certain wavelengths
and the carotenoid concentration is more evident. Figure S1E,F, which represents antho-
cyanins (nmol cm~2) and flavonoids (nmol cm~2), respectively, reveals the spectral zones
in which the reflectance data have greater explanatory power for the concentrations of these
compounds. The chlorophyll a/b ratio is shown in Figure S1G, with regions of stronger
association indicating wavelengths that are more closely related to this particular ratio.

For chlorophyll a+b, on a mass basis (mg g~!), Figure S1H,I illustrates how some
wavelength combinations correlated more strongly with their concentrations. Figure S1J-L
presents the R? values for total chlorophyll (Chla+b), carotenoids, and anthocyanins per
mass of plant material, showing key wavelengths where reflectance data correlated strongly
with compound concentrations. For flavonoids (itmol g~!) and phenolic compounds (mL
LD, Figure SIM,N reveals significant spectral areas where the correlations between re-
flectance and concentration are strongest. Figure S10, which shows DPPH, an antioxidant
activity marker, showed a nearly uniform correlation across all wavelength pairs, indi-
cating a less clear relationship in the reflectance data. Finally, Figure S1P,Q shows the
correlation between lignin (mg g~!) and cellulose (nmol mg~1). Here, the selected wave-
length pairings were shown to have a stronger association with the concentrations of these
structural compounds.

Together, these contour plots reveal the complex relationships between reflectance at
various wavelengths and the concentrations of different biochemical compounds, high-
lighting the possibility of using hyperspectral reflectance data to estimate compound
concentrations in plant leaves. The change in colour from dark blue to red in the plots
indicates the range of correlation strengths, with warmer colours indicating areas of greater
predictive accuracy (Figure SIA-Q).

Figure S2 shows the correlations between different wavelengths of light passing
through the plant tissues and their biochemical compounds. The R? values in the figure
show which wavelengths of light are most related to the compound levels in plants.

Chlorophyll a and b, as shown in Figure S2A,B, had strong correlations with some
visible and NIR wavelengths, especially when they interacted with specific NIR bands.
Figure S2C shows that the transition from red to NIR light is highly predictive of the total
chlorophyll (Chla+b) content. As shown in Figure S2D, there were strong correlations
between the levels of carotenoids at the edge of the visible and NIR light, indicating that
these wavelengths affect carotenoid levels. The anthocyanin and flavonoid concentrations
in Figure S2E,F exhibited sharp peaks and many correlations across different wavelengths,
indicating that their spectral reflectance varied between species.
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Figure S2G shows that some wavelengths were strongly related to the Chl a/b ratio,
as indicated by the high R? values. Likewise, the chlorophyll 2 and b per mass in Figure
S2H,1 and the total chlorophyll (Chla+b) per gram in Figure S2J had areas of high R? values,
showing the wavelengths that tell us a lot about these chlorophyll levels.

The carotenoid and anthocyanin contents per mass, as shown in Figure S2K,L, exhibit
a mixed pattern with strong hotspots, revealing the wavelengths that strongly reflect these
compounds. Figure S2M,N, which shows flavonoids and phenolic compounds per gram,
respectively, has high correlations in some spectral areas, revealing the regions that are
most predictive of these compounds.

In contrast, the DPPH assay results in Figure S20 show no strong linear relationship
between the wavelength and antioxidant activity, as seen in the even plot (Figure S2,
see scale). Figure S2P,Q shows that lignin and cellulose have relatively high correlation
values. These regions have wavelengths that are good indicators of the levels of these
structural compounds.

Together, these findings demonstrate the complex links between spectral transmittance
and biochemical compounds, providing a spectral signature that can be used to analyse
plant constituents without destroying them. The colours in each plot show the strength of
these links, with warmer colours showing regions of higher accuracy in the hyperspectral
transmittance data (Figure S2A-Q).

Figure S3 shows how the absorbance data reveal how wavelengths and plant bio-
chemical compounds interact according to their concentrations. Peaks with high corre-
lations appear clearly in some spectral zones, showing that the absorbance at one wave-
length is most useful for predicting the compound concentration when combined with
another wavelength.

The chlorophyll 2 and b concentrations were highly correlated in the near-infrared
region at approximately 700 nm. This trend is also true for the total chlorophyll content
(Chla+b), where wavelengths near 700 nm and shortwave infrared regions are strongly
related to the chlorophyll content. The chlorophyll a/b ratio showed a similar correlation
pattern, especially within the near-infrared range (Figure S3).

