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Early infestations by arthropod pests induce
unique changes in plant compositional traits
and leaf reflectance

Christian Nansen,” © Machiko Murdock, Rachel Purington and
Stuart Marshall

Abstract

BACKGROUND: With steadily growing interest in the use of remote-sensing technologies to detect and diagnose pest infesta-
tions in crops, it is important to investigate and characterize possible associations between crop leaf reflectance and unique
pest-induced changes in plant compositional traits. Accordingly, we compiled plant compositional traits from chrysanthemum
and gerbera plants in four treatments: non-infested, or infested with mites, thrips or whiteflies, and we acquired hyperspectral
leaf reflectance data from the same plants over time (0-14 days).

RESULTS: Plant compositional traits changed significantly in response to arthropod infestations, and individual chrysanthe-
mum and gerbera plants were classified with 78% and 80% accuracy, respectively. Based on leaf reflectance, individual plants
from the four treatments were classified with moderate accuracy levels of 76% (gerbera) and 73% (chrysanthemum) but with a
clear distinction between non-infested and infested plants. Accurate and consistent diagnosis of biotic stressors was not
achieved.

CONCLUSION: To our knowledge, this is the first study in which infestations by multiple economically important arthropod
pests are directly compared and associated with leaf reflectance responses and changes in plant compositional traits. It is
important to highlight that imposed stress levels were low, period of infestation was short, and hyperspectral remote-sensing
data were acquired at four time points with analyses based on large data sets (3826 leaf reflectance profiles for chrysanthe-
mum and 4041 for gerbera). This study provides novel insight into crop responses to different biotic stressors and into possible
associations between plant compositional traits and hyperspectral leaf reflectance data acquired from crop leaves.

© 2021 The Authors. Pest Management Science published by John Wiley & Sons Ltd on behalf of Society of Chemical Industry.

Keywords: arthropod pest management; remote sensing; image analysis; precision agriculture; plant stress
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1 INTRODUCTION are just some of the reasons why identification of the causal pest
species is considered critically important when developing effec-
tive and sustainable arthropod pest management strategies.??
Most, if not all, crop production systems are potentially threat-
ened by more than one species of arthropod pests. Seasonal
variation in the occurrence/abundance of a given arthropod pest,
type of feeding and oviposition symptoms, and severity of
damage to the most affected part of the crop may be used in com-
bination to narrow down or specifically identify the causal arthro-
pod pest agent. Moreover, skilled/trained personnel walk along
rows of crops or aisles inside greenhouses and perform visual
inspection to detect and diagnose signs and symptoms of crop
stress, and this is a key element of effective pest management.”

Accurate and practically feasible detection and diagnosis of
emerging (low-density) infestations by arthropod pest species is
an important challenge in effective and sustainable pest manage-
ment.! Many decisions related to a given pest management strat-
egy hinge on details directly linked to which pest species is
causing crop stress. For instance, different arthropod pest species
infesting the same crop: (i) often have different label restrictions
on dosage; (ii) may show considerably different levels of suscepti-
bility; (iii) often have species-specific seasonal and diurnal activity
patterns, which can greatly influence when to apply pesticides
most effectively; (iv) have different complexes of natural enemies,
which often require special considerations to maximize their rela-
tive ability to complement and synergize other pest management

practices; and (v) have unique growth population dynamics and

dispersal propensities (which are likely to be uniquely influenced * Correspondence to: C Nansen, Department of Entomology and Nematology,
by environmental conditions, such as weather and crop manage- University of California Davis, Davis, CA, USA. E-mail: chrnansen@ucdavis.edu
ment practices), so the risk of a pest outbreak ultimately leading Department of Entomology and Nematology, University of California Davis,
to significant crop damage/loss is highly species-specific. These Davis, CA, USA

______________________________________________________________________________________________________________|
© 2021 The Authors. Pest Management Science published by John Wiley & Sons Ltd on behalf of Society of Chemical Industry.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and
distribution in any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.


https://orcid.org/0000-0003-1324-1949
mailto:chrnansen@ucdavis.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/

Compositional traits and leaf reflectance of ornamental plants

®)
SCI

where science
meets business

WWW.S0Ci.org

However, even though different arthropod pests elicit different
crop damage symptomes, visual crop inspection is labor intensive
and therefore costly, and requires significant labor when per-
formed in large-scale commercial operations. Furthermore, in
some cases, accurate detection and diagnosis of emerging arthro-
pod pest outbreaks can be problematic because abiotic and some
biotic stressors can cause similar signs and/or symptoms, which
may be challenging to distinguish.>™® Although visual inspection
remains a critical component of effective pest management, a
number of factors, including labor shortages and operational
costs, are driving a growing demand for the automation of agri-
cultural practices, particularly crop monitoring and the detection
and diagnosis of arthropod pest outbreaks.”'°

Remote-sensing technologies, especially imaging systems, have
been investigated as ways to perform accurate and reliable crop
monitoring and have also been integrated more generally into
the development of precision agriculture management prac-
tices."’™"® In particular, due to the importance of spectral resolu-
tion, hyperspectral remote-sensing technologies are being
highlighted for their potential to improve the management of
agricultural and forestry resources.'® A key driver behind this
research interest in remote-sensing technologies is that across vir-
tually all cropping systems, review articles provide unequivocal
support for claims about leaf reflectance changes in response to
biotic stressors.®'”~2' However, the vast majority of studies into
remote sensing to detect biotic stressors are based on one crop
and one biotic stressor. Thus for most biotic stressors, it is not
known to what extent the effect of a particular stressor on crop
phenology can be differentiated from other biotic stressors and
from abiotic stressors.

