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Methods to optimize optical sensing @
of biotic plant stress - combined effects

of hyperspectral imaging at night and spatial
binning
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Abstract

In spatio-temporal plant monitoring, optical sensing (including hyperspectral imaging), is being deployed to, non-
invasively, detect and diagnose plant responses to abiotic and biotic stressors. Early and accurate detection and
diagnosis of stressors are key objectives. Level of radiometric repeatability of optical sensing data and ability to
accurately detect and diagnose biotic stress are inversely correlated. Accordingly, it may be argued that one of the
most significant frontiers and challenges regarding widespread adoption of optical sensing in plant research and
crop production hinges on methods to maximize radiometric repeatability. In this study, we acquired hyperspectral
optical sensing data at noon and midnight from soybean (Glycine max) and coleus wizard velvet red (Solenostemon
scutellarioides) plants with/without experimentally infestation of two-spotted spider mites (Tetranychus urticae).

We addressed three questions related to optimization of radiometric repeatability: (1) are reflectance-based plant
responses affected by time of optical sensing? (2) if so, are plant responses to two-spotted spider mite infestations
(biotic stressor) more pronounced at midnight versus at noon? (3) Is detection of biotic stress enhanced by spatial
binning (smoothing) of hyperspectral imaging data? Results from this study provide insight into calculations of
radiometric repeatability. Results strongly support claims that acquisition of optical sensing data to detect and
characterize stress responses by plants to detect biotic stressors should be performed at night. Moreover, the
combination of midnight imaging and spatial binning increased classification accuracies with 29% and 31% for
soybean and coleus, respectively. Practical implications of these findings are discussed. Study results are relevant to
virtually all applications of optical sensing to detect and diagnose abiotic and biotic stress responses by plants in
both controlled environments and in outdoor crop production systems.
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Introduction

Optical sensing is being deployed across a wide range
of spatio-temporal scales and types of optical sensors to
detect and classify reflectance-based plant responses to
abiotic and/or biotic stressors. In these applications, it is
assumed that [1]: (1) stressors elicit a change in biochem-
ical composition and/or physical structure of plant cano-
pies, and (2) plant canopy changes induced by stressors
are linked to detectable and unique leaf reflectance fea-
tures. A large and growing body of literature supports
these coupled assumptions and therefore justify further
research and development of systems, in which optical
sensing is deployed to detect and diagnose abiotic and
biotic stressors of plants [2—5]. However, it is important
to highlight that accurate and reliable detection and diag-
nosis of plant stress hinge on acquisition of strong and
consistent optical leaf reflectance features over space
and time. In other words, we assume that it is possible
to acquire (or perform different types of correction and
calibration to obtain) optical sensing data with high level
of radiometric repeatability. When the same object is
imaged at multiple time points, radiometric repeatabil-
ity may be calculated as the maximum-minimum range
as percentage of average reflectance in a given spectral
band, R, [6]:

Radiometric repeatability
=100 — (((Rymax — Rymin) x 100) 1)
/ Rxaverage)

In optical sensing, radiometric repeatability may be con-
sidered an indicator of minimum detection level. Thus,
a radiometric repeatability<95% would suggest that
plant stress can only be detected accurately and reli-
ably if causing>5% change in leaf reflectance. Meaning,
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level of radiometric repeatability of optical sensing data
and ability to accurately detect and diagnose biotic stress
are inversely correlated [6-11]. A simple analogy is to
consider standard errors on average bars in an ANOVA
of two or more treatments. If error bars are large (low
repeatability), average treatment responses must be very
different to demonstrate statistical significance. On the
other hand, small error bars (high repeatability) enable
detection of statistically significant treatment effects,
even if averages are only marginally different.

Factors contributing to low radiometric repeatabil-
ity of optical sensing data acquired from plants can be
broadly divided into four categories: lighting and envi-
ronment [6, 12-15], imaging systems and optical sens-
ing data sets [16—18], plant agronomics and stressors
[19-22], and plant physiology and photoperiods [23-30].
In a few studies, radiometric repeatability was experi-
mentally manipulated by adding known levels of noise to
data sets to assess its relative effect on accuracy of clas-
sification functions [31, 32]. Radiometric repeatability
over time was the focus in a study of optical sensing data
acquired from carefully selected target objects (spectrally
homogeneous, Lambertian, horizontally placed, and at
least 12x12 m) [33]. Using ground truthing data from
these target objects over a period of nine days, authors
showed that radiometric repeatability ranged from 79
to 94% (coefficient of variation ranging from 6 to 21%).
A second study involved hyperspectral optical sensing
data acquired from colored boards during 52 flight mis-
sions on three separate days [6]. As colored boards were
assumed not to change in composition and structure dur-
ing the study, optical sensing data from individual boards
were assumed to only vary as a function of lighting and
environment. To illustrate and highlight the issue of
radiometric repeatability, Fig. 1a shows the drone-based
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Fig. 1 Octocopter drone system (a) and color boards (b) used to quantify radiometric repeatability. Average reflectance and radiometric repeatability

based on three flights within 24 min (c)
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Fig. 2 Hyperspectral optical sensing with an active light source inside dark room (a). Soybean plants at 1 x 1 (b) and 9x 9 (c) spatial binning. Coleus plants
at 1x 1 (d) and 9x9 (e) spatial binning. Radiometric repeatability (%) was calculated (Eq. 1) based on average reflectance of white Teflon on seven days

and with data being collected at noon and midnight (f)

hyperspectral imaging system and the objects being
imaged (Fig. 1b) [6]. From this study, Fig. 1c shows the
radiometric repeatability of hyperspectral imaging sys-
tem acquired from white Teflon during three flight mis-
sions, each lasting about 1 min: 11:48 am, 11:49 am, and
12:12 pm on the same day.

Within 24 min, and near azimuth on a day with clear
blue sky, values in most spectral bands between 380
and 900 nm varied 3-6% (radiometric repeatabil-
ity=94-97%), while much lower radiometric repeatabil-
ity was observed in spectral bands from 900 to 1,015 nm.
It seems reasonable to assume that a radiometric repeat-
ability of 94-97% would markedly decrease, if optical
sensing data were acquired: across a wider time span
within a day, during multiple days, from growing plants,
and/or from a large area with topography and scattering
from adjacent objects/features. Sensitivity analyses and
tests of classification function robustness to radiometric
repeatability is a research area, which deserves further
attention.

We wish to highlight low radiometric repeatability
as a frequently ignored aspect of optical sensing stud-
ies. In 2005, K Peleg, GL Anderson and C Yang [34]
highlighted the issue of low radiometric repeatability
in markedly unambiguous terms: “Hyperspectral image
cubes acquired in consecutive flights over the same target
should ideally be identical. In practice, two consecutive
flights over the same target usually yield significant differ-
ences between the image cubes. These differences are due
to variations in target characteristics, solar illumination,
atmospheric conditions and errors of the imaging system
proper”. A likely consequence of low radiometric repeat-
ability is that a classification function developed based

on a training data set will fail to generate accurate pre-
dictions when applied to new and independent optical
sensing data. Thus, it may be argued that one of the most
significant frontiers and challenges regarding widespread
adoption of optical sensing in plant research and crop
production hinges on methods to maximize radiometric
repeatability.

