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MODELOS AGROMETEOROLOGICOS PARA TOMADORES DE
DECISAO EM ‘SMART AGRICULTURE’

RESUMO - A agricultura no mundo caminha em alta velocidade para a proxima
revolucado verde, a chamada revolugdo da agricultura digital, que combina outras
grandes areas que revolucionaram a agricultura, como as técnicas de biotecnologia e
agricultura de precisdo. Estas técnicas foram essenciais para aumento da
produtividade agricola no mundo. Agora, a agricultura digital pode otimizar ainda mais
a associacao dos dados climaticos no planejamento de safras e no manejo de cultivos
agricolas. O conceito “Smart Agriculture” esta inserido no universo da agricultura
digital como uma linha promissora e necessaria para o futuro sustentavel da
agricultura. Este trabalho apresenta estratégias de manejo para areas produtoras de
cana-de-agucar, como (i) um sistema de modelo mecanistico para a previsdo da
susceptibilidade da doenga fungica, ferrugem alaranjada, baseado nas condigdes
meteoroldgicas; (ii) estimativa da infestacdo de Mahanarva fimbriolata por meio de
Redes Neurais Atrtificiais; (iii) um aplicativo de smartphone para estimar a
evapotranspiragao potencial utilizando dados meteorolégicos em grid, provenientes
do sistema NASA-POWER. As estratégias propostas neste trabalho mostraram-se
eficientes e promissoras para aplicagao pratica. O modelo de ferrugem alaranjada
simulou com acuracia o indice de severidade de ferrugem alaranjada, e proporcionou
a expansao das simulagdes, com o objetivo de verificar a susceptibilidade da
ocorréncia da doenga em grandes areas produtoras de cana-de-agucar, como Brasil,
india e Australia. A utilizagdo de redes neurais artificiais para estimar niveis de
infestacdo de Mahanarva fimbriolata, se mostrou como uma alternativa viavel e
promissora. A estimativa da evapotranspiracdo potencial, utilizando dados
meteorolégicos em grid provenientes da NASA-POWER, obteve resultados com alta
acuracia e precisao, tornando assim, o aplicativo de smartphone desenvolvido uma
ferramenta no auxilio do manejo de irrigagao racional.

Palavras-Chave: agricultura digital, modelagem de pragas, modelagem de doencas,
manejo de irrigagcédo, dados em grid, Sacharum spp.



Modeling tools for stakeholders in Smart Agriculture

ABSTRACT - Agriculture in the world is moving at a high speed towards the next green
revolution, the so-called digital agriculture revolution, which combines other major
areas that have revolutionized agriculture, such as biotechnology and precision
agriculture. These techniques were essential for increasing agricultural productivity in
the world. Digital agriculture can now further optimize the association of climatic data
in crop planning and crop management. The concept of "Smart Agriculture" is
embedded in the world of digital agriculture as a promising and necessary line for the
sustainable future of agriculture. This work presents management strategies for
sugarcane producing areas, such as (i) a process-based model system for predicting
the susceptibility of orange rust, based on weather conditions; (ii) estimation of
infestation of Mahanarva fimbriolata by artificial neural networks; (iii)) a smartphone
application to estimate potential evapotranspiration using grid weather data from the
NASA-POWER system. The strategies proposed in this work proved to be efficient and
promising for practical application. The orange rust model accurately simulated the
orange rust severity index, and provided the expansion of the simulations, with the
objective of verifying the susceptibility of the disease occurrence in large areas of
sugarcane production, such as Brazil, India and Australia. The use of artificial neural
networks to estimate infestation levels of Mahanarva fimbriolata has been shown to be
a viable and promising alternative. The estimation of potential evapotranspiration,
using grid meteorological data from NASA-POWER, obtained results with high
accuracy and precision, thus making the smartphone application developed a tool to
aid rational irrigation management.

KEYWORDS: digital agriculture, pest modeling, disease modeling, irrigation
management, gridded data, Sacharum spp.



CAPITULO 1 - Consideracées Gerais

A agricultura é a atividade econdmica que mais € influenciada pelas condi¢des
climaticas sendo que o clima afeta todas as etapas do cultivo, desde o preparo do solo
para semeadura, até colheita, além dos controles fitossanitarios, manejo de irrigacao,
transporte e armazenamento dos produtos. Qualquer alteragédo no clima tera um
impacto sobre o crescimento e desenvolvimento da cultura, bem como na ocorréncia
de pragas e doengas nas plantas.

O aumento populacional e a demanda por alimentos incentivam cada vez mais
os pesquisadores, profissionais da area e investidores, a compreender as relagcdoes
entre o clima e a produgédo agricola. Nesse ambito surgem tecnologias e novos
conceitos, como o de “Smart Agriculture”, para auxiliar no entendimento da relagéo
entre clima e produgao, visando solu¢gées economicamente viaveis e sustentaveis.

O conceito de “Smart Agriculture” (agricultura inteligente — traducgéo livre)
envolve a ciéncia de dados e uma combinacdo multidisciplinar de varias ferramentas
para relacionar grande quantidade de dados e informagdes pertinentes auxiliando na
gestdo antecipada e automatizada das atividades agricolas (Prototop e Shanoyan,
2016; Ribarics, 2016; Carolan, 2018).

Dentro do conceito de “Smart Agriculture”, um dos grandes desafios da
comunidade cientifica é atender a crescente demanda por ferramentas que auxiliem
os tomadores de decisdo no manejo agricola de forma mais sustentavel. Este fato
chama cada vez mais atencdo para a necessidade de modelos de simulagao
confiaveis que identifiquem os riscos e estime a produtividade, assim como as perdas
referentes aos estresses bidticos e os impactos causados na qualidade da produgéao
(Bregaglio e Donatelli, 2015).

As perdas na produgao agricola devido a ocorréncia de pragas e doengas pode
chegar até aproximadamente 16% da produgdo mundial de alimentos (Oerke, 2006;
Garret et al., 2013). O impacto causado por pragas e doengas € ainda incerto devido
as mudancgas no clima e ao elevado numero de fatores ambientais e de manejo que
interagem contribuindo para o aumento de epidemias (Coakley et al., 1999;
Chakraborty e Newton, 2011). A quantificagdo destes impactos de pragas e doencgas

sob diferentes intensidades representa uma das questbes de pesquisa mais



importantes para a modelagem de simulagéo agricola (Savary et al., 2006; Whish et
al., 2015).

Os modelos de simulag&o fornecem aos gestores de terras e formuladores de
politicas uma ferramenta para extrapolar os resultados experimentais (Basso et al.,
2013), auxiliam no manejo adequado das pragas e doengas, gerando alertas
fitossanitarios, resultando em menor custo de produgdo, menor contaminagcdo do
ambiente, melhoria na qualidade do produto agricola além da diminui¢do no uso de
defensivos agricolas. Os modelos de simulagdo possibilitam ainda a previsao de
disseminagao potencial das doengas e pragas de plantas, aumentando ainda mais a
contribuigdo da agrometeorologia para o controle fitossanitario racional.

O Brasil é o maior produtor mundial de cana-de-agucar (Saccharum spp.) (FAO,
2018), o que faz com que a cana seja considerada um dos principais produtos do
agronegocio brasileiro. Atualmente, conta com uma area plantada de mais de dez
milhées de hectares. A producdo nacional na ultima safra, 2017/2018, foi superior a
737 milhdes de toneladas (IBGE, 2018). A importancia consolidada da cana-de-agucar
para o mercado brasileiro exige que estratégias de manejo sejam desenvolvidas como
modelos que simulem e estimem o impacto de pragas e doengas.

