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RESUMO

O monitoramento da ferrugem asiatica da soja (FAS) por sensoriamento remoto
pode otimizar a deteccdo da doengca no campo e ser utilizado como base para
tomada de decisédo do controle, podendo influenciar na qualidade da aplicacdo e na
eficacia do controle. Assim, o objetivo geral desse trabalho foi obter correlacdo entre
0 progresso da FAS na cultura da soja com os valores de refletédncia da cultura sob
condi¢Bes de niveis de severidade da doenca e cultivares de soja, de modo a propor
um modelo de predicdo da doenca e utiliza-lo como método no monitoramento para
tomada de decisédo do uso do controle quimico. O projeto de pesquisa foi conduzido
entre 2018 e 2021 na Faculdade de Ciéncias Agrondmicas (FCA/UNESP), Botucatu,
SP, divididos em trés capitulos. Inicialmente foi avaliado & campo e em laboratério o
efeito da FAS sobre cultivares de soja suscetivel e parcialmente resistentes, em
termos de severidade da doenca, produtividade da cultura, fluorescéncia da clorofila,
trocas gasosas, e a aplicabilidade do sensoriamento remoto para determinagao
desses efeitos. A seguir foi avaliada a detecgdo da ferrugem da soja por
sensoriamento remoto e criagdo do modelo de predicdo e classificacdo da doenca
com base na refletancia dos foliolos em diferentes niveis de severidade da FAS.
Foram avaliadas diferentes técnicas estatisticas para reducdo da dimensionalidade
dos dados e algoritmos de classificagdo. Posteriormente foi realizada a aplicagéo do
modelo de predi¢cdo da doenca a campo, avaliando a aplicabilidade do modelo de
previsdo e comparando-o com métodos convencionais de monitoramento como
fonte para tomada de decisdo de controle (aplicacbes calendarizadas em um
periodo pré-definido e no inicio do aparecimento dos sintomas). O efeito dos
diferentes momentos de aplicacdo foram avaliados quanto a deposi¢do de calda,
cobertura da pulverizacéo, eficacia de controle da doenca e produtividade da cultura.
Diferencas significativas no efeito da doenga sobre os dois cultivares de soja foram
constatadas, com reducao dos efeitos negativos do patdgeno sobre o cultivar de
soja com resisténcia parcial. Foi possivel distinguir plantas sadias e com FAS com
base na refletdncia da cultura em diferentes niveis de severidade com até 93% de
acuracia e preciséo, e esses dados puderam ser utilizados na criagdo de um modelo
de classificacdo e predicdo da doenca. Os diferentes momentos de aplicacao
influenciaram na eficacia de controle e tecnologia de aplicacdo, no qual os

tratamentos com aplicacdo em momentos de maior indice de area foliar obtiveram



distribuicdo de calda menos uniforme. A utilizacdo do modelo de predi¢cdo proposto e
as técnicas de sensoriamento remoto sdo eficazes e promissores para ser
integrados a programas de manejo da doenca.

Palavras-chave: sensoriamento remoto; tecnologia de aplicacdo; Phakopsora

pachyrhizi; fungicidas; manejo integrado de doencas.



ABSTRACT

Monitoring of soybean rust (SBR) by remote sensing can improve disease detection
in the field and be used as a decision support system for control, which can influence
the quality of application and the effectiveness of control. Thus, the objective of this
study was to obtain a correlation between SBR progress and the reflectance values
of the crop under different conditions of disease severity levels and soybean
cultivars, in order to propose a disease prediction model and use it as a monitoring
method to aid in the decision making of chemical control. The research project was
conducted between 2018 and 2021 at the School of Agriculture (FCA/UNESP),
Botucatu, SP, divided into three phases. Initially, the effects of SBR on susceptible
and partially resistant soybean cultivars was evaluated in the field and in the
laboratory, in terms of disease severity, crop yield, chlorophyll fluorescence, gas
exchange, and the applicability of remote sensing for determination of these effects.
After then, we evaluated the detection of soybean rust by remote sensing and the
construction of a prediction and classification model based on leaflet reflectance at
different levels of SBR severity. Different statistical techniques to reduce data
dimensionality and classification algorithms were also evaluated. At the end, the
application of the disease prediction model in the field was carried out evaluating the
effect of different application timings on the application technology and control
effectiveness. The applicability of the prediction model was evaluated, comparing it
with conventional monitoring methods as the source for decision making of control
(calendarized applications at a pre-defined period and at the first appearance of the
symptoms). The effect of different application timings was evaluated in terms of spray
deposit, spray coverage, disease control effectiveness and crop yield. Significant
differences were observed regarding the effect of the disease on the two soybean
cultivars, with a reduction in the negative effects of the pathogen on the soybean
cultivar with partial resistance. It was possible to distinguish between healthy and
SBR-infected plants based on leaf reflectance at different severity levels with up to
93% accuracy and precision, and these data were successfully used to create a
disease classification and prediction model. The different application timings
influenced the control effectiveness and application technology, in which treatments
with application at times of higher leaf area index obtained less uniform spray

distribution. The use of the proposed prediction model and remote sensing



techniques are effective and promising to be integrated into disease management
programs.

Keywords: remote sensing; application technology; Phakopsora pachyrhizi;
fungicides; integrated disease management.
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INTRODUCAO GERAL

A soja [Glycine max (L.) Merrill] € a cultura mais importante cultivada no
Brasil, atualmente o maior produtor e exportador do grédo (TOLOI et al. 2021). No
entanto, apesar de avancos nos sistemas de producéo, pragas e doencgas continuam
a impactar os niveis de producédo nacional. O principal exemplo € a ferrugem da soja
(FAS) causada por Phakopsora pachyrhizi Sydow & Syd. e responsavel por perdas
de até US$ 15 bilhdes de 2000 a 2015 (IEAQ/ABAG, 2015). E considerada a
principal doenca da cultura, com potencial de perdas de até 80% e possui controle
baseado na utilizacdo de fungicidas, dos quais existem poucas opc¢fOes devido a
crescente populacdo do fungo resistente (DEISING; REIMANN; PASCHOLATI,
2008; KELLY et al.; 2015; GODOY; BUENO; GAZZIERO, 2015; GODOQOY et al.,
2020). Portanto, torna-se evidente a necessidade de inovacdes em técnicas a serem
integradas no manejo da doenca de modo a obter maior eficiéncia e reducdo das
perdas no controle desses agentes.

Neste contexto, 0 monitoramento é a base para a integracdo das diferentes
taticas no manejo integrado de doencas (MID), auxiliando na tomada de decisédo do
controle e promovendo, assim, maior sustentabilidade da producédo da cultura da
soja (WYLIE; SPEIGHT, 2012). Porém, é considerado um dos procedimentos que
mais demandam tempo e que dificilmente é realizado por produtores, os quais
preferem a utilizacdo direta do produto fitossanitario de forma calendarizada como
garantia da produtividade. Assim, além da perda de insumos, ha um estimulo para
selecdo de fungos resistentes aos fungicidas, maior contaminacdo ambiental e
reducdo da eficacia de controle (GODOY; BUENO; GAZZIERO, 2015).

Por outro lado, a utilizacdo do sensoriamento remoto no monitoramento de
doencas pode reduzir o custo e tempo gasto para a amostragem na area, otimizando
tanto a capacidade operacional como financeira, além de fornecer dados e
informagdes que n&o sdo visiveis ou aparentes. O sensoriamento remoto € um
meétodo indireto e ndo destrutivo utilizado para obtencdo de informacbes de um
objeto sem que exista um contato fisico entre 0 sensor e 0 objeto a diferentes
distancias (SHIRATSUCHI et al., 2014; AHMED et al., 2016). No campo do
sensoriamento remoto, a espectroscopia tem sido uma das técnicas mais utilizadas
na deteccdo de doencas de plantas e monitoramento de campos de producéo
(KHALED et al., 2018).
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Partindo-se do pressuposto que plantas doentes terdo diferentes interacfes
com a radiacado eletromagnética comparativamente as plantas sadias, é necessario
encontrar o espectro da radiagdo que explicite melhor essa diferenca. A condigcéo
fitossanitéria da cultura € avaliada principalmente com base na identificagdo do
estresse da planta, sendo de grande importancia a regido do visivel ao infravermelho
préximo e médio, de 400 a 3000 nm (CUI et al.,, 2009; MAHLEIN et al.,, 2013;
BAJWA; RUPE; MASON, 2017; KHALED et al., 2018). A identificacdo parte da
“assinatura espectral” dos elementos na area (SHIRATSUCHI et al., 2014; KHALED
et al.,, 2018), sabendo-se que cada patdgeno pode afetar a estrutura da planta
morfo-fisiologicamente, seja por alteracdo na pigmentacéo, concentracdo quimica de
solutos, estrutura celular, balanco de nutrientes, absor¢cdo de 4gua e também as
trocas gasosas (HATFIELD; PINTER, 1993).

Diversos estudos ja relataram a aplicacdo do sensoriamento remoto na
identificacdo de estresse e plantas doentes na cultura da soja (CUI et al., 2009;
HIKISHIMA et al., 2010; BAJWA; RUPE; MASON, 2017; FURNALETTO et al., 2021).
Com o conhecimento dos efeitos da doenca na planta, € possivel construir uma
correlacdo com os valores espectrais obtidos no monitoramento e posterior
construcdo do modelo de predicdo da doenca. Quanto mais rapido for o
monitoramento e deteccdo, maior a chance de sucesso do MID, tornando o
monitoramento por sensoriamento remoto um dos segmentos mais promissores.

No caso da cultura da soja, o monitoramento eficaz da doenga € de grande
importancia, principalmente quanto a otimizacdo da tecnologia de aplicacdo. Além
de evitar o desperdicio de fungicidas na pulverizacdo calendarizada, a aplicacdo em
diferentes estadios vegetativos pode influenciar grandemente na penetracdo e
distribuicdo uniforme da calda de pulverizacédo no dossel da cultura (NEGRISOLI at
al., 2019). Existem poucas opc¢des para melhoria da penetracédo da calda na cultura
da soja, representadas por baixa uniformidade de distribuicdo e controle deficiente
(CUNHA et al., 2014). Além da escassez de estudos com sensoriamento remoto e
FAS, também ha poucos estudos sobre a aplicabilidade de diferentes cultivares de
soja com niveis de resisténcia ao patbgeno no manejo da FAS, assim como o efeito
dos diferentes tipos de sintomas sobre 0 monitoramento por sensoriamento remoto.

Portanto, a relevancia da cultura e a necessidade de inovacdes tecnologicas
gue possibilitem o manejo eficiente dessa doenca constituem o0s motivos que

justificaram a realizagdo desse estudo. Para isso, foram conduzidos trés trabalhos



17

divididos em trés capitulos, buscando os seguintes objetivos: i) Capitulo 1: avaliar o
efeito da doenca sobre os cultivares de soja com diferentes niveis de resisténcia ao
patégeno, caracterizando-os e explorando a viabilidade de integracdo no MID; ii)
Capitulo 2: realizar a identificacdo e classificacdo da FAS por meio do
sensoriamento remoto e criagdo do modelo de predicdo da doenca; iii) Capitulo 3:
realizar a aplicacdo do modelo de predicdo proposto para avaliacdo do efeito de
diferentes momentos de aplicacdo sobre a tecnologia de aplicagdo, controle da

doenca e produtividade da cultura.
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CHAPTER 1

Impact of soybean rust on susceptible and partially resistant cultivars to
Phakopsora pachyrhizi?

Impacto da ferrugem da soja em cultivares suscetiveis e parcialmente
resistentes a Phakopsora pachyrhizi

ABSTRACT
Host resistance is one of the key tools in the integrated disease management in
several crops. Soybean rust (SBR) can also be managed through resistant cultivars,
but little is known and applied in the field. We aimed to assess the responses of
soybean cultivars with different levels of resistance to soybean rust, also seeking to
explore the effect of P. pachyrhizi on soybean photosynthesis. Two field trials and
two controlled-environment studies were conducted exploring the response of
susceptible and partially resistant soybean cultivars under SBR infection. The
treatments in field and laboratory trials consisted of two cultivars (susceptible and
partially resistant to SBR) combined with two disease situations: with and without
fungicide application. The impact of SBR was evaluated through visual assessment
of disease severity, crop yield, chlorophyll fluorescence, gas exchange rates, and
vegetation indices (VIs) based on remote sensing. Partially resistant cultivars
promoted less severity and disease growth, along with higher crop yield in the field
trial. Greater disease impact was observed on chlorophyll fluorescence when
compared to infected and healthy plants, with lower values of the variables
evaluated. Soybean rust also affected transpiration rate, CO2 assimilation, and
stomatal conductance. The VIs provided good visual observations between
treatments with and without SBR infection, highlighting the differences found in the
disease severity evaluations. Partially resistant cultivars can promote reduced
disease progress and severity with an impact on the yield and, therefore, being

considered a valuable tool for the disease management.

1 Capitulo submetido a European Journal of Plant Pathology (1573-8469) e redigido
de acordo com as normas da revista.
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RESUMO
A utilizacdo de hospedeiros resistentes € uma das principais ferramentas no manejo
integrado de doencas em diversas culturas. A ferrugem da soja (FAS) também pode
ser manejada por meio de cultivares resistentes, mas ainda existem poucos estudos
sobre o assunto, tampouco com aplica¢des praticas no campo. Nosso objetivo foi
avaliar as respostas diferenciais de cultivares de soja com diferentes niveis de
resisténcia a FAS, buscando também explorar o efeito de P. pachyrhizi na
fotossintese da soja. Dois ensaios de campo e dois estudos em ambiente controlado
foram conduzidos explorando a resposta de cultivares de soja suscetiveis e
parcialmente resistentes a infeccdo por FAS. Os tratamentos em campo e em
laboratorio consistiram em dois cultivares (suscetivel e parcialmente resistente a
FAS), combinadas em duas situacdes de doenca: com e sem aplicacédo de fungicida.
O impacto da FAS foi avaliado através da avaliacéo visual da severidade da doenca,
produtividade, fluorescéncia da clorofila, taxas de trocas gasosas e indices
vegetativos (IVs) baseados em sensoriamento remoto. Cultivares parcialmente
resistentes promoveram menor severidade e desenvolvimento da doenca, além de
maior produtividade da cultura no ensaio de campo. Maior impacto da doenca foi
observado na fluorescéncia da clorofila na comparacéo entre plantas infectadas e
sadias, com menores valores das variaveis avaliadas. A FAS também afetou a taxa
de transpiragdo, assimilacdo de CO:2 e condutancia estomatica. Os IVs
proporcionaram boas observacdes visuais entre os tratamentos com e sem infeccao
por FAS, destacando as diferencas encontradas nas avaliacbes da severidade da
doenca. Cultivares parcialmente resistentes podem promover reducédo do progresso
e severidade da doenca com impacto na produtividade e, portanto, sendo

considerada uma ferramenta valiosa para o0 manejo da FAS.

Palavras-chave: Resisténcia do hospedeiro, manejo integrado da doenca,

severidade da doenca, fotossintese.
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1.1 INTRODUCTION
Soybean is the most important crop cultivated in Brazil, the current biggest

producer and exporter of the commodity (Cattelan and Dall’Agnol 2018; Toloi et al.
2021). Despite recent advances in cropping systems, soybean crop faces a wide
spectrum of pests that undermine the potential crop yield. In this scenario, soybean
rust (SBR), caused by Phakopsora pachyrhizi Sydow & Sydow, poses as the most
important disease and responsible for significant yield losses (Godoy et al. 2016;
Langenback et al. 2016; Lana et al. 2018). The integrated disease management
(IDM) of SBR is still heavily dependent on fungicides application, which is critically
impaired by resistant population of the fungus frequently present in most of the
soybean growing regions (Juliatti et al. 2017).

Along with chemical control, other techniques such as regulatory policies of
sowing period restrictions as well as the determination of a specific period without
any crop cultivation are also considered effective tools (Godoy et al. 2016).
Moreover, host resistance to the pathogen is also an important tool that is under
constant development (Childs et al. 2018), although not yet largely applied in the
SBR management (Godoy et al. 2016; Juliatti et al. 2021). Resistance genes to P.
pachyrhizi (Rpp) have been reported and represented by seven different loci that was
mapped in the soybean genome (Godoy et al. 2016; Childs et al. 2018).

Three different reactions are expected in the P. pachyrhizi — soybean
interaction based on the susceptibility or resistance level of the soybean genotype
(Bromfield 1984; Miles et al. 2011, Vittal et al. 2014). A susceptible reaction results in
TAN symptoms, represented by tan to light-brown lesions, ample sporulation, and
presence of uredinia throughout the leaf. Resistance reaction can be recognized by
immune reactions (IM), with no presence of uredinia nor visual symptoms, as well as
by RB-reaction type, represented by reddish-brown lesions, lower quantity of uredinia
and none to very deficient sporulation (Vittal et al. 2014; Childs et al. 2018).
Genotypes that present RB reactions are considered with partial or incomplete
resistance and, even though partially resistant genotypes still present SBR symptoms
when infected (Miles et al. 2011), great benefits have been reported compared to
susceptible cultivars.

Although the differences between susceptible and partial resistance reactions
are already known in terms of sporulation and infection processes in the host (Miles

et al. 2011; Vittal et al. 2014), little is known regarding its effect on the crop
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physiological functions as well as the crop yield, especially in field trials. Furthermore,
the wide genetic variability of P. pachyrhizi reduce the possibility of introducing a total
resistant cultivar to the pathogen populations (Yamanaka et al., 2010; Godoy et al.
2016), which reinforces the use of partial resistance as one of the few options of host
resistance against SBR. The application of cultivars with partial resistance has been
increasing in Brazil since 2009, when the first cultivars were commercially available
(Godoy et al. 2016). Partially resistant cultivars are also known as “slow rusting” due
to its effect on epidemic rates by increasing latent period and reducing the production
of urediniospores as well as the number and size of SBR lesions (Azevedo et al.
2007; Vittal et al. 2014). Therefore, it acts by reducing the inoculum production and
dissemination throughout the fields.

In general, SBR disease affect plant yield by photosynthesis impairment due
to necrosis and defoliation (Godoy et al. 2016; Rio et al. 2017). Rio et al. (2017)
reported the negative impact of SBR on chlorophyll fluorescence and gas exchange
rates, but only few studies have explored the comparison of these parameters
between susceptible and resistant cultivars (Kumudini et al. 2008a). Moreover, other
studies have also demonstrated the impact of diseases on reducing maximum
quantum yield of photosystem Il (PSII) (F/'/Fm'"), as well as its effective quantum yield
(AF/Fm") and electron transport rate (ETR) (Scholes and Rolfe, 2009; Tatagiba et al.
2015; Rios et al. 2017).

Chlorophyll fluorescence allow a sensitive analysis of the host photosynthetic
metabolism as it explores the relationship between absorbed photons that would be
used for photosynthesis and those that are reflected as fluorescence energy (Berger
et al. 2007). It represents an important parameter of photosynthesis capacity of the
plant by demonstrating the effect of the disease on the PSII reaction centers activity
(Berger et al. 2007; Rios et al. 2017). Furthermore, when used along with gas
exchange rates under disease infection, it has also been helpful to understand the
impact of the disease on crop photosynthesis. Remote sensing techniques have also
been applied to unveil the effect of diseases through the exploration of morphological
and physiological alterations in the plant’s spectrum, such as through the calculation
of vegetation indices (VIs) that have been previously studied and correlated to a
specific function or structure of the plant (Thenkabail et al. 2000; Behmann et al.
2014).
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Despite the commercial availability of partially resistant cultivars for over a few
years, its adoption is still low and lacks more research. The comprehension of these
impacts and interactions are important to support the use of host resistance in the
SBR management and as valuable information for breeding programs. The
hypothesis is that partial resistance to SBR promotes lower impact of the disease in
terms of severity and yield and that this lower impact reflects on physiological
parameters such as chlorophyll fluorescence, gas exchange and leaf reflectance.
Therefore, we aimed to assess the responses of soybean cultivars with levels of
resistance to soybean rust, seeking to explore the effect of P. pachyrhizi on soybean

photosynthesis.