To maximize radiometric repeatability, this study
focused on two distinct but highly complementary meth-
ods: (1) acquisition of optical sensing data at night ver-
sus during the day, and (2) deployment of spatial binning
(pixel binning) of hyperspectral imaging data. If plant
stress responses are more pronounced at night, then
active (artificial) lighting can be used to provide near-
constant lighting during data acquisitions (both over
space and time) and therefore mitigate many of the chal-
lenges associated with low radiometric repeatability due
to lighting and environment. There are several specific
research articles and reviews of spatial binning of opti-
cal sensing data [35-38]. Spatial binning is the process-
ing step of averaging pixel values, typically in grids of
3%3, 4x4, 5x5, etc,, and perceived advantages include
reduced effects of outlier pixels, improved signal-to-noise
ratio, smaller data sets so that data transfer and classifi-
cations are faster, and smoothened optical features. Per-
ceived disadvantages are mainly related to loss of unique
optical features due to spatial mixing and loss of spectral
features due to spectral binning. In most cases, there will
likely be trade-offs, so spatial binning is hypothesized to
improve classification accuracies up until a certain point,
where averaging of optical features adversely affects clas-
sification performance.
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In this study, we acquired hyperspectral optical sensing
data at noon and midnight inside a dark room (Fig. 2a)
from soybean (Glycine max L.) and coleus wizard vel-
vet red (Solenostemon scutellarioides L.) plants with/
without experimentally infestation of two-spotted spi-
der mites, (Tetranychus urticae Koch). Leaf reflectance
from soybean is considered representative for most green
plants, while coleus plants have comparatively high con-
centrations of carotenoids and flavonoids, which are
responsible for reddish coloring of leaves [39—42]. Due
to different leaf pigment profiles, these two plant species
were considered suitable for a comparison, and they are
both susceptible to infestations by two-spotted spider
mites [43, 44]. Experimental biotic stress levels consisted
of no two-spotted spider mite infestation (control), and
low and high infestations. The same plants were subjected
to optical sensing on seven days during a 16-day period.
This enabled characterization of change in leaf reflec-
tance over time. On each of seven days, optical sensing
data were acquired at noon and midnight to examine
diurnal effects, calculate radiometric repeatability, and to
determine whether biotic stress detection accuracy was
affected by time of optical sensing. Finally, four levels of
spatial binning were performed and their effects on clas-
sification accuracies were examined. Results presented
here have important practical implications, as: (1) night
time optical sensing enables markedly higher ability to
control lighting and therefore increase levels of radio-
metric repeatability, (2) automation of optical sensing
can be readily deployed at night time when workers are
not present inside greenhouse production systems, and
(3) spatial binning can markedly improve data transfer,
data classification, and computational complexity needed
in high throughput system development. With a focus on
maximization of radiometric repeatability, we argue that
results presented here are relevant to virtually all opti-
cal sensing applications in both controlled environments
(with/without artificial lighting) and in outdoor crop pro-
duction systems.

Materials and methods

Plant materials

To avoid unwanted infestations and to treat each plant
as a separate experimental unit, individual plants
were grown inside screen cages (BugDorm-2120 F
insect-rearing tents: width=60 cm, depth=60 cm, and
height=60 cm; BioQuip Products). Plants were main-
tained at controlled greenhouse facilities [25-30 °C
(average=27.8 °C) and 40-50% relative humidity (RH;
average=46.2%)] under natural light conditions (no
supplementary lighting). Coleus plugs were transplanted
into and soybean seeds planted directly into 6.5-inch
pots and continuously supplied fertilization (UC Davis
modified Hoagland’s solution) through drip irrigation
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(ppm): N=131.5, P=40.5, K=180.0, Ca=101.0, Mg=52.0,
S=68.5, Fe=1.5, Cu=0.1, Mn=0.3, M0o=0.1, and Zn=0.1.
Drip irrigation was delivered to individual pots as two
separate irrigation events of 1 min each and 8 h apart
(2x35 ml=70 ml per day). For all combinations of crop
and treatments, we included eight replicated plants.

Hyperspectral optical sensing

Optical sensing at noon and midnight was performed
inside a dark room immediately adjacent to the green-
house used to maintain soybean and coleus plants. Each
optical sensing event, noon or midnight, was completed
within 60 min conditions, so plants were only momen-
tarily outside individual cages. Furthermore, with opti-
cal sensing performed inside a dark room with an active
halogen light source (Fig. 2a), paired data acquired at
noon and midnight were directly comparable, and varia-
tion in imaging environments among days was consid-
ered negligible. We used a push-broom hyperspectral
camera (PIKA L, Resonon Inc., Bozeman, MT, USA) with
the following specifications: digital output (12 bit), angu-
lar field of view of 7 degrees, objective lens had a 17 mm
focal length (maximum aperture of F1.4), spectral range
of 380-1,015 nm, and spectral resolution of 150 bands
(4.2 nm). Optical sensing data were acquired with a spa-
tial resolution of about 9 pixels mm~2. The hyperspec-
tral camera was mounted on a robotic rail system about
1 m above plants placed on top of a table (Fig. 2a). White
Teflon was imaged simultaneously with plants and used
as radiometric calibration according to the empirical
line method (ELM) [11, 13, 14, 33, 45-51]. Deployment
of ELM calibration likely increases levels of radiometric
repeatability [6]. Deployment of radiometric filtering [1,
52] was used to only include pixels representing green
leaves (exclusion of background).

Hyperspectral imaging was performed on seven days
(seven paired combinations of noon and midnight):
before infestations (baseline), 7-9 days after infesta-
tions (period 1) and 14—16 days (period 2) after infesta-
tions. For both plant species, we included three classes:
non-infested control plants, low infestation (10 adult
two-spotted spider mites per plant) and high infestation
(30 adult two-spotted spider mites per plant). With data
acquired on seven days X two time points (noon and mid-
night) X three classes (control, and low and high infesta-
tions) X eight plants per treatment, optical sensing data
were acquired from 336 combinations of day, time of
optical sensing, treatment, and replication for each plant
species.

Data analyses

All data processing, analyses, and classifications were
performed in R v3.6.1 (The R Foundation for Statistical
Computing, Vienna, Austria).
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Diurnal variation of leaf reflectance

We examined paired average reflectance profiles from
the seven time points at noon and midnight. This analy-
sis was based exclusively on optical sensing data from
control plants, and data from each plant species were
analyzed separately. A looped paired t-test was used to
examine reflectance values in each of the 150 spectral
bands. For each of the two plant species, the main pur-
pose was to identify spectral regions with high sensitiv-
ity to growth of plants over time. Average reflectance
profiles from white Teflon and from control plants were
also used to calculate radiometric repeatability (based on
Eq. 1).

Diurnal variation of biotic stress response

We performed the same looped paired t-test, as
described above, to compare control plants with those
subjected to high infestation (low infestation plants were
excluded from this analysis).