Devido a grande complexidade e do grande numero de elementos que se
interagem nos sistemas de produgdo, outro grande desafio dentro do conceito de
“Smart Agriculture” esta relacionado ao uso correto da agua. A Agricultura é de longe
o setor que mais demanda agua, respondendo por cerca de 70% de toda a agua
retirada de rios e aquiferos em todo o mundo para produgao agricola (Siebert et al.,
2013).

Ahmad e Prasad (2012) afirmam que 45% das areas agricolas do mundo
sofrem com a seca. A quantidade de agua em boa qualidade existente no ambiente é
finita e sua disponibilidade diminui gradativamente devido ao crescimento
populacional, a expansao das fronteiras agricolas e a degradagéo do ambiente. Sendo
a agua um recurso indispensavel a vida, € de fundamental importéncia a discusséo
das relagbes entre 0 homem e a agua, uma vez que a sobrevivéncia das geragdes
futuras depende diretamente das decisées que hoje estdo sendo tomadas. O uso da

agua de forma descontrolada pode comprometer os recursos hidricos (Silva et al.,



2016), além de elevar os custos da produgdo tornando o manejo adequado da
irrigacéo racionalizada uma ferramenta fundamental e indispensavel neste processo.

Neste contexto, as tecnologias associadas a “Smart Agriculture” sao
potencialmente os maiores aceleradores de tecnologias de produgéo agricola desde
a Revolucao Verde, de acordo com o Férum de Economia Mundial - World Economic
Forum (2016). Esta fus&o da ciéncia de dados e agricultura podera ajudar produtores,
pesquisadores e profissionais do setor a tomar decisdes baseadas na otimizacio da
produtividade, aumento da receita e minimizagao de custos (Rosenzweig et al., 2013;
Capalbo et al., 2017; Antle et al., 2017; Rao, 2018).

Este estudo busca apresentar técnicas para abordagem “Smart Agriculture”
com foco em areas de cultivo da cana-de-agucar. Nos préximos capitulos serao
apresentadas ferramentas de suporte para auxilio na gestdo de areas agricolas em
geral (irrigacdo) e para o setor canavieiro (sistemas de suporte a deciséo

fitossanitaria).
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CAPITULO 2 - A model-based system to predict the favorability of
weather conditions for orange rust disease of sugarcane

ABSTRACT- The improvement and application of disease models to analyze the
impacts on crops is still a challenge for the scientific community. Process-based
models appears to represent a viable methodology to estimate the impacts of these
potential effects, since a new generation of tools based on state-of-art knowledge is
needed to allow systems analysis including key processes and their dynamics over
appropriate suitable range of environmental variables. We identified the key processes
in the epidemiological cycle of the Puccinia kuehii and developed a new process-based
model to simulate the orange rust intensity index (ARISE). With the objective to analyze
the suitability we applied the process-based model developed in large areas in Brazil,
India and Australia for twenty years. The results showed that the model performed
robustly, it simulated the classification of severity indices accurately and confirmed that
the weather requirements for the development of orange rust are high temperatures
and relative humidity. The percentage of hit of the model in simulating the presence or
absence of the disease was 90%, while to classify the presence of disease in high or
low severity was 61%. With careful calibration and validation to other sites, climates
and fungal disease, it may become a valuable tool in the assessment of disease
impacts in food security and appropriate control measures, providing an integrated
management.

KEYWORDS: Puccinia kuehnii, disease modeling, process-based model, severity
index

Sistema de estimativa da favorabilidade a ferrugem alaranjada em
cana-de-agucar baseado em modelos mecanisticos em funcao das
condicées meteorolégicas

RESUMO- A melhoria e aplicacdo de modelos para analisar os impactos de doencas
nas culturas ainda é um desafio para a comunidade cientifica. Os modelos
mecanisticos representam uma metodologia viavel para estimar esses impactos, uma
vez que uma nova geracao de ferramentas baseadas no atual estado da arte do
conhecimento permiti a analise de sistemas, incluindo processos chave e a dindmica
do patégeno com um conjunto apropriado de variaveis ambientais. Foram
Identificados os principais processos no ciclo epidemiolégico do fungo Puccinia
kuenhii, agente causal da ferrugem alaranjada, e foi desenvolvido um novo modelo
baseado nos processos para simular o indice de severidade da ferrugem alaranjada
(ARISE). Com o objetivo de analisar a predisposicdo da doenca, o modelo
desenvolvido foi aplicado em grandes areas no Brasil, na india e na Australia durante
vinte anos. Os resultados mostraram que o modelo foi robusto, simulou a classificagao



dos niveis de severidade com precisdo e confirmou que os principais fatores
predisponentes para a ocorréncia da doencga sao, alta temperatura e umidade relativa.
A porcentagem de acertos do modelo em simular a presenga ou auséncia da doenga
foi de 90%, enquanto que para classificar a presenga de doenca em alta ou baixa
severidade foi de 61%. Com cuidadosa calibracdo e validacdo para outros locais,
climas e doengas fungicas, este trabalho pode se tornar uma ferramenta valiosa na
avaliacao dos impactos de doengas na segurancga alimentar e em medidas de controle
apropriadas, proporcionando um manejo integrado.

PALAVRAS-CHAVE: Puccinia kuehnii, modelagem de doenga, indice de severidade.

INTRODUCTION

Plant diseases are responsible for major economic losses in the agricultural
industry worldwide. The orange rust caused by the polycyclic fungal pathogen Puccinia
kuehnii (W. Kruger) E. J. Butler (1914) is a relatively new emerging biotic constraint to
sugarcane cultivation worldwide (Magarey, 2000; Sentelhas et al., 2016). Firstly
reported by Kruger in 1890 on sugarcane fields in the Java Island, orange rust disease
arrived in the Western Hemisphere as a result of global trade (Rott et al., 2016). In
2009 the pathogen was detected in Sdo Paulo state, Brazil (Barbasso et al., 2010)
from where it spread across the main sugarcane harvested areas in the northeast
regions (Chaves et al., 2013). Nowadays, orange rust is considered the most emerging
threat to sugarcane health in Brazil, which is the top sugarcane producing and
exporting country (Bordonal et al., 2018), with an annual production of 615 million tons
(CONAB, 2019).