1.2 MATERIAL AND METHODS

1.2.1 Field trials
Two experimental fields (replicates) were conducted in Botucatu, SP, Brazil,

with geographic coordinates 22° 48' 48"S; 48° 25' 37"W (Field 1) and 22° 49' 38"S;
48° 25' 40"W (Field 2), during the 2019/2020 crop season. In both sites, no-tillage
system was adopted and all sowing operations, crop protection management,
fertilization, and evaluations were carried out homogeneously. The soybean crop was
sown simultaneously in both fields on December 6, 2019, with row spacing of 0.45 m
and a population of 299,000 plants ha! in Field 1 and 288,000 plants ha in Field 2.

1.2.1.1 Experimental design
The field trials were carried out in a randomized block design and the

treatments were distributed in a 2 x 2 factorial scheme: 2 soybean cultivars (Brevant
DS6217 IPRO, susceptible to SBR; TMG IPRO 7063, partially resistant to SBR) and
2 disease situations (with and without chemical control), in five repetitions. Both
cultivars are recommended for the region where the study was conducted and have
the same indeterminate growth habit (Table 1). The experimental units (plots) of each
site was composed by six 3 x 5-m soybean rows (width x length), totaling an area of
15 m2.

The cultivars choice was based on commercial materials that are commonly
used in Brazil, following manufacture’s recommendation as SBR susceptibility or

resistance level. This is important to assess commercially available cultivars to the
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soybean growers, as these results can be used as a reference of its application in the
IDM of SBR in the region.

Table 1. Description of the cultivars adopted in the experimental trials

Description Brevant DS6217 IPRO? TMG 70632
P. pachyrhizi susceptibility Susceptible Partially resistant (Inox)
Maturity groups 6.2 6.3
Growth habit Indeterminate Indeterminate
Traits Intacta RR2 PRO® Intacta RR2 PRO®

IBREVANT SEMENTES (2020); 2TROPICAL MELHORAMENTO GENETICO (2020)

Treatments kept with chemical control were conducted under protective and
curative fungicides applications. Starting at the vegetative growth stage V6, three
applications of the systemic fungicide trifloxystrobin (150.0 g L) + prothioconazole
(175.0 g L'Y) (Fox®) and three applications of the fungicide mancozeb (750 g kg™)
(Unizeb Gold®) were carried out fortnightly. Fox® and Unizeb Gold® were applied at a
rate of 0.4 L ha' and 2.5 kg ha?l, respectively, as recommended by the
manufacturers. Sprayings were carried out with a CO2 pressurized backpack sprayer
equipped with a 3-meter boom and six flat fan nozzles XR 11002 (TeeJet). The
displacement speed was 5.0 km h' and pressure of 200 kPa, providing an

application rate of 150 L ha.

1.2.1.2 P. pachyrhizi inoculation
The pathogen was inoculated in both field trials in order to provide greater

uniformity of disease incidence throughout the field. Soybean leaves with severe
symptoms were collected from plants kept in a greenhouse for this purpose. The
leaves were separated into small portions, placed in plastic bags, and 100 mL of
distilled water with adhesive spreader Tween 20 (240 pyL L) were added and
manually shaken for 10 minutes to extract urediniospores. The suspension was
homogenized for counting and determination of spore concentration in a Neubauer
chamber. The number of spores was counted four times in a drop of 10 pyL of the
suspension. After that, the entire suspension was adjusted to a final concentration of
4 x 10* urediniospores mL™* (Zanatta et al. 2012). Finally, the suspension with

urediniospores was poured into a backpack sprayer and sprayed evenly in the
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central lines of each plot, adjusting the walking speed for better distribution of the
suspension. Only one inoculation was performed in the plots without chemical
control, when the plants were at the V8 vegetative growth stage (45 days after
emergence - DAE). Inoculation was carried out at dusk, in order to keep the spores in
the dark as long as possible and with a period of greater humidity and leaf wetness
(ZANATTA et al., 2012).

1.2.1.3 Disease severity assessment
Starting at the V6 growth stage, 10 leaflets were collected weekly per plot from

the lower region of the soybean canopy and taken to the laboratory for better
visualization of fungal structures and symptoms under a stereoscopic microscope.
The severity of the disease was estimated through the attribution of notes based on
the visual observation of the symptoms using the diagrammatic scale proposed by
Godoy et al. (2006). The Area Under the Disease Progress Curve (AUDPC),
proposed by Campbell and Madden (1990), was calculated based on the mean
values of disease severity obtained in the plots and at the respective evaluation

dates.

1.2.1.4 Chlorophyll fluorescence assessment

The effect of SBR on the soybean chlorophyll fluorescence was measured
with a pulse modulated fluorometer (Opti-Science, Model SD5p) through the
assessment of the parameters: steady-level fluorescence, without biochemical
reactions or electron transport (F); maximum fluorescence at light-adapted state
(Fms); effective quantum yield of photosystem Il (PSIHl) (AF/Fm" or Y); electron
transport rate (ETR); initial fluorescence (Fo); maximum fluorescence (Fm); and
maximum quantum yield of PSII (F/'/Fm'). Only the main variables of this analysis
were considered in the statistical tests and discussion, that is Y, ETR, and F/'/Fn'.

For the variables analyzed in the light-adapted state (F, Fms, AF/Fn" and ETR),
two readings were performed per plot, that is two plants at the lower canopy region.
For the dark-adapted variables (Fo, Fm and F./Fm’), the same two plants were
evaluated at the lower canopy region, dark-adapting it for twenty minutes with
subsequently reading by the equipment (Kumudini et al. 2008b). The evaluations
were always carried out at the same time range (9:00 — 11:00 am). The first
evaluation of both fields were conducted at the same day of pathogen inoculation,
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and additionally three other evaluations on Field 1 and two evaluations on Field 2
were also conducted, starting 14 days after the inoculation and spaced at 7 days.
The third evaluation of Field 2 was not possible to be conducted due to intense crop
defoliation.

1.2.1.5 Crop yield
At the end of the crop season, each plot was harvested to determine the effect

of SBR on soybean crop yield of each treatment. On March 26", 2020 (106 DAE),
one meter of the two central lines of each plot was manually harvested, totaling 2.0
meters of cultivated soybean row per plot. The samples were threshed and sieved to
remove impurities. The soybean production of each plot was individually weighed on
a precision scale and adjusted to a moisture content of 13% (Brasil, 2009), using the
Gehaka® AGRI device, model G929. The values obtained were transformed to the
final crop yield in kg hat. Finally, the thousand seed weight (TSW) of each plot was

also evaluated according to Brasil (2009).

1.2.2 Controlled-environment Trials

Due to heterogeneous results between treatments and evaluation dates in the
field trials, in addition to the incidence of SBR in treatments without inoculation and
with fungicide application, it was decided to replicate the experiment in a
greenhouse. Therefore, it would allow the analysis the effects of the disease on
physiological aspects of the soybean cultivars in a controlled-environment situation
for better comparison of results and interpretation. The figures of the controlled-
environment trials conductance and evaluations are shown in the Appendices (Figure
Al — Ad).

1.2.2.1 Experimental design

The experiment was carried out in a completely randomized design, following
the same treatments and cultivars evaluated in the field trials (Table 1), with 5
repetitions. However, in these trials it was possible to maintain the treatments with
completely different disease situations, which consisted of a treatment without
inoculation and infection of P. pachyrhizi, maintained under application of fungicides;
and a treatment with inoculation of SBR and without fungicide application. The whole

experiment was replicated. Soybean was sown on July 15, 2020 and July 24, 2020



26

for the first and second replication, respectively, in 1.8 L pots. Each experimental unit
(repetition) consisted of a pot with one plant. The plants were kept in an environment
with drip irrigation, temperature (25°C+5) and relative humidity (50% +10) control.

The treatments without SBR infection received two fungicide applications
(Fox®), at 45 and 65 DAE, at the same dose and application rate described. The
treatments with SBR infection were inoculated at 45 DAE. For this, urediniospores of
P. pachyrhizi were collected in Petri dishes with the aid of a brush from soybean
leaves with severe symptoms and high sporulation. Preparation of the spore
suspension, counting, and establishment of concentration was conducted as
described above for the field trials. The plants were sprayed with the spore
suspension (4 x 10% urediniospores mL?) to the point of runoff and immediately
placed in a dark environment with high humidity for 18 hours.

1.2.2.2 Disease severity assessment
Disease severity was evaluated as described in the field trials, starting 1 day

before inoculation of each experiment. Severity was estimated through the attribution
of notes based on the visual observation of the symptoms using the diagrammatic
scale of the disease proposed by Godoy et al. (2006). Two leaflets per repetition
(plant) were evaluated; one leaflet from the upper region and another one from the
lower region of the plant. The AUDPC was also calculated as described above.

1.2.2.3 Chlorophyll fluorescence and leaf gas exchange assessment
Chlorophyll fluorescence was also assessed as fully described in the field

trials through two different protocols: i) light-adapted state variables assessment (F,
Fms, AF/Fm" and ETR), in which two readings were performed per plant (third and fifth
trifoliate leaf); ii) dark-adapted state variables assessment (Fo, Fm and F//Fm’), in
which two readings per plant were also performed (third and fifth trifoliate leaf),
adapting it to the dark for twenty minutes with subsequent reading by the pulse
modulated fluorometer (Opti-Science, Model SD5p).

The evaluation of gas exchange rate was performed with the Infrared Gas
Analyzer (IRGA, LCpro-SD, ADC Bioscientific Ltda) in two periods: i) at the beginning
of the symptoms of the disease, of which there was mild severity in the inoculated
treatments (60 DAE); and ii) 20 days after the first evaluation, with severer disease

symptoms (80 DAE). The parameters CO2 assimilation rate (A), stomatal
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conductance (gs), transpiration rate (E), CO:z internal concentration (Ci), and
instantaneous carboxylation efficiency (A/Ci) were analyzed in two leaflets per plant
(central third and fifth trifoliolate leaf). The evaluations were conducted under 410
umol molt CO: reference and photosynthetic irradiance of 1000 umol m=2 s™ (Rios
et al. 2017), using the broad-leaf chamber with a window area of 6.25 cm?. The

evaluations were always carried out at the same time range (9:00 — 11:00 am).

1.2.2.4 Disease severity evaluation by remote sensing

The evaluation of the crop reflectance was performed by the ASD FieldSpec
Dual Spectroradiometer (Analytical Spectral Devices, Boulder, CO, USA), with a
spectral range from 350 to 1070 nm and 7.5° of field of view. A white panel with
approximately 100% reflectance (Spectralon) was used as a reference for calibration.
For this evaluation, the plants were placed outside the greenhouse under intense
sunlight and without shading, performing a calibration and optimization of the
equipment every 10 minutes. All evaluations were performed weekly in all sampling
units and in two leaflets per plant (third and fifth trifoliate leaf), keeping the equipment
at a uniform distance from the leaves throughout the readings (20 cm).

The spectral curves of each sample were reduced from 350 — 1000 nm to 350
— 900 nm for high noise levels reduction (Abdel-Rahman et al. 2014), and Savitzky-
Golay filter was applied using 11 central points and a third-degree polynomial
(Savitzky and Golay 1964; Bohnenkamp et al. 2019). The reflectance dataset was
used to calculate a list of 19 vegetation indices (VIs) that was representative to the
disease effect on the crop and to allow disease severity identification. Vegetation
Indices are excellent resources to help interpret this type of data, optimizing the
understanding and application of data to identify plant stresses (Shiratsuchi et al.,
2014; Bajwa et al., 2017). Besides, it allows other sensors such as multispectral
sensors to also be able to obtain enough information to estimate these values, not
requiring hyperspectral sensors.

The VIs correlated to physiological or morphological parameters of the plant
were divided into two main groups: VIs correlated to pigments and morphological
structures of the plant (C420, SIPI, PRI, SG, mRESR, VOG1, RGRI, PSRI, ANTHL1,
and ANTH2), and VIs correlated to leaf area index and biomass (MSAVI2, NDVI,
DVI, RVI, GRVI, SR, EVI, RENDVI, mRENDVI) (Behmann et al. 2014). The whole
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Vls descriptions and formulas are described in Table Al, according to Cui et al.
(2009) and Behmann et al. (2014).

1.2.25 Cropyield

At the end of plant development (100 DAE), each plant was manually
harvested to determine the effect of SBR on soybean crop yield of each treatment.
Soybean grains were manually extracted from the pods, separated into paper bags
corresponding to each treatment, and individually weighed on a precision scale and
adjusted to a moisture content of 13% (Brasil 2009), using the Gehaka® AGRI
device, model G929.

1.2.3 Data analysis
The data were submitted to analysis of variance (ANOVA) by the F test and,

when significant, the means of the treatments were compared by the Tukey test at
5% probability, using the R 3.6 software (R CoreTeam 2019). Chlorophyll
fluorescence, gas exchange and the VIs statistical comparisons were performed at
each evaluation date. The variables of each field trial were compared separately due
to significant differences between Field 1 and 2 (p<0.01). On the other hand, since
there was no significant interaction between the experimental replications in the
controlled-environment trials (p>0.05), the variables were here analyzed altogether,
except for gas exchange results that differed between replications (p<0.05). Data
treatment prior to the statistical analysis of reflectance data and VIs were conducted

as previously described.

1.3 RESULTS

1.3.1 Field Trials

1.3.1.1 Disease severity assessment

There was no significant difference in the interaction between the factors in the
first field trial. However, greater disease severity (p<0.05) was observed in the
treatment without fungicide application (Figure 1A). Likewise, higher AUDPC was
observed in the susceptible soybean cultivar (DS6217) compared to the partially
resistant cultivar (TMG 7063) (Figure 1B). No significant difference was found for any

of the factors in Field 2.
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Soybean rust incidence was firstly found 7 days after inoculation (DAI) at Field
1 and 14 DAI at Field 2, with remarkable development progress after this period
(Figure 2). A similar increase in disease progress in both fields was observed,
despite the disease severity being higher in Field 1, especially at the end of the

evaluations.

Figure 1. Soybean rust severity (AUDPC) according to the disease situation in the
field (A) and soybean cultivar (B) in the experimental Field 1.
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*Healthy: fungicide application; SBR: inoculated with P. pachyrhizi and without chemical control. Part-
Resist: partially resistant cultivar; Susc: susceptible cultivar. Means followed by the same letter did not
differ according to Tukey test at 5% probability (p<0.05).

Due to the aggressiveness and dissemination of the disease, there was a high
severity level in these treatments even with chemical control, mainly at the end of the
crop growth stages, contributing to the severity increase (Figure 2A). Meanwhile, in
Field B, the disease remained progressively low for all treatments, without any
difference (p>0.05) and with distinguished lower severity on the partially resistant

cultivar with fungicide application (Figure 2B).
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Figure 2. Soybean rust progress curve in the first (A) and second (B) experimental

fields according to different cultivars and disease severity levels.
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*Susc — SBR: susceptible soybean cultivar (DS6217) with fungicide application; Susc + SBR:
susceptible soybean cultivar (DS6217) without fungicide application; Resist — SBR: partially resistant
cultivar (TMG7063) with fungicide application; Resist + SBR: partially resistant cultivar (TMG7063)
without fungicide application.

1.3.1.2 Chlorophyll fluorescence
In Field 1, significant differences were found only at 21 DAI, when treatments

without chemical control presented higher Fv’/Fm’ values compared to the treatments
with chemical control (Table 2). In the second field trial, differences were found
between the cultivars irrespective of disease severity level, in which partially resistant
cultivars obtained greater AF/Fn' (Y) and ETR then the susceptible cultivars at 14
DAI (Table 3).

Chlorophyll fluorescence parameters response across the evaluation dates
are represented in Figures 3 and 4 for Field 1 and 2, respectively. In general, both
cultivars with lower SBR severity obtained higher fluorescence values in most of the
parameters assessed. No pattern could be identified in terms of linear or continued
progress across the evaluation dates according to the disease progress across this
period, in which clearer differences were only found at the last evaluation with higher

disease severity.
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Table 2. Mean values of maximum quantum yield of PSIl (FV'/Fm’) according to

different levels of soybean rust severity at 21 days after inoculation (DAI) of Field 1.

Treatments FVIFm’
Healthy 0.558 b
SBR 0.634 a

F 0.376"

CV (%) 11.89

*Healthy: with fungicide application; SBR: inoculated with P. pachyrhizi and without chemical control.
NS: Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0,05).

Table 3. Mean values of effective quantum yield of photosystem Il (PSIl) (AF/Fm') (Y)
and electron transport rate (ETR) of susceptible and partially resistant cultivars to P.

pachyrhizi under pathogen infection at 14 days after inoculation (DAI) of Field 2.

Treatments AF/Fn' (Y) ETR
Partially resistant 0.724 a 152.18 a
Susceptible 0.690 b 14489 b
F 5.955* 5.969*
CV (%) 4.43 4.49

*Healthy: with fungicide application; SBR: inoculated with P. pachyrhizi and without chemical control.
NS: Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0,05).

In Field 1, effective quantum vyield of PSIl (Y) and F//Fm' had either
inconsistent behaviour throughout the evaluations or no difference was observed.
However, both cultivars with higher soybean severity obtained lower ETR at the last
evaluations (14 and 21 DAI), observing greater impact of SBR in the treatments with
greater severity (Figure 3). In Field 2, basically same response was found. Electron
transport rate values were higher in both cultivars with fungicide protection,
especially at 14 DAI. Y and F//Fn' did not show any visual difference between the
treatments (Figure 4).
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Figure 3. Chlorophyll fluorescence parameters [AF/Fm' (Y) and Fv'/Fm'] and electron
transport rate (ETR) of susceptible and partially resistant cultivars to P. pachyrhizi
under pathogen infection on Field 1, according to the evaluation dates after the

pathogen inoculation.
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*Susc — SBR: susceptible soybean cultivar (DS6217) with fungicide application; Susc + SBR:
susceptible soybean cultivar (DS6217) without fungicide application; Resist — SBR: partially resistant
cultivar (TMG7063) with fungicide application; Resist + SBR: partially resistant cultivar (TMG7063)
without fungicide application.

“A: effective quantum yield of photosystem Il (PSIl) (Y = AF/Fm’); B: electron transport rate (ETR); C:
maximum quantum yield of PSII (Fv'/Fn’).
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Figure 4. Chlorophyll fluorescence parameters [AF/Fm' (Y) and Fv'/Fm'] and electron
transport rate (ETR) of susceptible and partially resistant cultivars to P. pachyrhizi
under pathogen infection on Field 2, according to the evaluation dates after the
pathogen inoculation.
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*Susc — SBR: susceptible soybean cultivar (DS6217) with fungicide application; Susc + SBR:
susceptible soybean cultivar (DS6217) without fungicide application; Resist — SBR: partially resistant
cultivar (TMG7063) with fungicide application; Resist + SBR: partially resistant cultivar (TMG7063)
without fungicide application.