Carotenoid levels have noticeable correlations, especially within the overlap of the
visible light range and the lower part of the near-infrared spectrum. Anthocyanin concen-
trations show a different pattern, with the highest correlations occurring over a wider range
of wavelengths, indicating that multiple factors are involved in predicting anthocyanin
levels through absorbance.

Flavonoid concentrations, shown in their contour plot, also had areas of high cor-
relation, particularly in the interactions that occurred from the visible light range to the
near-infrared spectrum. This finding implies a consistent effect of these wavelengths on the
prediction of the flavonoid content (Figure S3).

The plots of structural compounds, such as lignin and cellulose, revealed that the
concentrations of some wavelength combinations, especially those that cross from the
near-infrared region to the shortwave infrared region, are somewhat related to their con-
centrations. In these contour plots, a range of correlations was observed, with the colour
intensity representing the minor of the relationship. The gradients in these plots helped
us identify the wavelength interactions that were most predictive of the concentrations of
these important plant compounds (Figure S3A-Q).

3.6. Parameters Predicted by Biochemical Compounds
3.6.1. Calibration and Validation Models

Table S1 shows the statistical metrics from the PLSR models for different modalities
in the comprehensive evaluation of spectrometric methods for estimating biochemical
pigment parameters. The aim of this PLSR model was to compare the calibration and cross-
validation results of chlorophyll and carotenoid predictions using fluorescence, reflectance,
transmittance, and absorbance measurements in Tradescantia species (Table S1).
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The fluorescence sensor calibration for chlorophyll a had an R? of 0.56, with a small
decrease to 0.55 in cross-validation and corresponding RPDs of 1.21 and 1.19, indicating
moderate model strength. Carotenoid predictions under fluorescence showed higher
calibration accuracy, with an R? of 0.64 and an RPD of 1.31, which slightly decreased to an
R? of 0.61 and an RPD of 1.26 in cross-validation, suggesting a more reliable model.

The reflectance measurements displayed similar trends, with chlorophyll a having an
R? of 0.58 in calibration and 0.53 in cross-validation and carotenoids having R? values of 0.61
and 0.56, respectively, implying consistent performance but with some room for improve-
ment in cross-validation. Transmittance was highly effective, especially for carotenoids,
which showed an impressive calibration R? of 0.84. However, the cross-validation phase
indicated a reduction in the predictive accuracy, with an R? of 0.59. The absorbance data
for chlorophyll a showed a strong calibration R? value of 0.61, with a slight decrease to 0.56
in cross-validation. The carotenoids measured via absorbance had high calibration and
cross-validation R? values of 0.64 and 0.59, confirming the effectiveness of this modality in
evaluating pigment concentration (Table S1).

Statistical parameters such as slope, offset, RMSE, RPD, and bias present across these
sensors provide a detailed understanding of each model’s predictive power and potential
limitations. Notably, anthocyanin concentration predictions stand out with an R? reaching
up to 0.92 in calibration and maintained in cross-validation for the fluorescence sensor,
highlighting the high quality of this modality for this specific pigment.

Overall, the data presented offer a thorough quantitative analysis of spectrometric
techniques for the non-destructive estimation of biochemical compounds (Table S1).

3.6.2. Predicted

Table S2 shows the predictive performance of PLSR across different spectroscopic
methods for estimating biochemical compound concentrations in the Tradescantia species.
The table benchmarks performance metrics comprising the correlation coefficient (r), R-
square for model fit (RZ), slope, offset, SEP, RMSEP, RPD, and bias, offering a precision
selection for each sensor.

Fluorescence-based predictions revealed moderate predictability for chlorophyll a,
with an R? value of 0.20. Carotenoids had limited accuracy, as indicated by an R? value of
0.13. Conversely, anthocyanins demonstrated a higher model fit, with an R? value of 0.42,
suggesting enhanced predictability with this sensor.

Reflectance-based assessments delivered slightly superior R? values for chlorophyll
a (Chla) and carotenoids of 0.26 and 0.16, respectively, indicating moderate precision.
Anthocyanins outperformed the other tested compounds, with an R? value of 0.52, indi-
cating increased reliability. Transmittance measurements yielded analogous R? values for
chlorophyll a and carotenoids of 0.23 and 0.10, respectively, highlighting the predictive
limitations of this technique for these compounds. However, anthocyanins exhibited robust
predictability with an R? of 0.52, mirroring the reflectance findings.