According to Araujo et al. (2013), yield losses due to orange rust in susceptible
and moderately resistant varieties can be higher than 40%, and sugarcane growers try
to limit these impacts by planting resistant varieties. However, several resistance
breakdowns have been observed and alternative control methods, such as chemical
control, are needed. Three to four fungicide applications are required per growing
season to keep orange rust under an economical threshold (Rott et al., 2016).
Additional strategies to counteract the impacts of the disease are currently being
investigated, including the shift of the planting date, since the environmental conditions
is the main driver of orange rust (Chaulagain et al., 2019), while a disease warning
system to support in-season management is not yet available.
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Puccinia kuehnii is a Basidiomycete, from the Uredinales order and
Pucciniaceae family (Hauksworth et al., 1995). Symptoms of orange rust include yellow
flecks, reddish brown elongated lesions, and oval shaped orange-brown pustules
releasing urediniospores (Rott et al., 2016) leading to reduced net photosynthetic
rates, stomatal conductance, and transpiration (Zhao et al., 2011). The epidemiology
of orange rust of sugarcane largely depends on environmental conditions, with high
moisture and warm temperatures favoring the increase of disease severity (Magarey,
2000; Minchio et al., 2017). The life cycle begins with the infection process, which
consists in the germination of a urediniospore producing a germ tube able to penetrate
the sugarcane leaves through stomata (Nalwar, 2013). Optimum temperatures for
infection range between 22 and 24 °C, with elevated relative humidity prolonging leaf
wetness duration (Magarey et al., 2004). The leaves are asymptomatic up to the end
of the latency process, when a pustule on the underside of the leaf, cinnamon to orange
color, become visible and starts to sporulate (Magarey, 2000). The latency period
ranges from 10 to 21 days and its duration strictly depends on air temperature (Moreira
et al.,, 2018). After this stage, pustules progressively open and produce the
urediniospores which are released into the air and are dispersed by wind. The optimal
conditions for the sporulation process are temperature between 19 to 26 °C and very
high relative humidity (above 98%), with wind speed playing a major role for spore
dispersal from one region to another (Ferrari et al., 2013).

The orange rust occurrence in Brazil is relatively recent but the evolutionary
potential is already known due to capability to rapidly mutate and overcome host
resistance of the current sugarcane varieties. Recent laboratory studies indeed
support the existence of pathogenic variants of the orange rust pathogen in Florida
(Sanjel et al., 2016). The development of a reliable early warning system based on
process-based simulation model would then support both in-season management with
timely indications on the risk of infection and could also provide medium-term forecasts
of the pathogen pressure in order to plan investments for new sugar mills. Simulation
models have indeed the potential to provide tools to extrapolate experimental results
from one site to another (Basso et al., 2013), thus enabling the generation of alerts
based on weather conditions, making possible the prediction of the potential impact

and diffusion of the simulated diseases (Gillespie and Sentelhas, 2008).
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In this paper we present a model-based index of sugarcane orange rust
favorability (ARISE, orAnge Rust IntenSity indEx) which reproduces the key process
of the epidemiological cycle of Puccinia kuhenii, i.e., onset of the disease, infection,
spore dispersal, latency and sporulation. ARISE was calibrated and validated using
857 observations of disease severity collected in 3-year field surveys in Brazil, and
then applied on the main Brazilian, Indian and Australian sugarcane production area

in order to provide in-season and long-term scenario analyses of disease intensity.

MATERIAL AND METHODS

Process-based models in ARISE

The ARISE index provides a dynamic simulation of the main processes
underlying the epidemiological cycle of Puccinia kuehnii and integrates them to give a
synthetic measure of sugarcane orange rust severity. ARISE consists in a chain of
simulation models reproducing the timing of the symptom’s onset, and the processes

of infection, spore dispersal, latency duration and sporulation efficiency (Figure 1).
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Figure 1. Conceptual diagram of the processes simulated by the ARISE model-based
index. T (°C), temperature; Tmax (°C), maximum temperature; Topt (°C) optimal
temperature; Tmin (°C), minimum temperature; RH (%), relative humidity; RHmin (%),
minimum relative humidity; H (hour), threshold; LW (true/false), leaf wetness; LWmax
(hour), maximum leaf wetness; LWmin (hour), minimum leaf wetness; D50 (hour), dry
period; WS (m s™), wind speed; WSmax (m s™), maximum wind speed; WSmin (m s-
1), minimum wind speed; WS50 (m s'), wind speed for dispersion of 50% of spores;
LDmin (hour), latency duration minimum; ARISE (unitless), orAnge, Rust IntenSity
indEx.

Most of the process-based models implemented in ARISE have got a hourly
time step: the model workflow starts in the first day of winter, when a hourly rate of
primary inoculum is computed as a function of thermal and moisture requirements.
Once the accumulated rate of disease onset reaches a given threshold, the suitability
of weather conditions for the infection process starts to be simulated, together with the
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efficiency of spore dispersal as driven by daily wind speed. ARISE considers that each
infection event passes through the latency period, whose duration varies according to
air temperature. When the latency period is accomplished, the efficiency of the
sporulation process is simulated as a function of relative humidity and thermal
conditions, and it is integrated to give the ARISE index. All the models implemented in

ARISE are presented in Table 1, with their inputs, outputs and parameters.

Table 1. Acronym, description, unit and literature source of the values of the
parameters needed to reproduce the epidemiological cycle of Puccinia kuehnii in the
ARISE model-based index.

Parameters Description Unit Reference?®
TmaxDO Maximum temperature for disease onset °C 1,2,3,4,5,6,8
1,2,3,4,5,6,7,
ToptDO Optimum temperature for disease onset °C 8
TminDO Minimum temperature for disease onset °C 1,2,3,4,5,6,8
RHmIinDO  Relative humidity minimum for disease onset % 1,7
H Threshold necessary for disease onset unitless
TmaxInf Maximum temperature for infection °C 1,2,3,4,5,6,8
1,2,3,4,5,6,7,
Toptinf Optimum temperature for infection °C 8
TminInf Minimum temperature for infection °C 1,2,3,4,5,6,8
LWmax Not limiting leaf wetness duration for infection h
LWmin Minimum leaf wetness for infection h 56,8
D50 Dry hours to stop an infection event h
WSmax Maximum wind speed for dispersal m s’ 9,10
WS50 Wind speed for dispersal 50% of spores m s’
WSmin Minimum wind speed for dispersal ms’ 9,10

TmaxL Maximum temperature for latency °C 1,2,3,4,5,6,8
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1,2,3,4,5,6,7,
ToptL Optimum temperature for latency °C 8
TminL Minimum temperature for latency °C 1,2,3,4,5,6,8
LDmin Latency duration minimum day 8, 11
TmaxS Maximum temperature for sporulation °C 12
ToptS Optimum temperature for sporulation °C 12
TminS Minimum temperature for sporulation °C 12

RHmMInS Minimum relative humidity for sporulation %

a1: Infante et al. (2009); 2: Hsieh et al. (1977); 3: Minchio et al. (2011); 4: Minchio et
al. (2017); 5: Vasudeva (1958); 6: Lima et al. (2017); 7: Magarey et al. (2004); 8:
Martins (2010); 9: Ferrari et al. (2013); 10: Mallaiah and Rao (1982); 11: Moreira et al
(2017); 12: Hsieh et al. (1983).

The main purpose of the model of disease onset is to determine the initial day
of appearance of orange rust symptoms. This model is based on the accumulation of
hydro-thermal time (Bregaglio and Donatelli, 2015), with the day of disease onset set
when the state variable related to disease onset (DOstate, d, unitless, Eq. 1) reaches
a threshold of hydro-thermal time requirement (H, unitless, Eq. 1). DOstate, Equation
(2), is in turn computed as the accumulation of the hourly rate variable DO rate (h,
unitless), which starts to be computed on the first day of winter. DOrate is simulated
as a function of hourly air temperature and hourly air relative humidity (Eq. 3). The
temperature response function (f(T), unitless, 0 -1) is reported in Equation (4) (Yan and
Hunt, 1999).

DOstate, d > H (1)
DOstate, d =Y2*, DOrat (2)
0 if RH < RHt
DOrate, h = {f(T) elsewhere (3)
Tmax-T T—-Tmin (w)
_ - - Tmax —Topt
f(T) - (Tmax —Topt) (Topt —Tmin) (4)
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where RH (%) is hourly air relative humidity, RHt (%) is the threshold of air
relative humidity which inhibits inoculum development (Schoeny et al., 2007), T (°C) is
hourly air temperature, Tmin, Tmax and Topt (°C) are pathogen specific cardinal

temperatures for the development of primary inoculum.