Despite the considerable potential associated with hyperspec-
tral remote sensing, it is important to also highlight some of the
main challenges. For instance, hyperspectral remote-sensing
technologies are still expensive (and therefore potentially cost-
prohibitive) and often require specially trained personnel to effec-
tively operate systems and acquire high-quality data. However,
applied and fundamental research into hyperspectral remote-
sensing technologies may lead to the construction of simpler sen-
sors to acquire signals in a few spectral bands in which crop leaf
reflectance values have been identified as strong and reliable indi-
cators of crop stress. For hyperspectral remote-sensing technologies
to become widely adopted, it is equally important to mention chal-
lenges related to the calibration of sensor hardware (signal-to-noise
ratio of data collected with different systems) and spectral data cali-
bration (for comparison of data collected at different time points and
under different abiotic conditions).''”??2® Inconsistencies and sto-
chastic noise in the calibration of both sensor hardware and spectral
data adversely affect the performance (accuracy and robustness) of
classification algorithms, so studies are needed in which the overall
sensitivity of classification algorithms to stochastic reflectance noise
is quantified experimentally.” In addition, it is important to carefully
examine underlying associations between leaf reflectance and plant
physiology/metabolism as ways to potentially describe likely effects
of biotic stress, and this was investigated in this study.

Figure 1 illustrates two basic hypotheses that underpin the use
of leaf reflectance data in the detection and diagnosis of biotic
stressors in crops. Hypothesis 1 is that infestation by a given
arthropod pest (or any other abiotic or biotic stressor) is associ-
ated with unique changes in plant compositional traits (that is,
phytocompounds, other organic compounds, element composi-
tion, and physiological variables associated with photosynthesis).
Hypothesis 2 is that changes in plant compositional traits are

associated with detectable and unique features in leaf reflectance
profiles. Considering the potential and importance of developing
accurate and reliable remote-sensing technologies to automate
crop management, there are surprisingly few studies in which
the authors have combined analyses of plant compositional traits
and leaf reflectance data. Such studies, especially those describ-
ing and comparing plant compositional trait responses to differ-
ent stressors, are needed to further support the underlying
hypothesis of arthropod pests being associated with species-
specific plant responses that can be detected and diagnosed
based on analyses of leaf reflectance. In support of both hypoth-
eses, Carter and Knapp?® concluded that plants tend to show a
quasi-universal increase in leaf reflectance in spectral bands near
700 nm in response to a wide range of abiotic and biotic stressors.
In addition, these authors demonstrated experimentally that an
increase in leaf reflectance was associated with a reduction in
chlorophyll concentration.?® This excellent study?® provided
important insight into the specific significance of leaf reflectance
in spectral bands near 700 nm, but practical applications of
reflectance-based detection and diagnostics of stressors will be
limited unless unique reflectance features can be associated with
specific abiotic and biotic stressors. Under low/emerging pest
pressure, changes in plant compositional traits and/or reflectance
values in individual spectral bands may be quite subtle and there-
fore non-significant if examined individually. However, when
examined based on a multivariate approach, a specific arthropod
infestation may be associated with a detectable and significant
stress response because ratios among plant compositional traits
change. Recently, Ribeiro et al.?®> examined the extent to which
the phytocompound composition of maize plants (Zea mays L.)
was affected by experimental infestation with green belly stink
bug, Dichelops melacanthus (Dallas) (Hemiptera: Pentatomidae).
The authors concluded that multivariate analysis of phytocom-
pounds provided a stronger indication of the plant stress
response to herbivory than analyses of individual phytocom-
pounds. In addition, they provided support for the claim that
changes in leaf reflectance features can be used as indicators of
subtle biotic plant stress levels.

This study is composed of two separate but highly complementary
parts that address each of the two hypotheses in Figure 1. “Plant
compositional traits” refer to the combination of leaf element com-
position (N, S, P, K, Mg, Ca, Na, B, Zn, Mn, Fe, Cu, and Al) and
photosynthetic activity (photosynthesis, stomatal conductance, tran-
spiration rate, and intercellular CO,) and were collected from two
ornamental plant species, Chrysanthemum L. (Asteraceae) (chrysan-
themum) and (Gerbera jamesonii Bolus ex Hooker f. (Asteraceae) (ger-
bera). Individual plants were subjected to one of four experimental
treatments: (i) control (non-infested); or plants infested with
(i) two-spotted spider mites, Tetranychus urticae Koch (Acari: Tetra-
nychidae), referred to as mites; (iii) western flower thrips, Frankliniella
occidentalis (Thysanoptera: Thripidae), referred to as thrips; or
(iv) silverleaf whiteflies, Bemisia tabaci (Gennadius) (Hemiptera: Aleyr-
odidae), referred to as whiteflies. Plant compositional traits were col-
lected at baseline (prior to arthropod infestation) and after 2 weeks
of arthropod-induced stress. We determined the extent to which
plant compositional traits could be used to classify individual chry-
santhemum and gerbera plants from the different treatments. In
the second part of the study, we acquired hyperspectral leaf reflec-
tance data from the same chrysanthemum and gerbera plants at
four time points: 0 (before infestation), and 3, 7, and 14 days after
arthropod infestation. To our knowledge, this is the first study in
which infestations by multiple economically important arthropod
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in plant compositional traits
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FIGURE 1. Study hypotheses.

pests are directly compared and associated with leaf reflectance
responses and changes in plant compositional traits.

2 MATERIALS AND METHODS

2.1 Plants and arthropod pests

All plants were grown in individual pots inside screen cages
(BugDorm-2120F insect-rearing tents: width = 60 cm, depth =
60 cm, and height = 60 cm; BioQuip Products) at temperature-
controlled greenhouse facilities at the University of California,
Davis. Abiotic conditions inside the screen cages were: 25-30°C
(average = 27.8°C) and 40-50% relative humidity (RH; average =
46.2%). To trigger/elicit flowering, chrysanthemum plants were main-
tained in a blacked-out greenhouse (black and white panda film with
black side facing inwards into the greenhouse) with artificial lighting
(1000 W high-pressure sodium artificial lighting with a 12:12 h light/
dark photoperiod). Chrysanthemum plants were obtained from Gro-
Link Plant Co. They were planted in soilless media (UC Agronomy
Mix) in 4-inch pots and were continuously supplied with fertilizer
(UC Davis modified Hoagland's solution). One week before arthropod
infestations, chrysanthemum plants were trimmed for standardizing
purposes, so that each plant contained one stem with one flower
bud. Gerbera plants were obtained from Dimmen Orange and
planted in soilless media (UC Agronomy Mix) in 6.5-inch pots with con-
tinuously supplied fertilization (UC Davis modified Hoagland's solu-
tion) through drip irrigation (ppm): N = 131.5, P = 40.5, K = 180.0,
Ca=1010, Mg=520, S=685, Fe=15 Cu=01, Mn=03,
Mo = 0.1,and Zn = 0.1. Dripirrigation was delivered to individual pots
as two separate irrigation events of 1 min each and 8 h apart
(2 X 35 ml = 70 ml per day).