The absorbance modality improved the R? values for chlorophyll a and carotenoids to
0.24 and 0.12, respectively. The R? of 0.53 for anthocyanins confirmed the sensor’s ability
to predict these biochemical compounds. The RMSEP and RPD values across all sensors
demonstrated variable precision and reliability, with higher RPD values indicating superior
predictive capabilities, particularly for anthocyanins in most spectroscopic modalities.
Bias values pinpointed the deviations from an ideal zero, accentuating opportunities for
model refinement.

Further detailed examination of the specific compounds using the maximum factors in
PLS revealed varying degrees of predictability. For example, phenolics (Phe) exhibited an
R? of 0.53 with a PLS factor of 7, denoting a moderately strong fit, whereas lignin with the
same factor showed a weak fit with an R? of 0.02. The anthocyanin content, as predicted
by PLS with a factor of 5, showed a strong R? of 0.42 and an RPD of 1.31, indicating the
reliability of the model.
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A comparison of the predicted and observed values in four different scatter plots
showed that absorbance was the most consistent method, with better correlations for some
parameters than for chlorophyll fluorescence, reflectance, transmittance, and absorbance
data. As shown in Figure 7, for chlorophyll a fluorescence, the R? values for chlorophyll a
(Chla)area and mass were moderate, indicating some correlation but with variability. The
carotenoid area had a weak prediction, as shown by the low R? value, and this pattern
continued for the Chla/b ratio. However, flavonoid and anthocyanin mass measurements
had higher predictability with relatively high R? values.
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Figure 7. Observed vs. predicted data estimated by partial least squares regression (PLSR) with
hyperspectral ChIF data. The R? value was adjusted using a linear equation. The red to green dots
represent increased values, and the black dashed lines represent regression and 1:1 ratios, respectively.
(n =50).

As shown in Figure 54, the reflectance data were fairly consistent for the chlorophyll a
area, with moderate R? values. Carotenoid area and anthocyanin mass also had reasonable
predictive abilities. The reflectance was especially strong in predicting the flavonoid area
and phenolic content, as shown by the higher R? values. However, the Chla/b ratio and
cellulose content were less reliably predicted by the reflectance, with lower R? values
(Figure S4).
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As shown in Figure S5, the overall transmittance data exhibited weaker correlations.
However, anthocyanin mass predictions were much more accurate, unlike the Chla/b ratio,
which remained poorly predicted across all the sensors. The flavonoid mass maintained a
strong relationship with the observed transmittance, similar to its effect on the reflectance.
The lignin content had moderate predictability with respect to the transmittance (Figure S5).

Finally, the absorbance data in Figure S6 correlated moderately with the observed
values for the chlorophyll a (Chla)-based area, with slight improvements in the ability of
the other methods to predict the carotenoid content. The anthocyanin mass predictions
remained strong, and the trend of weak predictability for the Chla/b ratio continued. The
flavonoid mass showed a good correlation, although it was slightly lower than that of the
transmittance data. The predictions for lignin and cellulose content by absorbance were
moderate but improved compared to those for reflectance and transmittance (Figure S6).

The plots had greater green colour intensity, especially in the absorbance data, showing
stronger correlations for specific parameters, suggesting that absorbance could be a more
reliable predictor of biochemical content (Figures 54-56).

4. Discussion

The combination of hyperspectral sensors in our study has proven to be highly ef-
fective in advancing the predictive capabilities of remote sensing and aligns with plant
physiological research (Figures 1-7 and S1-56). These sensors not only capture a wide
spectrum of data but also facilitate a deeper understanding of biochemical and biophysi-
cal compound predictions that align physiological processes, revealing more than what
meets the eye at the superficial level. By integrating hyperspectral vegetation indices
(HVIs) with other analytical tools, we have deepened our analysis and demonstrated sig-
nificant improvements in monitoring and predicting plant health and better understanding
fingerprints that use different sensors for analyses.

This enhanced approach allowed us to construct a detailed spectrum of plant re-
sponses to pigments and structural compounds, which was corroborated by our findings
that showed a positive impact on the accuracy of chlorophyll a fluorescence predictions
following [22,48,49]. The integration of various sensor technologies in our research estab-
lished a robust framework for conducting nuanced and comprehensive plant analyses,
effectively extending the capabilities of traditional methods and providing new insights
into remote sensing for environmental and agricultural analyses [2,26,50].