“A: effective quantum yield of photosystem Il (PSll) (Y = AF/Fm’); B: electron transport rate (ETR); C:
maximum quantum yield of PSIl (Fv/Fm’).
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1.3.1.4 Cropyield
As observed for disease severity, there was no significant difference in the

interaction of factors for crop yield results of Field 1. However, the treatments with
fungicide application presented higher crop yield, producing 1047 kg ha* more than
the treatments where no fungicide was used (Figure 5). No differences were
observed between soybean cultivars, nor on any of the factors in Field 2, following

same result patterns of disease severity.

Figure 5. Mean values of soybean crop yield (kg hat), according to different soybean
rust severity level of Field 1.
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*Healthy: fungicide application; SBR: inoculated with P. pachyrhizi and without chemical control.
Means followed by the same letter did not differ according to Tukey test at 5% probability (p<0.05).

1.3.2 Controlled-environment Trials
1.3.2.1 Disease severity assessment
In the laboratory trials, a similar response was observed regarding disease

severity (AUDCP) and crop yield (g) compared to the results obtained in the field
experiments, especially Field 1 that presented greater disease severity. There was a
significant difference between the factors for the AUDCP variable, with greater
severity in the treatments with SBR infection (Table 4). In addition, the susceptible
cultivar also presented higher severity compared to the partially resistant cultivar.

Clearer distinction between RB and TAN-lesion were also observed (Figure 6).
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Table 4. Mean values of disease severity (AUDPC) according to SBR-infected and

non-infected susceptible and partially resistant cultivars in the controlled-environment

trial.
Culti AUDPC
ultivar Healthy Infected
Susceptible 0.00 aA 225.37 aA
Partially resistant 0.00 aB 145.22 bA
Cause of Variation F P
Disease (D) 149.789 <0.001***
Cultivar (C) 7.007 0.013*
DxC 7.007 0.013*
CV (%) 51.67

NS: Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0.05). Uppercase letters compare between means of
disease level at each cultivar level (columns). Lowercase letters compare between means of cultivars
at each disease level (lines).

Figure 6. Tan and reddish-brown (RB) lesions of SBR in susceptible (A) and partially

resistant (B) cultivars under SBR infection in the controlled-environment trials.

Furthermore, the disease progress curve helps to visualize the difference
between cultivars under SBR infection (Figure 7). While the control treatments
without inoculation and with fungicide application remained uninfected, differences
between soybean cultivars were clear as a function of its resistance level, where the
susceptible cultivar presented a greater disease growth compared to the partially
resistant. The first symptoms were found 7 DAI in both experimental replications.
Soybean crop yield differed only according to the disease levels (p<0.05), in which

treatments with fungicide application (healthy) obtained higher yield (Figure 8).
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Figure 7. Soybean rust progress curve based on the disease severity (%) of
inoculated and non-inoculated soybean cultivars (susceptible and partially resistant

to SBR) in the controlled-environment trials.
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"Susc — SBR: susceptible soybean cultivar (DS6217) non-inoculated with fungicide application; Susc +
SBR: susceptible soybean cultivar (DS6217) inoculated without fungicide application; Resist — SBR:
partially resistant cultivar (TMG7063) non-inoculated with fungicide application; Resist + SBR: partially
resistant cultivar (TMG7063) inoculated without fungicide application.

Figure 8. Mean values of soybean crop yield (kg ha'), according to different soybean

rust severity level on controlled-environment trials.
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*Healthy: with fungicide application; SBR: inoculated with P. pachyrhizi and without chemical control.
Means followed by the same letter did not differ according to Tukey test at 5% probability (p<0.05).
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1.3.2.2 Chlorophyll fluorescence

Significant differences in chlorophyll fluorescence levels were detected only at
35 DAI for the variables analyzed under light and dark-adapted, a moment when the
plants presented severer symptoms (Table 5). However, differences were not found
for the main variables analysed (AF/Fm’, ETR, and F.'/Fm"). Overall, at this evaluation
date, healthy plants showed greater fluorescence values compared to diseased
plants (Table 5), demonstrating the pathogen's action on plant physiology, and
corroborating the results found in the field. Differences between the treatments are
shown in the Figures 9 and 10, where treatments without SBR infection show higher
fluorescence values in most of the parameters evaluated (Fs, Fms, ETR, Fm, and
FV/Fm’). Alternatively to the findings in the field trials, here a subtle pattern was
observed across evaluation dates and disease progress, although clearer differences
were only found at the last evaluation with higher disease severity. Similar to the field

trials, no visual difference was found for Y.

Table 5. Chlorophyll fluorescence (Fs, Fms, AF/Fm’, Fo, Fm, FV/Fm’) and electron
transport rate (ETR) of susceptible and partially resistant cultivars to P. pachyrhizi
under different SBR disease levels at the last evaluation date (35 DAI) of the

controlled-environment trials.

Treat. Fs Fns AFF,'(Y) ETR Fo Fon FoIFm’

Healthy 190.45a 459.93a 0.582 a 121.92a 238.55a 669.25a 0.632a
SBR 16490b 393.975b 0.549a 116.22a 230.00a 577.55b 0.578a

F 13.925™ 8.598" 3.725N8 2.936N  0.113"S 4.523" 3.514Ns
CV (%) 12.18 16.65 9.28 8.88 34.36 21.87 15.40

*Healthy: non-inoculated with fungicide application; SBR: inoculated without fungicide application. NS:
Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0.05).
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Figure 9. Light-adapted chlorophyll fluorescence parameters (Fs, Fms, AF/Fn') and
electron transport rate (ETR) of susceptible and partially resistant cultivars to P.

pachyrhizi according to disease levels on the controlled-environment trials.
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*Susc — SBR: susceptible soybean cultivar (DS6217) non-inoculated with fungicide application; Susc +
SBR: susceptible soybean cultivar (DS6217) inoculated without fungicide application; Resist — SBR:
partially resistant cultivar (TMG7063) non-inoculated with fungicide application; Resist + SBR: partially
resistant cultivar (TMG7063) inoculated without fungicide application.

**A: steady-level fluorescence (Fs); B: maximum fluorescence at light-adapted state (Fms); C: effective
guantum yield of photosystem Il (PSII) (Y = AF/Fm’); D: electron transport rate (ETR).



39

Figure 10. Dark-adapted chlorophyll fluorescence parameters (Fo, Fm and Fv'/Fn'’) of
susceptible and partially resistant cultivars to P. pachyrhizi according to disease

levels on the controlled-environment trials.
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partially resistant cultivar (TMG7063) non-inoculated with fungicide application; Resist + SBR: partially
resistant cultivar (TMG7063) inoculated without fungicide application.

A: initial fluorescence (Fo); B: maximum fluorescence (Fm); C: maximum quantum yield of PSII
(FV'/Fm’).
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1.3.2.3 Leaf gas exchange
In the first evaluation of the first repetition, even under low disease severity,

higher stomatal conductance, carbon assimilation and efficiency in carbon
assimilation (p<0.05) were observed in healthy treatments compared to the SBR-
infected (Table 6). In the second evaluation, with greater disease severity, there was
also a difference between the treatments, with a higher transpiration rate (E) in
healthy plants and lower stomatal conductance in SBR-infected plants (Table 7). On
the other hand, in this evaluation, a significant difference was also observed between
the factors for the assimilation rate and carboxylation efficiency variables, in which

both variables were significantly higher in healthy plants (Table 8).

Table 6. Effect of P. pachyrhizi on transpiration rate (E), stomatal conductance (gs),
carbon assimilation rate (A), and instantaneous carboxylation efficiency (A/Ci) of

susceptible and partially resistant cultivars in the first evaluation of the first repetition.

Treatment e g A AIC
mmolm2s? molH20 m2s? pmolCO2m?s? pmol m?sippm?
Healthy 442 a 0.684 a 30.24 a 0.13 a
SBR 4.15 a 0.569 b 26.46 b 0.11b
F 2.58NS 5.03" 7.65" 9.02Ns
CV (%) 8.82 18.26 28.35 11.81

*Healthy: non-inoculated with fungicide application; SBR: inoculated without fungicide application. NS:
Not significant; *significant a p < 0,05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0,05). “A: carbon assimilation rate; gs: stomatal
conductance; E: transpiration rate; A/Ci: instantaneous carboxylation efficiency.

Table 7. Effect of P. pachyrhizi on transpiration rate (E) and stomatal conductance
(gs), of susceptible and partially resistant cultivars in the second evaluation of the first

repetition.
E Os
Treatment mmol m2 s? mol H,O m2 st
Healthy 4.03 a 0.33b
SBR 3.21b 0.46 a
F 18.22%** 9.64***
CV (%) 11.93 22.85

*Healthy: non-inoculated with fungicide application; SBR: inoculated without fungicide application. NS:
Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0.05). ™ E: transpiration rate; gs: stomatal conductance.
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Table 8. Effect of P. pachyrhizi on carbon assimilation rate (A) and instantaneous
carboxylation efficiency (A/Ci) of susceptible and partially resistant cultivars in the

second evaluation of the first repetition.

A A/Ci
Cultivar umol CO2 m? st umol m2 st ppm-?
Healthy SBR Healthy SBR

Susceptible 23.2 aA 21.6 aA 0.092 aA 0.087 aA
Partially resistant 16.7 bB 23.2 aA 0.071 bB 0.098 aA

Cause of variation F P F P
Disease (D) 2.288 0.156 NS 2.935 0.112Ns
Cultivar (C) 2.728 0.124NS 0.650 0.436 NS

DxC 7.583 0.017* 6.523 0.025*

*Healthy: non-inoculated with fungicide application; SBR: inoculated without fungicide application. NS:
Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0.05). Uppercase letters compare between means of
disease level at each cultivar level (columns). Lowercase letters compare between means of cultivars
at each disease level (lines). "A: carbon assimilation rate; A/Ci: instantaneous carboxylation efficiency.

In the first evaluation of the second replicate, no significant differences were
found. However, in the second evaluation, the results followed the same trend of the
first experiment replicate, with significantly lower values of assimilation rate and
carboxylation efficiency (Table 9). Stomatal conductance and transpiration rate were
higher for the partially resistant cultivar, possibly due to inherent characteristics of the
cultivar (Table 10). In addition, there was an effect of the disease only for the partially

resistant cultivar, with higher values found in healthier plants.

Table 9. Effect of P. pachyrhizi on carbon assimilation rate (A) and instantaneous
carboxylation efficiency (A/Ci) of susceptible and partially resistant cultivars in the

second evaluation of the second repetition.

Treatment A AlCi
umol CO2 m? st umol m2 stppm*
Healthy 8.695 a 0.026 a
SBR 5.004 b 0.014 b
F 12.137*** 11.491***
CV (%) 34.58 37.76

*Healthy: non-inoculated with fungicide application; SBR: inoculated without fungicide application.
***significativo a p < 0.01 pelo teste F. Médias seguidas pela mesma letra em cada comparagao nao
diferiram pelo teste de Tukey 5% de probabilidade (p < 0.05). A: taxa de assimilacdo de carbono;
A/Ci: eficiéncia instantanea da carboxilagéo.
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Table 10. Effect of P. pachyrhizi on transpiration rate (E) and stomatal conductance
(gs), of susceptible and partially resistant cultivars in the second evaluation of the

second repetition.

E Js
Treatment mmol m? st mol H20 m? s?
Healthy SBR Healthy SBR

Susceptible 2.52 bA 2.66 aA 0.277 aA 0.319 aA
Partially resistant 3.98 aA 2.10 bB 0.415 bA 0.214 bB

Cause of variation F P F P
Disease (D) 7.446 0.018Ns 7.184 0.020Ns
Cultivar (C) 0.152 0.704Ns 0.309 0.588NS

DxC 14.016 0.003* 16.781 0.001*

*Healthy: non-inoculated with fungicide application; SBR: inoculated without fungicide application. NS:
Not significant; *significant a p < 0,05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0,05). Uppercase letters compare between means of
disease level at each cultivar level (columns). Lowercase letters compare between means of cultivars
at each disease level (lines). ™ E: transpiration rate; gs: stomatal conductance.

1.3.2.4 Disease severity evaluation by remote sensing

No statistical difference was found in any evaluation dates. However,
promising results were observed by using VIs as an indication of plant health and
disease progress, with the best visual results observed for VIs correlated to pigments
and morphological structures of the plant (Figure 13) when compared to VIs related
to the vegetation index, leaf area and biomass (Figure 14). In general, most of the
VIs presented a common pattern with an increasing or decreasing values towards the
last evaluations, such as the results observed for C420, mRESR, SG, VOG1,
ANTH2, DVI, mRENDVI, RVI, SR, and RENDVI. Some of the VIs excerpt in
highlighting differences between the treatments, especially SIPI, PSRI, GRVI, EVI
and NDVI indexes. At times of greater severity (35 — 42 DAI), more visible differences

were seen between the treatments according to the disease severity.
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Figure 11. Vegetation indices (VIs) calculated based on morphological factors and
leaf pigments, according to the spectral curves of susceptible and partially resistant
cultivars to soybean rust under the presence and absence of the disease infection
throughout the experimental evaluation period.
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Figure 12. Vegetation indices (VIs) calculated based on biomass and plant structure,

according to the spectral curves of susceptible and partially resistant cultivars to

soybean rust under the presence and absence of the disease infection throughout

the experimental evaluation period.
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1.4 DISCUSSION

In both field and laboratory trials, there was a distinct response of soybean
susceptible and partially resistant cultivars according to the disease progress and
symptom severity, reflecting it in the crop yield. These results were even clearer in
the controlled-environment situation, where the comparison between truly healthy
and SBR-infected treatments was possible. However, in general, SBR impact on
soybean plants’ photosynthesis capacity was inconclusive in terms of chlorophyll
fluorescence and gas exchange impairments. In general, the photosynthesis
parameters evaluated on both cultivars were similarly impacted by the disease.

Despite not promoting total control effectiveness in the field trials, fungicide
applications promoted a lower disease severity, whereas the partially resistant
cultivar also achieved a significantly reduced severity. This was not well evident in
Field 2, in which the lower intensity of the disease did not promote great differences
in disease severity between the treatments and cultivars. The controlled-environment
condition allowed the elucidation of the biggest differences between the cultivars,
mostly due to the possibility to maintain treatments without SBR infection. In this
situation, disease severity was reduced by half in the partially resistant cultivar, while
in field conditions AUDPC differences between cultivars were only observed at higher
severity evaluations. Moreover, the same trend was found for crop yield in the field
and laboratory trials, in which there was greater maintenance of crop yield in
situations without the presence of the disease or with fungicide protection. On the
other hand, SBR did not impact crop yield to the extend of finding differences
between the cultivars, which were similarly impacted by the disease.

Soybean rust symptoms were already found at 7 DAI in both cultivars of Field
1 and in the controlled-environment trials. Since this was the first evaluation timing,
the first symptoms were possibly apparent even before this period. Vittal et al. (2014)
reported hyphae growth, infection, and haustoria development only 1 DAI even in
partially resistant cultivars. However, the pathogen colonization in resistant cultivars
was reduced by apoptosis, while in susceptible genotypes it was found expressive
fungal colonization. Moreover, Vittal et al. (2014) reported a varying number of
lesions cm? according to the genotype and disease reaction (TAN, RB or immune),
but not outstanding differences were observed like the differences in severity found

here. Furthermore, one of the greatest differences reported by Vittal et al. (2014)
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were found as function of sporulating uredinia and the number of days until first
symptoms, in which susceptible genotype outstood immune and partially resistant
genotypes. Yamanaka et al. (2010), reported up to twice the number of lesions in
susceptible cultivars compared to genotypes with varied levels of partial resistance.
However, the comparison of SBR severity between genotypes in other research
studies is difficult to be conducted since each genotype possesses different
resistance levels according to resistant genes. Therefore, only considering the
disease reaction, whether it is RB or TAN, might not be sufficient to conduct a proper
comparison in this matter.

Despite the distinct effect of SBR on the susceptible and partially resistant
cultivar, even on crop yield, some unclear results were found regarding the
chlorophyll fluorescence parameters assessed. However, in general, a common
trend was found especially for the comparison between healthy or fungicide-
protected soybean plants and SBR-infected or without fungicide application, which
most parameters were greater impacted by the greater SBR damage. Greater
differences were found only in the last evaluations, a situation in which greater
disease severity was present. Perhaps these results could be cleared out when
conducted under an even higher disease severity.

Considering the laboratory trial with more data consistency and similar
patterns, greater impact due to disease severity was observed in F, Fms, and ETR, in
which a clear division was seen between infected and non-infected plants. Among
these, ETR is one of the most common parameters studied to identify plant stress by
biotic factors (Berger et al. 2007; Scholes and Rolfe 2009). These studies show a
high correlation between damage to the photosynthesis apparatus along with lower
ETR values in infected plants. Besides, ETR has also been used to even identify
different pathogen-host interactions in terms of lesion reaction types, which could be
a great alternative to identifying differences between TAN and RB lesions in our
study (Swarbrick et al. 2006; Scholes and Rolfe 2009).

One exception to the results observed was the proportion of absorbed light
used in the PSII (Y). In the majority of the evaluations, no difference was found for
cultivars or disease severity levels. Especially in the controlled-environment
condition, Y was held steady across all evaluation dates in all the treatments.
Oppositely, Rios et al (2017) observed an almost 31% increase in Y values of

fungicide-protected plants compared to the control without application and with
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higher SBR infection. It is possible that the level of damage caused by the disease
was not enough to cause greater Y deficits.

Similarly, no remarkable differences were found for F/'/Fm' in both field trials,
although greater values were found in healthy plants in the laboratory assay. Usually,
a value around 0.83 is expected in healthy plants, with lower values commonly
observed in stressed or damaged plants (Demmig and Bjorkman 1987). In this study,
healthier plants obtained F.'/Fm’ values around 0.75, while damaged plants ranged
around 0.58. These results are similar to those found by Rios et al. (2017), where
SBR-infected plants presented F.//Fm’ around 0.5, meanwhile almost 0.75 were
observed in the fungicide-protected plants. In field conditions, although greater SBR
infection was observed in certain treatments, differences in chlorophyll fluorescence
might not be as apparent due to other environmental conditions. Besides, the level of
infection and severity also play a major role in F//Fn’ parameters, as reported by
Tatagiba et al. (2015). According to the authors, Fv/Fm' might not represent the best
indicator of disease infection, especially in the beginning of the symptoms with lower
severity. In the study of Tatagiba et al. (2015), understanding the impact of
Monographella albescens in rice leaves, this fluorescence parameter did not follow
the pattern of severity increase and disease incidence.

Furthermore, there were only a few differences in chlorophyll fluorescence
between levels of SBR resistance of the genotypes assessed under SBR infection. It
was expected that SBR resistance, even though partial, would ensure greater
resistance to photosynthetic apparatus damage and, therefore, obtain greater
fluorescence levels. However, only mild visual differences were found for most of the
parameters assessed, in which the susceptible cultivar under SBR infection differed
from the others, without significance. This outcome might be explained based on a
few possibilities. One is due to the natural greater performance of the susceptible
cultivar, observed when none of them were infected with SBR and almost all
parameters assessed were higher for the susceptible cultivar compared to the
partially resistant. So, even under the pathogen action, the difference between them
was smaller, compensated by the cultivar performance. Moreover, Smedegaard-
Peterson and Tolstrup (1985) also found a “cost effect” on the photosynthesis of
resistant cultivars due to the pathogen infection. According to the authors, there is a
cost of energy associated with the resistant reaction, which a high cost on ATP and
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photosynthesis might be present to replenish expenses with programmed cell death
and hypersensitive response.