The simulation of the infection process is based on the suitability of thermal and
moisture conditions in the form of leaf wetness duration for Puccinia kuehnii. The
generic model for airborne fungal pathogens developed by Magarey et al. (2005) was
parameterized according to literature data and used in ARISE. This model computes
the air temperature response function (f(T), Equation (4)) and scales it to the pathogen
specific wetness duration requirement, according to Equation (5).

LWmin . LWmin
_— — <
faaw) = { £(T) if £ LWmax (5)

0 elsewhere

where f(LW) (h) is the leaf wetness response function, LWmin (h) is the
minimum leaf wetness duration for infection, and LWmax (h) is the leaf wetness
duration not limiting the completion of an infection event. The model considers the
impact of a dry period on the infection process by means of a critical interruption value
(D50, h), as reported in Equation (6) (Bregaglio and Donatelli 2015):

W, + W, D < D50
W, W, elsewhere

Wsum = { (6)

where Wsum (h) is the cumulated duration of a leaf wetness period and W1 and
W2 (h) are two wet periods separated by an interruption (D, h). The model considers
two wet periods as separated if D = D50. An infection event is fulfilled when the duration
of Wsum is above f(T); if Wsum < f(W), the infection event remains incomplete and it

is evaluated at the next houir.

The third model in ARISE computes the efficiency of spore dispersal, which is
simulated on a daily time step according to Aylor (1982), as a function of average wind
speed (Equations 7-10):



16

0 if WS<WSmin

(WS —wSmin)? . ,
(WS —WSmin)2 + (Ws50 —WSmin)?2 lf WSmin < WS < WS50

f(sD) = (WS —WSmin)? ) (7)
(WS-WSmin)2+ (WS50 —-WSmin)? ¢ if WS50 <WS < WSmax
1 if WS>WSmax
c=b+aWS§s 8)
b=1 —aWS§50 9)
“ ) (10)

WSmax —WS50

where WS (m s™) is daily wind speed, WSmin (m s) is the minimum wind speed for
spore dispersal, WS50 (m s') is the wind speed for the dispersal of 50% of spores,
WSmax (m s) is the wind speed for the maximum spore dispersal. The term c
(unitless) is used to assign the maximum wind dispersal when WS is equal to WSmax,
b (unitless) and a (m s™).

The efficiency of the infection process is then calculated by multiplying the
number of infection events in a day by the spore dispersal efficiency (Equation 11).
The duration of latency period is then computed starting from each hour when infection
efficiency is above zero. The duration of the latency period is determined basing on air
temperature, considering the minimum number of hours required at optimum

temperature.

Infection Ef ficiency = Number of infection events » Spore Dispersal  (11)

Latency Completion = (LDmin) + (LDmin * (1 — f(T)) (12)

where LDmin (hour) is the minimum duration of the latency period. When the
latency period is accomplished, the host tissue starts to become infectious and
sporulates producing the secondary inoculum. The last model implemented in ARISE
indeed simulates the efficiency of sporulation considering hourly relative humidity and

temperature as driving variables (Equation 13).
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f(T) if RH > RHmin
0 elsewhere

Sporulation Ef ficiency = { (13)

where RH (%) is hourly relative humidity and RHmin is minimum relative
humidity for sporulation. The ARISE index is computed as the final step of the
modelling chain (daily, unitless) according to Equation (14). The description and
sources of information of the parameters used to describe the epidemiological cycle of

Puccinia kuehnii are listed in Table 1.

ARISE,d = Y* (InfectionEf ficiency * SporulationEfficiency) (14)

Sources of data for model calibration and validation

The ARISE index was calibrated and validated using reference data of orange
rust severity collected during field surveys. The disease severity rust was assessed on
seventy farms in Pradopolis region, state of Sdo Paulo in 2016-2018, for a total of 857
observations. The data were provided by private companies in the region (Figure 2).
Two independent operators conducted the field surveys by sampling five plants in each
plot and giving an overall score od disease severity after sampling five plants in
different plots of the field. The orange rust severity was estimated by considering the
lower middle third of leaf +3 according to the diagnostic scale established by the
Copersucar Center for Phytopathology Coordination (Amorim et al., 1987). This scale
corresponds to the resistance level of the species based on the percentage of leaf
limbus destroyed by rust, varying from 1 to 9 (Amorim et al., 1987). The field samplings
were performed in plots where sugarcane varieties were considered susceptible to

orange rust.

Daily meteorological data needed as input for ARISE were downloaded from the
NASA-POWER database (NASA, 2018), they were daily values of maximum and
minimum air temperature (°C); maximum and minimum air relative humidity (%);
average wind speed (m s™') and dew temperature (°C). The NASA-POWER project
was developed to provide meteorological information for direct use for architecture,
power generation and agrometeorology in a horizontal resolution of 0.5 x 0.5°. The
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meteorological data are based upon a single assimilation model from Goddard’s Global
Modeling and Assimilation Office (GMAO).

With the aim to test the capability of ARISE to be applied across other sugarcane
growing areas, we made a spatial analyze in three large areas producers of sugarcane,
Brazil, India and Australia. These areas were chosen since they are important
producers of sugarcane, have already reported problems with orange rust and
because of the different climatic conditions. We downloaded 20 years (1997 — 2017)
of weather data from NASA-POWER, for these three regions. The number of grid cells
corresponding to the main sugarcane producer in Brazil were 1,819, whereas in India
and Australia were downloaded 505 and 419 grid cells, respectively. The spatial
analyze was made with the mean value of ARISE, mean air temperature and relative
humidity in the 20 years. Yearly and ten-day period temporal resolution were also
analyzed, through a animation chart, with the purpose of analyzing the evolution of
ARISE over the years and during an epistemological cycle.

Given the need to adopt a hourly time step for most of the simulated processes
by ARISE index, we had to generate hourly values starting from daily data. Hourly air
temperature was then estimated from daily maximum and minimum air temperature
using the models developed by Campbell (1985), whereas hourly air relative humidity
was derived according to Bregaglio et al. (2010), based on models proposed by Linacre
(1992), Allen et al. (1998) and ASAE (1998). Hourly wind speed was estimated
according to Donatelli et al. (2009), based on model proposed by Tartako et al. (1997).
Hourly leaf wetness was estimated from hourly air temperature, dew point temperature,
wind speed and relative humidity, by using the approach proposed by Kim et al. (2002).
All these models make use of sub-models implemented in the software components
AirTemperature (Donatelli et al., 2010), EvapoTranspiration (Donatelli et al., 2006),
Wind (Donatelli et al., 2009), all included in CLIMA weather generator (Donatelli et al.,
2009).

Simulation experiment design

The ARISE index was calibrated and validated using reference data of
sugarcane orange rust severity collected during the field surveys, before projecting it
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on large areas to assess weather suitability on main sugarcane producing countries.
A literature search was performed to retrieve the values of the epidemiological
parameters measured in laboratory or field experiments, and the corresponding ranges
were used to perform automatic model calibration of their values to maximize model
accuracy. The automatic optimization was performed using the multi-start simplex
algorithm as implemented by Acutis and Confalonieri (2006), the simplex is a
geometrical concept, consisting of N + 1 vertices in a N-dimensional space. The
simplex moves through a multidimensional space according to reflection, contraction,
and expansion, according to the gradient of the objective function, until a minimum

(usually the absolute one) is reached.