Our results underscore the benefits of sensor integration, validating the approach
as a transformative step in the field of precision agriculture and improving environmen-
tal monitoring. This is a promising direction for future research, potentially leading to
more refined strategies with SFI or non-imaging for crop management and ecological
assessments [27,51-53].

The application of hyperspectral sensors in predicting chlorophyll a fluorescence param-
eters has recently gained considerable attention in remote-sensing research [22,26,27,39,40].
The interactions between light and plant tissues, including absorption, reflection, and trans-
mission, provide valuable insights beyond the more accurate prediction of compounds in
relation to integrated sphering or methods for analysing single sensors. They reveal crucial
physiological processes and adaptive mechanisms.

Hyperspectral vegetation indices (HVIs) are powerful tools in precision agriculture
because of their ability to measure a wide range of physiological, biochemical, and struc-
tural parameters in leaves of different thicknesses [18,22,54,55]. These indices enable the
discrimination and monitoring of different environmental stresses, such as water and
nitrogen deficiency, by analysing the spectral reflectance patterns of crops or studies on
different plants [6,14,36,56,57].

For instance, certain narrow-band HVIs are particularly sensitive to changes in water
and nitrogen levels, allowing for a nuanced assessment of crop responses under varying
conditions of irrigation and fertilisation. The DATT index and HVI, which focus on near-
infrared and red-edge wavelengths, have shown efficacy in correlating with chlorophyll
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content, whereas indices such as the double difference index (DD) are highly correlated
with leaf gas exchange, highlighting their potential for identifying and differentiating
between water and nitrogen stress levels in crops [20,25,38,58,59].

Moreover, HVIs can integrate data from chlorophyll fluorescence and hyperspec-
tral measurements, providing a comprehensive map that identifies regions with specific
biochemical and biophysical attributes. This integration is crucial for generating accu-
rate maps that guide agricultural interventions, optimise resource use, and improve crop
management strategies.

4.1. Hyperspectral and Principal Component Analysis by Reflectance, Transmittance,
and Absorbance

Hyperspectral sensors provide detailed, in-depth spectral data, enabling the compre-
hensive analysis of plant biochemical and biophysical characteristics [23,60]. Reflectance
data offer insights into the surface and internal structures of leaves, indicating variations in
chlorophyll concentrations and potential cellular modifications. This finding aligns with
previous research that demonstrated how changes in reflectance can signify physiological
changes within plant tissues [7,27]. Similarly, transmittance data are critical for understand-
ing how light diffuses within a leaf, thereby providing additional data points that enhance
our understanding of leaf structure and function [61,62].

However, hyperspectral datasets require sophisticated data-reduction techniques,
such as principal component analysis (PCA). In this study, PCA was effectively utilised to
identify critical spectral regions that correlate with variations in chlorophyll a fluorescence,
which is crucial for developing robust remote-sensing applications [59,63]. This precise
identification significantly enhances the accuracy of the remote-sensing tools. Additionally,
the predictive capabilities of these hyperspectral measurements were rigorously evaluated,
focusing on the coefficients of variation and range of values obtained to ensure data
reliability across a broad electromagnetic spectrum [15,64]. Our findings demonstrate that
when these advanced passive sensor techniques are applied correctly, they provide detailed
insights into plant health and photosynthetic performance, which are crucial for accurate
plant phenotyping and health monitoring, as well as available fingerprints in leaves with
different pigments and depths.

Finally, the integration of different sensor types, both hyperspectral and chlorophyll
fluorescence, was explored to enhance the predictive modelling capabilities. This synergy
allows broader application of the data, enhancing the ability to effectively predict and
monitor various plant health parameters. This comprehensive approach underscores
the potential of hyperspectral non-imaging to revolutionise plant physiological research
and agricultural practices by providing a deeper understanding of plant dynamics at the
molecular level with fast and accurate methods.

4.2. Predictive Modelling-Based Reflectance, Transmittance, and Absorbance

The fusion of hyperspectral data and partial least squares (PLS) modelling has emerged
as a revolutionary approach in plant science, significantly enhancing our ability to predict
and understand complex physiological traits [23,58,65,66]. The integration of reflectance,
transmittance, and absorbance measurements with advanced multivariate algorithms,
such as PLS, not only substantiates the vital role of these parameters as indicators of
photosynthetic performance and the functionality of the electron transport chain but also
boosts the precision of our predictive models.