Arthropod pests used in experimental infestations were
obtained from continuous colonies at UC Davis: two-spotted spi-
der mites reared on soybean plants, Glycine max L., silverleaf
whiteflies reared on cabbage plants, Brassica oleracea L., and
western flower thrips reared on green bean plants, Phaseolus vul-
garis L. Ornamental plants were subjected to one of the following
treatments: (i) non-infested (control); or infestation with
(ii) 15 adult female two-spotted spider mites, T. urticae Koch
(Acari: Tetranychidae), referred to as mites; (iii) 20 adult silverleaf
whiteflies, B. tabaci (Gennadius) (Hemiptera: Aleyrodidae),
referred to as whiteflies; and (iv) 20 adult western flower thrips,
F. occidentalis (Thysanoptera: Thripidae), referred to as thrips.
Whitefly adults were removed from cages after 2 days of

Plant “B” with
composition profile “B”

Assumption 2: Stress-induced changes in
plant compositional traits cause affect leaf
reflectance profiles.

Plant “B”

(0]
e
i) e
Q WAD
% Plant “A’
(]
=
k=
[}
o

Wavelength (nm)

infestation. After 14 days, arthropod infestations were verified
on all plants. Plants were discarded if they had been accidentally
infested, and infested plants without confirmed presence of infes-
tation were also discarded. It is important to highlight that the
selected infestation levels were quite low and that arthropod
pests were only allowed 14 days to establish and impose crop
stress. After 14 days of arthropod infestation, none of the plants
showed any clearly visual signs of infestation, so this study was
performed with plants that were subjected to subtle biotic stress
levels.

2.2 Plant compositional traits related to arthropod
infestations

In total, we acquired plant compositional trait data from 108 plant
samples (Table 1). Because plant compositional trait analyses
required destructive sampling of leaf materials, baseline samples
represented leaf samples collected immediately prior to infesta-
tion and were obtained from plants not being infested with
arthropods. Additionally, we collected leaf samples from the four
treatments after 2 weeks of arthropod infestation. In data ana-
lyses, baseline and control data were grouped into one treatment
(control). Leaf material from individual plants was collected, dried
for 48 h at 70°C, and subsequently ground to a fine powder and
subjected to analyses of element composition of leaf samples
(N, S, P, K, Mg, Ca, Na, B, Zn, Mn, Fe, and Cu); element composition
analyses were performed by a commercial laboratory (https://
algreatlakes.com/). Four photosynthetic activity parameters, pho-
tosynthesis (mol CO, m~2 s7"), stomatal conductance (mol H,0O
m~2 s7"), transpiration rate (mmol H,O m™2 s™") and intercellular
CO, (pmol CO; mol air "), were measured on individual plants
with a LiCOR 6400XT (https://www.licor.com) portable photosyn-
thesis system both before and after arthropod infestations. Photo-
synthetic activity parameters were taken from leaves in the
middle of the canopy, with a controlled CO, supply (400 pl) and
flow (400 pm). Photosynthetically active radiation (PAR) was set
to 1000 pmol m™2s™', which is considered the approximate light
saturation point.°

2.3 Leaf reflectance to detect and diagnose pest-induced
plant stress responses

We acquired hyperspectral imaging data from individual chrysan-
themum and gerbera plants at: 0 (baseline, before infestation),
3, 7, and 14days after arthropod infestation. In total,

wileyonlinelibrary.com/journal/ps
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144 (chrysanthemum) and 137 (gerbera) hyperspectral images
were acquired. Hyperspectral imaging was performed inside a
temperature- and humidity-controlled dark-room (20-23°C and
50-75% RH). We used a push-broom hyperspectral camera (PIKA
L; www.resonon.com), which was mounted on a customized
robotic rail system with the lens approximately 1.5 m above the
plant canopy. The customized hyperspectral imaging system is
shown in Figure 2(a), and representative images of chrysanthe-
mum and gerbera plants are shown (Figure 2b,c). Hyperspectral
images were acquired with the spatial resolution of about 9 pix-
el mm™2 under artificial lighting (12 and 15 W and 12 V halogen
light bulbs on either side of the lens). Hyperspectral imaging data
from individual plants comprise data in 150 spectral bands from
380 to 1015 nm (spectral resolution = 4.2 nm). A piece of white
Teflon was used for white calibration, and both dark and white
calibrations were performed immediately prior to each imaging
event to obtain relative reflectance. To smooth hyperspectral data
and reduce the size of data files from each plant, hyperspectral
image files were subjected to 15 x 15 pixel (spatial) binning
(Figure 2d,e). After 15 x 15 spatial binning, we used the method

described by Nguyen and Nansen®' and deployed a NDVI-related
radiometric filter to include only binned pixels within a specific
band ratio. Moreover, the following band ratio was calculated:
(R750 — R705)/(R750 + R705), and only pixels with a band ratio
above 0.50 and below 0.90 were included. After selection, an aver-
age of 28.3 (chrysanthemum) and 28.1 (gerbera) binned pixels
were used for data analyses of leaf reflectance from each species
(chrysanthemum = 3826 binned pixels and gerbera = 4041
binned pixels).