The values of ARISE were translated into a disease score in order to compare
it with field samplings of disease severity. The reference data of orange rust severity
ranged between 1 (disease severity = 0%) to 6 (disease severity = 25%, Table 2).

The simulated and observed data of orange rust severity were compared (i)
using all disease scores from 1 to 6, (ii) dividing them into absence (disease score =
1) and presence of disease (disease score from 2 to 6) and (iii) dividing them into low

(disease score 2 and 3) and high (disease score from 4 to 6) orange rust severity.

Table 2. Disease score and subjective classification of orange rust according to
diagnostic scale established by the Copersucar Center for Phytopathology
Coordination (Amorim et al., 1987; Cda, 2010).

Disease Score Classification % disease severity
1 Absence of disease <0.5
g Low disease Ois
4 5
5 High disease 10
6 <25

Model performances in reproducing observed disease scores were quantified
through contingency tables. In this tables, a hit indicates that both reference
observation and simulation detected the event, whereas a miss occurs when the event

is identified by reference observation, but it is missed by the simulation. False alarm
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then represents an event which is simulated but not confirmed by observation and a
correct negative represents an event which is not detected in simulations and
observations (AghaKouchak and Mehran 2013). The following metrics were then
computed based on the on the contingency tables: the probability of detection (POD)
(Eq. 15) which describes the fraction of the reference observations correctly identified
by the simulation; the false alarm ratio (FAR) (Eq. 16) which corresponds to the fraction
of events identified by simulation but not confirmed by reference observations; critical
success index (CSl) (Eqg. 17), which combines different aspects of the POD and FAR,
describing the overall skill of the simulation relative to reference observation; and
accuracy (Eqg. 18), which is the ratio of the correctly classified observations by the total

number of cases.

hit

POD = 2% (15)
hit+miss
__ false
FAR = hit+false (16)
cS[=—28 (17)

hit+miss+false

hit+correct negative
total

Accuracy =

RESULTS

Accuracy of ARISE in reproducing field data

The ARISE index obtained similar and positive performances in calibration and
validation datasets both in the evaluation of presence-absence of orange rust disease
and in the classification of low and high disease severity and the cardinal temperatures
and moisture requirements for the different phases of the epidemiologic cycle were
varied according to literature data (Table 3). The percentage of complete matches
between simulated and observed data in calibration dataset considering presence-
absence of orange rust disease was 90% (296 data), in which 80% were classified as
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hits, i.e., correct reproduction of presence of the disease and 10% as correct negatives,
i.e., correct reproduction of absence of the disease. The percentage of false alarm was
9%, meaning that ARISE overestimated the presence of orange rust. The percentage
of misses was negligible (1%) (Fig. 2). The Accuracy and POD in the evaluation of
orange rust presence-absence were 0.91, whereas the FAR and the CSI were 0.01
and 0.90 (Table 4).

The ability of ARISE in reproducing high and low orange rust disease severity
was lower. According to this evaluation criterion, the percentage of complete matches
in calibration was 61% (264 data), with 27% of hits and 34% correct negatives. The
percentages of false alarms and misses were 18% and 21%, respectively. The ability
of ARISE in reproducing high and low orange rust disease severity was lower with 0.65
of accuracy, POD = 0.46, FAR = 0.41 and CSI = 0.35. ARISE performances in
validation agreed with the ones obtained in calibration datasets, with a higher complete
percentage of matches in reproducing presence-absence of disease than in identifying
high and low orange rust disease severity (Figure 2). Considering the ability of ARISE
in reproducing the different scales of orange rust severity, the percentage of complete
matches between simulated and observed data was 33.20% (98 observations) on the
whole datasets (296), whereas the percentage of errors of +1 and +2 on the rust
severity scale was 39.6% and 20% (117 and 61 data). Larger errors were significantly
less frequent, with only 5% and 0.5% of data with errors of +3 and 4 on the scale
(Figure 3).

Table 3. Optimized parameters values, units and the ranges (Minimum, Maximum)
used to calibrate the epidemiology of Puccinia kuehnii. The description of the acronyms
of the parameters is reported in Table 1.

Parameters Unit Minimum Maximum Optimazed
TmaxDO °C 25.0 34.0 29.9
ToptDO °C 18.0 259 22.4
TminDO °C 8.0 17.0 10.5
RHminDO % 70.0 90.0 80.6
H unitless 16.00 20.00 18.5
TmaxInf °C 25.0 34.0 29.9
ToptInf °C 18.0 259 22.4

TminInf °C 8.0 17.0 10.5



22

LWmax h 18.0 20.0 18.8
LWmin h 7.0 9.0 7.8
LW50 h 2.0 4.0 3.1
WSmax ms! 4.0 4.4 4.2
WS50 m s’} 24 2.7 2.5
WSmin m s’} 0.6 0.9 0.7
TmaxL °C 25.0 34.0 29.9
ToptL °C 18.0 259 224
TminL °C 8.0 17.0 10.5
LDmin day 14.0 17.0 15.3
TmaxS °C 29.5 30.5 29.9
ToptS °C 26.9 279 27.6
TminS °C 222 23.2 22.6
RHminS % 78.0 84.0 80.6

Table 4. Summary statistics of the comparison between simulated and observed data
of orange rust disease severity in calibration and validation dataset. Legend: POD,
probability of detection; FAR, false alarm ratio; CSlI, critical success index.

Calibration Validation
POD FAR CSI Accuracy POD FAR CsSI Accuracy
Presence and 090 001 089 0.0 093 002 092 0.93

absence of disease
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Figure 2. Results of the comparison between simulated and observed data

considering the two evaluation criteria of presence-absence of orange rust (left figures)

and low-high rust disease severity (right figures) in calibration (A) and Validation (B)

datasets. The Histograms refer to the percentage frequency of observed (black) and

simulated (gray) disease score, whereas pie charts report the percentages of hits, false

alarms, misses and correct negatives obtained in the two evaluation criteria.
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Figure 3. Results of the comparison of simulated values of disease score with
observed ones on the A) Calibration and B) Validation dataset. Histograms refer to the
percentage frequency of observed (black) and simulated (gray) disease score,
whereas pie charts depict the type of error made by the modelling solution for each

score of the orange rust assessment scale.
Analyzing ARISE response during the growing season

The distributions of ARISE values (lines, median and standard errors) in the
three years where observations were carried out, obtained using input data from the
weather grids of the NASA-POWER database corresponding to the sugarcane fields
where field surveys were carried out (points and bars, average values and standard

errors) showed that the behavior of the model solution matches with the measured
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data. Although there was a delay in the model in detecting the presence of disease in
2016, the model had no problems in detecting when low disease became high disease,

which in the three years occurred in February (Figure 4).

The distribution of the data observed was a limitation in this study, since the
number of observed data, in the period of 2016/2017, was higher. However, beside
this limitation, the model response was assertive and presents a low variability
associated. In the cycle of 2017/2018, the number of observations was the lowest,
while the severity of orange rust was the highest, and the model was able to capture
this information. This result confirms that the calibrated parameters are robust since
they were able to reproduce the severity index of the orange rust in function of the

variability of the humidity and temperature conditions.
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Figure 4. Results of the comparison between simulated (solid lines) and observed
disease data (circles) referred to orange rust for the three epidemiologic cycle of
Puccinia kuehnii. The variability of the simulated (orange ribbon) and measured (error

bar) data are represented by the standard error.

