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Abstract

Optical-based remote sensing offers great potential for phenotyping vegetation traits and functions for a range of applications including vege-
tation monitoring and assessment. A key strength of optical-based approaches is the underlying mechanistic link to vegetation physiology, bio-
chemistry, and structure that influences a spectral signal. By exploiting spectral variation driven by plant physiological response to environment,
remotely sensed products can be used to estimate vegetation traits and functions. However, oftentimes these products are proxies based on
covariance, which can lead to misinterpretation and decoupling under certain scenarios. This viewpoint will discuss (i) the optical properties of
vegetation, (i) applications of vegetation indices, solarinduced fluorescence, and machine-learning approaches, and (i) how covariance can lead
to good empirical proximation of plant traits and functions. Understanding and acknowledging the underlying mechanistic basis of plant optics
must be considered as remotely sensed data availability and applications continue to grow. Doing so will enable appropriate application and
consideration of limitations for the use of optical-based remote sensing for phenotyping applications.

Key words: Ecophysiology; machine learning; phenology; phenotyping; pigments; remote sensing; solar-induced fluorescence; stress; vegetation indices.

Introduction

Plant phenotyping represents tools that can be used to quantify
vegetation traits, structure, and function and respective inter-
actions with the environment (Fiorani and Schurr 2013; Watt
et al. 2020). The ability to phenotype vegetation is important
for many applications including the evaluation of physio-
logical and biochemical traits, stress responses, growth and
yield, and parameterization of terrestrial ecosystem models
(Furbank and Tester 2011; Janni and Pieruschka 2022).
However, many plant phenotyping methods are labour inten-
sive and time-consuming making large-scale and continuous
monitoring impractical. Remote sensing offers a powerful
tool that can complement ground-based methods in meeting
plant phenotyping needs (Chawade ez al. 2019; Machwitz et
al. 2021). An advantage of remote sensing is that it can be de-
ployed across a suite of platforms that covers a range of spa-
tial and temporal scales potentially enabling high-throughput
phenotyping capabilities (Fig. 1). At the finest spatial scale,
handheld devices can be used to measure individual leaves
with a leaf clip or to measure individual plants and canopies
from short distances (e.g. 1 m). For larger spatial coverage,
sensors can be mounted on ground-based platforms including
vehicles, towers, and gantry systems (Gamon et al. 2006;

Virlet et al. 20165 Xu and Li 2022; Wong et al. 2023b). There
are also aerial platforms including aircraft, balloons, and
unpiloted aerial vehicle (UAV) systems (Chen and Vierling
2006; Zarco-Tejada et al. 2012; Chapman et al. 2014; Guo
et al. 2021; Wang et al. 2022a). Finally, at the largest spa-
tial scale, there are satellite platforms (Zhang et al. 2020a).
This paper will focus on optical-based remote sensing, de-
fined as reflected or re-emitted energy between 400 and 2500
nm. Note that there are other types of remote sensing systems
for plant sciences as well, which include thermal (Pineda et
al. 2021; Farella et al. 2022), LiDAR (Lin 2015; Jin et al.
2021), and radar (Steele-Dunne et al. 2017; Orynbaikyzy et
al. 2019).

Optical-based remote sensing captures the amount of
re-emitted or reflected radiation from a surface relative to
the total incoming irradiance from a light source (e.g. sun or
lamp). Depending on surface optical properties influencing
how light is absorbed, transmitted, and reflected across the
visible and near-infrared (NIR) spectrum, distinct spectral
patterns can be attributed to land surface characteristics (e.g.
vegetation, soil, snow, water, etc.). For vegetation monitoring,
reflectance spectra are sensitive to leaf biochemistry (i.e. pig-
ments and macronutrients), water content, and structure
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Figure 1. Optical-based remote sensing captures reflectance providing insight based on the optical properties of vegetation. This enables potential for
quantifying vegetation traits, functions, and structure to infer vegetation health and status (examples listed in the box). Sensors can be deployed on

various platforms with respective spectral, temporal, and spatial resolutions.

(Ustin et al. 2004). This enables a mechanistic link between
spectral reflectance and vegetation properties. Thus, remote
sensing products can be used to quantify a suite of plant traits
and functions (Fu et al. 2020). Consideration of spectral data
in relation to the underlying mechanistic optical properties,
and respective response to environment is needed during
phenotyping applications. This paper will contribute to ex-
isting in-depth reviews on the relationship between spectral
reflectance and leaf biochemistry (Ustin and Gamon 2010;
Cavender-Bares et al. 2017; Jacquemoud and Ustin 2019;
Kothari and Schweiger 2022), but focus on phenotyping ap-
plications in plant sciences. Specifically, this paper will discuss
(i) vegetation optical properties, (ii) applications of vegeta-
tion indices, solar-induced fluorescence (SIF), and machine-
learning approaches, and (iii) considerations of covariance
and limitations for phenotyping. For both current or pro-
spective users of remote sensing technologies in plant sciences,
this viewpoint aims to describe the mechanistic basis of plant
optics to help users determine their needs and provide dir-
ection into future remote sensing research and applications.

Optical Properties of Vegetation

The physiological and structural properties of vegetation may
affect vegetation optical properties across different regions of
the spectrum (Gates et al. 1965; Knipling 1970). By under-
standing light absorption and reflectance, spectra can be used
to infer physiological, structural, and biochemical features of
vegetation. In addition, depending on the sampling context
of vegetation such as across genotypes, species, and time (di-
urnal, weekly, seasonal, interannual), the degree of spectral
variation will vary, which can be represented by the coeffi-
cient of variation of reflectance values (standard deviation

relative to the mean) at each wavelength. The visible region
of the spectrum (400-700 nm) is highly sensitive to light ab-
sorption by pigments, especially the chlorophylls, caroten-
oids, and anthocyanins (Blackburn 2007). Chlorophylls (a
and b) absorb strongly in the blue and red spectral regions,
while carotenoids absorb strongly in the blue region (Fig.
2E), and anthocyanins absorb strongly in the green region
(Gitelson ef al. 2001). Carotenoids are a widely distributed
group consisting of pigments such as xanthophylls (violaxan-
thin, antheraxanthin, and zeaxanthin), lutein, and alpha- and
beta-carotene (Maoka 2020). Chlorophylls and carotenoids
are generally present in leaves across their developmental
stages, whereas anthocyanins may not be present in all plants,
and generally only in very young developing leaves or senes-
cing leaves (Hoch et al. 2001; Steyn et al. 2002). Therefore,
with chlorophylls and carotenoids being the most dominant
pigments strongly absorbing light, typical healthy green
leaves have distinct spectral features in the visible region with
low reflectance in the blue and red regions due to high light
absorbance (Fig. 2E and F). There is also a distinct reflectance
peak in the green region due to lower light absorption rela-
tive to the blue and red region by chlorophyll a and b, and
a sharp increase in reflectance beyond 700 nm, often called
the red edge, where chlorophylls and carotenoids do not ab-
sorb light. Since the visible spectral region is strongly influ-
enced by pigments, this region often shows high variation
driven by pigment composition and pool size, relative to the
rest of the spectra (Fig. 2G). During short-term stress events
(e.g. drought, temperature, and light), variation is observed in
the blue-green region where the highly dynamic xanthophyll
pigments are (violaxanthin, antheraxanthin, and zeaxanthin).
Here, carotenoid interconversion via the xanthophyll cycle
occurs on the timescale of seconds to minutes, which is often
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Figure 2. Examples of leaf pigment and water specific absorption coefficients (A, E), leaf spectral reflectance (B, F), spectra coefficient of variation
across different scenarios (C, G; drought response between irrigated and terminal drought common beans, genotype differences across a population
of 300 common beans, seasonal response of lodgepole pine over two years), and variable importance in projection (VIP) from partial least squares
regression models for plant physiology variables (D, H; Amax: maximum assimilation rate, Car/Chl: carotenoid/chlorophyll pigment pool ratios, gs:
stomatal conductance, LWP MD: midday leaf water potential, LWP PD: predawn leaf water potential, TotChl: total chlorophyll a and b pools). Left panels
show full range spectra from 400 to 2400 nm, and right panels show visible and nearinfrared regions from 400 to 900 nm. Data sources: pigments
(Clementson and Wojtasiewicz, 2019), water (Hale and Querry, 1973) and spectra (Wong and Gamon, 2015; Wong et al. 2019, 2023a).

linked to non-photochemical quenching and light-use effi-
ciency (Bilger and Bjorkman 1990; Demmig-Adams 1990).
Across genotypes (and species), spectral variance is high in
the blue and red regions driven by variations in chlorophyll
and carotenoid pigment composition and pools (Wright et
al. 2004). There is also high spectral variance across sea-
sons, which encompasses leaf growth, maturity, and senes-
cence—or for evergreen conifers, spring recovery and winter
downregulation—with the highest variance in the blue, red,
and red edge driven by major changes in chlorophyll and
carotenoid pools (Ottander et al. 1995; Wong and Gamon
2015). Because pigments represent variation across a range of
stress responses and phenological changes, the visible region

offers powerful potential in assessing vegetation physiology
and function tied to the roles of chlorophylls and carotenoids
in absorbing and dissipating light energy (i.e. the light energy
balance) (Hiiner et al. 1998; Sims and Gamon 2002). This
is highlighted by relatively high spectral variation, indicated
by the coefficient of variation, in the visible spectrum across
genotypes and environmental conditions (Fig. 2C and G).
Beyond the visible spectral region, is the NIR region
(700-1100 nm), where pigments do not absorb light. Here,
because there are no strong absorption features, most light
is reflected or transmitted. Light transmission through a leaf
is impacted by characteristics like leaf thickness, intracellular
space compactness, and membrane thickness (Asner 1998).