Importance of spatial binning

We performed SVM classification [using the
library(e1071) with linear kernel function and no spe-
cific hyperparameters (i.e., cost or gamma)], and optical
sensing data were divided into four classes: baseline, non-
infested control, and low and high infestations. Separate
SVM classifications were performed for optical sensing
data acquired at noon and at midnight. SVM classifica-
tions were performed based on grouped optical sensing
data acquired 7-9 days after infestations (period 1) and
14-16 days after infestations (period 2). Thus, one SVM
classification included baseline data and data from period
1, while a second SVM classification included baseline
data and data from period 2. This allowed us to deter-
mine relative changes over time, as baseline data were
predicted to be classified with higher accuracy, when
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Fig. 3 Average number of green pixels per plant was calculated and used
as indicator of plant growth during the course of the study
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combined with data from period 2 than when combined
with data from period 1. Furthermore, we conducted
SVM classifications based on four spatial binning levels:
no spatial binning (using individual pixels), 5x5 (25-
fold data reduction), 7x7 (49-fold data reduction), and
9%9 (81-fold data reduction). Accordingly, a total of 32
SVM classifications were performed [two plant species
X two periods X two times of day (noon and midnight)
x four levels of spatial binning]. In all SVM classifica-
tions, irrespectively of level of spatial binning, it was
ensured that numbers of observations in classes were
balanced. This is important, as classifications based on
SVM and other functions are generally sensitive to data
balance among classes [53, 54]. Representative photos
of original data (no spatial binning) and 9x9 spatial bin-
ning are presented in Fig. 2b-e. As assessment of clas-
sification performances, we generated Kappa values
[55] and also included 10-fold cross-validation [56-58].
Regarding interpretation of Kappa values, the following is
generally accepted [55]: 0=poor, 0.01- 0.20=slight, 0.21—
0.40=fair, 0.41-0.60=moderate, 0.61-0.80=substantial,
and 0.81-1.00=almost perfect. In k-fold cross-valida-
tion, training data sets are divided into ‘k’ equal portions,
which in this study was set at 10 (so 18 observations in
each portion). Classification models were trained on ‘k-1’
of these portions, while a remaining portion is used for
validation. This process was repeated ‘k’ times, with each
fold serving as validation, and results from ‘k’ tests are
averaged to produce a single estimation of model classi-
fication performance.

Results and discussion

Temporal trends of optical sensing data

Figure 3 shows average numbers of green pixels for each
plant species over time, and it is seen that bean plants
grew about 4-fold, while coleus plants grew about 3-fold.
We highlight this temporal variation in size (average
number of green pixels per plant), because it can lead to
unbalanced data sets and therefore biased statistical out-
comes [59], if disproportionally more pixels are included
from larger plants. To avoid concerns about unbalanced
data, all statistical analyses were based on randomly
selected but fixed numbers of pixels (also when spatial
binning was deployed) from each combination of time
points and treatment. This issue of unbalanced data sets
due to growth of plants has broad relevance, especially if
treatments (such as drought or fertilizer) directly impact
plant growth, and/or if optical sensing data are acquired
over time.

Diurnal variation of optical sensing data

Average effect of time of optical sensing was calculated as
the relative difference (midnight/noon) in all 150 spectral
bands (Fig. 4). Thus, horizontal blue dotted lines denote
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Fig. 4 Average effect of time of optical sensing is illustrated as a ratio (midnight/noon) for soybean (a) and coleus (b). Horizontal blue dotted line=1,
which equals no effect of time of optical sensing. For all 150 spectral bands from 380-1,015, we performed paired t-tests, and p-values are presented as
continuous red line. Horizontal red dotted denotes significance at the 0.05-level

a ratio=1, which implies no difference between noon
and midnight. A ratio>1 suggests higher leaf reflec-
tance at midnight, while a ratio<1 suggests that leaves
were darker at night compared to at noon. Horizontal
red dotted lines denote paired t-test p-values=0.05, so
that spectral bands below this threshold suggest statisti-
cal significance. Regarding soybean (Fig. 4a), midnight
leaf reflectance was lower in all spectral bands, except
for spectral bands from 730 to 900 nm. It is also seen
that leaf reflectance at midnight was significantly lower
in spectral bands from 380 to 500 nm, 600-700 nm, and
960-1,015 nm. Accordingly, these spectral regions were
considered spectral regions with strongest responses to
time of optical sensing by soybean plants. These spectral
ranges align partially with those identified as possible
indicators of chlorophyll a and b [60-63]. Reflectance
near 700 nm has been shown experimentally to be asso-
ciated with chlorophyll a content [60, 64, 65]. Based on
readings in 15-min intervals on three separate days, the
red portion of the radiometric spectrum (600—700 nm) of
soybean plants has been shown to vary as much as 140%
[66].

Regarding coleus (Fig. 4b), leaf reflectance was gener-
ally higher at midnight than at noon, except for spectral
bands from 580 to 670 nm. There was a prominent leaf
reflectance peak in spectral bands from 400 to 600 nm.
Examination of Fig. 4b suggests negligible relative dif-
ference in spectral bands from 750 to 950 nm (close to
value=1). However, paired t-test results of reflectance
values in these spectral bands suggested highly signifi-
cant responses to time of optical sensing. Furthermore, it
highlights that visual interpretations of average responses
may be slightly deceiving and should be accompanied by
statistical analyses. In addition, leaf reflectance at mid-
night was significantly higher in spectral bands from 450
to 580 nm, and significantly lower in spectral bands from

600 to 630 nm. These spectral ranges align partially with
those identified as possible indicators of carotenoids and
anthocyanins [62, 67, 68]. As coleus species typically have
high anthocyanin content [40], it is not surprising that
these plants responded differently in terms of leaf reflec-
tance to time of optical sensing compared to soybean
plants.

Summarizing methods and results: we randomly
selected 1,200 pixels for each combination of plant spe-
cies, day of imaging, and time of optical sensing. Average
reflectance in 150 individual spectral bands were com-
pared using a paired t-test, based on seven pairs of val-
ues in each spectral band (noon versus midnight). From
these analyses, we conclude that the two plant species
responded differently to time of optical sensing, as coleus
plants were generally brighter at midnight, while soybean
plants became darker compared to at noon. In addition,
the two plant species showed significant responses in dif-
ferent spectral regions. However, for both plant species
we conclude that time of optical sensing has a profound
influence on optical sensing data. Importantly, magnitude
of average difference was not a reliable indicator of statis-
tical significance. Moreover, Fig. 4b shows only a modest
increase in leaf reflectance in spectral bands from 740 to
940 nm, but statistical comparisons were highly signifi-
cant. Thus, this spectral region is interpreted as possess-
ing a high level of radiometric repeatability. Conversely,
Fig. 4a showed a considerable decrease in leaf reflectance
in spectral bands from 500 to 600 nm, but differences in
individual bands were not statistically significant. Thus,
this spectral region was likely associated with low radio-
metric repeatability. This exercise highlights the impor-
tance of assessing relative responses based on statistical
comparisons rather than qualitative/visual interpreta-
tions of treatment responses in individual spectral bands.
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Furthermore, it provided valuable insight into spectral
regions with strong response to photoperiod.

Actual impact of physiological dynamics on leaf reflec-
tance has, to the best of our knowledge, not been thor-
oughly examined, but such knowledge may provide
insight into possible factors adversely affecting radio-
metric repeatability of optical sensing data from plants.
Reviews of spectral indices show that spectral bands
from 900 to 970 nm are frequently used [3, 69-73]. With
spectral bands in this region showing a highly significant
response to noon versus midnight in coleus, our results
suggest that such spectral indices should be used with
caution in optical sensing of plants with high concentra-
tions of anthocyanins.