Leaf gas exchange rates were also similar to those effects on chlorophyll
fluorescence. Studies have reported a high correlation between these two sets of
parameters, especially in correlation to different disease severity levels (Kumudini et
al. 2008b; Baker et al. 2008; Scholes and Rolfe 2009). One of the comparisons is
between ETR and CO2 assimilation rate (A), reported as an important parameter for
the identification of pathogen-host interactions due to the similar linear relationship
between them (Scholes and Rolfe 2009). In our study, a significant effect was seen
for CO2 assimilation rate in the controlled-environment conditions, with lower rates
due to SBR infection regardless of the cultivar, matching the results from ETR
evaluation. Overall, transpiration rate, stomatal conductance, CO2 assimilation, and
instantaneous carboxylation efficiency (A/Ci) were all impacted by SBR infection,
especially at higher severity (second evaluation), while only few differences were
found in the comparison between susceptible and partially resistant cultivars. Once
more, the cost of resistance and the presence of symptoms and cell death might be
also related to this outcome, such as those found in chlorophyll fluorescence
(Smedegaard-Peterson and Tolstrup, 1985).

Lower chlorophyll fluorescence values might represent in this scenario
damage to the photosynthetic apparatus and, therefore, lower photosynthesis
capacity (Berger et al. 2007). It was also demonstrated by CO2 and gas exchange
parameters’ impact. Besides using host’s carbohydrate, the disease infection usually
causes necrotic or chlorotic areas that impacts the production of photosynthetic
assimilates (Berger et al. 2007). It potentially means a deficit in photosynthesis
efficiency, which is readily assessed through chlorophyll fluorescence and efficiency
to convert energy in the PSIl. In consequence, lower photosynthesis will lead to
lower carbohydrate production and a change in the host’s sink metabolism (Berger et
al., 2004; Bonfig et al. 2006).

Kumudini et al. (2008b) also reported a significant impact of SBR on soybean
physiology. Besides decreasing crop yield, the authors reported an effect on radiation
interception and reduced radiation efficiency, which was associated with reduced
photosynthesis capacity due to the reduction of healthy green leaves. Furthermore,
the carbon exchange rate was also impacted by SBR infection with exponential

decline according to severity increase. In both compatible and incompatible (partial)
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interaction between P. pachyrhizi and soybean, the infection process after
urediniospores deposition in the leaf happens by appressorial penetration through
the epidermis and hyphae growth through intercellular space and epidermal cell,
which then evolves to haustoria formation and uredia formation in the epidermis
(Vittal et al. 2014). Thereby, besides cell damage and infection process, green leaf
area are reduced by the uredinia, affecting its photosynthesis capacity.

Besides chlorophyll fluorescence and photosynthesis activity, the usage of Vs
as a path to identify plant-pathogen interactions was also seen as a great tool.
Although most of the VIs tested presented the same pattern, which is possibly related
to the plant senescence towards the end of the evaluations (Gitelson and Merzlyak
1994), some of the VIs were able to better distinguish between treatments. From this
list, SIPI, PSRI, and RGRI which correlate to pigment and morphological structure of
the plants, as well as GRVI, EVI, and NDVI, which correlate to the structural
characteristics and biomass, were those that stood out. In all of these Vls, at the last
evaluation, there is a clear division especially between SBR-infected and healthy
plants, regardless of the cultivar.

As discussed, the main purpose of Vis is to estimate morphological and
physiological features of the plants, such as healthy biomass, leaf density, pigments,
and chlorophyll content (Meena et al. 2020), using this data to compare plants under
different situations (healthy and infected) and inferring the plant health (Xue and Su
2017). Hyperspectral data, such as those collected here, can supply a quite amount
of information that is sometimes not even visible (Behmann et al. 2014). Therefore,
VIs represent a simpler way to extract valuable information from all spectral datasets
that, as seen, can also be used to complement and understand plant behavior in the
plant-pathogen interaction. Nonetheless, we encourage new research studies to be
conducted unveiling the interaction of this Vis tested with other diseases or biotic
stresses, such as plant nutrition. This will add great value to distinguish some of
these effects and aid to get a clearer sight of the results achieved here.

Therefore, the hypothesis that partial resistance to SBR promotes lower
impact of the disease in terms of severity and yield was patrtially confirmed, since it
demonstrated distinct effects over the genotypes tested, especially regarding SBR
severity and crop yield. Nonetheless, the impact on physiological parameters such as
chlorophyll fluorescence and leaf gas exchange was not fulfiled. The results

presented here show a significantly different effect of SBR infection on soybean
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plants, with most parameters differing between healthy and SBR-infected plants, but
it was not as clear in the comparison between partially resistant and susceptible
cultivars. Despite the heterogeneity found in the field trials, SBR seems to have
affected soybean photosynthesis capacity in different ways in both cultivars, reducing
both cultivars’ capacity to some extent. More studies are encouraged to be
conducted focusing on the evaluation under even higher SBR severities, which
should clarify the differences between the treatments. Moreover, as seen in the field
trials, even under fungicide protection, a considerable severity was found in the
treatments, which reinforces the need for new tools to be implemented in the IDM. In
this scenario, the full comprehension of the efficacy and applicability of resistant
cultivars might be a key factor to improve SBR management.

In conclusion, partially resistant cultivars promoted less SBR severity but were
similarly affected by the disease in terms of chlorophyll fluorescence and leaf gas
exchange. In addition, the use of spectral values in the assessment of plant health
may be of great value as a quick and reliable source of information but still requires
more studies to obtain a more robust database.
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1.6 APPENDICES

Table Al. Vegetation indices (VIs) representative to the disease effect on the soybean crop used to assess to correlation of disease
severity and spectral signatures.
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Vegetation -
Indices (V) Description Formula Reference
R4—20 .
C420 C420 Bajwa et al. (2017)
Reos
Modified Chlorophyll Absorption 1 .
MSAVI2 Ratio Index Improved 5[ 2(Rg1o + 1) — V(2Rg10 + 1)? — 8(Rg10 — Reso) Qietal. (1994)
NDVI Normalized Difference (Rg10 — Reg0) Rouse et al. (1974)
Vegetation Index (Rg10 + Reo0)
DVI Difference vegetation Index R755 — Rgog Richardson & Wiegand
(2977)
R
RVI Ratio vegetation Index R775 Pearson & Miller (1972)
698
GRVI Green normalized Difference (Reoo — Rse0) Sripada et al. (2006)
vegetation index (Reoo + Rseo) P '
i Rgoo— R
SIPI Structure Inderzjendent Pigment (Rgoo — Raas) Penuelas et al. (1995)
Index (RSOO - R680)
i Rs70— R
PRI Photochemical reflectance (Rs70 — Rs31) Gammon et al. (1997)
Index (Rs70 + Rs31)
. - R800
SR Simple ratio index — Rouse et al. (1974)

R670
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Continuation of Table A1l. Summary of vegetation indices (VIs)

Vegetation o
Indices (V) Description Formula Reference
EVI Enhanced vegetation index 2,5 * (Rso0 = Re7o) Huete et al. (1997)
(Rgoo + 6 * Rg70 — 7,5 % Rygo + 1)
1 599
SG Sum green index —Z Ri Gamon & Surfus (1999)
N 4-i=500
(R750 — R705) .
RENDVI Red edge NDVI —_— Gitelson & Merzlyak (1994)
(R750 + R705)
MRENDVI Modified red edge NVDI (R7s0 — R7os) Sims & Gamon (2002)
(R750 + R705 — 2Ryys)
. g - . R —_ R
MRESR Modified red_edge simple ratio (R750 445) Sims & Gamon (2002)
index (R705 — Ry4s)
R
VOG1 Vogelmann Red Edge Index 1 R”O Vogelmann et al. (1993)
720
mean(Rsgo_
RGRI Red green ratio index (Rs00-600) Gamon & Surfus (1999)
mean(Rg00-700)
Rggo — R
PSR Plant senescence reflectance 680 500 Merzlyak et al. (1999)
index R750
ANTH1 Anthocyanin reflectance index L r Gitelson et al. (2001)
(1) Rsso  R700
ANTH?2 Anthocyanin reflectance index Raoo [ _ ] Gitelson et al. (2001)
(2) Rsso  R700
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Figure Al. Laboratory trials conduction in controlled-environment conditions under
humidity, temperature, and irrigation control.

Figure A2. Visual evaluation of soybean rust symptoms (A) and analysis of
chlorophyll fluorescence with pulse-modulated fluorometer in light-adapted (B) and
dark-adapted (C) states.
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Figure A3. Evaluation of soybean reflectance under biotic stress caused by P.
pachyrhizi using a spectroradiometer ASD FieldSpec Dual Spectroradiometer
(Analytical Spectral Devices, Boulder, CO, USA): equipment calibration (A), reading
of soybean leaflets reflectance (A) and documentation of the spectral curve (C).

Figure A4. Portable photosynthesis system (IRGA) use to analyze the effect of the
disease on the gas exchange and photosynthetic capacity of the crop.
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CHAPTER 2

Soybean rust detection and disease severity classification by remote sensing?

Deteccéo da ferrugem da soja e classificacdo da severidade da doenca por

sensoriamento remoto

RESUMO
A deteccdo e monitoramento da ferrugem da soja (FAS) por meio de sensoriamento
remoto é promissor devido a importancia da cultura e os aspectos da doenca.
Avaliamos os efeitos de diferentes niveis de severidade de FAS na refletancia de
foliolos de soja visando a constru¢do de um modelo de classificacdo de doencas. O
efeito do SBR na refletancia dos foliolos da soja foi avaliado em duas cultivares
(suscetivel e parcialmente resistente) em quatro niveis de severidade da doenca:
sadio, baixo, moderado e alto, quando as plantas se encontravam no estadio
reprodutivo R5. Os foliolos foram coletados a campo e levados ao laboratério para a
avaliacao espectral através do espectrofotbmetro UV 2700 (Shimadzu) acoplado ao
Integrating Sphere Attachment ISR-603, avaliando a refletancia de cada amostra na
faixa de 270 a 1000 nm em um intervalo de 3,0 nm. A viabilidade do uso de uma
colecdo de 19 indices Vegetativos (IVs) e reducido da dimensionalidade dos dados
por meio de Andlise Fatorial Mdltipla (MFA) foram avaliadas e um modelo de
classificacéo foi construido por meio de algoritmos estatisticos e de aprendizado de
maquina. Dez algoritmos foram avaliados com base em parametros de preciséo,
sensibilidade e acuracia, utilizando 80% do conjunto de dados como dados de
treinamento e 20% como conjunto de dados de teste. A faixa visivel do espectro e a
faixa Red Edge foram consideradas as melhores para auxiliar na predicdo da
doenca e no modelo de classificacdo. A MFA teve um desempenho satisfatorio na
reducdo da dimensionalidade dos dados e revelou o efeito de comprimentos de onda
especificos na classificacdo de cada classe e na reducdo da dimensionalidade dos
dados. A maioria dos IVs estudados obteve alta correlacdo entre as classes de

severidade. A acuracia e a precisdo da classificacdo da doenca foram superiores a

2Artigo aceito para publicacdo na Agronomy Journal (ISSN: 1435-0645) e redigido de
acordo com as normas da revista.
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70% para todos os modelos estudados. A maquina de vetores de suporte linear com
a base de dados dos Vs obteve os melhores resultados. Este estudo oferece um
bom caminho para o desenvolvimento de um modelo de detecgéo a ser integrado
aos programas de gestao de SBR.

Palavras-chave: Sensoriamento remoto, doencas de plantas, sistemas de manejo

de doencas, soja.

ABSTRACT

The detection and monitoring of soybean rust (SBR) through remote sensing is
promising due to the importance of the crop and the aspects of the disease. We
evaluated the effects of different levels of SBR severity on soybean leaflets
reflectance aiming the construction of a disease classification model. The effect of
SBR on soybean leaflet reflectance was evaluated on two cultivars (susceptible and
partially resistant) at four disease severity levels: healthy, low, moderate, and high
severity levels, when the plants were at R5 reproductive stage. Leaflet samples were
collected in the field and taken to the laboratory for the spectral evaluation through
the spectrophotometer UV 2700 (Shimadzu) coupled with Integrating Sphere
Attachment ISR-603, evaluating the reflectance of each sample in the range of 270 to
1000 nm at an interval of 3.0 nm. The feasibility of using a collection of 19 Vegetation
Indices (VIs) and data dimensionality reduction through Multiple Factor Analysis
(MFA) were evaluated and a classification model was constructed through statistical
and machine learning algorithms. Ten algorithms were assessed based on precision,
sensibility, and accuracy parameters, using 80% of the dataset as training data, and
20% as testing dataset. The visible range of spectrum and red edge region were
considered the best ones to aid in the prediction of the disease and classification
model. MFA performed satisfactorily in the dimensionality data reduction and
unveiled the effect of specific wavelengths on the classification of each class and on
the data dimensionality reduction. Most of the VIs studied had high correlation
performance across the severity classes. Classification accuracy and precision was
above 70% for all models. Linear support vector machine with the collection of Vis
achieved the best results. This study provides a practical path for developing a
detection model to be integrated into SBR management programs.

Keywords: Remote sensing, plant disease, pest management systems, soybean.
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2.1 INTRODUCTION

Soybean crop vyield is affected by phytosanitary problems globally. Soybean
rust (SBR), caused by Phakopsora pachyrhizi Sydow & Syd. was responsible for
more than US$15 billion losses from 2001 to 2015 (IEAQ/ABAG, 2015), and is
currently considered the most important disease of the crop. This pathogen can
cause up to 80% yield reduction and its control is based on fungicides, of which there
are only few options available due to exponential growth of fungus resistant
populations (Deising et al. 2008; Kelly et al. 2015; Godoy et al., 2015; Godoy et al.,
2021). Therefore, the need for innovative techniques to be integrated into the disease
management is evident in order to obtain greater control efficacy and loss reduction.

In this scenario, monitoring is the basis for integrating different tactics into the
Integrated Disease Management (IDM), supporting decision-making of control and,
therefore, promoting greater sustainability of soybean production (Wylie & Speight,
2012). However, it is considered one of the costliest procedures and the least
employed in the field, where farmers choose using pesticides on a scheduled basis
as a guarantee of crop production. Besides potential inputs losses, this action can
lead to selection of fungi populations resistant to fungicides, greater environmental
contamination, and reduced control effectiveness (Godoy et al., 2015). Conventional
monitoring was conducted through extensive scouting and visual evaluation in the
field, which takes great number of employees and high expertise.

After years of optimizations in techniques and equipment, remote sensing can
reduce the cost and time spent on disease monitoring, improving both operational
and financial capacity by providing data and information that are not visible or
apparent. On this matter, hyperspectral sensors have been one of the most used for
plant diseases detection and monitoring of cropping fields through differences in
reflectance (Khaled et al., 2018; Kelly & Guo, 2007; Shiratsuchi et al., 2014; Ahmed
et al., 2016; Mahlein, 2016).

One of the key features to identify plant stress and, thereby, plant disease
incidence, is to analyze the “spectral signature” of the elements (Shiratsuchi et al.,
2014; Khaled et al., 2018). Each pathogen can affect the plant structure in a
particular way, either by altering its pigmentation, solutes chemical concentration, cell
structure, nutrient balance, water absorption, or gas exchange (Hatfield & Pinter,
1993). Soybean rust symptoms are firstly visible on the leaves at the bottom of the

plant canopy, with chlorosis and presence of reddish-brown (RB) or tan (TAN)
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pustules, depending on the cultivar susceptibility to the disease (Rupe & Sconyers,
2008; Kelly et al.,, 2015). Partially resistant cultivars produce RB lesions, while
susceptible reactions produce TAN lesions. As the disease progresses, symptoms
are aggravated with the appearance of more uredia, progressing to intense
defoliation and reduced photosynthesis (Kelly et al., 2015). Few studies have
observed the application of remote sensing in the identification of stress and
diseased plants in soybean crops (Cui et al., 2009; Hikishima et al., 2010; Bajwa et
al., 2017).

Remote sensing primarily aids identifying the plant stress suffered from the
disease based on the biophysical principles (Martinelli et al., 2015). The faster the
monitoring and detection, the greater the chance of success for the IDM. For that, the
construction of a prediction or detection model has to go through extensive study to
firstly identify the possibility of a disease to be identified remotely. Once knowing the
effects of the disease on the plant, it is possible to build a correlation with the spectral
values obtained in the monitoring and subsequently construct the so-called
classification model.

Technigues have been used to help in the interpretation of the outcomes from
hyperspectral sensors, since they gather high quantities of data. The first one is data
dimensionality reduction, such as Principal Component Analysis (PCA) and Multiple
Factors Analysis (MFA). These techniques aid reducing the quantity of data while
preserving relevant information from the original data (Abdi et al., 2013; Feng et al.,
2017). Another alternative is through Vegetation Indices (VI) calculations based on
reflectance values (Behmann et al., 2014; Al Saddik et al., 2019). Vegetation Indices
are divided into indices sensitive to pigment concentration, using the characteristics
observed in the visible range, and indices sensitive to the structure of the plant, with
the analysis of structural properties through the near infrared spectrum band
(Shiratsuchi et al., 2014). Several VIs showed a high correlation on the identification
of diseases in soybean crops (Mahlein et al., 2013; Bajwa et al., 2017), although only
few specifically for SBR.

For soybean IDM, the timing of fungicide application is very important to
improve the spraying technology (Negrisoli et al.,, 2019) and to avoid an epidemic
outbreak in the field. Besides, remote sensing has been applied successfully at
different phytopathosystems and has a great potential for SBR management. Only a

few studies have been conducted identifying SBR on soybean leaves through remote
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sensing techniques and more work need to be conducted. The effect of RB or TAN
lesions from different cultivars on the reflectance are also not yet well
comprehended. The hypothesis of this study is that relevant differences can be found
based on leaf reflectance under different disease severity levels, especially between
healthy and low severity levels. These differences may allow an early detection of the
disease and, thereby, to build a classification model based on the reflectance data.
Therefore, the objective of this study was to construct a detection and classification
model for future applications on IDM based on the effects of different levels of

soybean rust severity on soybean leaflets reflectance by remote sensing.

2.2MATERIAL AND METHODS

Soybean cultivation was conducted in two experimental areas (replicates) in
Botucatu, S&o Paulo State, Brazil, with geographic coordinates 22° 48' 48"S; 48° 25'
37"W (Site 1) and 22° 49' 38"S; 48° 25' 40"W (Site 2), during the 2019/2020 crop
season. In both experimental sites, no-tillage system was adopted and all sowing
operations, crop protection management, fertilization, and evaluations were carried
out homogeneously. The soybean crop was sown simultaneously on December 6,
2019, with row spacing of 0.45 m and a population of 299,000 plants ha in Site 1
and 288,000 plants hat in Site 2.

2.2.1 Experimental design
The field trials were carried out in a randomized block design and the

treatments were distributed in a 2 x 2 factorial scheme: 2 soybean cultivars (Brevant
DS6217 IPRO, susceptible to SBR; TMG IPRO 7063, partially resistant to SBR) and
2 disease situations (diseased plants without chemical control; healthy plants with
chemical control), in five replications. Both cultivars are recommended for the region
where the study was conducted and have the same indeterminate growth habit. This
design refers only to the installation of field trials to collect samples homogeneously.
The experimental units (plots) of each site was composed of six 3 x 5 m soybean
rows (width x length), totaling an area of 15 m?2,

Treatments kept with chemical control were carried out using protective and
curative fungicides. Starting at the vegetative growth stage V6, three applications of
the systemic fungicide trifloxystrobin (150.0 g L) + prothioconazole (175.0 g L?)