2.4 Statistical analyses

All data processing and analyses were conducted in R v.3.6.1
(R Foundation for Statistical Computing). Regarding plant compo-
sitional traits, three separate analyses were performed for each
ornamental plant species and both plant compositional traits
and leaf reflectance data: principal component analysis (PCA),
analysis of variance (ANOVA), and support vector machine classi-
fication. In all analyses, the objective was to compare plants
among the four treatments. We used the “devtools” library to per-
form PCA, and dichotomous dummy variables accounting for

TABLE 1. Ornamental crop plant samples included in this study

Crop plant species Baseline Control Mites Thrips Whiteflies Grand total
Gerbera 6 14 5 10 5 40
Chrysanthemum 10 22 12 12 12 68
Total 16 36 17 22 17 108

Plant compositional traits [(N, S, P, K, Mg, Ca, Na, B, Zn, Mn, Fe, and Cu)] and photosynthetic activity [photosynthesis (mol CO, m
ductance (mol H,0 m™ s™"), transpiration rate (mmol H,O0 m~2 s7"), intercellular CO, (umol CO, mol air~")] were obtained from 108 individual crop
plant samples from two ornamental crops (chrysanthemum and gerbera) in five treatment classes: baseline (before infestation), control (non-
infested), or infested with two-spotted spider mites (mites), western flower thrips (thrips), or silverleaf whiteflies (whiteflies).

~257"), stomatal con-

FIGURE 2. Hypserspectral imaging.
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treatments (control, mites, whiteflies, and thrips) were included.
The “multcomp” library was used to perform ANOVAs of individ-
ual plant compositional traits, and post-hoc Tukey pairwise com-
parisons were performed when significant treatment effects
were detected. Regarding selection of algorithm to classify sam-
ples from different treatments based on either plant composi-
tional traits or leaf reflectance profiles, an initial analysis was
based on leaf reflectance data from gerbera plants and consisted
of direct performance comparison of linear discriminant analysis
(“MASS” and “caret” libraries), random forest (library randomFor-
est), and support vector machine (library e1071). The following
Cohen's kappa coefficients were obtained: linear discriminant
analysis = 0.556. random forest = 0.651, support vector machine
= 0.715. Consequently, support vector machine-based classifica-
tion of both plant compositional traits and leaf reflectance data
was performed.

(a)0.4 1 Ca
B Mn
0.2 P Zn Whiteflies
cu Mg
3 u Fe
)
o
= 00 ™ Control 8 Thri
P . rips
o N Na Mites
0.2 . Conductance
" Transpiration
Photosynthesis
04 ‘Intercevll . i . .
04 03 -02 -01 0.0 0.1 0.2 0.3

PCA1 (23.2%)

Regarding reflectance data acquired from chrysanthemumand ger-
bera plants 0, 3, 7, and 14 days after arthropod infestation, because
baseline hyperspectralimages (0 days after infestation) were acquired
immediately prior to arthropod infestations, these data were all con-
sidered control treatment. In ANOVAs, we generated average reflec-
tance profiles per plant and analyzed treatment effects in all
150 spectral bands. Post-hoc Tukey comparisons were performed
when significant treatment effects were detected. Each of the two
PCAs (one for each ornamental plant species) was based on reflec-
tance values in all 150 spectral bands in which observations were
equal to the number of binned pixels (chrysanthemum = 3826
binned pixels and gerbera = 4041 binned pixels). We included dichot-
omous variables accounting for each of the four treatments, and a var-
iable, “Time”, accounting for days of infestation (0, 3,7,and 14) was also
included. For each ornamental plant species, we performed support
vector machine classification in which treatment was used as a

(b) 0.4 1 Conductance
_Thrips
0.2 Wites Transpiration
g Photosynthesis Mn
~ Fe
S 00
pid Whiteflies KS
o
B N2
-0.2 1 Mg Cu
c Zn P
a iintercell
04 i __ Control | i . i .
04 -03 -02 01 00 01 02 03 04

PCA1 (36.4%)

FIGURE 3. Principal component analyses (PCA) of plant compositional traits from chrysanthemum and gerbera plants. PCA were performed based on 68 chry-
santhemum samples (a) and 40 gerbera samples (b). Dichotomous dummy variables denoted treatment classes (control, mites, whiteflies, and thrips).

TABLE 2. Plant compositional trait responses to arthropod infestations of chrysanthemum and gerbera plants

Chrysanthemum Gerbera
Response variable Control Mites Thrips Whitefly F-value Control Mites Thrips Whitefly F-value
Photosynthesis A A B B 10.09%** A AB B A 4.88**
Transpiration A B B C 22.97%%* A B B A 17.24%%*
Intercellular CO, A A A B 12.92%** NS NS NS NS 2.09
Conductance A A A B 5.03** A B B A 231.6%**
Fe A B AB AB 3.14* AB A AB B 3.72%
K A B B B 8.03*** NS NS NS NS 1.85
P A ABC @ AB 8.05%** NS NS NS NS 0.26
Mn NS NS NS NS 0.03 A B AB AB 4.21*
Cu A AB B B 4.39%* NS NS NS NS 0.58
Mg NS NS NS NS 272 NS NS NS NS 1.92
S NS NS NS NS 0.53 NS NS NS NS 2.06
Na NS NS NS NS 1.6 NS NS NS NS 1.03
Zn NS NS NS NS 0.81 NS NS NS NS 122
Al NS NS NS NS 2.16 NS NS NS NS 1.09
Analysis of variance was used to compare selected average plant compositional traits for control (non-infested) and infested (combining data from
plants infested with two-spotted spider mites, western flower thrips, or silverleaf whiteflies). ‘Infested/Control’ denotes the relative response to infes-
tation. F-value is the statistical result from average comparisons, with * being significant at the 0.05-level, ***' being significant at the 0.001 level.
“A", "B", “C", and “D" denote statistical differences among treatments. “NS” denote non-statistical difference. “*”, “**”, and “***” denote statistical dif-
ferences at the 0.05, 0.01, and <0.001 levels, respectively.
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categorical response variable and reflectance values in the 150 spec-
tral bands from binned pixels were used as explanatory variables.
Accuracy of support vector machine classification was based on kappa
values and tenfold validation. Each pixel was classified independently
of other pixels from the same plant, so individual plants were assigned
to the treatment, which had the highest number of pixels. As an exam-
ple, out of 21 pixels from a chrysanthemum plant, 11 were classified as
control, two as mites, seven as thrips, and one as whiteflies. Thus, the
given plant was assigned to the control treatment.