For example, with thicker leaves and/or more compact leaves,
transmittance will be lower—leading to higher reflectance
(Knapp and Carter 1998). Since leaf structure represents a
physical process, the NIR region generally highlights higher
spectral variance across genotypes and phenology (Fig. 2C).
In contrast, there is minimal structural variation within leaves
during short events like stress indicated by lower spectral
variation since leaves rely more on immediate pigment dy-
namics than rearranging internal leaf structure. However,
there may be physical leaf changes from wilting or leaf move-
ment impacting canopy NIR reflectance, detectable at the
canopy scale (Gamon and Pearcy 1989; Pastenes et al. 20035;
Sapes et al. 2022).

The shortwave infrared (SWIR) spectral region (1100-
2500 nm) is also sensitive to leaf structure in addition to
other absorption features. The most pronounced features are
water absorption within a leaf near 1450, 1950, and 2500
nm (Allen and Richardson 1968; Gao and Goetz 1994) (Fig.
2A and C). Thus, when leaf water content decreases, reflect-
ance at these features will increase. However, the use of these
water absorption features is confounded at remote distances
due to atmospheric water absorption in the same spectral re-
gions. Due to this, canopy-based measurements from tower,
airborne, and satellite systems avoid or filter out data in these
spectral regions. Physiologically, the SWIR region is also sen-
sitive to biochemical (e.g. nitrogen, protein, lignin, and cellu-
lose) (Curran 1989) and phenolic compounds (Kokaly and
Skidmore 2015).

Variation of leaf spectra enables the inference of vegetation
traits. These traits, in turn, vary between species and geno-
types, in response to environment over the short- (sub-daily
to weeks) and long-term (weeks to seasons), and local condi-
tions such as management or resource availability. Therefore,
by evaluating variation across full spectral data or in specific
spectral regions, information about leaves and canopies can be
utilized to infer vegetation dynamics spatially and temporally.

Applications of Plant Optics

Remotely sensed quantification of plant traits often uses ap-
proaches that exploit wavelengths associated with physio-
logical and structural properties, thereby providing a
mechanistic link between spectra and the estimated trait.
Depending on instrument specifications, there will be con-
straints on spectral, spatial, and temporal range and reso-
lution. Spectral range represents the portion of the spectrum
that is observable. Spectral resolution represents the number
of bands available and respective bandwidths (i.e. full-width
half maximum [FWHM)]). Therefore, both spectral range and
resolutions for a given sensor can impact which plant op-
tical properties can be observed. The most widely adopted
sensors are often multispectral in spectral resolution, covering
only a select few bands typically at coarser FWHM band-
widths. The wavebands can sometimes be selected for specific
applications to suit user needs. The other type of sensor is
hyperspectral in spectral resolution, which is often more ex-
pensive compared to its multispectral counterpart, covering
full range spectra from the visible and NIR (~400 to 1100
nm) and sometimes including the SWIR (~1100 to 2500 nm)
at relatively high spectral resolution (<3 nm; i.e. finer FWHM
and high number of bands). Thus, hyperspectral sensors offer
the most flexible applications enabling the visualization and
use of the full spectral dataset to evaluate a suite of vegetation
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traits (as shown in Fig. 2). Ultimately, by accounting for user
needs and sensor specifications, several approaches have been
developed to quantify plant traits by exploiting variation in
spectral reflectance.

Vegetation indices provide a simple approach by utilizing a
few select wavebands to exploit a mechanistic optical signal.
Many vegetation indices have been developed to quantify
chlorophyll content (Pefiuelas ez al. 1995a; Gitelson et al. 1996,
2003; Gitelson and Merzlyak 1997; Datt 1999). Chlorophyll
is relatively easy to detect because of the strong absorption
signal (Fig. 2A), thereby enabling vegetation indices to ex-
ploit reflectance in the red or red edge where chlorophylls
solely and strongly absorb light. Quantifying carotenoids is
relatively more difficult because of the overlapping absorp-
tion feature with chlorophyll in the blue region. As a result,
vegetation indices for carotenoid content attempt to use a
narrow waveband near 500 nm yielding limited performance
(Blackburn 1998). Instead, the carotenoid:chlorophyll ratio
is generally more easily assessed by normalizing carotenoid
absorption with chlorophyll absorption bands (Gamon et al.
20165 Gitelson 2020). For quantifying macronutrients and
phenolic contents, approaches exploit spectral reflectance in
the SWIR, which is directly sensitive and avoids overlapping
absorption features with pigments. However, in the SWIR re-
gion leaf and atmospheric water absorption must be carefully
considered, which may limit the wavebands available for use.
Leaf nitrogen concentration demonstrates high correlation
with 2054 and 2172 nm linked to absorption characteristics
of N-containing amide bonds (Kokaly 2001). For phenolics,
reflectance demonstrates high correlation near 1660 nm
linked to C-H bonds (Kokaly and Skidmore 2015). In both
these studies, quantification using these wavebands generally
performs better with dry leaf material compared to fresh leaf
material due to the overlapping water absorption features.
Alternatively, vegetation indices have also been developed to
empirically estimate biochemical compounds like nitrogen
content and Rubisco using visible and red-edge wavebands
by leveraging a tight link with chlorophyll content (Tarpley et
al. 2000; Cho and Skidmore 2006; Feng et al. 2014; Magney
etal. 2017).

Beyond estimating pigments, macronutrients and phenolic
content, vegetation indices have also been applied as proxies
of vegetation physiology and ecosystem functions. One of
the most common vegetation indices is the normalized dif-
ference vegetation index (NDVI), based on red and NIR re-
flectance (Tucker 1979). NDVI has been used as a proxy of
light absorption (i.e. fraction of absorbed photosynthetically
active radiation [fAPAR]) and leaf area index (LAI) (Myneni
and Williams 1994; Gamon et al. 1995; Carlson and Ripley
1997; Myneni et al. 2002; Fensholt et al. 2004). Here, NDVI
has shown to perform well in applications as a vegetation
stress indicator and for monitoring phenology (Pettorelli ez al.
2005; Huang et al. 2021). Since NDVI has served as a basis for
vegetation monitoring, efforts have also sought to expand on
NDVI by minimizing the influence of background signals (e.g.
soil, understory) and LAI saturation via the enhanced vege-
tation index (Liu and Huete 1995; Huete et al. 2002; Jiang
et al. 2008), soil-adjusted vegetation index (Huete 1988),
and NIR reflectance of vegetation index (NIRv) (Badgley ez
al. 2017). This has led to applications of vegetation indices
being proxies of photosynthesis (i.e. gross primary product-
ivity) (Sims et al. 2006, 2008; Badgley et al. 2019; Baldocchi
et al. 2020). For photosynthetic activity, carotenoid sensitive
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vegetation indices have also shown promise, especially in
evergreen conifer systems where NDVI has limited seasonal
variability due to chlorophyll retention (Sims er al. 2006;
Walther et al. 2016; Magney et al. 2019; Pierrat et al. 2022b).
These vegetation indices take advantage of carotenoid pig-
ments and their association with photoprotection (Demmig-
Adams 1990), thereby providing a more robust indicator of
photosynthetic activity beyond chlorophyll content (Gamon
et al. 1997; Garrity et al. 2011). For example, the photo-
chemical reflectance index (PRI) exploits spectral variation
near 531 nm, driven by carotenoid pigment interconversion
via the xanthophyll cycle (Gamon ez al. 1992; Pefiuelas et al.
1995b). Because of the functional role of carotenoid pigments
in photoprotection dynamics, PRI has been used as a proxy
of light-use efficiency, non-photochemical quenching, and
photosynthetic activity (Garbulsky e al. 20115 Zhang et al.
2016). The chlorophyll/carotenoid index, an analogue of PRI,
exploits phenological variation of chlorophyll:carotenoid pig-
ment ratios to perform as a proxy of phenology and photo-
synthetic activity (Gamon et al. 2016; Wong et al. 2019). For
estimating plant water concentrations, vegetation indices ex-
ploit water absorption features in the NIR and SWIR (Hunt
and Rock 1989; Penuelas et al. 1997; Ceccato et al. 2001).
Overall, there exists a vast number of vegetation indices for
various applications in monitoring vegetation; here only a
few major vegetation indices were highlighted. Overall, vege-
tation indices may serve as simple and powerful proxies of
vegetation traits and functions with a mechanistic link for re-
spective applications (Zeng et al. 2022).

Recently, remote sensing retrievals of SIF have opened a
pathway for a more direct measure of chlorophyll fluores-
cence emissions to serve as an indicator of photosynthetic
activity (Frankenberg et al. 2011; Joiner et al. 2011; Porcar-
Castell ez al. 2014, 2021). To retrieve a SIF signal, specialized
instruments with very high spectral resolutions (~0.3 nm
FWHM) in the red or far-red regions are needed to em-
ploy the Fraunhofer line depth principle to differentiate SIF
from reflected radiation (Plascyk 1975; Meroni et al. 2009;
Mohammed er al. 2019). A key strength of SIF is that it is
based on a re-emitted signal from chlorophylls. Because of
this, SIF represents a more physiologically direct signal linked
to the light reactions of photosynthetic activity, resulting in
a strong relationship to gross primary productivity across
many environmental conditions (Sun et al. 2023a, b). In con-
trast, vegetation indices are based on light reflectance driven
by variation in pigment pools to serve as proxies of physi-
ology and function, which can be prone to decoupling de-
pending on environmental conditions (Bannari et al. 1995).
In phenotyping applications, SIF has demonstrated great po-
tential for assessing photosynthetic performance of vegeta-
tion across different environmental conditions (Camino et al.
2019; Fu et al. 2021; Kramer et al. 2021; Wang et al. 2022a;
Wong et al. 2023b).