The outputs obtained in the simulated processes present the distribution curves
of the inputs used thermal and moisture conditions and the outputs generated in the
simulation according to the epidemiological cycle of the Puccinia kuehnii, from 1997 to

2017, responded to a pattern according to the temperature and moisture conditions
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(Figure 5). The onset disease rate started with low values in the months of July, August
and September, where temperature and leaf wetness were also low. In October, when
there was an increase in temperature and number of leaf wetness hours, occurred an
increase in the disease onset rate and as a consequence in the number of infection
events. The latency process in the months with lower temperatures and leaf wetness
hours was higher, reaching up to 25 days, while in the months of high temperatures
and leaf wetness hours it was approximately 20 days. The combination of the thermal
and moisture conditions and the simulation responses resulted in lower values of
ARISE up to November, with a gradual increase in the distribution in December, and

higher values from January to the end of the epidemiological cycle, in June.
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and ARISE, results from the model response, in the following coordinates 25° 15’ 0” S,
54° 15 0" W.

Spatial applications of ARISE across sugarcane growing areas

The spatialization of the simulated values (ARISE), average relative humidity
and air temperature, for Brazil, India and Australia taking in account the 20 years
studied (Figure 6), shows that India was potentially more favorable to orange rust and
that this fact is linked to the highest values of average air temperature. The optimal
temperature for the development of orange rust calibrated was 22 °C with maximum
value of 29 °C, in India the mean value of temperature was between this range in

almost all the cells grids studied.

Since in Brazil, some regions, e.g. the South, the mean temperature was near
to 14 °C and the ARISE responded to this condition with low values even with high
relative humidity in this region. Therefore, we can infer that the average temperature
has more influence in the simulation of ARISE in India and Brazil. On the other hand,
Australia, followed relative humidity, since the highest values were found in the coastal

areas.

The spatial analyze in the ten-day period and annual (20 years) scale can be
found in the supplementary material in the form of animation. Analyzing the temporal
distribution of the 10-day scale, the first values of ARISE occurs only in November in
Brazilian northeastern region, an important producer of sugarcane. Only in December
that the phenomenon begins in the center-west region and in the region of Sdo Paulo,
Brazil's main sugar cane production. In India, the first ARISE values begin in the first
month of simulation, July, as in Brazil, begins in the coastal region and then distributes
to the others, always with high values. In Australia, the response was similar to the
others, starting in September in the coastal areas. In the annual scale animation (1997-
2017), we found that ARISE in most of the years was simulated in the same regions,
there were some alternations between higher and lower indexes, but it occurred in the
same places and in India the values were always high, confirming the high favorability
of India to Orange rust.
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Figure 6. Spatialization of the mean simulated values (ARISE), relative humidity (RH,
%) and temperature (T, °C) for large areas in Brazil, India and Australia from 1997 to
2017.

DISCUSSION

Diseases are limiting factors for the sugarcane crop in almost any sugarcane
growing location (Root et al., 2016) and the impact of the severity caused by disease
are uncertain due to climate changes and the high number of environmental and
management factors driving the occurrence of disease (Chakraborty and Newton,
2011). Orange rust is a real concern, since the main control is done by resistant
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cultivars obtained through breeding and several resistance breakdowns have been
observed (Root et al., 2016). These breakdowns were attributed to development of
new races of the pathogen, suggesting constant evolution and adaptation of P. kuehnii
(Chaulagain et al., 2019). Therefore, alternative control methods, such as application
of fungicides, associated with a decision tool for help the stakeholders in forecasting
disease progress and optimize the application of fungicides are needed Root et al.
(2016). No decision support model for sugarcane orange rust based on environmental

conditions was found in the literature.

We developed a model-based index called ARISE which simulates the
predisposition of weather conditions for sugarcane orange rust disease, which
combines process-based models of the components of the epidemiologic cycle of
Puccinia kuehnii. We focused on the key process of the epidemiologic cycle for
developing ARISE, the timing of the symptom’s onset, infection, spore dispersal,
latency duration and sporulation efficiency. Specific information about the life cycle of
Puccinia kuehnii has not been found in the literature, however in this work we rely on
information about another fungus of the same gender, which also causes serious
problems in sugarcane, Puccinia melanocephala. According to Nalwar (2013), the life
cycle starts with the germination of a urediniospore to produce a germ tube. Formation
of an appresorium follows after the germ tube comes into contact with a stoma them a
short penetration peg, which enters through the stomatal aperture, was formed.
Following, occur the infection hyphae development and starts colonized the leaf and
grow intercellularly until the epidermis subsequently ruptured by a mass of
urediniospores (Purdy et al., 1983). We adapted generic process-based models with
parameterization taken from literature data for simulate these key components of the
Puccinia kuehnii epidemiologic cycle.

The cardinal temperatures and moisture requirements for the different phases
of the epidemiologic cycle calibrated were varied according to literature data. The
optimum, maximum and minimum temperature for the initial development of inoculum,
infection and latency obtained in the present work were 22, 30 and 10 °C. This result
agrees with those obtained in laboratory experiments performed by Infante et al.
(2009); Magarey et al. (2004); Martins et al. (2010) and Michio et al. (2017), which
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verified that the range of temperature for the development of this fungus is between 10
and 30 °C, with optimal near to 22 °C. For sporulation, a higher sensitivity was
observed with minimum and optimum temperature of 22 and 27 °C, as it was found by
Hsieh and Fang (1981), minimum and maximum of 22 and 30 °C, respectively. The
moisture requirements were 80% of relative humidity and 7 hours of leaf wetness.
These results are very close those founded by Infante et al. (2009) and Magarey et al.
(2004), with 97 and 98 % of relative humidity and 8 hours of leaf wetness as observed
by Martins et al. (2010). The values of wind speed, maximum, minimum for spore
dispersal were 4 and 0.7 m s'. The latency period at optimum temperature were set
to 15 days, one day less them that found by Martins et al. (2010).

The results obtained in this work showed that the model obtained good
performances in the simulation of the severity index of orange rust, in the region of Sdo
Paulo. Comparing the simulated and observed data, we observed that ARISE detected
with accuracy and precision the presence and absence of the disease and for the
differentiation of the disease in low or high, the performance was satisfactory. For
decision makers, it is extremely important to know exactly the best time to perform
disease control, so the ability of the model to simulate the presence of disease is
presented as a reliable alternative. According to Chaulagain et al. (2019), in a
experiment realized in Florida, testing the application timing of fungicides for the
management of sugarcane orange rust, fungicide applications at the beginning of
epidemics resulted in the lowest rust progress values during the sugarcane crop
season. Since the applications at mid or late epidemic stage were less, but they were
still useful for partial control of orange rust.

The process-based model was able to reproduce the main process of the
fungus, according to the thermal and moisture requirements and obtained satisfactory
results in simulate the severity index. These results confirm that environment
conditions that favor the occurrence of the disease are high air relative humidity and
high temperatures (Magarey, 2000; Minchio et al., 2017).