3 RESULTS

3.1 Plant compositional traits and arthropod

infestations of chrysanthemum

PCA of plant compositional trait data from chrysanthemum revealed
that 45% of the total variance was explained by the two principal
axes, PCA1 and PCA2 (Figure 3a). The dummy variable accounting
for control plants was positioned left-wards along the principal axis,
PCA1, while dummy variables accounting for the three arthropod
infestations were positioned right-wards along the principal axis,
PCA1. This alignment of treatments suggested that infestation
(yes/no) accounted for a considerable portion of the variance in plant
compositional traits. In addition, the position of treatment dummy
variables along the second axis, PCA2, suggested that leaf samples
from plants infested with mites or thrips showed high degree of sim-
ilarity and were different from those infested with whiteflies. Most of
the plant compositional traits were positioned in the left part of
Figure 3(a) and were therefore positively associated with leaf sam-
ples from control plants (and negatively associated with arthropod
infestation). In ANOVAs, the four variables associated with photosyn-
thesis (photosynthesis, stomatal conductance, transpiration rate, and
intercellular CO,) responded significantly to treatment effects, and all
four were significantly different between control and whitefly
infested plant samples (Table 2). Three elements (Fe, K, and P) also
showed a significant response, but each varied in their relative treat-
ment response. Support vector machine classification of samples
from chrysanthemum plants was associated with an overall accuracy
(based on tenfold validation) of 78% and kappa = 0.93. (Table 3).

3.2 Plant compositional traits and arthropod

infestations of gerbera

A PCA of gerbera data revealed that about 44% of the total vari-
ance was explained by the two principal axes, PCA1 and PCA2
(Figure 3b). The dummy variable accounting for control plants
was placed downwards along the second axis, PCA2, while
dummy variables accounting for infestations with mites and

thrips were positioned upwards along the principal axis, PCA2.
As seen in the analysis of chrysanthemum data, plant composi-
tional traits showed a high degree of disassociation between con-
trol plants and those infested with mites and thrips. Most of the
plant compositional traits were positioned in the lower part of
Figure 3(b) and were therefore positively associated with leaf
samples from control plants. Another similarity between PCA
of chrysanthemum and gerbera data was that the dummy
variable accounting for whitefly infestations was somewhat
disassociated from the other three treatments, which is an indi-
cation of whitefly infestation inducing a somewhat different
stress response from mite and thrips infestations. Three of the
four photosynthesis variables responded significantly to treat-
ment effects and were significantly different between control
and whitefly-infested plant samples (Table 2). Two elements
(Fe and Mn) responded significantly but each varied in their rel-
ative treatment response. Support vector machine classifica-
tion of samples from gerbera plants was associated with an
overall accuracy (based on tenfold validation) of 80% and
kappa = 0.96. (Table 3).

3.3 Chrysanthemum leaf reflectance and arthropod
infestations

Average leaf reflectance curves from chrysanthemum plants
across treatments at the four time points showed a high degree
of consistency 3-14 days after infestation (Figure 4a). In addition,
baseline average leaf reflectance in spectral bands from 710 to
1015 nm was markedly higher than at the other time points. A
decrease in leaf reflectance could be attributed to maturation/
darkening of leaves, and a distinct temporal leaf reflectance trend
is important because it may mask or reduce the ability to detect
possible treatment effects. Despite the temporal trend shown in
Figure 4(a), and the fact that baseline and control data were
grouped together into one class, ANOVAs of average reflectance
profiles from chrysanthemum plants showed significant treat-
ment responses in individual spectral bands from 380 to
500 nm, 640 to 695 nm, and 705 to 1015 nm with multiple relative
peaks in F-values (Figure 4b). Pairwise Tukey analyses of average
reflectance in three peak spectral bands (485, 674, and 984 nm)
showed consistent significant difference between control and
biotic stressor treatments but no significant differences among
biotic stressor treatments (Table 4). In Figure 4(b), it is clearly seen
how leaf reflectance responses to mites and thrips were similar
and generally induced an increase in leaf reflectance. It is also
seen that whitefly induced a decrease in leaf reflectance in

TABLE 3.

Confusion matrices of support vector machine classification of plant compositional traits from chrysanthemum and gerbera plants

Predicted/assigned treatment

Chrysanthemum Gerbera
Actual treatment Control Mites Thrips Whiteflies Control Mites Thrips Whiteflies
Control 32 0 0 0 20 0 0 0
Mites 0 1 1 0 0 5 0 0
Thrips 2 0 10 0 0 1 9 0
Whiteflies 0 0 0 12 0 0 0 5

Plant compositional traits from 68 chrysanthemum samples or 40 gerbera samples were used to perform support vector machine classifications.
Values in bold denote accurate predictions/assignments to treatments. Regarding chrysanthemum samples, overall accuracy based on tenfold val-
idation = 78%, and kappa = 0.93. Regarding gerbera samples, overall accuracy based on tenfold validation = 80%, and kappa = 0.96.
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FIGURE 4. Leaf reflectance data from chrysanthemum and gerbera plants. Leaf reflectance data are presented as averages over time from chrysanthe-
mum (a) and gerbera (b), and as relative difference (biotic stressor/control) from chrysanthemum (c) and gerbera (d). Solid red lines denote difference =1,
which means biotic stressor = control. Solid black lines in (c) and (d) denote F-values from analyses of variance of average reflectance values in 150 spectral
bands. Dotted black lines denote significance at the 0.05-level. Peaks in F-values were subjected to Tukey comparisons (Table 4).

TABLE 4. Tukey comparisons of average reflectance values in individual spectral bands

Plant species Spectral band (nm) Control Mites Thrips Whiteflies

Chrysanthemum 485 0.022a 0.020b 0.020b 0.020b
674 0.028a 0.025b 0.026b 0.046b
984 0.510a 0.449b 0.453b 0.441b

Gerbera 543 0.176a 0.171b 0.172ab 0.170ab
716 0.472a 0.456b 0.459b 0.461ab

Individual spectral bands were selected based on F-values (Figure 4b,d). Letters denote significant differences (P < 0.05).

spectral bands from 380 to 500 nm and near 680 nm. Importantly,
relative difference (biotic stressor /control) values varied between
0.95 and 1.05 (red horizontal line in Figure 4b), which suggests a
stress response within 5% and therefore emphasizes that leaf
reflectance data were acquired during early infestations.