Variable importance in projection (VIP) scores and hyperspectral vegetation indices
(HVIs) are tools for isolating the most informative wavelengths from hyperspectral datasets,
refining the predictive accuracy of models, and enabling a more detailed understanding of
plant characteristics [22,23,67]. Such methodologies underscore the utility of identifying
spectral regions that are rich in information and are directly related to the physiological
state of plants [27,64,68,69].
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The use of principal component analysis (PCA) to handle a substantial amount of
large-scale hyperspectral data simplifies the complexity by identifying primary spectral
regions indicative of changes in chlorophyll a fluorescence parameters. These spectral
signatures are essential for crafting remote-sensing tools that can noninvasively assess
plant properties, such as chlorophyll and potassium and nitrogen content [38,50].

The predictive models developed from this integrated approach support real-time
with high-speed fluorescence lifetime imaging for analysis with a microscope and non-
imaging spectroradiometer methods reinforce the power of remote sensing in broad-
scale monitoring, conforming to contemporary perspectives that acknowledge the trans-
formative potential of these technologies for global monitoring and productivity man-
agement. Real-time monitoring is pivotal for informed decision-making in agriculture,
forestry, and other remote-sensing-dependent sectors, leading to enhanced productivity and
sustainability [28,29]. In future applications, compressed FLIM has a striking advantage
in acquiring a widefield lifetime image within a single camera snapshot. This eliminates
motion artifacts and enables fast recording of biological events. There is also the possibility
of associating other sensors for remote sensing [70].

However, it is essential to recognise that while our study has made significant strides
in the application of hyperspectral and PLS models, further research is needed to extend
these techniques to various plant species and environmental conditions.

Whole-spectrum models, such as PLSR, LDA, and SVR, have shown exceptional
efficacy in classifying and predicting leaf properties, offering invaluable insights for inter-
preting chlorophyll a fluorescence data that are critical for JIP-test evaluations [30,58,71,72].
By leveraging the full spectrum of available data, these models ensure a comprehensive
analysis of intricate leaf attributes, including the interactions between leaf optical properties
and the complex chemistry of molecules in variegated leaves.

The combination of hyperspectral sensors and chlorophyll a fluorescence has proven
to be highly effective in predicting biochemical compounds in Tradescantia leaves. Our
findings, which align with other studies and perspectives, demonstrate the consistent effects
of spectral resolution (SR) and sensor altitude on the accuracy of solar-induced fluorescence
(SIF) quantification. In contrast to sub-nanometre sensors, which are precise but costly and
difficult to operate, narrow-band sensors are more accessible and can be installed on drones
and lightweight aircraft. We suggest that future studies utilise a combination of sensors,
particularly when analysing plants and leaves with multiple overlapping pigments, to
evaluate the efficiency of narrow-band sensors in producing SIF760 estimates. Furthermore,
the incorporation of machine learning, deep learning, and other hyperspectral vegetation
indices could significantly enhance these analyses.

5. Conclusions

This study has shown the comprehensive ability of hyperspectral remote sensing
to estimate biochemical and structural compounds in Tradescantia species by utilising
the intricate synergy between chlorophyll fluorescence, reflectance, transmittance, and
absorbance measurements. The accuracy of the multivariate statistical models validates the
effectiveness of these methods in remote-sensing applications, and the identified spectral
regions, spanning from blue to shortwave infrared, were confirmed to be critical for the
non-destructive evaluation of plant physiological status.

The strategic application of hyperspectral vegetation indices (HVISs) in selecting infor-
mative wavelengths has notably refined the results of partial least squares (PLS) regression
models. The precision of these models attests to the significant role of hyperspectral sensors
in the remote assessment of plant photosynthesis and health.