In the suitability analyze, the model was able to reproduce the severity index in
larger areas, as in this study, where we simulated the Severity Index (ARISE) for large

areas in Brazil, India and Australia, all sugarcane producers. Yield losses were
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reported in Australia as high as 50%, and direct monetary losses were estimated at
200 million Australian dollars for the period 2000-2001 (Magarey et al., 2011). Since
the evolutionary potential is not known, the suitability in large areas and in longer
periods is very important for understanding the behavior of the fungus in different
geographical and climate conditions. Recent laboratory investigations support the
existence of pathogenic variants of the orange rust pathogen in Florida (Sanjel et al.,
2016).

Despite the overall very satisfactory performance of the model, some main
criticalities have to be faced. The main one is the resolution of weather data used as
input, which has a grid cell of 0.5 ° x 0.5 °, corresponding approximately 50 km?, the
best scenario would be localized weather stations near the points sampled. However,
due to the size of the territorial extension, Brazil does not have a network that meets
all the needs (Pereira et al., 2002). The parameters used in calibration are other
criticalities, were either taken or deduced from literature all describing laboratory, i.e.
ideal condition, which can differ greatly from the reality of the producers. However,
should new data ever become available, the model can easily be adapted to include
the new information. To minimize this risk of including weather effects in the values of
the parameters of the disease model and could improve model performances is the
availability of high-quality input data, especially hourly temperature and leaf wetness.

Another issue is the uncertainty related to the assessment of the observed data,
which deterred us from further calibrating the model to achieve a closer fit. The low
number of observations with high scores also caused a bias in the model, where the
accuracy in the simulation of high and low disease was lower. However, in situations
where there is greater variability of the data, with higher severity indexes, this model
can be easily calibrated. Scale is another criticality since the model response, ARISE,
are continues values and the observed value is a point scale, due to this fact was
necessary translate the ARISE in to disease score, for comparing the simulated with
observed data.

Besides these criticalities, it should be noted that this model currently applies to
only one specific fungal disease, however, it can be applied and calibrated to other
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fungal diseases that cause damages in other crops, aiming at an integrated

management of diseases.

CONCLUSIONS

The use of process-based models to simulate the key processes of the
epidemiology of Puccinia kuehnii can be a viable tool in the integrated management of
this disease, since it accurately simulated the severity index of orange rust in
sugarcane. The spatialization analysis confirms that the calibration of the parameters
was robust and corroborates that orange rust is a disease mainly driven by thermal
and moisture conditions. Going forward, the features and abilities of this process-
based model as whole ecosystem model make it a potential tool for running climate
scenarios on future, to study the impact of the climate change in the pressure of

diseases.
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CAPITULO 3- Estimativa da Infestacdo de Mahanarva fimbriolata na
cultura da cana-de-agucar por meio de Redes Neurais Artificiais

RESUMO- A classificagdo dos niveis de infestacdo de pragas é de extrema
importancia, pois auxilia os tomadores de decisao na gestao correta e de forma mais
sustentavel. O Brasil € o maior produtor de cana-de-agucar e uma das maiores causas
de perdas na produtividade é a ocorréncia de pragas como a cigarrinha-das-raizes
(Mahanarva fimbriolata). Para tanto tem se tornado cada vez mais necessario a busca
de novas tecnologias. As redes neurais artificiais (RNAs) sdo uma ferramenta que vem
se destacando no desenvolvimento dos modelos preditivos para estimar parametros
necessarios. O objetivo deste estudo foi de gerar RNAs capazes de estimar a
classificacao dos indices de infestacdo de Mahanarva fimbriolata em cana-de-agucar,
em fungéo de variaveis climaticas. Os dados de infestagdo da praga foram fornecidos
por empresas da mesorregido de Jaboticabal — SP. Os dados climaticos utilizados
foram provenientes do projeto NASA-POWER, que disponibiliza estes dados em Grid
em escala diaria e uma resolugao de 0,5° x 0,5°. A estratégia utilizada na construgéo
das redes neurais para classificar a pressao populacional de cigarrinha foi a Automatic
Network Search (ANS). Foram geradas um total de quatro tipos de RNAs duas Radial
Basis Fuction, uma Multilayer Perception e uma rede neural linear, sendo que a Radial
Basis Fuction com 21 neurbnios foi a que obteve um melhor desempenho para
previsao do nivel de infestagao.

Palavras-chave: RNA, Multilayer Perception, Radial Basis Fuction, cigarrinha-das-
raizes.

Estimation of Mahanarva fimbriolata infestation in sugarcane
culture through artificial neural networks

ABSTRACT: Classification of pest infestation levels is extremely important, as it
assists decision-makers in the correct management and in a more sustainable way.
Brazil is the largest producer of sugarcane and one of the major causes of losses in
yield is the occurrence of pests such as the rootworm (Mahanarva fimbriolata). For
that, it has become increasingly necessary to search for new technologies. Atrtificial
neural networks (ANNs) are a tool that has been emphasizing the development of
predictive models to estimate necessary parameters. The main of this study was to
generate RNAs capable of estimating the classification of infestation rates of
Mahanarva fimbriolata in sugarcane, as a function of climatic variables. The pest
infestation data were provided by companies from the Jaboticabal - SP mesoregion.
The climatic data used came from the NASA-POWER project, which provides this data
in Grid on a daily scale and a resolution of 0.5 x 0.5°. The strategy used in the
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construction of neural networks to classify the population pressure of spittlebugs was
Automatic Network Search (ANS). A total of four types of RNAs were generated: Radial
Basis Fuction, Multilayer Perception and a linear neural network, and Radial Basis
Fuction with 21 neurons was the one with the superior performance.

Keywords: RNA, Multilayer Perception, Radial Basis Fuction, spittlebug.

INTRODUGAO

O Brasil é o maior produtor mundial de cana-de-agucar (Saccharum spp.) (FAO,
2016), o que faz com a mesma seja considerada um dos principais produtos do
agronegocio brasileiro. Dentre as principais pragas desta cultura, destaca-se a
Cigarrinha, Mahanarva sp. (Hemiptera: Cercopidae), (Dinardo-Miranda, 2014).
Responsavel por perdas de até 44,8% na produtividade agricola e na qualidade da
matéria-prima, com reducgdes de até 30% no teor de sacarose (Dinardo-Miranda et al.,
2001)

O impacto dessas severidades € incerto devido as mudangas no clima e ao
elevado numero de fatores ambientais e de gestao que interagem contribuindo para o
aumento de epidemias (Coakley et al., 1999; Chakraborty e Newton, 2011). Este fato
chama cada vez mais atencdo para a necessidade de modelos de simulagao
confiaveis, para estimar o impacto de pragas e doengas em plantas (Bregaglio e
Donatelli, 2015).

A quantificagdo dos impactos de pragas e doengas de plantas sobre o
desempenho das culturas representa uma das questdes de pesquisa mais
importantes para a modelagem de simulagéo agricola (Newman et al., 2003, Savary
et al., 2006, Whish et al., 2015), pois permite gerar alertas sobre a necessidade de
pulverizagdes com base nas condigdes meteoroldgicas, o que normalmente reduz o
numero de aplicagdes, resultando em menor custo de produgcdo e menor
contaminagao do ambiente (Gillespie e Sentelhas, 2008). Entretanto de acordo com
Donatelli et al. (2017) a aplicagdo de modelos para analisar as perdas de produtividade
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devido as pragas e doengas em fungao das alteragdes climaticas, ainda € um desafio

a comunidade cientifica.