PCA of reflectance values in all spectral bands from 3826 binned
pixels showed that two principal axes, PCA1 and PCA2, explained
about 82% of the total variance (Figure 5a). The 150 spectral
bands are shown as black dots, and were located in the left part
along the negative side of PCA1, whereas biotic stressor treat-
ments and time were located in the right part along the positive
side of PCA1. Thus, reflectance values in spectral bands decreased
in response to biotic stress and over time. Of the three biotic
stressor treatments, whitefly treatment was positioned furthest
from control and closest to the variable time, which suggests that

this stressor caused the most distinct reflectance response and
showed the strongest response over time.

Based on tenfold validation, support vector machine classifica-
tion of binned pixels from chrysanthemum plants was associated
with an overall accuracy of 70% and kappa = 0.65, and it is seen
that the data set (due to all binned pixels from baseline) was
heavily skewed towards the control treatment (Table 5). We exam-
ined the classification of pixels from each plant and assigned each
plant to the treatment with the highest number of pixels. Using
this approach, the overall accuracy of classification of individual
plants was 76%. Because of the data bias towards control plants,
it is not surprising that plants from this category were classified
with the highest level of accuracy (92%). In addition, fewer than
10% of plants from any of the three biotic stress treatments were
mis-classified as control. Examination of mis-classification
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FIGURE 5. Principal component analyses (PCA) of leaf reflectance data from chrysanthemum and gerbera plants. PCA were performed based on 3826
binned pixels from chrysanthemum plants (a) and 2824 binned pixels from gerbera plants (b). Dichotomous dummy variables denoted treatment classes
(control, mites, whiteflies, and thrips), and a variable, ‘Time’ denoted days of arthropod infestation (0, 3, 7, and 14 days). Black dots denote the 150 spectral

bands.

TABLE 5.

Confusion matrices of support vector machine classification of leaf reflectance data from chrysanthemum plants

Predicted/assigned treatment

Binned pixels

Individual plants

Actual treatment Control Mites Thrips Whiteflies Control Mites Thrips Whiteflies
Control 2165 71 73 69 92% 5% 2% 2%
Mites 76 294 108 85 7% 74% 4% 15%
Thrips 62 59 186 45 4% 42% 46% 8%
Whiteflies 76 107 84 266 4% 29% 0% 67%

A total of 3826 binned pixels from chrysanthemum plants were used to perform support vector machine classification. Numbers in bold denote accu-
rate predictions/assignments to treatments. Overall accuracy based on tenfold validation = 70%, and kappa = 0.65. Individual plants were assigned to
the treatment that had the highest number of pixels. As an example, of 21 pixels from a chrysanthemum plant, 11 were classified as control, 2 as mites,
7 as thrips, and 1 as whiteflies. Thus, the given plant was assigned to the control treatment. Percentages of plants assigned to treatments are shown in
bold denoting accurate predictions/assignments to treatments. Overall accuracy of classification of individual plants = 76%.

percentages among the three biotic stress treatments provided
no clear association/disassociation trends in leaf reflectance
responses. As seen in Figure 4(b), leaf reflectance responses to
mites and thrips were quite similar and also different from
responses to whitefly infestations. However, support vector
machine classification of the same data did not show this associ-
ation/disassociation trend. Main results from analyses of leaf
reflectance from chrysanthemum plants were that biotic stressors
caused a marked and detectable change (control versus biotic
stress treatments), but diagnosis of biotic stressor was associated
with suboptimal classification accuracies (46-74%) and therefore
only partially supported the second study hypothesis.

3.4 Gerbera leaf reflectance and arthropod infestations

Across treatments, average reflectance profiles were similar
0-7 days after infestation, but an increase in spectral bands from
700to 1015 nm was apparent 14 days after infestation (Figure 4c).
Thus, the temporal trend was different from that observed in chry-
santhemum plants, but is still important to highlight as a factor
that can adversely affect the ability to accurately classify plants
based on average reflectance profiles. ANOVAs of average reflec-
tance profiles from gerbera plants showed significant treatment
responses in individual spectral bands near 550 nm and 715 nm

(Figure 4d). We performed pairwise Tukey analyses for spectral
bands representing these regional peaks (543 and 716 nm) and
showed that average reflectance values varied significantly
between control plants and those subjected to either mites or
thrips infestations, whereas whitefly infestation did not induce a
significant stress response (Table 4). Except for spectral bands
from 400 to 500 nm, relative difference (biotic stressor/control)
varied between 0.95 and 1.05 (red horizontal line in Figure 4d),
which suggests a stress response within 5% and therefore empha-
sizes that leaf reflectance data were acquired during early
infestations.

In PCA of 2824 binned pixels, the two principal axes, PCA1 and
PCA2, explained approximately 74% of the total variance, and
we identified the following trends (Figure 5b). Control treatment
was located downwards along the negative portion of PCA2,
whereas time and thrips and whiteflies were positioned upwards
along the positive portion of PCA2. Thus, thrips treatment showed
the strongest change in spectral reflectance over time, and of the
three biotic stressors, was the treatment that was most distinct
from control. Mite treatment was positioned leftwards along the
negative portion of PCA1, whereas all spectral bands were posi-
tioned rightwards along the positive portion of PCA1. This
position of dots representing spectral bands indicated that,
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TABLE 6.

Confusion matrices of support vector machine classification of leaf reflectance data from gerbera plants

Predicted/assigned treatment

Binned pixels

Individual plants

Actual treatment Control Mites Thrips Whiteflies Control Mites Thrips Whiteflies
Control 2126 33 38 37 89% 3% 5% 3%
Mites 40 305 102 49 4% 68% 29% 0%
Thrips 47 175 540 101 4% 29% 68% 0%
Whiteflies 56 36 69 287 13% 22% 26% 39%

A total of 4041 binned pixels from chrysanthemum plants were used to perform support vector machine classification. Numbers in bold denote accu-
rate predictions/assignments to treatments. Overall accuracy based on tenfold validation = 76%, and kappa = 0.71. Individual plants were assigned to
the treatment that had the highest number of pixels. As an example, of 21 pixels from a chrysanthemum plant, 11 were classified as control, 2 as mites,
7 as thrips, and 1 as whiteflies. Thus, the given plant was assigned to the control treatment. Percentages of plants assigned to treatments are shown in
bold denoting accurate predictions/assignments to treatments. Overall accuracy of classification of individual plants = 73%.

compared with the other three treatments, mite infestation
caused a general decrease in spectral reflectance.