Beyond the use of specific wavebands for vegetation in-
dices, full hyperspectral data may be utilized to exploit
subtle variations across the visible, NIR, and SWIR to pre-
dict plant traits and functions. This often requires complex
analysis such as machine-learning models with physiological
validation data for model calibration. Different machine-
learning approaches have been utilized including principal
components analysis, spectral decomposition analysis, sup-
port vector machine, random forest, convolutional neural
networks, and partial least squares regression (PLSR), all of

which have performed well (Cheng e al. 2020; Hennessy et
al. 2020; Burnett et al. 2021; Zhang et al. 2021; Pierrat et
al. 2022a). These machine-learning approaches utilize dif-
ferent algorithms with respective assumptions, data trans-
formations, and model fittings to weigh spectral importance
in a predictive model. For plant trait and function predictions,
PLSR is often used due to its simpler approach and outputs
of the model spectral weights via variable importance in pro-
jection (VIP), which is useful for interpretability of spectral
features. As machine learning uses full hyperspectral data, it
considers information from all spectral regions and respective
leaf optical properties to enable model prediction for specif-
ically calibrated plant traits and functions. For example, like
vegetation indices, hyperspectral data has been used to pre-
dict foliar pigment and macronutrient content such as chloro-
phyll, carotenoid, nitrogen, protein, and carbon content (Feng
et al. 2008; Zhang et al. 2008; Serbin et al. 2014; Singh et al.
2015; Zhao et al. 2016; Ely et al. 2019; Sonobe et al. 2020;
Shi et al. 2022). Models, such as PLSR, have also been cali-
brated to predict plant functions such as maximum carboxyl-
ation rate (V_ ), maximum electron transport rate (J__),
stomatal conductance, and water potential (Silva-Perez et al.
2018; Wu et al. 2019; Meacham-Hensold et al. 2020; Wong
et al. 2023a). These models have demonstrated generally
good performance with respect to calibration for detecting
variation across several environmental conditions including
drought, nitrogen deficiency, and phenology and between spe-
cies and genotypes—highlighting promise in remotely sensed
phenotyping applications.

The ability of spectra via vegetation indices and full
hyperspectral analysis to phenotype vegetation traits and
functions enables potential applications in areas such as re-
search, management, and plant breeding (Sishodia e al. 2020;
Guo et al. 2021; Ustin and Middleton 2021). In addition to
phenotyping traits, spectral information can also be used for
discriminant classification. For example, species identification
may exploit species-specific spectral differences based on pig-
ment pools and structure for producing species identity maps
(Adam et al. 2010; Li et al. 2021). Within species, applica-
tions may include disease detection based on physiological
and structural response of vegetation to disease, ultimately
reflected by spectra (Zhao et al. 20165 Zarco-Tejada et al.
2018; Gold et al. 2020; Zhang et al. 2020b; Calamita et al.
2021; Hornero et al. 2021). Genotypic responses to envir-
onment may also be captured to help identify stress-tolerant
genotypes (Sinha et al. 2020; Chai et al. 2021; Crusiol et al.
2021; Wong et al. 2023a). Beyond phenotyping applications,
spectra may also provide insight into biodiversity and trait
evolution (Cavender-Bares et al. 2016, 2017; Meireles et al.
2020).

Covariance and Considerations

Optical-based remote sensing offers great potential for
phenotyping applications. However, much work remains to
advance these techniques for reproducibility, interpretation,
and reporting for robust applications. Ultimately, these
challenges emphasize the importance of understanding the
underlying properties contributing to optical signal as well
as respective limitations. A major aspect of optical remote
sensing is covariance between observable vegetation traits
and less observable plant traits and functions, because of
the lack of a direct observable spectral feature (Wright et al.



2004; Kokaly et al. 2009; Ollinger 2011). As discussed in
Section “Optical Properties of Vegetation”, the main spec-
tral features are pigments (chlorophyll and carotenoids) in
the visible, leaf and canopy structure in the NIR, and water
absorption in the SWIR regions. Thus, using certain com-
binations of spectral features, vegetation indices offer a way
to predict plant traits and functions directly and indirectly
(proximally). Direct predictions are typically limited to pig-
ments because of their role in light absorptance (Gitelson
et al. 2001, 2003; Gitelson 2020). However, remote quan-
tification of pigments still relies on empirical relationships,
which could limit wider use spatially and temporally across
different vegetation types. Even widely used vegetation in-
dices are prone to limitations due to decreased sensitivity
and saturation. For example, NDVI is often used as a proxy
of LAI or absorbed radiation because of covariation with
chlorophyll content (Myneni and Williams 1994; Gamon et
al. 19955 Carlson and Ripley 1997). Yet despite this, NDVI
may saturate in dense ecosystems (i.e. high LAI) because
strong light absorption by chlorophylls leads to minimal
variation in red reflectance and thus decreases NDVI’s sen-
sitivity (Sellers 1985; Gitelson et al. 2003). Vegetation in-
dices linked to plant function like PRI performed as a proxy
of light-use efficiency because of covariation with the xan-
thophyll cycle (Gamon et al. 19925 Pefiuelas et al. 1995b).
However, across seasons, the underlying mechanisms driving
the PRI signal shifts to reflect the more dominant changes in
canopy structure and chlorophyll:carotenoid pigment pool
ratios (Sims and Gamon 2002; Wong and Gamon 2015).
This may limit general use because of varying empirical re-
lationships dependent on spatial, temporal and vegetation
dynamics. SIF bypasses the limitation of relative reflect-
ance signals since SIF captures chlorophyll fluorescence
emissions in radiance units, which will not saturate even in
high canopy chlorophyll content systems (Porcar-Castell ez
al. 2021; Sun er al. 2023a, b). However, since chlorophyll
fluorescence (and SIF) only represents one of three pathways
for quenching absorbed light energy (Maxwell and Johnson
2000; Baker 2008), there may be decoupling between fluor-
escence and photosynthetic activity during periods of high
stress (e.g. drought and heatwave) when photochemical and
non-photochemical quenching pathways become limited or
saturated (Porcar-Castell et al. 2014; Magney et al. 2020;
Maguire et al. 2020; Marrs et al. 2020; Martini et al. 2022,
Pierrat et al. 2022b).

Machine-learning approaches, while taking advantage of
the full spectrum, offer a more ‘direct’ prediction of plant
traits and functions via model calibration, but these ap-
proaches remain tied to covariance. A useful output is the
variable importance in projection (VIP) from PLSR, which
can identify the spectral weighing of a model (Fig. 2D and
H). Often, the visible spectral region is an important factor,
because of the roles and high variance of chlorophyll and ca-
rotenoid pigments, leading to strong covariation with many
vegetation functions (Fig. 2D and H). The NIR region gen-
erally shows relatively lower VIPs because it represents leaf
and canopy structure, which is generally less dynamic than
pigments when looking at a single species as is the case in
Fig. 2. In some instances, structure may have a role in cap-
turing phenology and developmental stages (Baldocchi et al.
2020; Noda et al. 2021) or during stress events that lead to
wilting (Sapes et al. 2022). The inclusion of the SWIR re-
gion in machine-learning models is less explored because of
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instrument limitations in spectral range. Recent studies have
shown that the addition of SWIR leads to negligible improve-
ment in predicting photosynthetic parameters and biochem-
ical content (Ely et al. 2019; Meacham-Hensold et al. 2020).
For traits linked to plant water status like water potential
and stomatal conductance, SWIR may improve model per-
formance (Junttila et al. 2022; Wong et al. 2023a). Machine-
learning approaches enable use of the full spectrum, which
can maximize variation to predict plant traits and functions.
This often leads to high covariation of predicted plant traits
and functions with pigments because of how dynamic pig-
ments are in response to environment. Beyond environmental
response, pigment composition and pool size may vary
across genotypes, species, developmental stages, and leaf age.
Because of a machine-learning model’s sensitivity to pigment
covariation for predicting traits and functions, much work is
needed to explore general applications and performance of
models across species, local site conditions, and time.

In addition to underlying mechanisms influencing vegeta-
tion optical properties, consideration of external influences of
spectra must also be considered. This is especially important
since a key component of remote sensing is to measure vege-
tation from a distance to enable more practical applications.
At remote distances, atmospheric water vapour absorp-
tion overlaps with leaf water absorption features, requiring
careful consideration of the SWIR region (Gao 19965 Sims
and Gamon 2003). Canopy structure may also influence spec-
tral properties due to light transmission and reabsorption
within a canopy. This may lead to background signals from
understory and soil contributing to a spectral signal (Colwell
1974). Canopy structure is an important consideration for
physiological-driven indicators such as PRI (Hilker ez al.
2008; Yang 2022) and SIF (Biriukova et al. 2020; Porcar-
Castell et al. 2021). There may also be physical attributes
from sun-sensor geometry influencing a spectral signal, but
this influence may be minimized by keeping observations
near solar noon and at nadir sensor positions or applying
bidirectional reflectance distribution function corrections
(Schaaf et al. 2002; Jacquemoud et al. 2009; Hao et al. 2022).
Despite these challenges, their impacts on spectral signal may
be minimized with standardized data collection protocol.
Machine-learning approaches and some vegetation indices
may inherently account for some of the canopy structure in-
fluences due to the inclusion of NIR wavebands for normal-
ization (Zarco-Tejada et al. 2013; Wang et al. 2017). SIF has
also seen improvements upon consideration of canopy struc-
ture (Braghiere e al. 2021). Ultimately, many of these consid-
erations and their effects on optically phenotyping traits and
functions must be further explored to gain insight into the
robustness of remote sensing-based phenotyping for general
applications.