(Fox®) along with the fungicide multisite mancozeb (750 g kg?) (Unizeb Gold®) were
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carried out fortnightly (at V6, R1 and R3 growth stages). Fox® and Unizeb Gold®
were applied at a constant rate of 0.4 L ha'! and 2.5 kg ha?, respectively, as
recommended by the manufacturers. Sprayings were uniformly carried out with a
CO2 pressurized backpack sprayer equipped with a 3-meter boom and six flat fan
nozzles XR 11002 (TeeJet). The displacement speed was 5.0 km h* and the working
pressure 200 kPa, providing an application rate of 150 L ha™.

After V6 vegetative growth stage, 10 leaflets per plot were collected weekly
from the bottom of the canopy and taken to the laboratory for better visualization of
symptoms and fungal structures under a stereoscopic microscope to monitor the
onset and evolution of the disease. Disease severity was estimated by assigning
severity levels based on visual observation of the symptoms using a diagrammatic
disease scale proposed by Godoy et al. (2006).

2.2.2 Spectral data evaluation

The effect of SBR on the leaflets was evaluated when the crop was at the R5
reproductive growth stage and with the presence of plants with high disease severity.
Due to the epidemiology of the disease, it is common to find in the same area (i.e.
plots) plants with different levels of disease severity (Kelly et al., 2015). Ten leaflets
were collected according to each disease situation (severity levels), from each
cultivar (susceptible and partially resistant), and at each experimental site, that is,
randomly collected among the plots conducted in the field. According to the
methodology proposed by Cui et al. (2009), the severity levels were divided into: i)
healthy leaflets (no symptoms); ii) low severity (2% severity); iii) moderate severity
(10% severity); iv) high severity (30% severity), being the severity percentage
evaluated based on the diagrammatic scale proposed by Godoy et al. (2006) (Figure
1).

The spectral evaluation was conducted through the spectrophotometer UV
2700 (Shimadzu) coupled with integrating spheres (Integrating Sphere Attachment
ISR-603), evaluating the reflectance of each sample in the range of 270 to 1000 nm
at an interval of 3.0 nm. Integrating spheres-based reflectance analysis were carried
out by setting a sample facing the incident light window and focusing the light
reflected from the sample in the detector using a coated-barium sulfate sphere
known as standard white board that presents 100% reflectance (Figure 2). The value

obtained becomes the sample reflectance (relative reflectance) in relation to the
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reference standard whiteboard reflectance (Shimadzu, 2020). Specular and diffuse
reflected light are measured through models of integrating spheres across different
incidence angles. Each sample (leaflet) was evaluated separately, generating the
reflectance values of each sample in the previously mentioned spectral range

interval.

Figure 1. Soybean rust severity scale (%) classes used for reflectance assessments,

based on the scale proposed by Godoy et al. (2006).

Figure 2. Schematic example of samples placements in the Integrating Sphere
Attachment (ISR-603) of the spectrophotometer UV 2700 (Shimadzu) for reflectance

evaluations.

Measurement
light

Leaflets were collected and evaluated 95 and 96 days after planting (DAP) for

Site 1 and Site 2, respectively. All leaves with petiole were collected and placed in a



66

falcon tube with water to maintain leaves turgidity. The evaluation was carried out

immediately after sampling in the laboratory.

2.2.3 Prediction model building
Data processing and model construction analysis are shown in Figure 3,

considering all steps of noise reduction, Savitzky Golay filtering, feature extraction
methods based on VI calculations and data dimensionality reduction by MFA, as well
as model construction steps for learning and testing to obtain final metrics.

The reflectance data of the four classifications were considered based on four
levels of disease severity (Figure 1) as fore mentioned: healthy, low, moderate, and
high severity (severe) of two cultivars (susceptible and partially resistant to SBR).
Each classification consisted of 10 repetitions of each area, totaling 20 repetitions per
classification and a total of 80 units (considered as “individuals” for the models
applied below) for the whole study. Therefore, samples from both sites were
considered in the model construction.

In order to process the reflectance data, the spectral curve from 270 — 1000
nm was initially reduced to 270 — 900 nm, aiming to reduce high noise levels that
normally occur at the extremities (Abdel-Rahman et al., 2014). From this, two distinct
analyses were carried out to extract information that were more relevant to the model
construction and to optimize the classification performance: i) data dimensionality
reduction and ii) VIs calculation.

Prior to applying any information extraction techniques, one more data
treatment was necessary to smooth the curves and reduce noise. Savitzky-Golay
filter was applied to the spectral curves used in the Vls calculations, using 11 central
points and a third-degree polynomial, according to Savitzky and Golay (1964) and
Bohnenkamp et al. (2019). To reduce data dimensionality, the first derivative was

also calculated in addition to this data smoothing filter.
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Figure 3. Methodology development diagram for the construction and testing of
disease classification and prediction models based on data from dimensionality

reduction and collection of vegetative indices.
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2.2.4 Data dimensionality reduction
Multiple Factor Analysis (MFA) was adopted to reduce data dimensionality.
MFA is a multivariate analysis method that consider both quantitative and qualitative

variables in the data dimensionality reduction process. It means that, in addition to
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the quantitative variables of the spectral bands, it was also possible to take into
account the qualitative variable of the two cultivars analyzed (Abdi et al., 2013).
Besides, this analysis allows structuring the variables into groups, which were divided
into: i) UV: comprising the spectral range of ultraviolet region (UV), between 270 —
400 nm; ii) VIS: comprising the spectral range of the visible region (VIS), between
400 — 700 nm; iii) NIR: comprising the spectral range of the near infrared region
(NIR), between 700 — 900 nm. As each spectral band expresses unique information
for classification (Behmann et al., 2014), as well as each soybean cultivar can also
have different reactions for each disease severity level (Vittal et al., 2013), these
distribution into groups and different variables were important to properly reduce data
and to help understand the impact of each factor.

Multiple factor analysis considers the contribution of all groups of variables to
define the distance between the individuals analyzed. The analysis is based on a
combination of PCA (quantitative variables) and Multiple Correspondence Analysis
(categorical or qualitative variables). Data are initially normalized, and their variance
is decomposed by PCA, generating new orthogonal variables called dimensions or
components, which are then ordered by the amount of explanation of the data
variance (Abdi et al., 2013). The number of components or dimensions varies
depending on the data. The number of components was decided based on a scree
plot when the percentage of variance explanation is stabilized and the curve if
flattened, representing the number of components that have significant effect to the
new data (Abdi et al., 2013).

In each new dimension, the so-called data coordinates or scores (factor
scores) are present, which are new data for each individual in each dimension.
These values were then used for the classification model construction. The scores
obtained from each individual allow the interpretation of how each variable or group
of variables influenced data variance, that is, how each band or spectral band is
influencing the classification of groups and which ones are the most important for the

data representativeness.

2.2.5 Vegetation Indices calculation
In order to unveil the best data analysis for this model, another model was
constructed based on Vis that were previously studied for soybean diseases

monitoring that showed high correlation (Cui et al.,, 2009; Bajwa et al., 2017).
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Vegetation Indices are excellent resources to help interpret this type of data,
optimizing the understanding and application of data to identify plant stresses
(Shiratsuchi et al., 2014; Bajwa et al., 2017). Besides, it allows other sensors such as
multispectral sensors to be also able to obtain enough information to estimate these
values, not requiring hyperspectral sensors.

With the advance of machine learning algorithms and other artificial
intelligence techniques becoming widely used in data modeling, a collection of
several Vis that are representative for morphophysiological changes started to be
used instead of just one VI at a time, improving overall model performance (Abdi et
al., 2013). Thus, for this study, the results of a collection of 19 VIs were used (Table
1).

The VIs were chosen based on the indices adopted by Abdi et al. (2013) for
the analysis of stresses caused by plant diseases, and by Cui et al. (2009) to analyze
the effect of SBR on soybean. Only Vis that showed more than 70% of data
correlation were selected to compose the VI collection. The calculation and reference
of all VIs are described in Table 1. Some of the indices, such as NDVI, were
calculated based on single bands of the wavelength instead of the whole visible or
NIR range, according to Gago et al. (2015), Xue and Su (2017), and Prada et al.
(2020).

Pearson's linear correlation (r) of each VI was calculated as function of the
corresponding disease severity level, considering the healthy, mild, moderate, and
severe levels as 0, 2, 10 and 30% severity, respectively (Table 1). Correlation

percentages were calculated based on all replicates data from both sites.
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Table 1. Summary of Vegetation Indices (VIs) used to assess to correlation of disease severity and spectral signatures, and for the
classification model. Formulas and descriptions were based on Cui et al. (2009) and Behmann et al. (2014).

Vegetation _
Indices (VI) Description Formula Reference
R4—20 .
C420 C420 Bajwa et al. (2017)
R695
Modified Chlorophyll Absorption 1 .
MSAVI2 Ratio Index Improved 7 [2(Rg10 + 1) = /(2Ra10 + 1)? = 8(Rs10 — Re00) Qietal. (1994)
NDVI Normalized Difference Vegetation (Rg10 — Reg0) Rouse et al. (1974)
Index (Rg10 + Reg0)
DVI Difference vegetation Index R755 — Rgog Richardson & Wiegand (1977)
R
RVI Ratio vegetation Index R775 Pearson & Miller (1972)
698
GRVI Green normalized Difference (Re90 — Rse0) Sripada et al. (2006)
vegetation index (Reoo + Rse0) P '
i Rgoo — R
SIPI Structure Indepdendent Pigment (Rgoo — Raas) Penuelas et al. (1995)
Index (Rgoo — Reso)
. (R570 - R531)
PRI Photochemical reflectance Index —_— Gammon et al. (1997)
(Rs70 + Rs3i)
. L. . R800
SR Simple ratio index (clorofila) Rouse et al. (1974)

R670




Continuation of Table 1. Summary of Vegetation Indices (VI)
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Vegetation

Indices (VI) Description Formula Reference
EVI Enhanced vegetation index 2,5 * (Reo = Re70) Huete et al. (1997)
(Rgoo + 6 * Rg79 — 7,5 * Rygo + 1)
1 599
SG Sum green index —Z Ri Gamon & Surfus (1999)
N 4-i=500
(R750 — R705) .
RENDVI Red edge NDVI —_— Gitelson & Merzlyak (1994)
(R750 + R705)
MRENDVI Modified red edge NVDI (R7so = R7os) Sims & Gamon (2002)
(R750 + R705 — 2Ry445)
mRESR Modified red edge simple ratio (R750 — Raas) Sims & Gamon (2002)
index (R705 — Rass)
R
VOG1 Vogelmann Red Edge Index 1 R”O Vogelmann et al. (1993)
720
mean(Rsgo_
RGRI Red green ratio index (Rs00-600) Gamon & Surfus (1999)
mean(Rg00-700)
Rgso — R
PSRI Plant senescence reflectance 680 500 Merzlyak et al. (1999)
index R;5o
. . 1 1 _
ANTH1 Anthocyanin reflectance index (1) - Gitelson et al. (2001)
R550 R700
. . 1 1 .
ANTH2 Anthocyanin reflectance index (2) Rgo0 [— - Gitelson et al. (2001)
Rsso  R700
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2.2.6 Data modeling

Disease classification and prediction models were constructed for each dataset
(MFA and VIs). Total database of each dataset was randomly divided into training (80%)
and testing (20%) data. Training data were used in the calibration and construction of
each algorithm, and, after construction, test data were used to evaluate the performance
and classification metrics and, therefore, were not considered during models
construction. Therefore, 128 individuals were randomly selected to compose the training
dataset and 32 to test and validation dataset, considering same individuals for the data
from the dimensionality reduction and VI collection.

Ten classification algorithms that are most used for hyperspectral data were
analyzed: Linear (LDA) and Quadratic (QDA) Discriminant Analysis, Logistic Regression
(RL), Linear and Radial Support Vector Machine (SMV), K-Nearest Neighbors (KNN),
Random Forests (RF), Decision Tree (DT), Learning by Vector Quantization (LVQ), and
Partial Least Squares Regression (SPLS).

All techniques were evaluated in the R environment using the ‘caret' statistical
package for construction and testing (R CORE TEAM, 2019). The parameters of the
algorithms were defined based on cross-validations (n=10) by the statistical package in
order to obtain the best accuracy and overall performance. Likewise, models
performance classifying disease levels based on the test data was calculated through
cross-validations (n=10).

The performance of the classification models were evaluated based on six
parameters considered suitable for these types of models: accuracy, precision,
sensitivity, specificity, F1 and Kappa (Hossin & Sulaiman, 2015). The entire set of model
performance results are important for determining the best model for disease
classification and prediction. However, some of the factors may have greater importance
based on the main goals of this study, such as the precision and sensitivity, which are
indications of how much important information has been retrieved.

Therefore, precision and sensitivity values were considered the most decisive for
choosing the best model, since the main goal is to extract the maximum amount of
relevant information for the classification of disease severity levels. As the F1 value

correlates the two measures, it was also considered to be of greater importance. This is
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especially true for the healthy and low severity levels, since a greater sensitivity along
with low error rates may provide a better indication of the onset of the disease, which is
a result of paramount importance for decision-making of control.

Performance metrics were calculated based on the confusion matrix of the results
of each model. The equations for calculating each parameter are shown in Table 2. All

analyses were conducted in R environment (R Core Team, 2019).

Table 2. Model performance evaluation and equations for each metric parameter.

Evaluation metrics Equations?
A (FP + FN)
ccurac
y (TP + TN + FP + FN)
Error 1 — Accuracy
Precisi TP
recision —_—
(TP + FP)
Sensibilit e
ensibili —_—
y (TP + FN)
Specificit TN
ecifici —_—
pectiicity (TN + FP)
F1 Precision x Sensibility
Precision + Sensibility)
Po — DPe
1- Pe
Kappa po = accurary

1
De = mz Ng1Mk2
k

k = categories, N= observations, ng= number of
times model i predicted category k

1TP: true positive; TN: true negative; FP: false positive; FN: false negative

2.3RESULTS AND DISCUSSION

2.3.1 Spectrum reflectance analysis
Disease severity levels of each soybean cultivar produced different spectral
signatures (Figure 4). Although each class spectral curve distinguished from each other,

a similar trend was found, especially comparing between disease severities. Besides,
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susceptible soybean cultivar presented different spectral curve compared to the partially
resistant cultivar.

Each waveband of the reflectance spectrum has a distinguished importance
helping to understand the stress caused by the disease, besides yielding good
indicators to differentiate between classes. In the VIS range, as symptoms severity
increased, greater reflectance was found, especially at wavelength around 550 nm, in
which severely affected leaves presented much higher reflectance than the ones with
milder symptoms or healthy leaves. On the other hand, an inversion was found in NIR
region, with the highest reflectance found on healthier leaves. There were no

remarkable visual differences in the UV range for any of the classes analyzed.

Figure 4. Mean spectrum reflectance (spectral signature) of soybean leaflets

susceptible and partially resistant to P. pachyrhizi under different levels of disease
severity.
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The lowest reflectance value, which is around 680 nm (Appeltans et al., 2021),
also changed according to the severity classes, with the highest reflectance found again
on leaflets with severer symptoms. Moreover, leaflets with severer symptoms had the
lowest reflection in NIR region, producing a quite different spectral curve shape and
smaller increase in the red edge region (680-690 nm). While healthier leaflets presented
the highest reflectance around 740-750 nm, severer affected leaflets presented the
highest reflectance around 690 nm. The highest values were also observed in healthier
leaflets irrespective of the position. It is known that healthy plants have low radiation
reflectance in the visible and mid-infrared region and high reflectance in the near-
infrared (Hatfield & Pinter, 1993; Ahmed et al., 2016).

In general, lower reflectance was found for all disease severities of partially
resistant cultivars compared to the susceptible one, including healthy leaves. Therefore,
these small spectral differences were possibly due to morphological structures of each
cultivar rather than due to differences in disease symptoms. Nonetheless, similar
spectral responses were observed across disease severity levels evaluated on both
cultivars and, therefore, they could potentially be considered together in modeling
disease severity levels classification.

Based on visual observations, the VIS range and red edge region were
considered the best ones to aid in the prediction and classification model. Therefore,
these spectral regions can be better explored to find differences that can be used to
differentiate each class, and to increase model performance.

2.3.2 Feature analysis

2.3.2.1 Multiple factor analysis
The MFA performed satisfactorily in the dimensionality data reduction, reducing
620 units to only 5 components (dimensions) with approximately 60% of variance
explanation. The first and second dimensions represented the most important
contributors of variables explanation, with 26.7 and 9.4% of explanation, respectively.
The MFA also unveiled the effect of specific wavebands or wavelengths on the
classification of each class and on the data dimensionality reduction (Figure 5). In

general, NIR and VIS regions were the ones that most contributed to data variability
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explanation, i.e., the most important to the discrimination of disease severity levels and
cultivars. In the first dimension, which is the most important for variance explanation of
the model, both NIR (38%) and VIS region (37%) stood out (Figure 5A). In the second
dimension, VIS range performed the greatest importance to data explanation (57%),
followed by NIR region (29%) (Figure 5B). Ultraviolet region did not contribute
significantly to any dimension.

Figure 5. Percentage of contribution to variability explanation of wavebands to the first
(A) and second (B) dimensions and of wavelengths to the first (C) and second (D)

dimension.
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In terms of specific spectrum wavelengths, the range from 705 to 725 nm (NIR
range) was the most important for data variance explanation in the first dimension

(Figure 5C), while VIS range predominately influenced the second dimension (Figure
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5D). This outcome corroborates the percentage of contribution for each dimension found
in each waveband and the visual analysis of the spectrum reflectance curve (Figure 4),
where NIR and VIS regions were remarkably more suitable for classification between
individuals.

Lastly, a clear distinction between the four levels of disease severity were
observed when comparing the classification of individuals based on the eigenvalue in
the first and second dimension (Figure 6). Few observations can be done in the
separation of the groups. Firstly, healthy leaflets seemed to produce more consistent,
and less variability compared to the severely affected leaflets, since the healthy ones
were all majorly clustered together while the other group seemed more scattered

through the graph. Same trend was found for moderate and low severity levels.

Figure 6. Individual separation according to values found in the first and second

dimension after MFA and data dimensionality reduction.
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Healthy and severely affected leaflets were both positively affected by Dim-2,
while moderate and low disease severities were negatively affected (Figure 6). On the
other hand, leaflets with no symptoms and low severity were negatively affected by Dim-
1, meanwhile severer leaflets (moderate and severe) were positively affected.
Considering that Dim-1 has the highest contribution to data variability explanation, and
that NIR region is the one with the highest importance, it can be inferred that NIR region
plays a key role at the classification of the disease severity levels.

The categorical values of susceptible and partially resistant cultivars (represented
as “Suscet and Resist” in the graph) seemed to not affect the classification, being
positioned in the middle of the graph. Nonetheless, the clear separation of the groups
shows the efficacy of the data dimensionality reduction and the possibility to use the

new data for classification models.

2.3.2.2 Vegetation Indices
The heatmap matrix shows the correlation of all VIs tested in this study as well as

the correlation of disease severity classes to each VIs (Table 3). Since the correlation of
the severity classes to the VIs are the most important to decide which indices are more
appropriate to be used in the classification model construction, the discussion will focus
on this subject.

Overall, most of the Vls studied performed reasonably well in the correlations with
the severity classes, except for REP, MCARI, CAR1 and CAR2 (Table 3). The rest of the
Vis presented at least 70% of either positive or negative correlation according to the
classes, which indicates great parameters to be used in the classification models.
Vegetation Indices that correlate mostly to chlorophyll content, such as NDVI, DVI, SR
and EVI, and to the plant stress or senescence (MRENDVI) showed high negative
correlation to severity levels, indicating that increased disease severity led to lower Vis
values. This information is valid since SBR disease interferes with the plant’s
photosynthetic apparatus, decreasing chlorophyll content with chlorosis and necrosis,
leading to leaf senescence and defoliation (Kelly et al., 2015).