Support vector machine classification of binned pixels from ger-
bera plants into treatments, based on tenfold validation, was
associated with an overall accuracy of 76% and kappa = 0.71
(Table 6). Similar to leaf reflectance data from chrysanthemum
plants, this data set from gerbera plants was also heavily biased
towards control plants. Overall, classification of individual plants
was associated with an accuracy of 73%. Control plants were clas-
sified with 89% accuracy, those from mite- and thrips-infested
plants were classified with approximately 68% accuracy, and
binned pixels from whitefly-infested plants were classified with
only 39% accuracy. Plants infested with mites or thrips were not
misclassified as infested with whiteflies, and plants infested with
mites or thrips were misclassified as each other (meaning, they
were highly similar in terms of leaf reflectance). In fact, if classifica-
tions of plants infested with mites or thrips were combined, then
accuracies would exceed 95%. Main results from analyses of leaf
reflectance from gerbera plants were that: (i) biotic stressors
caused a marked and detectable change (control versus biotic
stress treatments) in leaf reflectance; (i) plants infested with mites
or thrips showed a high degree of similarity in terms of leaf reflec-
tance; and (iii) diagnosis of whitefly infestation was associated
with low classification accuracies (39%) and therefore did not sup-
port the second study hypothesis.

4 DISCUSSION

A steadily growing number of studies describing the potential of
remote-sensing technologies in a wide range of agricultural appli-
cations supports the claim that, in combination with robotics,
these technologies may lead to profound change and possibly
revolutionize food production systems. However, it is important
to emphasize that widespread adoption of remote-sensing tech-
nologies for the early detection and diagnosis of biotic stressors
face several key challenges, including: (i) low and inconsistent
signal-to-stochastic noise ratio in some portions of the radiomet-
ric spectrum; (ii) spectral calibration of sensor hardware to allow
accurate comparison of remote-sensing data acquired with differ-
ent instruments; and (iii) consistent conversion of acquired
remote-sensing data into reflectance (spectral calibration), and it
is of paramount importance to identify and thoroughly examine
assumptions underpinning the successful and reliable

deployment of remote-sensing technologies. We examined two
hypotheses that are directly linked to the use of remote-sensing
technologies to detect and diagnose biotic stressors in crop
plants.

The first hypothesis is that infestation by a given arthropod pest
is associated with unique changes in plant compositional traits.
Analyses of plant compositional traits highlighted similar trends
in chrysanthemum and gerbera data. Moreover, arthropod infes-
tation was associated with significant changes in plant composi-
tional traits, especially those directly associated with
photosynthesis. We also showed that mite and thrips infestations
appear to induce similar plant responses, and plant responses to
these two biotic stressors were partially different from those
induced by whitefly infestations. Importantly, support vector
machine classification based on plant compositional traits classi-
fied the four treatments (control, mites, thrips and whiteflies) with
78% (chrysanthemum) and 80% (gerbera) accuracy. Thus, study
results provided strong support for the first hypothesis.

The second hypothesis is that changes in plant compositional
traits are associated with detectable and unique features in leaf
reflectance profiles. Several important results were derived from
analyses of leaf reflectance data. First, in both ornamental species,
but especially chrysanthemum, we observed considerable tem-
poral trends, which may adversely affect the accuracy of classifica-
tion algorithms, especially when plants are only exposed to subtle
stress responses. Second, in both ornamental species, we
observed a distinct difference between control plants and those
subjected to biotic stressors, although in terms of leaf reflectance,
relative stress responses to biotic stressors were quite different in
chrysanthemum and gerbera plants. Third, support vector
machine classification of leaf reflectance data from chrysanthe-
mum plants showed that stress induced by mite and whitefly
infestations could be diagnosed with moderate accuracy (74%
and 67%, respectively), whereas thrips infestation was associated
with low (46%) classification accuracy. Finally, support vector
machine classification of leaf reflectance data from gerbera plants
showed that stress induced by mite and thrips infestations could
be diagnosed with high accuracy (97%) if combined, whereas
whitefly infestation was associated with low (39%) classification
accuracy. Because the current study was performed with quite
subtle infestations and pests were only allowed 14 days to impose
plant stress, the results presented were only in partial agreement
with the second hypothesis.
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4.1 Plant compositional traits

We are aware of only a few studies in which arthropod infestation
has been associated with changes in element composition. Jood
et al* found that infestation of stored grains caused significant
increases in grain levels of six elements (P, Fe, Zn, Mn, Ca, and
Cu). Fe levels showed significant treatment effects in both chry-
santhemum and gerbera plants, whereas P, Mn and Cu levels only
showed significant treatment effects in one of the two ornamen-
tal species. In chrysanthemum, K levels were negatively influ-
enced by arthropod infestations. Studies involving spider mite
infestation of maize plants3 and aphid infestation of wheat** also
showed clear indications of being associated with low K levels in
host plants. In a review of over 2000 studies regarding effects of
K on pest and disease incidence in plants, Perrenoud>> showed
that K fertilization reduces pest infestation. A reduction in K levels
in plants is believed to cause accumulation of soluble sugars and
amino acids and reduce long distance transport of organic nutri-
ents in the xylem and phloem,*® which could be interpreted as
an increase in plant suitability for herbivores. Amtmann et al.3
also mentioned that low K levels may partially impair control of
guard cells and therefore increase plant transpiration, so there
may be an association between K levels and photosynthetic activ-
ity. In chrysanthemum, all four variables (photosynthetic, transpi-
ration, intercellular CO,, and stomatal conductance) varied
significantly between control and whitefly treatments. Amtmann
et al.3® described how reduction of K levels in plants may lead to
reduced photosynthetic activity due to reduced proton gradients
across the thylakoid membrane, which is driving ATP synthesis. A
reduction in photosynthesis means an increase in leaf reflectance,
so our data from chrysanthemum plants corroborated this physi-
ological explanation. In both ornamental plants species, we found
that ANOVAs of plant compositional traits highlighted significant
treatment effects, but post-hoc Tukey analyses showed that dif-
ferences in averages were insufficient to enable clear distinction
of individual treatments. However, when using all plant composi-
tional traits as explanatory variables in support vector machine
classification, plants from different treatments could be classified
with 78% (chrysanthemum) and 80% (gerbera) accuracy. Thus, as
shown in a similar study of phytohormones,®® combinations of
plant compositional traits analyzed in a multivariate approach
are needed to accurately detect and diagnose biotic stressors,
and the results from this study are in agreement with the first
hypothesis (Figure 1).