Despite the challenges for the general use of remote sensing
in plant phenotyping, there lies great potential to advance
our understanding of remotely sensed signals to improve
phenotyping applications. As vegetation indices rely on em-
pirical relationships and machine-learning approaches require
calibration, their robustness and broad applicability remain a
question. This includes how these models perform across (i)
years; (ii) environmental conditions (e.g. water and nutrient
availability); and (iii) other vegetation types. Experiments are
often performed in controlled conditions inducing single stress.
In these conditions, plant optics has demonstrated its ability
to phenotype stresses including drought (Sun et al. 2015;
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Wong et al. 2023a), disease (Gold et al. 2020; Calamita et al.
2021), and nutrient deficiencies (Feng er al. 2008; Ely et al.
2019). However, while stress detection is possible, identifying
the stress source in uncontrolled conditions proves a major
challenge (Lassalle 2021). Environmental stress regardless of
the source (e.g. drought, nutrient, disease) will induce plant
responses in general, thus complicating stress identification.
Perhaps with hyperspectral data calibrated to predict a suite
of plant traits and functions, this could advance stress detec-
tion via the exploitation of how specific plant traits and func-
tions respond to certain stresses (Ghosal et al. 2018; Singh et
al. 2018). Well-controlled and/or large-scale studies will be
needed to address these questions. Furthermore, predicting
plant traits and functions will only provide information on
the status of the plant, and not necessarily whether the plant
response is ultimately beneficial. This will require further in-
formation such as growth, biomass, yield, or fitness to help
assess the full extent of the plant response, especially for
plant breeding and agricultural needs. It is also important
to tease apart differences in plant response due to manage-
ment strategy versus changes in plant growth stage. This is
especially true for vegetation indices which provide a rela-
tive assessment of vegetation status. Thus, including control
plants (e.g. irrigated, nutrient-rich, disease-free) will assist in
quantifying the response of vegetation under varying condi-
tions (Christie et al. 2020; Rogers et al. 2021).

An advantage of optical-based remote sensing is that it
can be used to assess plant traits and functions. This leads
to complementary applications with other remote sensing
products including thermal and LiDAR and for extrapolating
ground-based measurements to larger spatial and temporal
scales. For example, thermal data provides information about
canopy temperature and is often used to assess evapotrans-
piration (Chen and Liu 2020). Combining evapotranspir-
ation data with indicators of photosynthetic activity (e.g.
SIF) could lead to insight on water use efficiency (Cai et al.
2021). LiDAR enables the 3D measurement of canopy struc-
ture to assess structural information such as biomass, plant
size, and leaf angles. This information could provide comple-
mentary details on plant structure with trait/functional in-
formation from plant optics (Lin 2015; Jin et al. 2021). In
addition, leaf angles could help correct and improve spectral
quality by accounting for variation driven by leaf geometry
(Behmann er al. 2016). For complementing ground-based
measurements, which are labour intensive (i.e. time and per-
sonnel), remote sensing offers spatial and temporal extrapo-
lation. Ground-based measurements could be performed less
frequently or intensively (e.g. measuring a subset). With a
subset sampling scheme (e.g. measure 10% of plots), ground
data could be used to calibrate remotely sensed vegetation
indices or machine-learning models and the remaining plots
outside of the subset could be remotely assessed, assuming
good and representative model calibration. Overall, while
optical-based remote sensing techniques enable applications
in plant phenotyping, it also provides complementary aspects
with other remote sensing techniques and more traditional
plant science methodologies.

Conclusions and Outlooks

The applications of optical-based remote sensing con-
tinue to grow for monitoring and assessing vegetation in
ecology, plant sciences, and precision agriculture. A vast

amount of spectral data continue to be collected, improved
(spatial and temporal resolutions), and made more access-
ible. Recent and future satellite missions including Carbon
Mapper, Copernicus Hyperspectral Imaging Mission For The
Environment (CHIME) (Nieke and Rast 2018), Earth Surface
Mineral Dust Source Investigation (EMIT) (Green et al.
2020), and Surface Biology and Geology (Cawse-Nicholson
et al. 2021) will provide spectral and thermal imagery at fre-
quent temporal (weekly to bi-weekly) and high spatial reso-
lutions (<30 m). This will provide ample opportunities for
vegetation monitoring and revolutionize the potential for
large-scale and continuous phenotyping applications. Yet
with all the streams of data, there remains a need to validate
and understand the mechanisms driving spectral signals.
Ultimately, optical-based remote sensing models will often be
based on covariance between pigments and structure to esti-
mate plant traits and functions (Wright et al. 2004; Kokaly
et al. 2009; Ollinger 2011; Kothari and Schweiger 2022;
Wang et al. 2022b). This has implications for how robust
predictions can be across years, species, locations, and en-
vironmental conditions. Thus, understanding how vegetation
pigments and structure vary spatially, temporally, and envir-
onmentally will provide insight into prediction robustness.
By predicting several plant traits and functions, optical-based
remote sensing products may complement each other by pro-
viding information about many processes to gain a better
overall understanding of vegetation status. Combined with
other tools, such as thermal, LiDAR, and ground measure-
ments, there is a great potential to complement, benefit, and
advance applications in ecology, plant sciences, management,
and plant breeding.

Acknowledgements

Thanks to Troy Magney for the great support, discussions,
and comments on this manuscript, as well as for providing
funding of local currencies to enable self-sustenance. Thanks
to the Editor, Shan Kothari, and the two anonymous reviewers
for their valuable comments for improving this manuscript.

Data Availability

Spectral data from Wong and Gamon (2015) and Wong ef al.
(2019, 2023a) and available upon request.

Literature Cited

Adam E, Mutanga O, Rugege D. 2010. Multispectral and hyperspectral
remote sensing for identification and mapping of wetland vegeta-
tion: a review. Wetlands Ecology and Management 18:281-296.

Allen WA, Richardson AJ. 1968. Interaction of light with a plant can-
opy. Journal of the Optical Society of America 58:1023-1028.

Asner GP. 1998. Biophysical and biochemical sources of variability in
canopy reflectance. Remote Sensing of Environment 64:234-253.

Badgley G, Field CB, Berry JA. 2017. Canopy near-infrared reflectance
and terrestrial photosynthesis. Science Advances 3:¢1602244.

Badgley G, Anderegg LDL, Berry JA, Field CB. 2019. Terrestrial gross
primary production: using NIRV to scale from site to globe. Global
Change Biology 25:3731-3740.

Baker NR. 2008. Chlorophyll fluorescence: a probe of photosynthesis
in vivo. Annual Review of Plant Biology 59:89-113.

Baldocchi DD, Ryu Y, Dechant B, Eichelmann E, Hemes K, Ma S,
Sanchez CR, Shortt R, Szutu D, Valach A, et al. 2020. Outgoing
near-infrared radiation from vegetation scales with canopy



photosynthesis across a spectrum of function, structure, physio-
logical capacity, and weather. Journal of Geophysical Research,
Biogeosciences 125:e2019]G005534.

Bannari A, Morin D, Bonn F, Huete AR. 1995. A review of vegetation
indices. Remote Sensing Reviews 13:95-120.

Behmann J, Mahlein A-K, Paulus S, Dupuis J, Kuhlmann H, Oerke E-C,
Pliimer L. 2016. Generation and application of hyperspectral 3D
plant models: methods and challenges. Machine Vision and Appli-
cations 27:611-624.

Bilger W, Bjorkman O. 1990. Role of the xanthophyll cycle in
photoprotection elucidated by measurements of light-induced ab-
sorbance changes, fluorescence and photosynthesis in leaves of
Hedera canariensis. Photosynthesis Research 25:173-185.

Biriukova K, Celesti M, Evdokimov A, Pacheco-Labrador J, Julitta T,
Migliavacca M, Giardino C, Miglietta F, Colombo R, Panigada
C, et al. 2020. Effects of varying solar-view geometry and can-
opy structure on solar-induced chlorophyll fluorescence and
PRI International Journal of Applied Earth Observation and
Geoinformation 89:102069.

Blackburn GA. 1998. Quantifying chlorophylls and caroteniods at
leaf and canopy scales: an evaluation of some hyperspectral ap-
proaches. Remote Sensing of Environment 66:273-285.

Blackburn GA. 2007. Hyperspectral remote sensing of plant pigments.
Journal of Experimental Botany 58:855-867.

Braghiere RK, Wang Y, Doughty R, Sousa D, Magney T, Widlowski J-L,
Longo M, Bloom AA, Worden J, Gentine P, et al. 2021. Account-
ing for canopy structure improves hyperspectral radiative transfer
and sun-induced chlorophyll fluorescence representations in a new
generation earth system model. Remote Sensing of Environment
261:112497.

Burnett AC, Anderson J, Davidson KJ, Ely KS, Lamour J, Li Q, Morri-
son BD, Yang D, Rogers A, Serbin SP. 2021. A best-practice guide
to predicting plant traits from leaf-level hyperspectral data using
partial least squares regression. Journal of Experimental Botany
72:6175-6189.

Cai W, Ullah S, Yan L, Lin Y. 2021. Remote sensing of ecosystem water
use efficiency: a review of direct and indirect estimation methods.
Remote Sensing 13:2393.

Calamita F, Imran HA, Vescovo L, Mekhalfi ML, La Porta N. 2021.
Early identification of root rot disease by using hyperspectral re-
flectance: the case of pathosystem grapevine/Armillaria. Remote
Sensing 13:2436.