Oppositely, Vs that correlate to other pigmentation alterations in the leaf, such as

PSRI, SIPI, ANTH1 and SG, presented high positive correlation to the disease severity
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levels. Most of these indices are intended to unveil certain alterations in plant’s
pigmentation that indicates plant stress, such as greenness level and carotenoid content
(Al-Saddik et al., 2019). Foliar diseases are majorly affected by changes in color and
indices, that can correlate to these alterations have great importance to first detect a

diseased plant and to evaluate the level of damage caused (Tetila et al., 2017).

Table 3 Pearson’s linear correlation coefficient (r) of 23 Vegetation Indices (VI)
according to soybean rust severities (healthy, low, moderate, and severe symptoms).

Vst ANTH1 ANTH2  SG SIPI PSRI GRVI PRI REP
Pearson’s 0.73 0.71 0.70 0.75 0.79 0.87 0.80 -0.50
correlation

Vis RENDVI C420 mRESR VOG1 RVI mRENDVI EVI RGRI
Pearson’s 0.74  -0.78  -0.74 0.76  -0.78 -0.81 .0.88 -0.87
correlation

Vis DVI SR NDVI MSAVI2 MCARI CAR1 CAR2
Pearson's a6 g7 .08 088 011  -041  -0.01
correlation

1Vegetation indices (Table 1)

Therefore, since each VIs correspond to a specific parameter of the individual
that is affected by the disease, a collection of them may bring good benefits to the model
fitting and performance, since it is possible to achieve a greater percentage of
understanding and differentiation from each class. Thus, likewise the visual comparison
of each class spectral signature, VIs may be useful for this classification model. Since
REP, MCARI, CAR1 and CAR2 did not perform well in the correlation analyzes, they
were considered not adequate to the VIs collection group and, therefore, were not

considered in the model.

2.3.3 Performance and metrics of prediction and classification model
2.3.3.1 Dimensionality reduction and feature selection (MFA)
The models tested based on data from MFA performed reasonably well in the

classification of disease severity levels in terms of overall performance metrics (Table 4)
and error index (Table 5). Classification accuracy and precision was above 70% for all
models, except for KNN (67%), while sensibility ranged from 60 to 87%. Among those
models, LR and LDA outstood the others due to the best precision (86 and 85%) and
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lowest error for the classifications levels healthy (0%) and low severity (14%). Besides,
LDA achieved better sensibility (87%), accuracy (85%) and F1 score (86%), and
thereby, being considered the best model for this dataset. It is important to note similar
performance of LVQ and linear SVM models. However, considering its precision, it is still

below the LDA model results.

Table 4. Performance parameters of prediction and classification models of soybean
rust, as function of disease severity levels and based on results from dimensionality
reduction by multiple factor analysis (MFA).

Precision Accuracy Kappa F1 Sensibility Specificity

Model
%

LDA! 85.71 85.71 80.95 86.05 87.49 95.27
QDA 71.43 71.43 61.90 71.20 72.23 90.60
LR 86.07 78.57 71.43 77.50 77.50 93.10
SVM linear 78.57 78.57 71.43 78.57 78.57 92.85
SVM radial 71.43 71.43 61.90 67.93 74.64 90.90
KNN 82.14 67.86 57.14 66.51 66.58 89.70
RF 71.43 82.14 76.19 83.03 60.00 94.06
DT 82.14 71.43 61.90 72.17 76.78 90.52
LVQ 71.43 82.14 76.19 82.08 82.43 94.09
SPLS 85.71 75.00 66.67 73.92 74.86 92.08

1LDA: linear discriminant analysis; QDA: quadratic discriminant analysis; LR: logistic regression; SVM:
support vector machine (linear and radial); KNN: k-nearest neighbours; RF: random forest; DT: decision
tree; LVQ: learning vector quantization; SPLS: sparse partial least square regression

For all models, higher percentage of error and, therefore, lower percentage of
precision were found for classes with severer symptoms (moderate and high severity)
(Table 5). As observed in the discrimination and classification graph of MFA (Figure 6),
as the disease severity increases, higher heterogeneity was found and data seemed to
be more scattered, probably due to the similar symptoms and similarities in spectral
values. Contrariwise, for healthy and low severity, low percentage of error was found,
possibility due to differences in the pigmentation and healthier leaf structure when
comparing to the severer symptoms, besides the presence of other pigments and

structures in the leaf in comparison to having no symptoms at all (healthy and low
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severity). Therefore, it is important to highlight the differentiation of healthy individuals
from the others, since it will allow better prediction of diseased classes, besides showing
the possibility of identifying diseased plants even under low severity indices (detection of
disease incidence).

Table 5. Percentage of error of 10 classification models according to disease severity
levels and spectral data, after data dimensionality reduction by Multiple Factor Analysis.

Error (%)

Model
Healthy Low Moderate Severe Average

LDA? 00.00 14.29 14.29 28.57 14.29
QDA 14.29 42.86 28.57 28.57 28.57
RL 00.00 14.29 27.14 14.29 13.93
SVM linear 00.00 14.29 42.86 28.57 21.43
SVM radial 14.29 28.57 57.14 14.29 28.57
KNN 00.00 28.57 57.14 14.29 25.00
RF 14.29 14.29 28.57 14.29 17.86
DT 14.29 42.86 28.57 28.57 28.57
LVQ 14.29 14.29 14.29 28.57 17.86
SPLS 00.00 42.86 42.86 28.57 28.57

1LDA: linear discriminant analysis; QDA: quadratic discriminant analysis; LR: logistic regression; SVM:
support vector machine (linear and radial); KNN: k-nearest neighbours; RF: random forest; DT: decision
tree; LVQ: learning vector quantization; SPLS: sparse partial least square regression

2.3.3.2 Vegetation Indices collection
The performance of the prediction and classification models using the collection
of VIs were similarly comparable to the ones from MFA. Overall, high accuracy was
found especially for linear SVM (93%), radial SVM (85%), LDA (85%), QDA (82%) and
SPLS (82%) (Table 6). Similar values were also found for precision and percentage of
error (Table 7). Overall, linear SVM model achieved the highest precision (93%), low
error for classification as healthy (14.5%) and low severity (0%), high sensibility (93%),

and accuracy (93%), and, therefore, it was considered the best one for Vls collection.
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Table 6. Performance parameters of prediction and classification models of soybean
rust as function of disease severity levels and based on results from vegetation indices

collection based on spectral reflectance.

Model Precision Accuracy Kappa F1 Sensibility Specificity
LDA! 85.71 85.71 80.95 85.62 86.46 95.34
QDA 82.14 82.14 76.19 81.77 82.54 91.76
LR 75.00 75.00 66.67 73.45 79.11 92.37
SVM linear 92.86 92.86 80.48 92.82 93.75 92.73
SVM radial 85.71 85.71 80.95 85.18 89.38 95.74
KNN 75.00 75.00 66.67 74.67 74.70 90.69
RF 78.57 78.57 71.43 78.69 80.36 92.95
DT 67.86 67.86 57.14 66.97 69.50 89.58
LVQ 71.43 71.43 61.90 69.95 70.07 90.93
SPLS 82.24 82.39 76.52 82.00 81.96 94.23

1LDA: linear discriminant analysis; QDA: quadratic discriminant analysis; LR: logistic regression; SVM:
support vector machine (linear and radial); KNN: k-nearest neighbours; RF: random forest; DT: decision
tree; LVQ: learning vector quantization; SPLS: sparse partial least square regression

The error percentage of the models using Vis collection (Table 7) were also
similar to the ones found using MFA data (Table 5). The biggest errors in most models
were found in individuals with severer symptoms, while there was low error and higher
precision in healthier plants. It is important to note again that both moderate and
severely affected leaflets presented chlorosis, necrosis and pustules spread in the
surface, in addition to expected damages to the cell structure, only differing on the
damage level (Figure 1). However, linear SVM also performed better than the others in
this parameter, achieving high precision (low error) for severer symptoms as well (14%
error for moderate and 0% error for severe). On the other hand, the models were also
able to properly identify diseased plants and distinguish them from healthy ones, which
is the main focus of the model. Thus, the use of VIs collection was also considered to

have potential to SBR prediction and classification.
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Table 7. Percentage of error of 10 classification models according to disease severity

levels and collection of Vegetation Indices based on spectral data.

Error (%)

Model
Healthy Low Moderate Severe Average

LDA? 14.29 00.00 28.57 14.29 14.29
QDA 14.29 14.29 42.86 00.00 17.86
RL 14.29 28.57 57.14 00.00 25.00
SVM linear 14.29 00.00 14.29 00.00 7.15
SVM radial 14.29 00.00 42.86 00.00 14.29
KNN 14.29 14.29 42.86 28.57 25.00
RF 28.57 14.29 28.57 14.29 21.43
DT 14.29 57.14 42.86 14.29 32.15
LVQ 14.29 00.00 71.43 28.57 28.57
SPLS 08.33 34.29 22.86 05.56 17.76

LLDA: linear discriminant analysis; QDA: quadratic discriminant analysis; LR: logistic regression; SVM:
support vector machine (linear and radial); KNN: k-nearest neighbours; RF: random forest; DT: decision
tree; LVQ: learning vector quantization; SPLS: sparse partial least square regression

Bajwa et al. (2017) also reported satisfactory results using VIs for the
identification of soybean disease monitoring. In this study, the VIs NDVI, MSAVI2, PRI,
SIPI, and C420 showed the highest correlation according to the disease symptoms.
Besides, LDA was also applied to construct the detection model on a collection of Vs,
which also resulted in high performance of classification accuracy, close to 91%.
Moreover, VIs data from hyperspectral imaging was also considered a powerful tool for
predicting general plant stresses (Behmann et al.,, 2014). The authors were able to
identify several stress conditions, such as senescence stages and drought stress
through a collection of VIs that were highly correlated to the data.

Comparing both groups of data (MFA and VIs), linear SVM model using the
collection of VIs achieved the best results. Besides, VlIs are considered an easy method
to extract information from spectral reflectance and it is one of the most common
methods applied in this matter (Behmann et al., 2014). In a scenario of field application,
Vis are easier to be applied and with greater background knowledge, in addition to not

require complex statistical analysis. Furthermore, data dimensionality reduction



84

techniques may affect the final data, since the new components generated are based on
the data being analysed, thereby subjected to changes depending on the database used
initially.

Therefore, the identification of initial stages of the disease are of paramount
importance to avoid an epidemic outbreaks and disease spread throughout the field.
Since even low severity levels were highly identifiable based on reflectance data, these
models can be a potential tool to support disease monitoring in the field. Especially with
advances in remotely piloted aircrafts (RPA) with hyperspectral cameras, this task could
be quickly conducted over a wide area, outperforming traditional monitoring methods
(Tetila et al., 2017; Ahmad et al., 2021). Future research on the application of the
models tested in this study should be conducted in the field to improve model efficacy
and to improve the viability of this tools in the IDM.

2.4CONCLUSION

Based on the results found herein, each soybean rust severity level presented a
different behaviour on spectral data, allowing the differentiation between each level and
the construction of a detection and classification model. The collection of Vegetation
Indices were the best suitable for the model construction, which is considered a powerful
tool to be integrated in the disease management to support decision-making of control.
Initial stages of the disease were identified, reassuring its potential to support disease
monitoring. Therefore, the use of remote sensing based on the reflectance for different
levels of disease severity proved to be an adequate path for the construction of a
soybean rust disease prediction model in disease management. Nonetheless, the
evaluation of other diseases and plant nutrition effect on this model are also encouraged
to be conducted. Moreover, the possibility of using remote sensing techniques to detect
SBR also unleash new questions on how this can impact the disease control and crop
yield. Therefore, new studies are encouraged to be conducted assessing the
applicability of these findings in the field, especially in terms of impact of different

application timings based on the detection model on the disease control.
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CHAPTER 3

Impact of fungicide application timing based on soybean rust prediction model on
application technology and disease control3

Impacto da época de aplicacdo de fungicida com base no modelo de previsédo da

ferrugem da soja na tecnologia de aplicacdo e no controle de doencas

ABSTRACT
The application of remote sensing techniques and prediction models for soybean rust
(SBR) monitoring may result in different fungicide application timings, control efficacy,
and spraying performance. This study aimed to evaluate the applicability of a prediction
model as a threshold for disease control decision-making and to identify the effect of
different application timings on SBR control as well as on the spraying technology. Two
experimental trials were conducted in a 2 x 4 factorial scheme: 2 cultivars (susceptible
and partially resistant to SBR); and four application timings (conventional chemical
control at a calendarized system basis; based on prediction model; at the appearance of
the first visible symptoms; and control without fungicide application). Spray deposit and
coverage at each application timing were evaluated in the lower and upper region of the
soybean canopy through quantitative analysis of a tracer and water-sensitive papers.
The prediction model was calculated based on leaf reflectance data collected by remote
sensing. Application timings impacted the application technology as well as control
efficacy. Calendarized system applications were conducted earlier, promoting different
spray performances. Spraying at moments when the leaf area index was higher
obtained poorer distribution. None of the treatments were capable of achieving high
spray penetration into the canopy. The partially resistant cultivar was effective in holding
disease progress during the crop season, whereas all treatments with chemical control
resulted in less disease impact. The use of the prediction model was effective and

promising to be integrated into disease management programs.

3Artigo aceito para publicacdo na Agronomy (ISSN: 2073-4395) e redigido de acordo com as
normas da revista.
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RESUMO
A aplicacdo de técnicas de sensoriamento remoto e modelos de predicdo no
monitoramento da ferrugem da soja (FAS) pode resultar em diferentes momentos de
aplicacdo de fungicidas, eficacia de controle e desempenho da pulverizacdo. Este
estudo teve como objetivo avaliar a aplicabilidade de modelos de predigdo como limiar
para a tomada de decisdo no controle da FAS e identificar o efeito de diferentes
momentos de aplicacdo no controle da FAS e na tecnologia de pulverizacdo. Dois
experimentos foram conduzidos no esquema fatorial 2 x 4, sendo: 2 cultivares
(suscetivel e parcialmente resistente ao FAS); e quatro momentos de aplicacao:
controle quimico convencional calendarizado (R1); baseado em modelo de predicdo; no
aparecimento dos primeiros sintomas visiveis; e a testemunha sem aplicacdo de
fungicida. A deposicdo e cobertura da pulverizagdo em cada momento de aplicacéao
foram avaliadas na regiéo inferior e superior do dossel da cultura da soja por meio da
analise quantitativa de um marcador e papéis hidrossensiveis. O modelo de predicao foi
calculado com base em dados de refletancia foliar coletados por sensoriamento remoto.
Os tempos de aplicacdo impactaram a tecnologia de aplicacdo, bem como a eficacia do
controle. As aplicagcdes do sistema calendarizado foram realizadas previamente as
demais, promovendo diferentes desempenhos de pulverizagdo. A pulverizagéo foi
prejudicada nos momentos em que o indice de area foliar era maior. Nenhum dos
tratamentos foi capaz de atingir alta penetracdo da pulverizacdo no dossel. O cultivar
parcialmente resistente foi eficaz na contencdo do progresso da doenca durante a
safra, enquanto todos os tratamentos com controle quimico resultaram em menor
impacto da doenca. O uso do modelo de predicdo mostrou-se eficaz e promissor para

ser integrado aos programas de manejo da doenca.

Palavras-chave: Phakopsora pachyrhizi, manejo integrado de doencas, tecnologia de

aplicacdo, sensoriamento remoto.
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3.1 INTRODUCTION

Soybean rust (SBR) causes significant crop yield losses throughout the world [1-
2]. The disease is caused by Phakopsora pachyrhizi Sydow and is controlled mostly by
fungicide application at pre-determined scheduled timings of the soybean growth stages,
usually regardless of disease incidence and pressure level [1,3]. Due to constant
fungicide spraying over the seasons and several times at the same season, a large
number of fungi populations resistant to different chemical groups of fungicides have
also been reported [4-5], significantly reducing fungicide efficacy over time [6].

Most soybean cultivation is conducted in extensive field areas, which
hardens disease monitoring conductance. Nowadays, specialists monitor SBR in the
field through extensive scouting based on disease symptom recognition. However,
monitoring is usually absent, and farmers choose to spray on a calendarized system
basis (i.e., at a pre-determined period) as a guarantee of crop yield. Besides input
losses, these practices can lead to fungicide resistance selection pressure, poor
spraying quality at periods not appropriate to achieve the best spray distribution, as well
as possible wrong timing, which also leads to lower efficacy [1, 6-9]. Other techniques
are being applied to the integrated disease management (IDM) of the soybean — P.
pachyrhizi pathosystem, such as resistant or partially resistant cultivars [10-11], planting
dates restrictions [1-2], and biological control [12]. Nonetheless, disease monitoring is
considered the basis of any control method applied.

One of the alternatives to aid in disease control decision-making is the use
of remote sensing technologies to facilitate data acquisition in wider fields as well as the
obtainment of reliable information. It means that these technologies can precisely detect
the disease remotely and at a faster pace since it allows the monitoring of wider fields
depending on the sensor and where it is based [13-15]. Studies have reported the
possibility of identifying SBR by remote sensing techniques [16-18], as well as for other
diseases and crops [15,19]. Moreover, researchers have been applying all of this
information in data modeling so that remote sensing could serve as the background
information in the construction of disease prediction models as decision support systems

[14,20]. These models are expected to improve the application timing, control
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effectiveness as well as spraying performance regarding its uniform distribution in the
crop.

Fungicide application timing strongly influences disease control, and it may vary
depending on the fungicide mode of action and translocation capacity [8,21]. Besides
reaching the target at the moment of most fungicide susceptibility, the application timing
may influence the application technology in terms of product distribution, coverage, and
penetration into the canopy [9,22]. Different timings also represent variations in soybean
canopy density, especially due to leaf area index (LAI) and vegetation density [23] which
play a major role as a barrier to the spray reaching the interior of the canopy. Most
fungicide applications target the lower region of the soybean canopy since this is where
SBR starts its development [1]. Therefore, applications at moments of higher LAI tend to
have reduced penetration capacity and worse spray distribution [24].

According to Muller et al. [8], effective monitoring along with fungicide application
as soon as the disease is identified in the field is a key factor to mitigate excessive and
unnecessary application. However, since most systemic fungicides used for SBR control
have both curative and preventive action modes, it is unknown how the application
timing will affect control efficacy. The hypothesis is that SBR monitoring through
prediction models based on remote sensing can help identify the first appearance of the
disease in the field, and, thereby, improve application timing accuracy. Moreover,
different application timings will potentially influence product distribution across soybean
canopy regions.

The goal of this study was to evaluate the applicability of prediction models as the
threshold for disease control decision-making and to identify the effect of different
application timings on soybean rust control as well as on the spraying technology. This
study is a continuation of the research conducted by Negrisoli et al. [18], using a
prediction model to determine the fungicide application timing and how it differs from

conventional methods.

3.2MATERIAL AND METHODS
Two experiment replications were carried out in the field over the 2020/2021 crop

season, in different experimental areas of Botucatu, SP, Brazil (Field 1: 22° 48' 48" S
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and 48° 25' 37" W; Field 2: 22° 49' 38" S and 48° 25' 40” W). In both experimental fields,
no-tillage system was adopted, and all sowing operations, phytosanitary management,
and evaluations were carried out homogeneously (Figure 1). Figures of the trials
conduction in the field, as well as fungicides application and evaluations are shown in

the appendices (Figure A1 — A3).

Figure 1. Study area map of both field trial replications.