Diurnal variation of radiometric repeatability

Application of Eq. 1 to average reflectance data acquired
from white Teflon was used to calculate radiometric
repeatability of imaging system and imaging condi-
tions (Fig. 2f). We found that radiometric repeatability
exceeded 99% in all spectral bands, and it was consis-
tently higher when hyperspectral imaging data were
acquired at midnight. This analysis is rarely included
in published optical sensing studies, but it markedly
improves ability to interpret optical trends and plant
responses to treatments. Moreover, with demonstration
of <1% stochastic noise in reflectance data, we are in
position to make much stronger statements about plant
responses to photoperiod and to a biotic stressor. Regard-
ing soybean (Fig. 5a), radiometric repeatability was below
80% in spectral bands from 380 to 700 nm, and it was
lowest when hyperspectral imaging data were acquired
at noon. In spectral bands from about 740-1,015 nm,
radiometric repeatability was near 100% at noon but
considerably lower when hyperspectral imaging data
were acquired at midnight. Regarding coleus (Fig. 5b),
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radiometric repeatability was generally low (<80%) in
spectral bands from 400 to 650 nm, while it was near
100% in spectral bands from about 740-1,015 nm, irre-
spectively of whether hyperspectral imaging data were
acquired at noon or midnight.

We wish to re-emphasize that hyperspectral imag-
ing data were acquired inside a dark room with artificial
lighting, and that ELM calibration was performed for
each time point. Consequently, low/reduction of radio-
metric repeatability is considered to be exclusively attrib-
uted to physiological changes in response to photoperiod.
As part of interpreting results presented in Fig. 5, it is
paramount to highlight that reflectance profiles used to
calculate radiometric repeatability represented averages
of thousands of pixels (see Fig. 3), as hundreds of pixels
were selected from each of eight replicated plants. Thus,
reductions of radiometric repeatability of 20% or more
represented marked changes in leaf reflectance. Obvious
consequences of results presented in Fig. 5 are: (1) stress
signals representing<40% change in leaf reflectance may
not be detectable, if based on spectral bands from 380 to
700 nm, (2) if using spectral bands from 380 to 700 nm,
then acquisition of hyperspectral imaging data at mid-
night provide higher likelihood of accurate crop stress
detection, 4) spectral bands from 730 to 1,015 nm were
associated with very high radiometric repeatability in
both crops, and irrespectively of whether hyperspectral
imaging data were acquired at noon or midnight, and 4)
radiometric repeatability of crops with different pigment
profiles appear to show high degree of variability in terms
of responses to time of day of hyperspectral imaging.

The observed optical trends presented in Fig. 5 are
likely due to complex physiological plants responses
to photoperiod [30]. Concentration of chlorophyll has
been shown to follow diurnal fluctuations in a number of
plants, including tomato [24], petunia [27], tobacco [26],
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Fig. 5 Radiometric repeatability of average reflectance profiles from soybean (a) and coleus (b) control plants was calculated based on Eq. 1
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and wheat [23, 74]. Anthocyanins also show diurnal fluc-
tuations [40]. At a high spatial resolution, M Busheva, G
Garab, E Liker, Z Téth, M Szell and F Nagy [23] showed
that contents of chlorophyll pigments a and b in wheat
leaves (basal, mid, and tip) changed markedly, both diur-
nally and seasonally. SJ Britz and WR Briggs [75] studied
an Ulva species and showed that chloroplasts were near
the outer leaf surface during the day, while at night, these
pigments were mainly located along the leaf sides, and
the absorbance of radiometric energy was low. This spa-
tio-temporal variability and mobility of chloroplasts and
concentrations of pigments underscore that plants have
mechanisms to regulate (and possibly optimize) their
investment in photosynthesis. From experimental studies
of green leaves, it has been demonstrated that concentra-
tions of plant pigments can be quantified non-destruc-
tively based on wavelength-specific leaf reflectance
features (“R” denotes relative reflectance, “p” denotes
reciprocal reflectance) [60—63, 67, 68], including: chloro-
phyll a (R700, R750/R550, and R750/R700, p710- p790),
chlorophyll b (R672/R550, R860/R550), carotenoids
(R510, R531, R550, R700), anthocyanins (p550- p710).
Thus, under assumption of diurnal variations in pigment
concentrations in plants, it would be expected that leaf
reflectance acquired during the day and at night vary
in some of these specific wavelengths. However, we are
unaware of studies experimentally testing whether such
diurnal dynamics of pigments and plant physiology may
influence magnitude and types of reflectance responses
to biotic stressors.

Diurnal variation of biotic stress response

In a first analysis of stress response, only control and
high infestation plants (not low infestation) were com-
pared and subjected to the same analytical approach as

a
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used to examine leaf reflectance responses to time of
optical sensing. Regarding soybean at noon (Fig. 6a), it is
seen that two-spotted spider mite infestations elicited a
significant increase in leaf reflectance in spectral bands
from 380 to 510 nm and 570-700 nm, while infestations
caused a significant decrease in leaf reflectance in spec-
tral bands from 700 to 800 nm. A similar, but stronger,
stress response was observed in optical sensing data
acquired from soybean at midnight with highly signifi-
cant increases in leaf reflectance in spectral bands from
380 to 530 nm and 570-700 nm (Fig. 6b).

Regarding coleus at noon (Fig. 7a), it is seen that two-
spotted spider mite infestations elicited a significant
increase in leaf reflectance in spectral bands from 450
to 480 nm and 615-720 nm, while infestations caused a
significant decrease in leaf reflectance in spectral bands
near 780 nm and from 950 to 1,015 nm. Regarding optical
sensing data acquired from coleus at midnight (Fig. 7b),
two-spotted spider mite infestations elicited a signifi-
cant increase in spectral bands from 615 to 720 nm and
a small but significant decrease in spectral bands from
890 to 1,015 nm. Several studies have described increase
in leaf reflectance in response to two-spotted spider mite
infestation [1, 76—82].

In a second analysis, we conducted SVM classification
of plants divided into four classes: baseline, control, and
low and high infestations. Table 1 shows outcomes from
classifications of soybean optical sensing data acquired
at noon and midnight and in response to four levels of
spatial binning. At progressively higher levels of spatial
binning, available numbers of pixels became a limitation,
so different fixed number of pixels were used for differ-
ent levels of spectral binning. For all four classes (base-
line, control, and low and high infestations), and also
regarding overall accuracy, classification accuracies were

b
1.20 1.0
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1.15 0.8

o
(3,
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Fig. 6 Average difference between plants subjected to high two-spotted spider mite infestations and control plants is illustrated as a ratio (high infesta-
tion/ control) for soybean when imaged at noon (a) or at midnight (b). Horizontal blue dotted line=1, which equals no effect of time of optical sensing.
For all 150 spectral bands from 380-1,015, we performed paired t-tests, and p-values are presented as continuous red line. Horizontal red dotted denotes

significance at the 0.05-level
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Fig. 7 Average difference between plants subjected to high two-spotted spider mite infestations and control plants is illustrated as a ratio (high infesta-
tion/ control) for coleus when imaged at noon (a) or at midnight (b). Horizontal blue dotted line= 1, which equals no effect of time of optical sensing.
For all 150 spectral bands from 380-1,015, we performed paired t-tests, and p-values are presented as continuous red line. Horizontal red dotted denotes

significance at the 0.05-level

Table 1 SVM classifications of optical sensing data from soybean

Binning Pixels Diurnal Period Base Control Low High K-1 Kappa
1by1l 1200 Noon 1 0.87 0.65 0.62 0.62 63.04 0.59
5by5 1200 Noon 1 097 0.77 0.68 0.70 7558 0.71
7by7 600 Noon 1 0.98 0.79 0.70 0.70 75.96 0.72
9by9 375 Noon 1 0.98 0.79 0.71 0.78 76.93 0.76
1 by 1200 Noon 2 0.99 0.69 0.52 0.65 65.79 0.62
5by5 1200 Noon 2 1.00 0.71 0.61 0.75 73.52 0.69
7by7 600 Noon 2 1.00 0.76 0.58 0.78 74.58 0.71
9by9 375 Noon 2 1.00 0.73 0.69 0.78 75.80 0.73
1by1l 1200 Midnight 1 0.97 0.71 0.65 0.62 68.56 0.65
5by5 1200 Midnight 1 0.99 0.86 0.76 0.77 8267 0.79
7by7 600 Midnight 1 0.99 0.85 0.75 0.79 83.46 0.80
9by9 375 Midnight 1 0.99 0.88 0.78 0.77 83.60 0.81
1by1 1200 Midnight 2 0.99 0.75 0.58 0.64 68.67 0.66
5by5 1200 Midnight 2 1.00 0.84 0.60 0.74 7717 0.73
7by7 600 Midnight 2 1.00 0.86 0.63 0.78 7858 0.76
9by9 375 Midnight 2 1.00 0.85 0.57 0.81 77.27 0.74
Noon 0.97a 0.74a 0.64a 0.72a 72.65a 0.69a
Midnight 0.99a 0.82b 0.67a 0.74a 77.50a 0.74a