Camino C, Gonzalez-Dugo V, Hernandez P, Zarco-Tejada PJ. 2019. Ra-
diative transfer Vcmax estimation from hyperspectral imagery and
SIF retrievals to assess photosynthetic performance in rainfed and
irrigated plant phenotyping trials. Remote Sensing of Environment
231:111186.

Carlson TN, Ripley DA. 1997. On the relation between NDVI, frac-
tional vegetation cover, and leaf area index. Remote Sensing of En-
vironment 62:241-252.

Cavender-Bares J, Meireles JE, Couture JJ, Kaproth MA, Kingdon CC,
Singh A, Serbin SP, Center A, Zuniga E, Pilz G, et al. 2016. Asso-
ciations of leaf spectra with genetic and phylogenetic variation in
oaks: prospects for remote detection of biodiversity. Remote Sens-
ing 8:221.

Cavender-Bares ], Gamon JA, Hobbie SE, Madritch MD, Meireles JE,
Schweiger AK, Townsend PA. 2017. Harnessing plant spectra to in-
tegrate the biodiversity sciences across biological and spatial scales.
American Journal of Botany 104:966-969.

Cawse-Nicholson K, Townsend PA, Schimel D, Assiri AM, Blake PL,
Buongiorno MF, Campbell P, Carmon N, Casey KA, Correa-Pabon
RE, et al. 2021. NASA’s surface biology and geology designated
observable: a perspective on surface imaging algorithms. Remote
Sensing of Environment 257:112349.

Ceccato P, Flasse S, Tarantola S, Jacquemoud S, Grégoire J-M. 2001.
Detecting vegetation leaf water content using reflectance in the op-
tical domain. Remote Sensing of Environment 77:22-33.

Chai YN, Ge Y, Stoerger V, Schachtman DP. 2021. High-resolution
phenotyping of sorghum genotypic and phenotypic responses to

AoB PLANTS, 2023, Vol. 15, No. 4

low nitrogen and synthetic microbial communities. Plant, Cell &
Environment 44:1611-1626.

Chapman SC, Merz T, Chan A, Jackway P, Hrabar S, Dreccer ME,
Holland E, Zheng B, Ling TJ, Jimenez-Berni ]J. 2014. Pheno-
copter: a low-altitude, autonomous remote-sensing robotic heli-
copter for high-throughput field-based phenotyping. Agronomy
4:279-301.

Chawade A, van Ham J, Blomquist H, Bagge O, Alexandersson E, Ortiz
R. 2019. High-throughput field-phenotyping tools for plant breed-
ing and precision agriculture. Agronomy 9:258.

Chen JM, Liu J. 2020. Evolution of evapotranspiration models using
thermal and shortwave remote sensing data. Remote Sensing of En-
vironment 237:111594.

Chen X, Vierling L. 2006. Spectral mixture analyses of hyperspectral
data acquired using a tethered balloon. Remote Sensing of Envir-
onment 103:338-350.

Cheng R, Magney TS, Dutta D, Bowling DR, Logan BA, Burns SP,
Blanken PD, Grossmann K, Lopez S, Richardson AD, et al. 2020.
Decomposing reflectance spectra to track gross primary produc-
tion in a subalpine evergreen forest. Biogeosciences 17:4523—
4544.

Cho MA, Skidmore AK. 2006. A new technique for extracting the red
edge position from hyperspectral data: the linear extrapolation
method. Remote Sensing of Environment 101:181-193.

Christie AP, Abecasis D, Adjeroud M, Alonso JC, Amano T, Anton
A, Baldigo BP, Barrientos R, Bicknell JE, Buhl DA, et al. 2020.
Quantifying and addressing the prevalence and bias of study de-
signs in the environmental and social sciences. Nature Communi-
cations 11:6377.

Clementson LA, Wojtasiewicz B. 2019. Dataset on the absorption char-
acteristics of extracted phytoplankton pigments. Data in Brief
24:103875.

Colwell JE. 1974. Vegetation canopy reflectance. Remote Sensing of
Environment 3:175-183.

Crusiol LGT, Nanni MR, Furlanetto RH, Sibaldelli RNR, Cezar E, Sun
L, Foloni JSS, Mertz-Henning LM, Nepomuceno AL, Neumaier N,
et al. 2021. Classification of soybean genotypes assessed under dif-
ferent water availability and at different phenological stages using
leaf-based hyperspectral reflectance. Remote Sensing 13:172.

Curran PJ. 1989. Remote sensing of foliar chemistry. Remote Sensing of
Environment 30:271-278.

Datt B. 1999. A new reflectance index for remote sensing of chlorophyll
content in higher plants: tests using eucalyptus leaves. Journal of
Plant Physiology 154:30-36.

Demmig-Adams B. 1990. Carotenoids and photoprotection in plants:
a role for the xanthophyll zeaxanthin. Biochimica et Biophysica
Acta 1020:1-24.

Ely KS, Burnett AC, Lieberman-Cribbin W, Serbin SP, Rogers A. 2019.
Spectroscopy can predict key leaf traits associated with source-sink
balance and carbon-nitrogen status. Journal of Experimental Bot-
any 70:1789-1799.

Farella MM, Fisher JB, Jiao W, Key KB, Barnes ML. 2022. Thermal re-
mote sensing for plant ecology from leaf to globe. Journal of Ecol-
ogy 00:1-19.

Feng W, Yao X, Zhu Y, Tian YC, Cao WX. 2008. Monitoring leaf nitro-
gen status with hyperspectral reflectance in wheat. European Jour-
nal of Agronomy 28:394-404.

Feng W, Guo B-B, Wang Z-], He L, Song X, Wang Y-H, Guo T-C. 2014.
Measuring leaf nitrogen concentration in winter wheat using
double-peak spectral reflection remote sensing data. Field Crops
Research 159:43-52.

Fensholt R, Sandholt I, Rasmussen MS. 2004. Evaluation of MODIS
LAI fAPAR and the relation between fAPAR and NDVI in a semi-
arid environment using in situ measurements. Remote Sensing of
Environment 91:490-507.

Fiorani F, Schurr U. 2013. Future scenarios for plant phenotyping. An-
nual Review of Plant Biology 64:267-291.

Frankenberg C, Fisher JB, Worden ], Badgley G, Saatchi SS, Lee
JE, Toon GC, Butz A, Jung M, Kuze A, et al. 2011. New global



Wong - Underlying mechanisms in remotely sensed signals

observations of the terrestrial carbon cycle from GOSAT: patterns
of plant fluorescence with gross primary productivity. Geophysical
Research Letters 38:L17706. doi:10.1029/2011GL048738

Fu P, Meacham-Hensold K, Guan K, Wu ], Bernacchi C. 2020.
Estimating photosynthetic traits from reflectance spectra: a synthe-
sis of spectral indices, numerical inversion, and partial least square
regression. Plant, Cell & Environment 43:1241-1258.

Fu P, Meacham-Hensold K, Siebers MH, Bernacchi CJ. 2021. The in-
verse relationship between solar-induced fluorescence yield and
photosynthetic capacity: benefits for field phenotyping. Journal of
Experimental Botany 72:1295-1306.

Furbank RT, Tester M. 2011. Phenomics — technologies to relieve the
phenotyping bottleneck. Trends in Plant Science 16:635-644.

Gamon JA, Pearcy RW. 1989. Leaf movement, stress avoidance and
photosynthesis in Vitis californica. Oecologia 79:475-481.

Gamon JA, Pefiuelas J, Field CB. 1992. A narrow waveband spectral
index that tracks diurnal changes in photosynthetic efficiency. Re-
mote Sensing of Environment 41:35-44.

Gamon JA, Field CB, Goulden ML, Griffin KL, Hartley AE, Joel G,
Pefiuelas J, Valentini R. 1995. Relationships between NDVI, can-
opy structure, and photosynthesis in 3 Californian vegetation
types. Ecological Applications 5:28-41.

Gamon JA, Serrano L, Surfus JS. 1997. The photochemical reflect-
ance index: an optical indicator of photosynthetic radiation use
efficiency across species, functional types, and nutrient levels.
Oecologia 112:492-501.

Gamon JA, Cheng YF Claudio H, MacKinney L, Sims DA. 2006. A
mobile tram system for systematic sampling of ecosystem optical
properties. Remote Sensing of Environment 103:246-254.

Gamon JA, Huemmrich KE, Wong CYS, Ensminger I, Garrity S, Hollinger
DY, Noormets A, Pefiuelas J. 2016. A remotely sensed pigment index
reveals photosynthetic phenology in evergreen conifers. Proceedings
of the National Academy of Sciences 113:13087-13092.

Gao B. 1996. NDWI—A normalized difference water index for remote
sensing of vegetation liquid water from space. Remote Sensing of
Environment 58:257-266.

Gao B-C, Goetz AFH. 1994. Extraction of dry leaf spectral features
from reflectance spectra of green vegetation. Remote Sensing of En-
vironment 47:369-374.

Garbulsky MF, Penuelas J, Gamon JA, Inoue Y, Filella 1. 2011. The
photochemical reflectance index (PRI) and the remote sensing of
leaf, canopy and ecosystem radiation use efficiencies: a review and
meta-analysis. Remote Sensing of Environment 115:281-297.

Garrity SR, Eitel JUH, Vierling LA. 2011. Disentangling the relation-
ships between plant pigments and the photochemical reflectance
index reveals a new approach for remote estimation of carotenoid
content. Remote Sensing of Environment 115:628-635.