The trials were sown on December 8, 2020, spaced at 0.45 m between rows, and
with a population of 196,528 plants ha in Field 1 and 211,806 plants ha? in Field 2. The
crop was fertilized with 250 kg ha?' of the commercial formula 02-20-20 (NPK)
homogeneously throughout the experimental area.

The experiments were carried out in a completely randomized blocks design and
the treatments were distributed in a 2 x 4 factorial scheme: 2 cultivars (Brevant DS6217
IPRO, susceptible to SBR; TMG 7063 IPRO, partially resistant to SBR); and 4
application timings based on different parameters as decision-making of control:
conventional chemical control, spraying at a scheduled basis at the soybean
reproductive stage R1 and R1+15 days; application timing (Al) defined based on the
disease prediction model and A1+15 days; application timing (A2) at the appearance of

the first visible symptoms and A2+15 days; control treatments without fungicide
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application (Table 1), and all in four repetitions. The descriptions of each cultivar are

shown in Table 2.

Table 1. Description of the treatments according to the soybean cultivar and application

timing.
First
Treatments Cultivar Application . Sef:ond. .
. Application Timing
Timing
1 DS6217 IPRO (Susceptible) - -
2 TMG 7063 (Partially resistant) - -
3 DS6217 IPRO (Susceptible) Calend* Calend+15
4 TMG 7063 (Partially resistant) Calend Calend+15
5 DS6217 IPRO (Susceptible) Model Model+15
6 TMG 7063 (Partially resistant) Model Model+15
7 DS6217 IPRO (Susceptible) Sympt Sympt+15
8 TMG 7063 (Partially resistant) Sympt Sympt+15

*Calend: calendarized application at reproductive stage R1; Model: spraying according to SBR prediction
model; Sympt: spraying at the first symptoms observations; “+15”: second application conducted at 15
days after the first application; “-“: no application (control treatments).

The definition of the application timings “A1” and “A2” were based on weekly
disease severity monitoring starting at the vegetative growth stage V6 in each plot.
Firstly, the definition of A1 was conducted using an SBR prediction model proposed by
Negrisoli et al. [18], based on the leaf reflectance, as the decision support system of

control, as described subsequently herein.

Table 2. Description of the cultivars adopted in the experimental trials.

Description Brevant DS6217 IPRO? TMG 70632
P. pachyrhizi susceptibility Susceptible Partially resistant (Inox)
Maturity groups 6,2 6,3
Growth habit Indeterminate Indeterminate
Traits Intacta RR2 PRO® Intacta RR2 PRO®

IBREVANT SEMENTES (2020); 2TROPICAL MELHORAMENTO GENETICO (2020)
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3.2.1 Leaf reflectance assessment

This assessment was conducted every five days after the V6 vegetative growth
stage, by randomly collecting 5 leaflets per plot from the lower region of the canopy for
leaf reflectance analysis. The UV 2700 non-imaging spectrophotometer (Shimadzu) was
used coupled to an integrated base ISR-603: Integrating Sphere Attachment, analyzing
the reflectance of each leaflet in the range of 270 to 1000 nm with an interval of 3.0 nm,
as described by Negrisoli et al. [18]. Each sample (leaflet) was evaluated separately,
generating the reflectance values of each sample in the previously mentioned spectral
range interval.

The spectral curves were reduced from 270 — 1000 nm to 270 — 900 nm for high
noise levels reduction [27] and the Savitzky-Golay filter was applied using 11 central
points and a third-degree polynomial [28-29]. The data was used to calculate a list of 19
vegetation indices (VIs) that was representative of the disease effect on the crop and to
allow disease severity classification and, therefore, to predict or detect diseased plants
among the samples [16,18,30]. Vegetation indices were chosen to be used instead of
the full spectra length so that other spectral sensors besides the hyperspectral ones
could be used to acquire the data required to run this model [18], besides being able to
supply valuable information for disease detection and plant stress identification [14].

The VIs were calculated for each sample at every reflectance evaluation date and
this database was used to supply the prediction model based on the Support Vector
Machine (SVM) algorithm, which is programmed to classify into four classes: “healthy”,
‘low severity”, “moderate severity”, “high severity”. At the moment when samples from
susceptible (T5) and partially resistant (T6) cultivars averaged 1 plant per plot classified
at “low severity” (diseased plant), the application was thereafter immediately conducted.
All the Vls calculations, evaluation methodologies, and prediction model construction are
fully described by [18]. The formulas and list of VIs used are attached in the
supplementary material (Appendices, Table S1).

For the definition of “A2” application timing, 10 leaflets were collected from the
lower region of the canopy in each plot for visual assessment of the symptoms. The
samples were taken to a laboratory for better visualization of fungal structures and

symptoms under a stereoscopic microscope. Susceptible and resistant reactions may
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result in different SBR symptoms. A susceptible reaction results in tan to light-brown
lesions (TAN reaction type) and the presence of uredinia throughout the leaf, while in
partially resistant cultivars the lesions are characterized by reddish-brown lesions (RB-
reaction type) and a lower quantity of uredinia [3,11]. The spraying was conducted at the
time when the first SBR symptoms were detected in the plots of susceptible (T7) and
partially resistant cultivars (T8).

The standard application timing was conducted at the end of the vegetative
growth and the beginning of the reproductive stage (R1) of susceptible (T3) and partially
resistant cultivars (T4). This application timing is common throughout the country and

was used as the standard timing parameter.

3.2.2 Fungicide sprayings

The fungicide Elatus®, Syngenta (azoxystrobin 60 g L** + benzovindiflupyr 30 g L
1) was used for SBR control at a dose of 0.250 kg ha, following the manufacturer’s
recommendations. The spraying was carried out with a CO2 pressurized backpack
sprayer with a 2.0-meter boom equipped with four flat fan spray nozzles (Teejet XR110-
02), displacement speed of 5 km h't, and working pressure of 200 kPa, providing a

spraying volume of 150 L ha.

3.2.3 Quali-quantitative analysis of spraying
Spray deposit capacity as well as the percentage of coverage of each treatment

were evaluated in both first and second applications (Table 1). For the guantitative
analysis of the deposit, the food dye Brilliant Blue marker (Duas Rodas Industrial Ltda)
was applied immediately before fungicide spraying to avoid the influence of the fungicide
formulation on the optical reading of the marker by spectrophotometry. The Brilliant Blue
marker dye was solubilized in distilled water at a concentration of 3,000 mg L. After
spraying, three samples composed of 10 leaflets each were randomly collected from the
upper and lower region of the plant canopy in the central lines of each plot, also
evaluating the ability of the treatments to penetrate the crop canopy.

The samples were taken to the laboratory and processed according to Palladini et

al. [44]. Each sample received 100 mL of distilled water, stirred for 15 seconds, and the
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resulting solution was transferred to plastic containers. The quantification of deposits
was performed in a spectrophotometer (Shimadzu VIS 1601 PC) with an absorbance
reading at a wavelength of 630 nm [44]. After the tracer was washed, the leaf area of
each sample was evaluated with the aid of a benchtop leaf area meter (LICOR, model
LI-3100). The readings of known concentrations of the dye were correlated to the
absorbance values obtained in the spectrophotometer and the calibration curve was
constructed, obtaining the dye concentration in the target in mg L. Finally, the volume
found in the target was established by correlating the dye concentration in the samples
washing solution with the dye concentration in the final spray solution, presenting the
data in yL cm™.

The qualitative analysis of the spraying was carried out through the evaluation of
the spray coverage using water-sensitive papers (WSP) (26 x 76 mm) distributed in
each plot. Two WSPs were used attached to a metal rod in the central lines of the plots,
one located horizontally at the top and the other at the bottom part of the canopy. Spray
coverage and deposit evaluations were performed at the same time.

After spraying, the WSPs were placed in Petri dishes to prevent moisture
absorption and taken to the laboratory for analysis. These samples were scanned at a
resolution of 600 dpi and the digitalized images were analyzed by the “GOTAS” software
(Embrapa®) to obtain the percentage of surface coverage.

The leaf area index (LAI) of the plots was also measured in the period between
50 to 70 days after emergence (DAE) (Field 1) and 50 — 88 DAE (Field 2),
corresponding to the range of all application timings in each field. Therefore, at 50, 60,
and 70 DAE of Field 1, and 50, 65, and 88 DAE of Field 2, 10 plants of each cultivar
were randomly collected across each experimental field trial. The whole plants were
taken to the laboratory, completely defoliated and the leaves were measured by a
benchtop leaf area meter (LICOR, model LI-3100). The total leaf area measured of each
sample was converted to m? and divided by the mean number of plants m (Field 1 =
9.93 plants m?* of the susceptible cultivar; 7.75 plants m™* of the partially resistant
cultivar; Field 2 = 10.34 plants m™ of the susceptible cultivar; 8.72 plants m* of the

partially resistant cultivar) [45]. The LAI is an important factor to understand spraying
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quality behavior as well as the capacity of each operational parameter according to the

leaf density as a barrier to spraying.

3.2.4 Assessment of disease severity and control efficacy
Starting at the V6 growth stage, 10 leaflets were collected weekly per plot from

the lower third of the plant and taken to the laboratory for better visualization of fungal
structures and symptoms under a stereoscopic microscope. Disease severity (%) was
estimated based on the SBR diagrammatic scale proposed by Godoy et al. [46], based
on visual observation of the symptoms. The Area Under the Disease Progress Curve
(AUDPC) was calculated according to Campbell and Madden [47] using the mean
values of disease severity obtained in the plots and on the respective evaluation dates.

In addition, disease severity was indirectly assessed by the defoliation level. The
evaluations started at 85 DAE, the moment when the highest level of severity began,
and no defoliation was still detected. The evaluation was carried out using the ASD
FieldSpec Dual Spectroradiometer (Analytical Spectral Devices, Boulder, CO, USA),
with a spectral range from 350 to 1070 nm and 7.5° of field of view. A white panel with
approximately 100% reflectance (Spectralon) was used as a reference for calibration.
Calibration and optimization of the equipment were conducted every 10 minutes.

The evaluations were conducted weekly under intense sunlight at around 11:00
am, performing three readings in the central region of each plot in each experimental
trial, maintaining uniform height and equipment position. The reflectance data obtained
was smoothed by Savitsky-Golay filtering as described above. The reflectance database
was then used to calculate the VIs that was the most correlated to the effect of SBR on
crop defoliation. For that, the calculation of the LAI through the Normalized Difference
Vegetation Index (NDVI) and Beer-Lambert law [48] stood out and was used as a
reference for evaluating crop defoliation by the disease. Tan et al. [48] proposed the
calculation of the LAI through the integration of the Beer-Lambert Law and the NDVI of
the samples, also considering its leaf orientation values. Here, the soybean crop was
considered as a middle-type plants with leaf orientation values ranging from 30 to 60°,
and the whole model is fully described by the authors [48].
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3.2.5 Evaluation of the effect of control on crop yield
At the end of the crop season, each plot was individually harvested to determine

the influence of disease control effectiveness on soybean crop yield. One meter of the
three center rows of each plot was manually harvested. The production was weighed on
a precision scale to determine the weight of a thousand seeds (TSW) (g) and crop yield

(kg hal) of each treatment, considering humidity correction to 13% [49].

3.2.6 Data analysis
Statistical analysis for the construction of the disease prediction model was

performed according to the procedure already described, using the same script for data
processing [18]. The prediction model was executed during the experiment to aid in the
decision-making of control and it was cross-validated (n=10) with the original database
used for the construction of this prediction model to confirm the disease severity classes
identification [18].

The results were analyzed in the factorial scheme described and submitted to the
analysis of homogeneity and normality. The data were submitted to analysis of variance
(ANOVA) using the F test and, when significant, compared by Tukey’s test, both at 5%
probability.

Since a significant difference was found between experimental field replications
(p<0.01), both areas were compared separately. In both fields, spray deposit and
coverage mean values were compared separately for each region of the canopy (upper
and lower). The percentage of control was calculated based on the AUDPC of the
control without application of each cultivar (T1 and T2). All statistical analyses and

models were conducted using the R 3.6.3 software [50].

3.3 RESULTS
3.3.1 Soybean rust detection and application timings

The periods of disease detection in the field trials according to each treatment are
shown in Figure 2. In Field 1, SBR’s first symptoms were detected in both cultivars
(Treatments 7 and 8) concomitant to the scheduled application (R1) at 50 DAE, and,
therefore, T7 and T8 were sprayed on the same date as T3 and T4. The model was able

to detect plants classified as “low severity” 6 days after that and in both cultivars when
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symptoms were about 0.2% severity. In the second experimental replication (Field 2),
disease symptoms were detected in susceptible and partially resistant cultivars (T7 and
T8) at 70 DAE, as well as the model was also able to detect diseased plants in the
susceptible cultivar (T5), which had more characteristic symptoms of the disease at this
time. For the partially resistant cultivars, which demonstrated significantly slower disease
progression, the model detected diseased plants 7 days after that. The calendarized
application (R1) was sprayed at the same time as in Field 1 (50 DAE).

At both Fields 1 and 2, a peak of LAl was observed around 60-65 DAE, occurring
concurrently with the second application of the treatments (Figure 3). This period
corresponds to the moment when higher foliar density is found, offering greater deposit

and spray penetration challenges.

Figure 2. Graphical representation of fungicide application timings along with qualitative
and guantitative spraying evaluations as a function of disease detection proposed for

each treatment.
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Figure 3. Leaf area index (LAI) of both field trials repetitions analyzed during the period

interval of the fungicide applications.

Field 1 Field 2
6 6
<2 . <2 ,
| _ v
0 0
45 55 65 75 45 55 65 75 85
Days after emergence (DAE) Days after emergence (DAE)
—&— Susceptible Partially-resistant —o— Susceptible Partially-resistant

3.3.2 Spray deposit
Consistent results were observed between field trials and regarding the effect of

application timings on the qualitative and quantitate spraying variables. No significant
effect was found in the interaction of the factors for any deposit values in both field trial

replications.
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In the first application of Field 1, a greater spray deposit was observed in the
upper region of the crop canopy when spraying based on the prediction model (0.85 uL
cm?), compared to when based on symptoms (0.65 pL cm) and calendarized (0.55 pL
cm?) that were sprayed previously (Figures 4). In the lower region of the canopy, a
significant difference was found only between cultivars, where higher spray deposits
(p<0,01) were found in partially resistant cultivars (0.30 pL cm-?) than in the susceptible
cultivar (0.09 pL cm?) (Figure 5).

In the second application, the application timings affected the deposit values at
both upper and lower canopy regions, disregarding the cultivar used. Greater spray
deposit was found when spraying based on the prediction model at the upper (0.98 pL
cm?) and lower (0.21 pyL cm?) canopy regions (Figure 6). The prediction model
application timings (T5 and T6) occurred at a different moment than the other two

treatments.

Figure 4. Mean deposit values (UL cm™) collected in the upper region of the soybean
canopy at different application timings in the first application of Field 1.
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).
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Figure 5. Mean deposit values (UL cm-2) collected in the lower region of the soybean

canopy of different soybean cultivars in the first application of Field 1.

1.0

0.6
Cultivar

M Parcially-resistant
B Susceptible

Spray deposit (uL em)
=
w

b

Resist Suse

0.0
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Figure 6. Mean deposit values (UL cm2) collected in the upper (A) and lower (B) regions
of the soybean canopy at different application timings in the second application of Field
1.
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05) in each
comparison.

Furthermore, the cultivar also affected the quantity of deposits found in the lower
region of the canopy, in which the partially resistant cultivar (0.17 uL cm-?) significantly
overcame the susceptible cultivar (0.05 pL cm?) (Figure 7). Irrespective of the
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application timing, expressive reduction in spray deposit was found again at the lower
region of the canopy, demonstrated by an uneven spray distribution across canopy

regions and reduced capacity of droplets penetration into lower regions.

Figure 7. Mean deposit values (UL cm™) collected in the lower region of the soybean
canopy of different soybean cultivars in the second application of Field 1. Means

followed by the same letter did not differ by the Tukey’s test at 5% probability (p<0.05).
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).

The second experimental field trial presented a similar trend in deposit values. In
the first application, a significantly greater deposit was found in the upper region in
treatments sprayed at the first symptoms appearance (0.82 puL cm™) and prediction
model decision (0.84 uL cm) (Figure 8). These applications happened 20 days after the
calendarized application (0.66 pL cm?), once more demonstrating better spray deposit
in the region with the later application. Moreover, a higher mean deposit value was
found in the lower region of partially resistant cultivars (0.13 pL cm?) than those found in

the susceptible cultivar (0.05 uL cm2) (Figure 9).
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Figure 8. Mean deposit values (UL cm) collected in the upper region of the soybean

canopy at different application timings in the first application of Field 2.
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).

Figure 9. Mean deposit values (UL cm?) collected in the lower region of the soybean

canopy of different soybean cultivars in the first application of Field 2.
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).

In the second application of Field 2, significant differences were found only in the
lower region of the canopy. Application timings based on the prediction model and
symptoms, applied on the same date, obtained significantly higher deposition than the
scheduled application (Figure 10). Higher mean deposit values were also found in the

lower region of the canopy of partially resistant cultivars (Figure 11).
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Figure 10. Mean deposit values (UL cm2) collected in the upper region of the soybean

canopy at different application timings in the second application of Field 2.
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Figure 11. Mean deposit values (UL cm) collected in the lower region of the soybean

canopy of different soybean cultivars in the second application of Field 2.
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).

3.3.3 Spray coverage

Finally, the qualitative evaluations based on the percentage of spray coverage
were also consistent between experimental trials. For Field 1, no significant difference
was found in the first application, irrespective of application timing, cultivar, or canopy

region. In the second application, a higher percentage of coverage was observed in the
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lower region of the canopy according to the cultivar, in which there was greater
coverage in the partially resistant cultivar (42,3%), compared to the susceptible one
(31,8%) (Figure 12).

Figure 12. Mean percentage of coverage (%) in water-sensitive papers located at the
lower region of the soybean canopy, according to different soybean cultivars in the

second application of Field 1.
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).

On the other hand, a significant difference was found in the interaction between
the factors in the first application of Field 2, only in the lower region of the canopy (Table
3). A higher percentage was found at the lower-positioned targets of partially resistant
cultivar treatments (21.9%) compared to the susceptible cultivars (5.14%) when spraying
at a calendarized timing. Moreover, the coverage of the partially resistant cultivar was
also significantly higher compared to the other application timings. In the second
application, another difference was found in the lower region of the canopy as a function
of application timings, in which the scheduled spraying timing presented significantly

lower values compared to the others (Figure 13).
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Table 3. Mean percentage coverage (%) on water-sensitive papers in the first
application of Field 2, according to different application timings and soybean cultivars,
compared separately in each canopy region.

Application timing . Cultivar - -
Susceptible Partially resistant
Calendarized 5.14 aB 21.97 aA
Prediction model 6.57 aA 2.06 Ba
Symptoms 6.74 aA 4.27 bA
Cause of Variation
Application timing (AT) 2.885 0.087Ns
Cultivar (C) 0.922 0.352NS
AT xC 3.958 0.042*

CV(%) ]

NS: Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ
according to Tukey test at 5% probability (p<0,05). Lowercase letters compare between means of
application timings at each cultivar level (lines). Uppercase letters compare between means of cultivars at
each application timing (columns). Each statistical comparison was conducted separately for each canopy
region (upper and lower).