4.2 Leaf reflectance

Analyses of stress responses in individual spectral bands are
important for the development of simple sensor technologies, in
which reflectance data are only collected in a few selected bands.
Significant treatment effects in leaf reflectance from chrysanthe-
mum plants occurred in spectral bands from 380 to 500 nm,
640 to 695 nm, and 705 to 1015 nm, whereas significant treat-
ment effects in leaf reflectance from gerbera plants occurred in
spectral bands near 550 nm and 715 nm. Carter and Knapp?®
concluded that leaf reflectance in spectral bands near 700 nm
typically show a strong stress response, and this was also found
in this study, with peaks in treatment effects (based on F-values in
ANOVAs) at 674 nm (chrysanthemum and 716 nm (gerbera).
None of the examined individual spectral bands revealed a signif-
icant difference among plants subjected to one of the three biotic
stressors. Thus, our results did not provide support for the possi-
bility of using single spectral bands to differentiate among treat-
ments. However, two multivariate approaches, PCA and support

vector machine classification, applied to leaf reflectance data
from both chrysanthemum and gerbera highlighted partial sup-
port for the second study hypothesis. In chrysanthemum, mite
infestation caused the strongest stress response, whereas in ger-
bera plants stress induced by mites and thrips appeared to induce
the strongest and similar stress responses.

Regarding crop leaf response to whitefly infestations, Lu et a
used a hyperspectral spectrometer from control and infested
tomato leaves and highlighted reflectance at 560, 575, and
720 nm as providing indication of yellow leaf curl disease, which
is vectored by whiteflies. The authors used their results as support
for the claim that spectral indices and multispectral reflectance
may provide accurate detection and diagnosis of plant diseases
vectored by whiteflies. Gu et al.3® used hyperspectral reflectance
data in 128 spectral bands to classify tomato plants with/without
tomato spotted wilt virus infection in tobacco, and this disease is
vectored by thrips. The practical challenge associated with detec-
tion of plant diseases vectored by whiteflies and thrips is that
once infected plants are essentially lost, as there are no means
to reverse or suppress the etiology of these viral infections. Sev-
eral studies have demonstrated crop leaf reflectance responses
to spider mite infestations,®**°~** and in most of these studies spi-
der mite infestation resulted in increases in leaf reflectance. In our
analyses of leaf reflectance data, mite infestation caused a relative
increase in leaf reflectance in chrysanthemum plants but a
relative decrease in gerbera plants. Thus, from comparison of
two different crop plant species subjected to the same biotic
stressor, our results indicate that plants may respond quite differ-
ently to a given stressor.

l.37

4.3 Conclusions

Attempts to directly associate individual plant compositional
traits, such as K, with the difference between non-infested and
infested plants or to a specific arthropod pest would likely ignore
and disregard important and complex interactions among physi-
ological plant responses. That is, both uptake and activity of met-
abolic pathways involving individual plant elements are clearly
associated and also intricately linked to overall photosynthetic
activity and plant metabolism, so it seems less meaningful to
study plant compositional traits individually. Similarly, it may be
argued that analyses of individual spectral bands or simple band
indices are unlikely to fully characterize responses to a given
stressor and even less likely to enable accurate classification of dif-
ferent stressors. Multivariate analyses of plant compositional traits
provided highly accurate (tenfold validation results exceeding
80%) classification of plants, but element composition analyses
require destructive sampling of leaf material and are labor-
intensive and time-consuming. In addition, if commercial labora-
tories are involved, costs may become a challenge. Thus, there
are important reasons for continued research into technologies,
such as remote sensing, to detect and diagnose arthropod infes-
tations. Leaf reflectance data from both chrysanthemum and ger-
bera highlighted that control plants were distinctly different from
those subjected to biotic stressors. Even though each leaf reflec-
tance data set included a considerable temporal trend, individual
plants from the four treatments were classified with an overall
accuracy of 76-77%. Although this accuracy may seem low com-
pared with other published studies on detection and diagnosis
of biotic crop stressors, it is important to highlight that imposed
stress levels were quite low, period of infestation was short, and
different stressors were expected to induce similar stress
responses and therefore be challenging to distinguish. Results

Pest Manag Sci 2021; 77: 5158-5169

© 2021 The Authors.

wileyonlinelibrary.com/journal/ps

Pest Management Science published by John Wiley & Sons Ltd on behalf of Society of Chemical Industry.



http://wileyonlinelibrary.com/journal/ps

®)
SCI

where science

macis vetiness WWW.50Ci.org
|

from this study highlighted that different crop plant species may
respond differently to biotic stressors. Furthermore, different
plant species may also respond differently to environmental con-
ditions and to time of growth. Thus, it may be challenging to suc-
cessfully apply a classification algorithm developed on data from
one plant to classify individual plants from another species
(or even different crop variety of the same species). Successful
use of leaf reflectance- based detection and diagnosis of crop
stressors will therefore likely require the development of crop/
variety-specific classification algorithms. Finally, our data suggest
that it may only be possible to accurately detect and diagnose
biotic stressors once the stress induces leaf reflectance responses
beyond 5%. Further studies are needed to provide improved
insight into the complex interactions between crops-stressors—
plant compositional traits-leaf reflectance, as this study
highlighted both general trends and unique differences.
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