For broader remote sensing, the findings of this study can serve as a benchmark
for the potential of also applying other passive sensors and hyperspectral imaging in
diverse plant studies. Future research should extend these approaches to a larger variety
of species and incorporate them into different field conditions. Such expansions could
enhance the accuracy and generalisability of the models, as well as other methods that align
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with hyperspectral sensors, as tools in the fields of plant remote sensing and agricultural
monitoring of variegatum leaves.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs16111910/s1, Table S1. Statistical metrics from the PLSR model
in the calibration and cross-validation phases. R-square for model goodness-of-fit (R?), slope, offset,
root mean squared error (RMSE), ratio of performance to deviation (RPD), and bias to base models
(a prediction using an independent sample coupled to calibrated models), biochemical compound
from ChIF (single sensor), reflectance (single sensor), transmittance (single sensor), and absorbance
(two sensors) hyperspectral data of Tradescantia spathacea (L.) Olof Swartz and Tradescantia pallida
(Rose) D.R. Hunt. plants. (n = 150); Table S2. Statistical metrics of the PLSR model in the predicted
phases. R-square for model goodness-of-fit (R2), slope, offset, root mean squared error (RMSE), ratio
of performance to deviation (RPD), and bias to base models (a prediction using an independent
sample coupled to calibrated models), biochemical compound from ChlF (single sensor), reflectance
(single sensor), transmittance (single sensor), and absorbance (two sensors) hyperspectral data of
Tradescantia spathacea (L.) Olof Swartz and Tradescantia pallida (Rose) D.R. Hunt. plants. (n = 50);
Figure S1. Count plot map of the coefficient of correlation (R?) from the linear regression between the
concentration compounds and wavelengthl vs. wavelength2 from hyperspectral reflectance from
350 to 2500 nm. (A) Chlorophyll a (mg m~2). (B) Chlorophyll b (mg m~2). (C) Total chlorophyll
(a+b) (mg m~2). (D) Carotenoids (mg m~2). (E) Anthocyanins (nmol cm™~2). (F) Flavonoids (nmol
cm~2). (G) Chl a/b ratio. (H) Chlorophyll a (mg gfl). (I) Chlorophyll b (mg gfl). (J) Total chlorophyll
(a+D) (mg g_l). (K) Carotenoids (mg g_l). (L) Anthocyanins (umol g_l). (M) Flavonoids (nmol g_1).
(N) Phenolic compounds (mL L~1). (O) DPPH. (P) Lignin (mg g_l). (Q) Cellulose (nmol mg_l).
Dark blue to light red indicate increased associations. (1 = 200); Figure S2. Count plot map of the
coefficient of correlation (R?) from the linear regression between the concentration compounds and
wavelengthl vs. wavelength?2 from hyperspectral transmittance from 350 to 2500 nm. (A) Chlorophyll
a (mg m~2). (B) Chlorophyll b (mg m~2). (C) Total chlorophyll (a+b) (mg m—2). (D) Carotenoids
(mg m~2). (E) Anthocyanins (nmol cm™2). (F) Flavonoids (nmol cm~2). (G) Chl a/b ratio. (H) Chloro-
phylla (mg gfl). (I) Chlorophyll b (mg gfl). (J) Total chlorophyll (a+b) (mg gfl). (K) and carotenoids
(mg g~1). (L) Anthocyanins (umol g~1). (M) Flavonoids (umol g~1). (N) Phenolic compounds
(mL L~1). (O) DPPH. (P) Lignin (mg g~ '). (Q) Cellulose (nmol mg~!). Dark blue to light red indicate
increased associations. (1 = 200); Figure S3. Count plot map of the coefficient of correlation (R?) from
the linear regression between the concentration of compounds and wavelengthl vs. wavelength?2
from the hyperspectral absorbance from 350 to 2500 nm. (A) Chlorophyll a (mg m~2). (B) Chlorophyll
b (mg m~2). (C) Total chlorophyll (a+b) (mg m~2). (D) Carotenoids (mg m~2). (E) Anthocyanins
(nmol cm~2). (F) Flavonoids (nmol cm™2). (G) Chl a/b ratio. (H) Chlorophyll a (mg g1). (I) Chloro-
phyll b (mg gfl). (J) Total chlorophyll (a+b) (mg gfl). (K) Carotenoids (mg gfl). (L) Anthocyanins
(umol g_l). (M) Flavonoids (umol g_l). (N) Phenolic compounds (mL L~1). (O) DPPH. (P) Lignin
(mg g_l). (Q) Cellulose (nmol mg_l). Dark blue to light red indicate increased associations. (n = 200);
Figure S4. The observed vs. predicted data were estimated using partial least squares regression
(PLSR) with hyperspectral reflectance data. The R? value was adjusted using a linear equation. Dotted
(red) lines represent regression and 1:1, respectively. (n = 50); Figure S5. Observed vs. predicted
data estimated by partial least squares regression (PLSR) with hyperspectral transmittance data. The
R? value was adjusted using a linear equation. The dotted (red) lines represent regression and 1:1,
respectively. (n = 50); Figure S6. Observed vs. predicted data estimated by partial least squares re-
gression (PLSR) of hyperspectral absorbance data. The R? value was adjusted using a linear equation.
The dotted (red) lines represent regression and 1:1, respectively. (1 = 50).
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