Gates DM, Keegan HJ, Schleter JC, Weidner VR. 1965. Spectral prop-
erties of plants. Applied Optics 4:11.

Ghosal S, Blystone D, Singh AK, Ganapathysubramanian B, Singh A,
Sarkar S.2018. An explainable deep machine vision framework for
plant stress phenotyping. Proceedings of the National Academy of
Sciences 115:4613-4618.

Gitelson A. 2020. Towards a generic approach to remote non-invasive
estimation of foliar carotenoid-to-chlorophyll ratio. Journal of
Plant Physiology 252:153227.

Gitelson AA, Merzlyak MN. 1997. Remote estimation of chlorophyll
content in higher plant leaves. International Journal of Remote
Sensing 18:2691-2697.

Gitelson AA, Merzlyak MN, Lichtenthaler HK. 1996. Detection of red
edge position and chlorophyll content by reflectance measurements
near 700 nm. Journal of Plant Physiology 148:501-508.

Gitelson AA, Merzlyak MN, Chivkunova OB. 2001. Optical proper-
ties and nondestructive estimation of anthocyanin content in plant
leaves. Photochemistry and Photobiology 74:38-45.

Gitelson AA, Gritz Y, Merzlyak MN. 2003. Relationships between leaf
chlorophyll content and spectral reflectance and algorithms for
non-destructive chlorophyll assessment in higher plant leaves. Jour-
nal of Plant Physiology 160:271-282.

Gold KM, Townsend PA, Chlus A, Herrmann I, Couture JJ, Larson
ER, Gevens AJ. 2020. Hyperspectral measurements enable
pre-symptomatic detection and differentiation of contrasting
physiological effects of late blight and early blight in potato. Re-
mote Sensing 12:286.

Green RO, Mahowald N, Ung C, Thompson DR, Bator L, Bennet M,
Bernas M, Blackway N, Bradley C, Cha ], et al. 2020. The earth
surface mineral dust source investigation: an earth science imaging
spectroscopy mission. In: 2020 IEEE Aerospace Conference. 1-135.

Guo W, Carroll ME, Singh A, Swetnam TL, Merchant N, Sar-
kar S, Singh AK, Ganapathysubramanian B. 2021. UAS-based
plant phenotyping for research and breeding applications. Plant
Phenomics 2021:2021.

Hale GM, Querry MR. 1973. Optical constants of water in the 200-nm
to 200-um wavelength region. Applied Optics 12:555-563.

Hao D, Zeng Y, Zhang Z, Zhang Y, Qiu H, Biriukova K, Celesti M,
Rossini M, Zhu P, Asrar GR, et al. 2022. Adjusting solar-induced
fluorescence to nadir-viewing provides a better proxy for GPP.
ISPRS Journal of Photogrammetry and Remote Sensing 186:157—
169.

Hennessy A, Clarke K, Lewis M. 2020. Hyperspectral classification of
plants: a review of waveband selection generalisability. Remote
Sensing 12:113.

Hilker T, Coops NC, Hall FG, Black TA, Wulder MA, Nesic Z,
Krishnan P. 2008. Separating physiologically and directionally in-
duced changes in PRI using BRDF models. Remote Sensing of En-
vironment 112:2777-2788.

Hoch WA, Zeldin EL, McCown BH. 2001. Physiological significance
of anthocyanins during autumnal leaf senescence. Tree Physiology
21:1-8.

Hornero A, Zarco-Tejada PJ, Quero JL, North PRJ, Ruiz-Gomez FJ,
Sanchez-Cuesta R, Hernandez-Clemente R. 2021. Modelling
hyperspectral- and thermal-based plant traits for the early detec-
tion of Phytophthora-induced symptoms in oak decline. Remote
Sensing of Environment 263:112570.

Huang S, Tang L, Hupy JP, Wang Y, Shao G. 2021. A commentary review
on the use of normalized difference vegetation index (NDVI) in the
era of popular remote sensing. Journal of Forestry Research 32:1-6.

Huete AR. 1988. A soil-adjusted vegetation index (SAVI). Remote Sens-
ing of Environment 25:295-309.

Huete A, Didan K, Miura T, Rodriguez EP, Gao X, Ferreira LG. 2002.
Overview of the radiometric and biophysical performance of
the MODIS vegetation indices. Remote Sensing of Environment
83:195-213.

Hiiner NPA, Oquist G, Sarhan F. 1998. Energy balance and acclimation
to light and cold. Trends in Plant Science 3:224-230.

Hunt ER, Rock BN. 1989. Detection of changes in leaf water content
using near- and middle-infrared reflectances. Remote Sensing of
Environment 30:43-54.

Jacquemoud S, Ustin S. 2019. Leaf optical properties. Cambridge:
Cambridge University Press.

Jacquemoud S, Verhoef W, Baret F, Bacour C, Zarco-Tejada PJ, Asner
GP, Frangois C, Ustin SL. 2009. PROSPECT+SAIL models: a review
of use for vegetation characterization. Remote Sensing of Environ-
ment 113:556-566.

Janni M, Pieruschka R. 2022. Plant phenotyping for a sustainable fu-
ture. Journal of Experimental Botany 73:5085-5088.

Jiang Z, Huete AR, Didan K, Miura T. 2008. Development of a two-
band enhanced vegetation index without a blue band. Remote
Sensing of Environment 112:3833-3845.

Jin S, Sun X, Wu E Su Y, Li Y, Song S, Xu K, Ma Q, Baret F, Jiang D, et
al. 2021. Lidar sheds new light on plant phenomics for plant breed-
ing and management: recent advances and future prospects. ISPRS
Journal of Photogrammetry and Remote Sensing 171:202-223.

Joiner J, Yoshida Y, Vasilkov AP, Yoshida Y, Corp LA, Middleton EM.
2011. First observations of global and seasonal terrestrial chloro-
phyll fluorescence from space. Biogeosciences 8:637-651.

Junttila S, Holtta T, Saarinen N, Kankare V, Yrttimaa T, Hyyppi J,
Vastaranta M. 2022. Close-range hyperspectral spectroscopy


https://doi.org/10.1029/2011GL048738

10

reveals leaf water content dynamics. Remote Sensing of Environ-
ment 277:113071.

Knapp A, Carter G. 1998. Variability in leaf optical properties among
26 species from a broad range of habitats. American Journal of
Botany 85:940.

Knipling EB. 1970. Physical and physiological basis for the reflectance
of visible and near-infrared radiation from vegetation. Remote
Sensing of Environment 1:155-159.

Kokaly RE 2001. Investigating a physical basis for spectroscopic esti-
mates of leaf nitrogen concentration. Remote Sensing of Environ-
ment 75:153-161.

Kokaly RF, Skidmore AK. 2015. Plant phenolics and absorption fea-
tures in vegetation reflectance spectra near 1.66um. International
Journal of Applied Earth Observation and Geoinformation 43:55—
83.

Kokaly RE Asner GP, Ollinger SV, Martin ME, Wessman CA. 2009.
Characterizing canopy biochemistry from imaging spectroscopy
and its application to ecosystem studies. Remote Sensing of Envir-
onment 113:578-591.

Kothari S, Schweiger AK. 2022. Plant spectra as integrative measures of
plant phenotypes. Journal of Ecology 110:2536-2554.

Kramer ], Siegmann B, Kraska T, Muller O, Rascher U. 2021. The
potential of spatial aggregation to extract remotely sensed sun-
induced fluorescence (SIF) of small-sized experimental plots for
applications in crop phenotyping. International Journal of Applied
Earth Observation and Geoinformation 104:102565.

Lassalle G. 2021. Monitoring natural and anthropogenic plant
stressors by hyperspectral remote sensing: Recommendations and
guidelines based on a meta-review. Science of the Total Environ-
ment 788:147758.

LiY, Al-Sarayreh M, Irie K, Hackell D, Bourdot G, Reis MM, Ghamkhar
K. 2021. Identification of weeds based on hyperspectral imaging
and machine learning. Frontiers in Plant Science 11:2324.

LinY.2015. LiDAR: an important tool for next-generation phenotyping
technology of high potential for plant phenomics? Computers and
Electronics in Agriculture 119:61-73.

Liu HQ, Huete A. 1995. A feedback based modification of the NDVI to
minimize canopy background and atmospheric noise. IEEE Trans-
actions on Geoscience and Remote Sensing 33:457-465.

Machwitz M, Pieruschka R, Berger K, Schlerf M, Aasen H, Fahrner
S, Jiménez-Berni J, Baret F, Rascher U. 2021. Bridging the gap be-
tween remote sensing and plant phenotyping—challenges and
opportunities for the next generation of sustainable agriculture.
Frontiers in Plant Science 12:749374.

Magney TS, Eitel JUH, Vierling LA. 2017. Mapping wheat nitrogen
uptake from RapidEye vegetation indices. Precision Agriculture
18:429-451.

Magney TS, Bowling DR, Logan BA, Grossmann K, Stutz J, Blanken
PD, Burns SP, Cheng R, Garcia MA, Kéhler P, et al. 2019. Mech-
anistic evidence for tracking the seasonality of photosynthesis with
solar-induced fluorescence. Proceedings of the National Academy
of Sciences 116:201900278.

Magney TS, Barnes ML, Yang X. 2020. On the covariation of chloro-
phyll fluorescence and photosynthesis across scales. Geophysical
Research Letters 47:¢2020-GL091098.

Maguire AJ, Eitel JUH, Griffin KL, Magney TS, Long RA, Vierling LA,
Schmiege SC, Jennewein JS, Weygint WA, Boelman NT, et al. 2020.
On the functional relationship between fluorescence and photo-
chemical yields in complex evergreen needleleaf canopies. Geo-
physical Research Letters 47:¢2020GL087858.