“Binning” denotes level of spatial binning (averaging of pixels). “Pixels” denotes numbers of pixels randomly selected for each of the four categories. This number
of pixels from each category was fixed for each analysis to ensure balance of data. “Period”: 1=7-9 days after infestations (Period 1) and 14-16 days (Period 2)
after infestations with two-spotted spider mites. Optical sensing data in four categories (Base=baseline, Control=non-infested plants, Low=low infestation, and
High=high infestation). K-1 denotes k-fold cross-validation and Kappa=Kappa value. Average values for noon and midnight were compared based on one-way

anova and letters denote statistical difference at the 0.05-level

numerically highest at midnight compared to noon, but
only control plants showed significantly higher accuracy
(P<0.05). The class, baseline, was classified with high-
est level of accuracy, especially for period 2. As baseline
data were acquired about two weeks prior to period 2,
this result was expected. Furthermore, it highlights the
important fact that leaf reflectance changes during time
periods of a few days. Low infestations were associated
with lowest classification accuracies.

This was to be expected, as optical data from these
plants would likely be misclassified as either control or

high infestation. For all four combinations of time of opti-
cal sensing (noon and midnight) and time period (1 and
2), there was an increase in Kappa values as a function of
spatial binning. Regarding interpretation of Kappa values
from soybean classifications, most values were within the
0.61-0.80 range, which is considered “substantial” [55].
Table 2 shows outcomes from classifications of coleus
optical sensing data acquired at noon and midnight and
in response to four levels of spatial binning. Two classes
(control, and high infestations) as well as overall accuracy
(K-1) and average Kappa values were numerically highest
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Table 2 SVM classifications of optical sensing data from coleus
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Binning Pixels Diurnal Period Base Control Low High K-1 Kappa
1by 1 1200 Noon 1 0.80 0.60 042 050 51.83 044
5by5 1200 Noon 1 0.90 0.60 047 0.68 62.38 0.55
7by7 600 Noon 1 091 0.64 0.54 0.69 65.13 0.59
9by9 375 Noon 1 0.93 0.59 0.55 0.66 63.20 0.58
1by1 1200 Noon 2 0.89 0.63 047 0.59 57.81 0.52
5by5 1200 Noon 2 0.96 0.62 0.51 0.68 65.98 0.59
7by7 600 Noon 2 0.96 0.63 0.54 0.66 64.83 0.59
9by9 375 Noon 2 0.96 0.66 0.52 0.69 65.73 0.61
1by 1 1200 Midnight 1 0.77 0.60 0.36 0.58 5167 044
5by5 1200 Midnight 1 0.90 0.67 0.49 0.69 64.83 0.58
7by7 600 Midnight 1 091 0.71 048 0.73 6533 0.61
9by9 375 Midnight 1 0.89 0.71 0.54 0.75 67.13 0.63
1 byl 1200 Midnight 2 0.88 0.62 0.40 0.58 55.60 049
5by5 1200 Midnight 2 0.95 0.66 0.51 0.71 67.90 0.62
7by7 600 Midnight 2 0.95 0.67 0.52 0.74 66.29 0.63
9by9 375 Midnight 2 0.97 0.69 0.52 0.72 67.13 0.64
Noon 091 0.62 0.50 0.64 62.11 0.56
Midnight 0.90 0.67 047 0.69 63.24 0.58

“Binning” denotes level of spatial binning (averaging of pixels). “Pixels” denotes numbers of pixels randomly selected for each of the four categories. This number
of pixels from each category was fixed for each analysis to ensure balance of data. “Period”: 1=7-9 days after infestations (Period 1) and 14-16 days (Period 2)
after infestations with two-spotted spider mites. Optical sensing data in four categories (Base=baseline, Control=non-infested plants, Low=low infestation, and
High=high infestation). K-1 denotes k-fold cross-validation and Kappa=Kappa value

at midnight compared to noon, but none of them showed
significantly higher accuracy (P>0.05). Regarding inter-
pretation of Kappa values from coleus classifications,
most values were within the 0.41-0.60 range, which is
considered “moderate” [55]. As it was seen in analyses
of soybean: (1) There was a positive correlation between
level of spatial binning and accuracy of classifications of
optical sensing data acquired from coleus. (2) Baseline
was classified with a high level of accuracy, especially for
period 2. (3) Low infestations were associated with lowest
classification accuracies.

In summary, classification results based on optical
sensing data from both soybean and coleus showed that:
(1) accuracies were numerically higher when plants were
imaged at midnight, (2) spatial binning increased accu-
racies, and (3) temporal comparison (comparing baseline
data with data from periods 1 and 2, respectively) showed
clear trends of leaf reflectance changing as a function
of plant growth over time. These trends were observed
based on balanced data (fixed numbers of pixels included
from all plant categories), so they cannot be interpreted
as possible artefacts and/or flaws in data structures.

Final perspectives

Optical sensing, with hyperspectral imagers and other
sensors, is a crucially important method to monitor and
manage crops in agriculture and plants in non-agricul-
tural environments [11, 13, 83, 84]. Thus, it is paramount
that research addresses and finds solutions to the most
challenging bottlenecks restricting further adoption of