Figure 13. Mean percentage of coverage (%) in water-sensitive papers located at the
lower region of the soybean canopy, according to different application timings in the

second application of Field 2.
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Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).
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3.3.4 Effect of application timings on SBR control and crop defoliation

Disease severity (AUDPC) and the control efficacy in both experimental fields are
shown in Table 4. In general, a significant reduction in disease severity was observed in
all treatments with the fungicide application compared to the control. In addition, there
was also a significant difference between cultivars, in which the partially resistant cultivar
presented lower AUDPC, regardless of the application timing. For the percentage of
control, a difference was found only in Field 2, where a higher disease severity was
observed in all treatments and, therefore, with higher disease pressure. In this field trial,
the percentage of control with the scheduled application (R1) in the partially resistant
cultivar was significantly lower than in the others. Although the percentage of control
seems much lower in partially resistant cultivars, it is possibly due to the lower severity
found even for the control treatment without applications.

Table 4. Mean values of disease severity (AUDPC) and control (%) according to
application timings and susceptible and partially resistant soybean cultivars, for each
field trial replication.

AUDPC CONTROL (%)
Field Application timing Cultivar Cultivar
Susceptible P. Resistant Susceptible P. Resistant
Control 200.80 aA 40.50 aB - -
Calendarized 68.90 bA 18.10 aB 64.40 51.50
4 Prediction model 54.60 bA 15.90 aB 71.60 59.20
- Symptoms 63.00 bA 15.00 aB 67.90 58.90
L Causes of Variation F P F P
- Application timing (AT) 53.450 <0.001*** 0.576 0.574Ns
Cultivar (C) 177.450 <0.001*** 3.772 0.071Ns
AT xC 26.450 <0.001*** 0.042 0.959Ns
Control 519.20 aA 65.70 aB - -
Calendarized 138.90 bA 32.50 aB 72.50 aA 47.80 bB
~ Prediction model 142.50 bA 22.40 aB 71.70 aA 65.70 aA
e Symptoms 191.00 bA 27.10 aB 62.10 aA 56.74 abA
L Causes of Variation F P F P
- Application timing (AT) 43.076 <0.001*** 143.823 <0.001***
Cultivar (C) 188.949 <0.001*** 8.577 0.008*
AT xC 28.402 <0.001*** 5.019 0.009*

NS: Not significant; *significant a p < 0.05 by F test. Means followed by the same letter did not differ according to Tukey test at 5%
probability (p<0.05). Lowercase letters compare between means of application timings at each cultivar level (lines). Uppercase
letters compare between means of cultivars at each application timing (columns). Each statistical comparison was conducted
separately for each canopy region (upper and lower).
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The disease progress curves were considerably similar
experimental fields (Figure 14). It is possible to observe greater development starting at
42 days after the first application (DAA) and rapid growth after this moment. On the
other hand, greater severity progress was found at Field 2, where other treatments were
also affected by the disease and promoted greater disease development. Overall,

susceptible cultivars showed greater development, especially the control without

fungicide application.

Figure 14. Soybean rust disease progress curve at Field 1 and Field 2 trial repetitions,
according to different soybean cultivars and application timings (treatments).

*Susc_: susceptible soybean cultivar (DS6217); Resist_: partially resistant soybean cultivar (TMG7063).
Control: without fungicide application; Calend: calendarized application (reproductive growth stage R1);
Model: application timing based on prediction model; Sympt: application timing based first symptoms

appearance.
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For the level of defoliation as an indirect severity evaluation, the
spectroradiometer proved to be effective in representing the leaf stand level of the
treatments (Figure 15). As the crop moved towards the end of the season, a clear
reduction in LAl was observed in both field trials regardless of the treatment.

Figure 15. Defoliation assessment based on the leaf area index (LAI) through the
integration of NDVI and Beer-Lambert law, according to the spectral curves of
susceptible and partially resistant soybean cultivars under soybean rust effect, across

experimental evaluation periods of Field 1 (A) and Field 2 (B).
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*Susc_: susceptible soybean cultivar (DS6217); Resist_: partially resistant soybean cultivar (TMG7063).
Control: without fungicide application; Calend: calendarized application (reproductive growth stage R1);
Model: application timing based on prediction model; Sympt: application timing based first symptoms
appearance.

“VI calculated according to Tan et al. [48].
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3.3.5 Effect of SBR on crop yield

Regarding the effect of the disease on the crop yield (kg ha?), no significant
differences were found in the interaction of factors. However, the application timings
affected the crop yield in Field 2, in which the control treatment without application
presented a lower crop yield (p<0.05) compared to the other application timings (Table

5). The numerical difference was kept similar in Field 1.

Table 5. Mean values of soybean crop yield (kg ha') and thousand seeds weight
(TSW) (g), according to soybean rust effect of different application timings and soybeans

cultivars, for each field trial repetition.

. Crop yield TSW
Application Py 1
. kg ha g
timing
FIELD 1 FIELD 2 FIELD 1 FIELD 2
Control 2393.714 2799.833 b 151.79b 159.56
Calendarized 3143.054 3462.89 a 167.52 a 173.26
Prediction model 2738.061 3055.73 ab 171.71a 173.02
Symptoms 2817.034 3169.037ab 168.13 a 173.75
F value 2.713N\S 4.092* 5.510*** 1.804 NS
CV (%) 19.05 12.31 6.47 8.54

NS: Not significant; ***significant at p < 0,01; *significant at p < 0,05 by F test. Means followed by the same
letter did not differ according to Tukey test at 5% probability (p<0,05).

Likewise, lower TWS was observed for the control treatment without control,
significantly (p<0.05) for Field 1 (Table 5). Furthermore, the effect of cultivars was also
observed for TWS in Field 2, in which the susceptible cultivar presented lower TWS
(160.9 g) than the partially resistant cultivar (178.8 g) (Figure 16).
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Figure 16. Mean values of thousand seeds weight (TSW) (g) as a function of soybean

rust effect over different soybean cultivars in the experimental Field 2.

240

200

Cultivar

B Partially-resistant
M Susceptible

40

Resist Suse

Means followed by the same letter did not differ by the Tukey test at 5% probability (p<0.05).

3.4 DISCUSSION
This study evaluated the applicability of an SBR prediction model and the effect of

different fungicide application timings on the spraying quality as well as on disease
control and crop yield. Based on the disease epidemiology, it is important to provide
proper SBR control as soon as possible, aiming to avoid the quick dispersal of spores
and the emergence of epidemics in the field [2,51]. In this scenario, adequate disease
monitoring is key to improving application timing accuracy, spraying quality, and control
efficacy. Besides, remote sensing and the usage of prediction models as support
decision system showed to be a valuable tool for IDM of SBR.

The prediction model applied here was able to identify plants with severity levels
as low as 0.2% severity. The disease detection matched with the first appearance of
symptoms, which can be considered an advantage since remote sensing may be
applied in a simpler and faster way than extensive scouting in the field [15], especially
with innovations in technology such as hyperspectral cameras and drone imaging of
wide fields in lesser times [13]. The possibility of identifying the disease as quickly as
possible can provide greater chances of a successful disease management program.

The application timings impacted the spraying quality, resulting in significant

differences in spray deposit and coverage at different parts of the crop canopy. A
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difference in the quantity of product deposited in the leaves, as well as the area covered
by the spraying, may play a significant effect on the control of the biological agent,
interfering with the control effectiveness and epidemic management. For instance,
Berger-Neto et al. [52] reported higher white mold (Sclerotinia sclerotiorum) incidence in
soybean with treatments that produced lower spray deposits, especially in lower canopy
regions.

In our study, a marked difference was found mainly with later application timings.
It promoted greater retention of spray deposit on the upper region of the canopy,
therefore demonstrating a greater barrier for spray penetration. This outcome was also
observed as the percentage of coverage. In Field 1, spraying based on the prediction
model was conducted 6 days later than the others, which already promoted slightly
greater retention in the upper section. None of the treatments were able to promote
proper deposition and coverage in the lower region of the canopy. Meanwhile, the
second application was conducted when a reduction of LAl was already started due to
crop defoliation [23], influencing the penetration of the spray into the canopy and,
therefore, promoting better deposition.

Nonetheless, the recommended timing of application at the end of the vegetative
growth stage and reproductive growth stage is due to the possibility of still reaching the
entire vertical profile of the plants and, therefore, achieving a better spray distribution,
besides targeting the period of greater disease development [51]. However, it was seen
that even spraying on R1 did not provide uniform distribution. Furthermore, most
fungicides recommended for SBR control act preventively and curatively, while most
applications aim to act preventively to avoid any disease incidence and proliferation
throughout the field [1]. Oppositely, when sprayed too far away from the first disease
incidence in the field it is possible that the residual of the fungicide may not still be as
active as needed, leading to lower efficacy [53].

Muller et al. [8] reported similar results of soybean rust severity at different
application timings. Higher SBR severity (AUDPC) was observed when the application
was the furthest from the first disease incidence. So, an application after R3 produced
the best control when the disease incidence happened only after this period, whereas an

application at R1 resulted in the best control efficacy when the disease was first seen
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before this growth stage and, therefore, closer to the disease incidence. Although an
earlier application during the vegetative growth stage may provide better fungicide
distribution in the canopy [24], the residual effect of the fungicide may not last until the
period of higher disease incidence [53].

Moreover, Miller et al. [8] found that applications conducted closer to the first
disease observations resulted in higher crop yields than compared to other treatments
that were sprayed after a longer time. This information also reassures the importance of
proper disease monitoring to reduce both unnecessary fungicide applications in the field
and to improve application timing accuracy and disease epidemic control. Especially
considering a country with proper environmental conditions for SBR development, along
with fungicide application as the main source of control that is majorly characterized by
several application of only a few chemical choices (triazole, strobilurin, and
carboxamides) that contributes to the selection of resistant populations [1,5-6].

In this study, especially for Field 2 where the disease started only 20 days after
the calendarized application, at least one application would have been saved
considering the whole crop season and the 15-day interval between applications. A
smaller number of applications could reduce chemical usage and, therefore, decrease
fungal exposition to these fungicides, while a more accurate application has the potential
to cease fungal development at determinant points that can increase control efficacy
and decrease the chance of fungal survival in the field [8]. Finally, a better distribution
throughout the crop canopy could also ensure a lower risk of over or under-application
rate, which could also lead to fungicide resistance [54]. Therefore, the benefits of
sensor-based prediction models might come from the reduction of the number of
applications or the fungicide efficacy that it might achieve.

The structural differences of the cultivars also played a major role in the spraying
technology. The partially resistant cultivar (TMG7063) visually had less inter-row canopy
closure compared to the susceptible cultivar (DS6217), in addition to a lower LAl
Therefore, the architecture format of the cultivar allowed a better penetration into the
canopy, represented by a better spray distribution. Thereby, in most spraying
conducted, better spray deposition and coverage were observed in the lower section of

the plants.
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A study unveiled the dynamic spray deposition according to different soybean
cultivars’ architecture, reporting a significant increase in spray coverage and overall
penetration capacity when spraying in cultivars with lower height, LAI, and numbers of
branches [22]. An increase in coverage of almost 96% at the lower canopy regions was
found for these cultivars.

Coverage and spray deposit results were very similar and consistent. The
significant reduction in spraying reaching capacity into the innermost regions of the
canopy stood out in all cases. Therefore, it highlights the need to adjust the technology
according to the application timing, especially based on LAl and canopy closure [22].
Alternatives such as using specialized spray nozzles or higher application volumes can
be very responsive to provide significant improvements [9,52,55-56].

The results obtained on the application technology corroborate the disease
severity found. The treatments with higher spray deposit and coverage also promoted
slightly lesser disease severity, such as those observed when spraying based on the
prediction model and first symptoms. Therefore, in general, the spraying decision-
making based on remote sensing data improved or at least maintained the control
effectiveness level of conventional methods. Furthermore, greater disease development
was observed 42 days after the first application (DAA). Therefore, the earlier
applications may have promoted a lower control rate due to greater distance from the
peak of disease severity and lower fungicide residual.

As regards disease severity, the partially resistant cultivar was also considered to
be highly effective in terms of suppressing the level of disease growth, with a marked
progress curve reduction and lower severity indexes, even when without application.
Along with the aforementioned cultivar structure that allowed a better spray distribution,
all these features contribute to disease management and are, therefore, considered an
excellent tool for the IDM.

To date, seven soybean resistance loci were identified [57-58]. Vittal et al. [11]
identified varied infection capacities of P. Pachyrhizi among different soybean genotypes
tested, reporting reduced hyphae development in resistant soybean cultivars. Resistant
(immune reaction) and partially resistant cultivars are known to produce fewer pustules,

lesions, and longer latent periods [10].
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Another important factor is that, in this study, the disease incidence happened
later than the usual first appearance, which can be visually identified in the curve
progress. In this study, later application timings at the disease onset provided better
control. It is possible that in regions where there is higher disease pressure, monitoring
by remote sensing can even anticipate the application compared to the calendarized
applications. Improvements in disease monitoring to supply information to the decision
support system have the potential to improve control efficacy as well as to even reduce
the number of applications in regions of lower disease pressure [13,59-61].

Moreover, the use of remote sensing to assess the disease severity and
defoliation was also considered successful, as reported by other authors [48,62].
Although no significant difference was found between the treatments, the LAI calculated
through the integration of NDVI and the Beer-Lambert law [48] represented properly the
defoliation levels, allowing better visualization of the effect of the disease on the crop
leaf mass throughout the crop season.

The fungicide application promoted a reduced disease effect on the soybean crop
yield, allowing greater yields irrespective of the cultivar or application timings. However,
the differences found for each treatment control and spraying quality were not fully
correlated to the crop yield, despite the proximity of the values found. For example, in
both field repetitions, the calendarized application which obtained poorer spraying
quality and higher disease severity, also achieved slightly higher crop yield than the
others, even though only numerical. Crop yield is mostly affected when disease pressure
is high, such as in the values observed in the control treatment without application.
Besides, the effect of SBR on crop yield is most pronounced when its progression
occurs at pod formation and filling [57,63]. Other injuries than visual symptoms may also
play an important role in affecting the crop yield, such as on the carbon exchange rates
[64].

Overall, the model was considered an effective tool and showed promising results
to be used as a tool in the integrated management of SBR, since detection periods were
similar to those based on visual diagnosis and with potential for maintenance or
improvement of disease control. In addition, improvements in assessment techniques

are reported as a result of time savings compared to visual assessments. For cultivars
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with lower disease severity, or situations where there is a lower risk of epidemic or lower
disease severity and incidence, it could be considered even more effective. It is
important to state that the applicability of remote sensing techniques and data
obtainment to supply these types of prediction models is difficult since many variables
can interfere with the optical analyses, such as climate conditions and the presence of
other injuries [13,19]. More studies are encouraged to be conducted to improve the
prediction model database as well as to implement it in IDM programs.

Our results denote the practicality of using remote sensing and prediction models
in the integrated management of the disease. Positive results were found, indicating the
possibility of integrating it among the currently present management techniques. In
addition, the timing of application impacted the application technology, resulting in
significant differences in spray deposition and coverage, which have a high potential to
also interfere with the effective control and management of epidemics. Application at
lower LAI promoted better spray distribution and better SBR control efficacy. Finally,
partially resistant cultivars also played a major role in the SBR control and as a powerful
tool of the IDM.
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3.6 APPENDICES

Figure Al. Experimental fields in Botucatu, SP, during trials conduction in the 2020/21
crop season.

Figure A2. Fungicide spraying at each treatment (A) and general pesticides application
for trials maintenance during the 2020/21 crop season
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Figure A2. Applications of the Brilliant Blue® dye marker in the quali-quantitative
evaluations of the spraying and the positioning of the water-sensitive papers before and
after the application.
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Table S1. Vegetation indices (VIs) representative to the disease effect on the soybean crop used to assess to correlation of disease
severity and spectral signatures.

Vegetation

Indices (V) Description Formula Reference
R
C420 C420 420 [19]
R695
Modified Chlorophyll Absorption 1
MSAVI2 Ratlo |ndex |mpr0ved E [ 2(R810 + 1) - \/(2R810 + 1)2 - 8(R81O - R690) [31]
NDVI Normalized Difference (Rg10 — Re90) [32]
Vegetation Index (Rg10 + Re90)
DVI Difference vegetation Index Rys55 — Reog [33]
. . R775
RVI Ratio vegetation Index [34]
R698
- . R — R
GRVI Green normalized Difference (Reoo — Rse0) [35]
vegetation index (Rgo0 + Rs60)
i Rgoo— R
SIPI Structure Inderzjendent Pigment (Rgoo — Raas) [36]
Index (Rgoo — Reso)
i R - R
PRI Photochemical reflectance (Rs70 — Rs31) [37]
Index (Rs70 + Rs31)
. - R800
SR Simple ratio index —_— [32]

R670
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Continuation of Table S1. Summary of vegetation indices (VIS)

Vegetation o
Indices (V) Description Formula Reference
. . (RSOO - R670)
EVI Enhanced vegetation index 2,5 38
J ) (Rgoo + 6 * Rg70 — 7,5 * Rygo + 1) (58]
_ 1 599
SG Sum green index —Z Ri [39]
n i=500
(R750 — R705)
RENDVI Red edge NDVI -_— 40
g (R750 + R705) 0]
. (R750 - R705)
MRENDVI Modified red edge NVDI [40]
(R750 + R705 — 2R445)
. . . R _ R
MRESR Modified red_edge simple ratio (R750 445) [40])
index (R705 — Raas)
R
VOG1 Vogelmann Red Edge Index 1 R740 [41]
720
mean(Rsgo—
RGRI Red green ratio index (Rs00-600) [39]
mean(Rep0-700)
R - R
PSR Plant senescence reflectance 680 500 [42]
index R;5o
ANTH1 Anthocyanin r(elfl)ectance index _ [43]
R550 R700
ANTH2 Anthocyanin reflectance index Raoo [ _ ] [41]
(2) Rsso  R700
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CONSIDERACOES FINAIS

A utilizacdo de cultivares com resisténcia parcial se mostrou eficaz na reducéo
do impacto da doencga e na produtividade, demonstrando diferentes comportamentos de
acordo com o nivel de resisténcia a P. pachyrhizi. Os resultados também possibilitaram
explorar o efeito da doenca sobre a capacidade fotossintética da planta. Foi possivel a
identificacdo de FAS e classificacdo de diferentes niveis de severidade com base na
refletdncia dos foliolos, os quais foram essenciais para a criacdo do modelo de
deteccdo da doenca na cultura. A colecao de indices vegetativos foi a base de dados
que proporcionou os melhores resultados e de forma mais préatica para replicacdo do
modelo a campo. O modelo foi eficaz na deteccédo da doenca a campo e os diferentes
momentos de aplicacdo avaliados influenciaram na qualidade da aplicacdo, tendo
melhor distribuicio em momentos de menor area foliar. O modelo de predicdo foi
considerado um método eficaz para determinacdo dos momentos de aplicagdo.
Portanto, a utilizacdo do modelo de predicdo proposto e as técnicas de sensoriamento
remoto foram considerados eficazes e promissores para ser integrados a programas de
manejo da doenca.

Com base nos trabalhos conduzidos a campo e laboratério, observa-se a
relevancia da integracdo de diferentes técnicas no manejo integrado da FAS, os quais
demonstraram grande impacto em termos de eficacia de controle e otimizacdo do
monitoramento da doenga. O monitoramento como limiar para decisdo do momento de
controle deve ser considerado na integracdo das diferentes técnicas do MID, tendo o
sensoriamento remoto como uma das tecnologias com o maior potencial, especialmente
considerando as inovagdes ligadas a agricultura de precisdo. A tecnologia de aplicacao
de produtos fitossanitarios também é de grande importancia na sustentabilidade da
producdo da soja, tendo o momento de aplicagdo como um dos pilares para uma
pulverizacdo mais assertiva quanto a distribuicdo do produto no alvo, quantidade e local

mais adequados.
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