Maoka T. 2020. Carotenoids as natural functional pigments. Journal of
Natural Medicines 74:1-16.

Marrs JK, Reblin JS, Logan BA, Allen DW, Reinmann AB, Bombard
DM, Tabachnik D, Hutyra LR. 2020. Solar-induced fluorescence
does not track photosynthetic carbon assimilation following in-
duced stomatal closure. Geophysical Research Letters 47:¢2020-
GL087956.

Martini D, Sakowska K, Wohlfahrt G, Pacheco-Labrador J, van der
Tol C, Porcar-Castell A, Magney TS, Carrara A, Colombo R, El-

AoB PLANTS, 2023, Vol. 15, No. 4

Madany TS, et al. 2022. Heatwave breaks down the linearity be-
tween sun-induced fluorescence and gross primary production.
New Phytologist 233:2415-2428.

Maxwell K, Johnson GN. 2000. Chlorophyll fluorescence: a practical
guide. Journal of Experimental Botany 51:659-668.

Meacham-Hensold K, Fu P, Wu ], Serbin S, Montes CM, Ainsworth E,
Guan K, Dracup E, Pederson T, Driever S, et al. 2020. Plot-level
rapid screening for photosynthetic parameters using proximal
hyperspectral imaging. Journal of Experimental Botany 71:2312—
2328.

Meireles JE, Cavender-Bares J, Townsend PA, Ustin S, Gamon JA,
Schweiger AK, Schaepman ME, Asner GP, Martin RE, Singh A, et
al. 2020. Leaf reflectance spectra capture the evolutionary history
of seed plants. New Phytologist 228:485-493.

Meroni M, Rossini M, Guanter L, Alonso L, Rascher U, Colombo
R, Moreno J. 2009. Remote sensing of solar-induced chlorophyll
fluorescence: review of methods and applications. Remote Sensing
of Environment 113:2037-2051.

Mohammed GH, Colombo R, Middleton EM, Rascher U, van der Tol
C, Nedbal L, Goulas Y, Pérez-Priego O, Damm A, Meroni M, et
al. 2019. Remote sensing of solar-induced chlorophyll fluorescence
(SIF) in vegetation: 50 years of progress. Remote Sensing of Envir-
onment 231:111177.

Myneni RB, Williams DL. 1994. On the relationship between FAPAR
and NDVI. Remote Sensing of Environment 49:200-211.

Myneni RB, Hoffman S, Knyazikhin Y, Privette JL, Glassy J, Tian Y,
Wang Y, Song X, Zhang Y, Smith GR, et al. 2002. Global products
of vegetation leaf area and fraction absorbed PAR from year one of
MODIS data. Remote Sensing of Environment 83:214-231.

Nieke J, Rast M. 2018. Towards the copernicus hyperspectral imaging
mission for the environment (CHIME). In: IGARSS 2018 — 2018
IEEE International Geoscience and Remote Sensing Symposium.
157-159.

Noda HM, Muraoka H, Nasahara KN. 2021. Phenology of leaf op-
tical properties and their relationship to mesophyll development in
cool-temperate deciduous broad-leaf trees. Agricultural and Forest
Meteorology 297:108236.

Ollinger SV. 2011. Sources of variability in canopy reflectance and the
convergent properties of plants. New Phytologist 189:375-394.
Orynbaikyzy A, Gessner U, Conrad C. 2019. Crop type classification
using a combination of optical and radar remote sensing data: a

review. International Journal of Remote Sensing 40:6553-6595.

Ottander C, Campbell D, Oquist G. 1995. Seasonal changes in photo-
system Il organization and pigment composition in Pinus sylvestris.
Planta 197:176-183.

Pastenes C, Pimentel P, Lillo J. 2005. Leaf movements and
photoinhibition in relation to water stress in field-grown beans.
Journal of Experimental Botany 56:425-433.

Pefivelas J, Baret F, Filella I. 1995a. Semiempirical indexes to assess
carotenoids chlorophyll- a ratio from leaf spectral reflectance.
Photosynthetica 31:221-230.

Pefiuelas J, Filella I, Gamon JA. 1995b. Assessment of photosynthetic
radiation-use efficiency with spectral reflectance. New Phytologist
131:291-296.

Penuelas J, Pinol J, Ogaya R, Filella I. 1997. Estimation of plant water
concentration by the reflectance water index WI (R900/R970).
International Journal of Remote Sensing 18:2869-2875.

Pettorelli N, Vik JO, Mysterud A, Gaillard J-M, Tucker CJ, Stenseth
NC. 2005. Using the satellite-derived NDVI to assess ecological re-
sponses to environmental change. Trends in Ecology & Evolution
20:503-510.

Pierrat ZA, Bortnik J, Johnson B, Barr A, Magney T, Bowling DR,
Parazoo N, Frankenberg C, Seibt U, Stutz J. 2022a. Forests for
forests: combining vegetation indices with solar-induced chloro-
phyll fluorescence in random forest models improves gross primary
productivity prediction in the boreal forest. Environmental Re-
search Letters 17:125006.

Pierrat Z, Magney T, Parazoo NC, Grossmann K, Bowling DR, Seibt
U, Johnson B, Helgason W, Barr A, Bortnik J, et al. 2022b. Diurnal



Wong - Underlying mechanisms in remotely sensed signals

and seasonal dynamics of solar-induced chlorophyll fluores-
cence, vegetation indices, and gross primary productivity in the
boreal forest. Journal of Geophysical Research, Biogeosciences
127:¢2021JG006588.

Pineda M, Bar6n M, Pérez-Bueno M-L. 2021. Thermal imaging for
plant stress detection and phenotyping. Remote Sensing 13:68.
Plascyk JA. 1975. The MK II Fraunhofer Line Discriminator (FLD-II)
for airborne and orbital remote sensing of solar-stimulated lumi-

nescence. Optical Engineering 14:339-330.

Porcar-Castell A, Tyystjarvi E, Atherton ], van der Tol C, Flexas ],
Pfiindel EE, Moreno J, Frankenberg C, Berry JA. 2014. Linking
chlorophyll a fluorescence to photosynthesis for remote sensing
applications: mechanisms and challenges. Journal of Experimental
Botany 65:4065-4095.

Porcar-Castell A, Malenovsky Z, Magney T, Van Wittenberghe S,
Ferniandez-Marin B, Maignan F, Zhang Y, Maseyk K, Atherton J,
Albert LP, et al. 2021. Chlorophyll a fluorescence illuminates a
path connecting plant molecular biology to Earth-system science.
Nature Plants 7:1-12.

Rogers A, Dietz K-], Gifford ML, Lunn JE. 2021. The importance of
independent replication of treatments in plant science. Journal of
Experimental Botany 72:5270-5274.

Sapes G, Lapadat C, Schweiger AK, Juzwik ], Montgomery R,
Gholizadeh H, Townsend PA, Gamon JA, Cavender-Bares J. 2022.
Canopy spectral reflectance detects oak wilt at the landscape scale
using phylogenetic discrimination. Remote Sensing of Environment
273:112961.

Schaaf CB, Gao F, Strahler AH, Lucht W, Li X, Tsang T, Strugnell NC,
Zhang X, Jin Y, Muller J-P, et al. 2002. First operational BRDE, al-
bedo nadir reflectance products from MODIS. Remote Sensing of
Environment 83:135-148.

Sellers PJ. 1985. Canopy reflectance, photosynthesis and transpiration.
International Journal of Remote Sensing 6:1335-1372.

Serbin SP, Singh A, McNeil BE, Kingdon CC, Townsend PA. 2014. Spec-
troscopic determination of leaf morphological and biochemical
traits for northern temperate and boreal tree species. Ecological
Applications 24:1651-1669.

Shi S, Xu L, Gong W, Chen B, Chen B, Qu F, Tang X, Sun J, Yang J. 2022.
A convolution neural network for forest leaf chlorophyll and ca-
rotenoid estimation using hyperspectral reflectance. International
Journal of Applied Earth Observation and Geoinformation
108:102719.

Silva-Perez V, Molero G, Serbin SP, Condon AG, Reynolds MP, Furbank
RT, Evans JR. 2018. Hyperspectral reflectance as a tool to measure
biochemical and physiological traits in wheat. Journal of Experi-
mental Botany 69:483-496.

Sims DA, Gamon JA. 2002. Relationships between leaf pigment content
and spectral reflectance across a wide range of species, leaf struc-
tures and developmental stages. Remote Sensing of Environment
81:337-354.

Sims DA, Gamon JA. 2003. Estimation of vegetation water content and
photosynthetic tissue area from spectral reflectance: a comparison
of indices based on liquid water and chlorophyll absorption fea-
tures. Remote Sensing of Environment 84:526-537.

Sims DA, Rahman AF, Cordova VD, El-Masri BZ, Baldocchi DD,
Flanagan LB, Goldstein AH, Hollinger DY, Misson L, Monson RK,
et al. 2006. On the use of MODIS EVI to assess gross primary
productivity of North American ecosystems. Journal of Geophys-
ical Research, Biogeosciences 111:G04015.

Sims DA, Rahman AF, Cordova VD, El-Masri BZ, Baldocchi DD,
Bolstad PV, Flanagan LB, Goldstein AH, Hollinger DY, Misson L.
2008. A new model of gross primary productivity for North Ameri-
can ecosystems based solely on the enhanced vegetation index and
land surface temperature from MODIS. Remote Sensing of Envir-
onment 112:1633-1646.