optical sensing. We argue that methods to maximize
radiometric repeatability of optical sensing data should
be regarded as a primary research priority and frontier.
Based on average reflectance profiles acquired from
control plants on seven separate days under controlled/
artificial lighting and with ELM calibration, we dem-
onstrated radiometric repeatability varies considerably
among spectral bands: low radiometric repeatability in
range from 380 to 700 nm, and high radiometric repeat-
ability in range from 720 to 1,015 nm. With radiometric
repeatability falling below 80% in some spectral regions,
results from this study corroborate concerns raised and
results presented almost 25 years ago [34]. Facing chal-
lenges with low radiometric repeatability, we tested rela-
tive effects of time of optical sensing of hyperspectral
imaging and of spatial binning on classification accu-
racies. As seen in Table 1, classification of optical sens-
ing from soybean plants at noon with no spatial binning
was associated with Kappa values of 0.59 (period 1) and
0.62 (period 2), while midnight Kappa values were 0.81
(period 1) and 0.74 (period 2). Thus, the combination
of midnight imaging and spatial binning increased clas-
sification accuracies by about 29% (from 0.60 to 0.77).
Classification of optical sensing from coleus plants at
noon with no spatial binning was associated with Kappa
values of 0.44 (period 1) and 0.52 (period 2), while mid-
night Kappa values were 0.63 (period 1) and 0.64 (period
2) (Table 2). Thus, the combination of midnight imaging
and spatial binning increased classification accuracies by
about 31% (from 0.48 to 0.63).
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Optical sensing at midnight with active light source
would mitigate a number of challenges, including radio-
metric calibration. ELM calibration is probably the most
commonly used method of radiometric calibration of
(airborne) optical sensing data [14], and it has been
thoroughly reviewed [11, 47, 51]. Other radiometric
calibration methods are based on quantification of “true
reflectance” as a reference [7, 14, 34, 66]. ELM calibra-
tion requires placement and retrieval of reference boards,
which must be placed sufficiently frequent to account
for temporal variations in atmospheric conditions and
sun parameters. Placement and retrieval of calibration
boards are time and labor consuming, and they must
be placed in ways that minimize radiometric noise due
to projection angle issues and/or shadows being cast by
adjacent objects. Furthermore, calibration boards must
be kept clean, stored properly, and high-quality calibra-
tion boards are often costly. Additionally, continuous use
of commercially available calibration boards (based on
supplier and material) under field conditions may lead
to change in their optical characteristics over time [84].
These challenges associated with ELM-based radiomet-
ric calibration are highlighted, because they contribute
significantly to risks of low radiometric repeatability.
And most of concerns with ELM-based radiometric cali-
bration may be mitigated by opting for midnight opti-
cal sensing with an active and constant light source. In
open field cropping systems, midnight optical sensing
may represent some logistical challenges. However, auto-
mated rovers or pivot irrigation could be outfitted with
active light sources and optical sensor, and if rovers are
deployed swarms, then data from large crop areas could
be acquired in a timely fashion. Costs of optical sensing
equipment could be a significant constraint, but it may
be justified if radiometric repeatability of optical sensing
data can be markedly improved. In controlled environ-
ments, optical sensing at midnight would likely be asso-
ciated with less (negligible) concerns about fluctuating
lighting conditions and/or concerns about beams and
other structural features casting shadows and scattering.
Furthermore, optical sensing would be performed when
workers are not present, so there would be no down-time
(loss of productivity). Optical sensing at night would also
benefit from another critically important aspect, which
is that chloroplasts tend to be more stable in the dark.
Moreover in darkness, chloroplasts are not subjected to
photooxidative stress, which is a major cause of chloro-
plast damage induced by light conditions [30]. Results
from this study provided strong support for claims that
acquisition of optical sensing data to detect and char-
acterize biotic stress responses by plants should be per-
formed at night. Additionally, we demonstrated marked
benefits of deploying spatial binning.

Page 11 of 13

Acknowledgements

This study was partially funded through a combination of awards by the U.S.
Department of Agriculture’s (USDA) Agricultural Marketing Service through
grant 18-00001-056-SC and USDA/ARS Floriculture, Nursery Research Initiative.
We wish to thank Reviewer 1, who provided excellent and very constructive
feedback.

Author contributions

Conceptualization, C.N.; methodology, C.N., AM, PJ.C; formal analysis, CN.,
PJ.C,; writing original draft preparation, C.N.; writing review and editing, C.N.,
AM, PJ.C, visualization, CN.,, PJ.C. All authors have read and agreed to the
published version of the manuscript”

Funding

This study was partially funded through a combination of awards by the U.S.
Department of Agriculture’s (USDA) Agricultural Marketing Service through
grant 18-00001-056-SC and USDA/ARS Floriculture, Nursery Research Initiative.

Data availability
Optical sensing data supporting this study are in BIP format and are available
from the authors upon reasonable request and with permission.

Declarations

Ethical approval
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 26 June 2024 / Accepted: 21 October 2024
Published online: 28 October 2024

References

1. Nansen C, Murdock M, Purington R, Marshall S. Early infestations by arthro-
pod pests induce unique changes in plant compositional traits and leaf
reflectance. Pest Manag Sci. 2021.

2. Berger K, Machwitz M, Kycko M, Kefauver SC, Van Wittenberghe S, Gerhards
M, Verrelst J, Atzberger C, Van der Tol C, Damm A. Multi-sensor spectral syner-
gies for crop stress detection and monitoring in the optical domain: A review.
Remote Sens Environ. 2022;280:113198.

3. Prabhakar M, Prasad YG, Rao MN. Remote sensing of biotic stress in crop
plants and its applications for pest management. In: Crop stress and its man-
agement: perspectives and strategies. Edited by Venkateswarlu B, Shanker AK,
Shanker C, Maheswari M. New York, USA: Springer; 2012: 517-549.

4. Segarra J, Buchaillot ML, Araus JL, Kefauver SC. Remote sensing for precision
agriculture: Sentinel-2 improved features and applications. Agronomy.
2020;10(5):641.

5. Galieni A, D'Ascenzo N, Stagnari F, Pagnani G, Xie Q, Pisante M. Past and future
of plant stress detection: an overview from remote sensing to positron emis-
sion tomography. Front Plant Sci. 2021;11:609155.

6. Nansen C, Lee H, Mantri A. Calibration to maximize temporal radiometric
repeatability of airborne hyperspectral imaging data. Front Plant Sci 2023, 14.

7. Anderson GL, Peleg K. Quantification and reduction of erroneous differences
between images in remote sensing. Environ Ecol Stat. 2007;14(2):113-27.

8. Schott J. Remote sensing: the image chain approach. 2nd ed. New York, NY,
USA: Oxford University Press; 2007.

9. Hruska R, Mitchell J, Anderson M, Glenn NF. Radiometric and geometric
analysis of hyperspectral imagery acquired from an unmanned aerial vehicle.
Remote Sens. 2012;4(9):2736-52.

10.  Zhang C, Kovacs JM. The application of small unmanned aerial systems for
precision agriculture: a review. Precision Agric. 2012;13:693-712.

11.  Aasen H, Honkavaara E, Lucieer A, Zarco-Tejada P. Quantitative remote sens-
ing at ultra-high resolution with uav spectroscopy: a review of sensor tech-
nology, measurement procedures, and data correction workflows. Remote
Sens. 2018;10(7):1091.

12. King DL, Kratochvil JA, Boyson WE. Measuring solar spectral and angle-of-
incidence effects on photovoltaic modules and solar irradiance sensors. In:



Nansen et al. Plant Methods

20.

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

33.

34.

35.

36.

(2024) 20:163

Conference Record of the Twenty Sixth IEEE Photovoltaic Specialists Conference:
1997.IEEE: 1113-1116.

Zarzar CM, Dash P, Dyer JL, Moorhead R, Hathcock L. Development of a
simplified radiometric calibration framework for water-based and rapid
deployment unmanned aerial system (UAS) operations. Drones. 2020;4(2):17.
Poncet AM, Knappenberger T, Brodbeck C, Fogle M, Shaw JN, Ortiz BV. Mul-
tispectral UAS data accuracy for different radiometric calibration methods.
Remote Sens. 2019:11(16):1917.

Kedzierski M, Wierzbicki D, Sekrecka A, Fryskowska A, Walczykowski P, Siewert
J. Influence of lower atmosphere on the radiometric quality of unmanned
aerial vehicle imagery. Remote Sens. 2019;11(10):1214.

Hyyppé J, Hyyppa H, Inkinen M, Engdahl M, Linko S, Zhu Y-H. Accuracy com-
parison of various remote sensing data sources in the retrieval of forest stand
attributes. For Ecol Manag. 2000;128(1-2):109-20.