Singh A, Serbin SP, McNeil BE, Kingdon CC, Townsend PA. 2015. Im-
aging spectroscopy algorithms for mapping canopy foliar chemical
and morphological traits and their uncertainties. Ecological Appli-
cations 25:2180-2197.

1

Singh AK, Ganapathysubramanian B, Sarkar S, Singh A. 2018. Deep
learning for plant stress phenotyping: trends and future perspec-
tives. Trends in Plant Science 23:883-898.

Sinha P, Robson A, Schneider D, Kilic T, Mugera HK, Ilukor J,
Tindamanyire JM. 2020. The potential of in-situ hyperspectral
remote sensing for differentiating 12 banana genotypes grown in
Uganda. ISPRS Journal of Photogrammetry and Remote Sensing
167:85-103.

Sishodia RP, Ray RL, Singh SK. 2020. Applications of remote sensing in
precision agriculture: a review. Remote Sensing 12:3136.

Sonobe R, Yamashita H, Mihara H, Morita A, Ikka T. 2020. Estimation
of leaf chlorophyll a, b and carotenoid contents and their ratios
using hyperspectral reflectance. Remote Sensing 12:3265.

Steele-Dunne SC, McNairn H, Monsivais-Huertero A, Judge J, Liu P-W,
Papathanassiou K. 2017. Radar remote sensing of agricultural can-
opies: a review. [EEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing 10:2249-2273.

Steyn WJ, Wand SJE, Holcroft DM, Jacobs G. 2002. Anthocyanins in
vegetative tissues: a proposed unified function in photoprotection.
New Phytologist 155:349-361.

Sun Y, Fu R, Dickinson R, Joiner J, Frankenberg C, Gu L, Xia Y, Fer-
nando N. 2015. Drought onset mechanisms revealed by satel-
lite solar-induced chlorophyll fluorescence: insights from two
contrasting extreme events. Journal of Geophysical Research,
Biogeosciences 120:2427-2440.

Sun 'Y, Gu L, Wen J, van der Tol C, Porcar-Castell A, Joiner J, Chang CY,
Magney T, Wang L, Hu L, et al. 2023a. From remotely-sensed SIF
to ecosystem structure, function, and service: Part I — harnessing
theory. Global Change Biology 29:2926-2952.

Sun Y, Wen J, Gu L, Joiner J, Chang CY, van der Tol C, Porcar-Castell
A, Magney T, Wang L, Hu L, et al. 2023b. From remotely-sensed
solar-induced chlorophyll fluorescence to ecosystem structure,
function, and service: Part II—harnessing data. Global Change
Biology 29:2893-2925.

Tarpley L, Reddy KR, Sassenrath-Cole GF. 2000. Reflectance indices
with precision and accuracy in predicting cotton leaf nitrogen con-
centration. Crop Science 40:1814-1819.

Tucker CJ. 1979. Red and photographic infrared linear combinations for
monitoring vegetation. Remote Sensing of Environment 8:127-150.

Ustin SL, Gamon JA. 2010. Remote sensing of plant functional types.
New Phytologist 186:795-816.

Ustin SL, Middleton EM. 2021. Current and near-term advances in
Earth observation for ecological applications. Ecological Processes
10:1.

Ustin SL, Roberts DA, Gamon JA, Asner GP, Green RO. 2004. Using
imaging spectroscopy to study ecosystem processes and properties.
Bioscience 54:523-534.

Virlet N, Sabermanesh K, Sadeghi-Tehran P, Hawkesford M]J. 2016.
Field Scanalyzer: an automated robotic field phenotyping platform
for detailed crop monitoring. Functional Plant Biology 44:143-153.

Walther S, Voigt M, Thum T, Gonsamo A, Zhang Y, Kohler P, Jung
M, Varlagin A, Guanter L. 2016. Satellite chlorophyll fluorescence
measurements reveal large-scale decoupling of photosynthesis and
greenness dynamics in boreal evergreen forests. Global Change
Biology 22:2979-2996.

Wang Z, Skidmore AK, Wang T, Darvishzadeh R, Heiden U, Heurich
M, Latifi H, Hearne J. 2017. Canopy foliar nitrogen retrieved from
airborne hyperspectral imagery by correcting for canopy structure
effects. International Journal of Applied Earth Observation and
Geoinformation 54:84-94.

Wang Y, Suarez L, Poblete T, Gonzalez-Dugo V, Ryu D, Zarco-Tejada
PJ. 2022a. Evaluating the role of solar-induced fluorescence (SIF)
and plant physiological traits for leaf nitrogen assessment in al-
mond using airborne hyperspectral imagery. Remote Sensing of En-
vironment 279:113141.

Wang Z, Townsend PA, Kruger EL. 2022b. Leaf spectroscopy reveals di-
vergent inter- and intra-species foliar trait covariation and trait—en-
vironment relationships across NEON domains. New Phytologist
235:923-938.



12

Watt M, Fiorani F, Usadel B, Rascher U, Muller O, Schurr U. 2020.
Phenotyping: new windows into the plant for breeders. Annual Re-
view of Plant Biology 71:689-712.

Wong CYS, Gamon JA. 2015. Three causes of variation in the photo-
chemical reflectance index (PRI) in evergreen conifers. New
Phytologist 206:187-195.

Wong CYS, D’Odorico P, Bhathena Y, Arain MA, Ensminger 1. 2019.
Carotenoid based vegetation indices for accurate monitoring of
the phenology of photosynthesis at the leaf-scale in deciduous and
evergreen trees. Remote Sensing of Environment 233:111407.

Wong CY, Gilbert ME, Pierce MA, Parker TA, Palkovic A, Gepts P,
Magney TS, Buckley TN. 2023a. Hyperspectral remote sensing for
phenotyping the physiological drought response of common and
tepary bean. Plant Phenomics 5:0021.

Wong CYS, Jones T, McHugh DP, Gilbert ME, Gepts P, Palkovic A,
Buckley TN, Magney TS. 2023b. TSWIFT: tower spectrometer on
wheels for investigating frequent timeseries for high-throughput
phenotyping of vegetation physiology. Plant Methods 19:29.

Wright IJ, Reich PB, Westoby M, Ackerly DD, Baruch Z, Bongers F,
Cavender-Bares J, Chapin T, Cornelissen JHC, Diemer M, et al. 2004.
The worldwide leaf economics spectrum. Nature 428:821-827.

Whu J, Rogers A, Albert LP, Ely K, Prohaska N, Wolfe BT, Oliveira RC,
Saleska SR, Serbin SP. 2019. Leaf reflectance spectroscopy cap-
tures variation in carboxylation capacity across species, canopy
environment and leaf age in lowland moist tropical forests. New
Phytologist 224:663-674.

Xu R, Li C. 2022. A review of high-throughput field phenotyping sys-
tems: focusing on ground robots. Plant Phenomics 2022:2022.
Yang P. 2022. Exploring the interrelated effects of soil background, can-
opy structure and sun-observer geometry on canopy photochemical

reflectance index. Remote Sensing of Environment 279:113133.

Zarco-Tejada PJ, Gonzalez-Dugo V, Berni JAJ. 2012. Fluorescence, tem-
perature and narrow-band indices acquired from a UAV platform
for water stress detection using a micro-hyperspectral imager and
a thermal camera. Remote Sensing of Environment 117:322-337.

AoB PLANTS, 2023, Vol. 15, No. 4

Zarco-Tejada PJ, Gonzélez-Dugo V, Williams LE, Sudrez L, Berni JA]J,
Goldhamer D, Fereres E. 2013. A PRI-based water stress index
combining structural and chlorophyll effects: assessment using di-
urnal narrow-band airborne imagery and the CWSI thermal index.
Remote Sensing of Environment 138:38-50.

Zarco-Tejada PJ, Camino C, Beck PSA, Calderon R, Hornero A,
Hernandez-Clemente R, Kattenborn T, Montes-Borrego M, Susca
L, Morelli M, et al. 2018. Previsual symptoms of Xylella fastidiosa
infection revealed in spectral plant-trait alterations. Nature Plants
4:432-439.

Zeng Y, Hao D, Huete A, Dechant B, Berry J, Chen JM, Joiner J,
Frankenberg C, Bond-Lamberty B, Ryu Y, et al. 2022. Optical
vegetation indices for monitoring terrestrial ecosystems globally.
Nature Reviews Earth & Environment 3:477-493.

Zhang Y, Chen JM, Miller JR, Noland TL. 2008. Leaf chlorophyll con-
tent retrieval from airborne hyperspectral remote sensing imagery.
Remote Sensing of Environment 112:3234-3247.

Zhang C, Filella I, Garbulsky M, Pefiuelas J. 2016. Affecting factors and
recent improvements of the photochemical reflectance index (PRI)
for remotely sensing foliar, canopy and ecosystemic radiation-use
efficiencies. Remote Sensing 8:677.

Zhang C, Marzougui A, Sankaran S. 2020a. High-resolution satellite
imagery applications in crop phenotyping: an overview. Computers
and Electronics in Agriculture 175:105584.

Zhang N, Yang G, Pan Y, Yang X, Chen L, Zhao C. 2020b. A review
of advanced technologies and development for hyperspectral-based
plant disease detection in the past three decades. Remote Sensing
12:3188.

Zhang J, Zhang W, Xiong S, Song Z, Tian W, Shi L, Ma X. 2021. Com-
parison of new hyperspectral index and machine learning models
for prediction of winter wheat leaf water content. Plant Methods
17:34.

Zhao Y-R, Li X, Yu K-Q, Cheng F, He Y. 2016. Hyperspectral imaging
for determining pigment contents in cucumber leaves in response to
angular leaf spot disease. Scientific Reports 6:27790.