Yokoya N, Grohnfeldt C, Chanussot J. Hyperspectral and multispectral

data fusion: A comparative review of the recent literature. IEEE Geoscience
Remote Sens Magazine. 2017;5(2):29-56.

Liu H, Bruning B, Garnett T, Berger B. Hyperspectral imaging and 3D technolo-
gies for plant phenotyping: From satellite to close-range sensing. Comput
Electron Agric. 2020;175:105621.

FuY,Yang G, Pu R, Li Z Li H, Xu X, Song X, Yang X, Zhao C. An overview of
crop nitrogen status assessment using hyperspectral remote sensing: Current
status and perspectives. Eur J Agron. 2021;124:126241.

Basinger NT, Jennings KM, Hestir EL, Monks DW, Jordan DL, Everman WJ. Phe-
nology affects differentiation of crop and weed species using hyperspectral
remote sensing. Weed Technol. 2020;34(6):897-908.

Mahlein AK, Kuska MT, Behmann J, Polder G, Walter A. Hyperspectral sensors
and imaging technologies in phytopathology: state of the art. Annu Rev
Phytopathol. 2018;56(1):535-58.

Nansen C, Elliott N. Remote sensing and reflectance profiling in entomology.
Ann Rev Entomol. 2016;61:139-58.

Busheva M, Garab G, Liker E, Toth Z, Szell M, Nagy F. Diurnal fluctuations in
the content and functional properties of the light harvesting chlorophyll a/b
complex in thylakoid membranes: correlation with the diurnal rhythm of the
mMRNA level. Plant Physiol. 1991,95(4):997-1003.

Meyer H, Thienel U, Piechulla B. Molecular characterisation of the diurnal/cir-
cadian expression of the chlorophyll a/b-binding proteins in leaves of tomato
and other dicotyledonous and monocotyledonous plant species. Planta.
1989;180:5-15.

Nozue K, Maloof JN. Diurnal regulation of plant growth*. Plant Cell Environ.
2006;29(3):396-408.

Paulsen H, Bogorad L. Diurnal and circadian rhythms in the accumulation and
synthesis of MRNA for the light-harvesting chlorophyll a/b binding protein.
Plant Physiol. 1990;88:1104-9.

Stayton M, Brosio P, Dunsnuir P. Photosynthetic genes of Petunia (Mitch-

ell) are differentially expressed during the diurnal cycle. Plant Physiol.
1989;89:776-82.

Veit M, Bilger W, Mhlbauer T, Brummet W, Winter K. Diurnal changes in
flavonoids. J Plant Physiol. 1996;148(3):478-82.

Venkat A, Muneer S. Role of circadian rhythms in major plant metabolic and
signaling pathways. Front Plant Sci 2022, 13.

Logan BA. Reactive oxygen species and photosynthesis. In: Antioxidants and
reactive oxygen species in plants. Edited by Smirnoff N: Blackwell Publishing
Ltd; 2005: 250-267.

Nansen C, Stewart AN, Gutierrez TAM, Wintermantel WM, McRoberts N,
Gilbertson RL. Proximal remote sensing to differentiate nonviruliferous and
viruliferous insect vectors — proof of concept and importance of input data
robustness. Plant Pathol. 2019;68:746-54.

Nansen C, Imtiaz MS, Mesgaran MB, Lee H. Experimental data manipulations
to assess performance of hyperspectral classification models of crop seeds
and other objects. Plant Methods. 2022;18(1):74.

Karpouzli E, Malthus T. The empirical line method for the atmospheric correc-
tion of IKONOS imagery. Int J Remote Sens. 2003;24(5):1143-50.

Peleg K, Anderson GL, Yang C. Repeatability of hyperspectral imag-

ing systems - quantification and improvement. Int J Remote Sens.
2005;26(1):115-39.

Zhang X, Nansen C, Aryamanesh N, Yan G, Boussaid F. Importance of spatial
and spectral data reduction in detection of internal defects in food products.
Appl Spectrosc. 2015;69(4):473-80.

Riccioli C, Pérez-Marin D, Garrido-Varo A. Optimizing spatial data reduction

in hyperspectral imaging for the prediction of quality parameters in intact
oranges. Postharvest Biol Technol. 2021;176:111504.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Page 12 of 13

Yoon S-C, Park B. Hyperspectral image processing methods. Hyperspectral
Imaging Technol Food Agric. 2015:81-101.

Jia B, Wang W, Ni X, Lawrence KC, Zhuang H, Yoon S-C, Gao Z. Essential pro-
cessing methods of hyperspectral images of agricultural and food products.
Chemometr Intell Lab Syst. 2020;198:103936.

Shoaib RM, Ali SI, Metwally SA, Ibrahim MM, Aboud KA. Phytochemical and
molecular analyses of some Coleus cultivars cultivated in Egypt. Bull Natl Res
Centre. 2020;44(1):105.

Boldt JK. Foliar anthocyanins in coleus and ornamental grasses: accumula-
tion, localization, and function. 2013.

Ferreyra MLF, Serra P, Casati P. Recent advances on the roles of flavonoids as
plant protective molecules after UV and high light exposure. Physiol Plant.
2021;173(3):736-49.

TanakaY, Sasaki N, Ohmiya A. Biosynthesis of plant pigments: anthocyanins,
betalains and carotenoids. Plant J. 2008;54:733-49.

Reichert MB, Schneider JR, Wurlitzer WB, Ferla NJ. Impacts of cultivar and
management practices on the diversity and population dynamics of mites in
soybean crops. Exp Appl Acarol. 2024;92(1):41-59.

Aslam S, Shahid M, Ahmad M, Nagvi SAR, AL-Hugail AA. Coleus. Essentials of
Medicinal and Aromatic Crops. Springer; 2023. pp. 195-220.

Agapiou A. Vegetation extraction using visible-bands from openly licensed
unmanned aerial vehicle imagery. Drones. 2020;4(2):27.

Igbal F, Lucieer A, Barry K. Simplified radiometric calibration for UAS-mounted
multispectral sensor. Eur J Remote Sens. 2018;51(1):301-13.

Smith GM, Milton EJ. The use of the empirical line method to calibrate
remotely sensed data to reflectance. Int J Remote Sens. 1999;20(13):2653-62.
Wang C, Myint SW. A simplified empirical line method of radiometric calibra-
tion for small unmanned aircraft systems-based remote sensing. IEEE J Sel
Top Appl Earth Observations Remote Sens. 2015;8(5):1876-85.

Mafanya M, Tsele P, Botai JO, Manyama P, Chirima GJ, Monate T. Radiometric
calibration framework for ultra-high-resolution UAV-derived orthomosaics for
large-scale mapping of invasive alien plants in semi-arid woodlands: Harrisia
pomanensis as a case study. Int J Remote Sens. 2018;39(15-16):5119-40.

Del Pozo S, Rodriguez-Gonzalvez P, Herndndez-Lépez D, Felipe-Garcia B.
Vicarious radiometric calibration of a multispectral camera on board an
unmanned aerial system. Remote Sens. 2014;6(3):1918-37.

Baugh WM, Groeneveld DP. Empirical proof of the empirical line. Int J Remote
Sens. 2008;29(3):665-72.

Nguyen H, Nansen C. Hyperspectral remote sensing to detect leafminer-
induced stress in bok choy and spinach according to fertilizer regime and
timing. Pest Manag Sci. 2020,76(6):2208-16.

Lindstrom SW, Geladi P, Jonsson O, Pettersson F. The importance of bal-
anced data sets for partial least squares discriminant analysis: classification
problems using hyperspectral imaging data. J Near Infrared Spectrosc.
2011;19(4):233-41.

Datta D, Mallick PK, Shafi J, Choi J, ljaz MF. Computational intelligence for
observation and monitoring: a case study of imbalanced hyperspectral
image data classification. Computational Intelligence and Neuroscience 2022,
2022.

Landis JR, Koch GG. The measurement of observer agreement for categorical
data. Biometrics. 1977,33:159-74.

Fauvel M, Dechesne C, Zullo A, Ferraty F. Fast forward feature selection of
hyperspectral images for classification with gaussian mixture models. IEEE J
Sel Top Appl Earth Observations Remote Sens. 2015;8(6):2824-31.

JinJ, Tang L, Hruska Z, Yao H. Classification of toxigenic and atoxigenic strains
of Aspergillus flavus with hyperspectral imaging. Comput Electron Agric.
2009;69(2):158-64.

Huang L, Ding W, Liu W, Zhao J, Huang W, Xu C, Zhang D, Liang D. Identifica-
tion of wheat powdery mildew using in-situ hyperspectral data and linear
regression and support vector machines. J Plant Pathol. 2019;101(4):1035-45.
He H, Garcia EA. Learning from imbalanced data. IEEE Trans Knowl Data Eng.
2009;21(9):1263-84.

Carter GA, Knapp AK. Leaf optical properties in higher plants: Linking
spectral characteristics to stress and chlorophyll concentration. Am J Bot.
2001;88(4):677-84.

Gitelson AA, Merzlyak MN. Signature analysis of leaf reflectance spectra:
algorithm development for remote sensing of chlorophyll. J Plant Physiol.
1996;148(3):494-500.

Gitelson A, Solovchenko A. Non-invasive quantification of foliar pig-

ments: Possibilities and limitations of reflectance- and absorbance-based
approaches. J Photochem Photobiol B. 2018;178:537-44.



Nansen et al. Plant Methods

63.

64.

65.

66.

67.

68.

69.

70.

71

72.

73.

74.

(2024) 20:163

Datt B. Remote sensing of chlorophyll a, chlorophyll b, chlorophyll a+b,
and total carotenoid content in Eucalyptus leaves. Remote Sens Environ.
1998,66(2):111-21.

Dunagan SC, Gilmore MS, Varekamp JC. Effects of mercury on visible/near-
infrared reflectance spectra of mustard spinach plants (Brassica rapa P).
Environ Pollut. 2007;148:301-11.

Jean-Philippe S, Labbé N, Damay J, Franklin J, Hughes K. Effect of Mercuric
Compounds on Pine and Sycamore Germination and Early Survival. Am J
Plant Sci. 2012;3(1):150-8.

Kollenkark JC, Vanderbilt VC, Daughtry CST, Bauer ME. Influence of

solar illumination angle on soybean canopy reflectance. Appl Opt.
1982;21(7):1179-84.

Saleh RM, Kulig B, Arefi A, Hensel O, Sturm B. Prediction of total carotenoids,
color, and moisture content of carrot slices during hot air drying using
non-invasive hyperspectral imaging technique. J Food Process Preserv.
2022;46(9):216460.

Gitelson AA, Zur Y, Chivkunova OB, Merzlyak MN. Assessing carotenoid

content in plant leaves with reflectance spectroscopy. Photochem Photobiol.

2002;75(3):272-81.

Bolin FP, Preuss LE, Taylor RC, Ference RJ. Refractive index of some
mammalian tissues using a fiber optic cladding method. Appl Opt.
1989;28(12):2297-303.

Thenkabail PS, Smith RB, Pauw E. Hyperspectral vegetation indices and their
relationships with agricultural crop characteristics. Remote Sens Environ.
2000;71(2):158-82.

Thorp KR, Tian LF. A Review on Remote Sensing of Weeds in Agriculture.
Precision Agric. 2004;5(5):477-508.

ZhuY,Yao X, TianY, Liu X, Cao W. Analysis of common canopy vegetation
indices for indicating leaf nitrogen accumulations in wheat and rice. Int J
Appl Earth Obs Geoinf. 2008;10:1-10.

Luo J,Huang W, Yuan L, Zhao C, Du S, Zhang J, Zhao J. Evaluation of spectral
indices and continuous wavelet analysis to quantify aphid infestation in
wheat. Precision Agric. 2013;14(2):151-61.

Nagy F, Kay SA, Chua N-H. The analysis of gene expression in transgenic
plants. In: Plant gene research manual. Edited by Gelvin SB, Schilperoort RA.
Dordrecht, The Netherlands: Kluwer Academic Press; 1987: 1-29.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

Page 13 of 13

Britz SJ, Briggs WR. Circadian rhythms of chloroplast orientation and photo-
synthetic capacity in ulva. Plant Physiol. 1976;58(1):22-7.

Nansen C, Sidumo AJ, Martini X, Stefanova K, Roberts JD. Reflectance-based
assessment of spider mite bio-response to maize leaves and plant potassium
content in different irrigation regimes. Comput Electron Agric. 2013;97:21-6.
Herrmann |, Berenstein M, Paz-Kagan T, Sade A, Karnieli A. Spectral assess-
ment of two-spotted spider mite damage levels in the leaves of greenhouse-
grown pepper and bean. Biosyst Eng. 2017;157:72-85.

Herrmann |, Berenstein M, Sade A, Karnieli A, Bonfil DJ, Weintraub PG. Spectral
monitoring of two-spotted spider mite damage to pepper leaves. Remote
Sens Lett. 2012;3:277-83.

Reisig DR, Godfrey LD. Spectral response of cotton aphid- (Homoptera:
Aphididae) and spider mite- (Acari: Tetranychidae) infested cotton: controlled
studies. Environ Entomol. 2007;36(6):1466—74.

Reisig DD, Godfrey LD. Remote sensing for detection of cotton aphid-
(Homoptera: Aphididae) and spider mite- (Acari: Tetranychidae) infested
cotton in the San Joaquin Valley. Environ Entomol. 2006;35:1635-46.

Fraulo AB, Cohen M, Liburd OE. Visible/near infrared reflectance (VNIR)
spectroscopy for detecting two spotted spider mite (Acari: Tetranychidae)
damage in strawberries. Environ Entomol. 2009;38:137-42.

Luedeling E, Hale A, Zhang M, Bentley WJ, Dharmasri LC. Remote sensing of
spider mite damage in California peach orchards. Int J Appl Earth Observa-
tions. 2009;11:244-55.

Anderson K, Gaston KJ. Lightweight unmanned aerial vehicles will revolu-
tionize spatial ecology. Front Ecol Environ. 2013;11(3):138-46.

Assmann JJ, Kerby JT, Cunliffe AM, Myers-Smith IH. Vegetation monitoring
using multispectral sensors—best practices and lessons learned from high
latitudes. J Unmanned Veh Syst. 2018;7(1):54-75.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.



	﻿Methods to optimize optical sensing of biotic plant stress – combined effects of hyperspectral imaging at night and spatial binning
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Plant materials
	﻿Hyperspectral optical sensing
	﻿Data analyses
	﻿Diurnal variation of leaf reflectance
	﻿Diurnal variation of biotic stress response
	﻿Importance of spatial binning


	﻿Results and discussion
	﻿Temporal trends of optical sensing data
	﻿Diurnal variation of optical sensing data
	﻿Diurnal variation of radiometric repeatability