As entradas comuns para os modelos de previsdes de doengas e pragas sé&o
temperatura do ar, precipitacdo, umidade relativa, e duragcdo do periodo de
molhamento do dossel (Magarey et al., 2004), estes dados, em sua maioria, sao
provenientes de estagdes meteoroldgicas de superficie. Entretanto o Brasil ndo
apresenta uma rede de estagbes meteorologicas que atenda todas as suas
necessidades (Pereira et al., 2002). Neste contexto, os dados em grid (GD) tem
ganhado destaque como fonte dos dados meteorologicos para os modelos de
previsdes. Exemplos de conjuntos de GD que podem ser usados para a previsdo de
doengas e pragas de plantas incluem o Centro de Previsdo de Tempo e Estudos
Climaticos (INPE/CPTEC), Centro Europeu de Previsbes Meteorolégicas a Médio
Prazo (ECMWF) e Administragdo Nacional da Aeronautica e Espaco (NASA).

Devido a complexidade do sistema agricola, em especial a relagdo n&o linear
da populacgéo de pragas com as condi¢des climaticas, € necessario o uso de técnicas
de modelagem mais avangadas (Vennila et al., 2017). Nesse contexo, as Redes
Neurais Artificiais (RNA), s&o uma alternativa viavel na busca das solugbes deste
desafio. Uma rede neural possui a capacidade de um cérebro humano em termos de
neurdnios biolégicos para resolver problemas complexos ou um padrdao nio-linear
entre conjuntos de dados de entrada e saida (Azevedo et al., 2017). Uma das
vantagens desta técnica é de ser ndo-paramétrica, tolerar a perda de dados, e n&o
necessitar informacdes detalhadas sobre o sistema a ser modelado (Silva et al., 2014).

As abordagens de rede foram aplicadas com sucesso na area agronémica
como sistemas de suporte a decisdo no manejo de pragas, Laxmi e Kumar (2011),
desenvolveram um sistema de previsdo para oidio em plantas de mostarda; Yang et
al. (2007), geraram um sistema de alerta fitossanitario para mildio no pepino;
Chakraborty et al. (2004), desenvolveram um modelo para a previsdo da severidade
de antracnose; Gaudart et al. (2004), comparou dois tipos de redes, multilayer
perceptron e regressdo linear para estimas dados epidemiolégicos. A rede neural
Multilayer perceptron (MLP) é comumente usada para modelar a dindmica da

populacao de pragas (Vennila et al., 2017). Entretanto, é importante enfatizar que nao
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foram encontrados na literatura estudos de estimagdes de niveis de infestacao
Mahanarva fimbriolata no cultivo de cana-de-agucar. Diante do exposto, este estudo
teve como objetivo estimar a infestacdo de Mahanarva fimbriolata no cultivo de cana-

de-agucar, em funcao do clima, por meio de redes neurais artificiais.

MATERIAL E METODOS

Area de estudo

O local estudado foi um total de 50 fazendas na mesorregido de Jaboticabal-
SP, durante os anos 2013 a 2017. Os dados de infestacdo de Mahanarva fimbriolata
foram fornecidos por empresas sucroalcooleiras da regido. O monitoramento da
cigarrinha das raizes foi feito com base na amostragem de 6 pontos por hectare, sendo
que em cada ponto a amostragem é feita em um metro de comprimento. Em cada
ponto limpou-se a base da cana afastando a palha entre os colmos e dispondo-as na
entrelinha para que as formas biologicas (ninfas e adultos) da praga fossem contadas
e registradas. O tempo de retorno para avaliagdo da area foi de até 30 dias, pois a
populagcdo de cigarrinha pode aumentar rapidamente em condi¢gbes climaticas
adequadas, e ultrapassar o nivel de controle. Foi realizada a classificagao dos indices
de infestagdes em condigdes de baixa, média e alta pressédo populacional, de acordo
com a frequéncia da distribuicdo dos dados observados, considerando os quartis
(Tabela 1).

Tabela 1. Estratificacdo das formas biolégicas amostradas em classes de presséo
populacional, de acordo com a distribuicdo da frequéncia dos dados amostrados.

Classes de pressao

populacional Formas bioldgicas (ninfas e adultos)
Baixa < 3515 (formas bioldgicas ha™)
Média < 10068 (formas biologicas ha')

Alta > 10068 (formas bioldgicas ha™)
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Dados meteorolégicos

Os dados meteoroldgicos utilizados foram obtidos na plataforma NASA-
POWER, que consiste em um projeto desenvolvido, para fornecer informacdes
meteoroldgicas de uso direto na arquitetura, geragao de energia e agrometeorologia.
Este sistema compila informacdes de varias fontes de dados, diretamente e derivadas
de GDs e disponibiliza estes dados em escala diaria e com resolucédo espacial € de
0,5 x 0,5° (Figura 1), que corresponde a uma area de aproximadamente 55,56 x 55,56
km (Stackhouse et al., 2002).

Os elementos meteorologicos utilizados para a estimag¢ao da classificagédo do
indice de infestacdo de praga por meio de Redes Neurais foram, precipitagao (P, mm),
temperaturas do ar absolutas maxima (TMAX, °C), minima (TMIN, °C) e média
(TMED, °C), velocidade do vento (U, m s*'), umidade relativa (UR, %), temperatura no
ponto de orvalho (To, °C), Radiag&o no topo da atmosfera (Qo, MJ m? dia™!) e Radiagéo
Global Diaria (Qg, MJ m? dia*'). Foram utilizadas séries historicas de 2013 a 2017 para

este estudo, estratificadas numa escala semanal.
Redes neurais artificiais (RNAs)

Uma rede neural artificial (RNA) € um modelo matematico computacional
biologicamente inspirado, pois tem como base o funcionamento de um neurénio
natural (Binoti et al., 2014). As RNAs s&o constituidas de sistemas paralelos
distribuidos, compostos por unidades de processamentos simples, chamadas
neurénios que processam determinadas fungdes matematicas. Estes neurdnios sao
dispostos em camadas e interligadas por um grande numero de conexdes, sendo
estas conexdes, geralmente, associadas a coeficientes denominados de pesos
(Figura 1). O ajuste destes pesos é realizado por um processo chamado treinamento
ou aprendizado, sendo responsavel pela extracdo das caracteristicas dos dados e
armazenamento de conhecimento das redes (Binoti et al., 2014). Todos os dados
foram usados no treinamento, a fungdo de ativagéo foi a tangente sigmoide, com a

taxa de aprendizagem variavel, utilizando o erro quadrado médio como fungao objeto.

Para o desenvolvimento das redes, foi utilizado o Neural Networks Toolbox do

software Statistica (vers&o 7). A estratégia utilizada na construgcéo das redes neurais
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para classificar a pressao populacional de cigarrinha foi a Automatic Network Search
(ANS).

Input Layer
(Dados meteoroldgicos) Hidden Layer

Output Layer
(Populagdo de praga)

Figura 1. Exemplo da estrutura de uma rede neural artificial com uma camada de

neurdnios.
Analises estatisticas

A analise do desempenho das redes foi feita em duas etapas, a primeira foi
realizada considerando os dados sem a estratificacdo em classes de pressao
populacional, ou seja, avaliando o desempenho da rede em estimar o numero de
formas biolégicas por hectare e a segunda, avaliando o desempenho das redes
neurais em estimar as classes de pressao populacional. Foi realizada a estatistica
descritiva para os valores estimados das quatro redes neurais artificiais estudadas e
o desempenho das mesmas foi avaliado de acordo com a tabela de contingéncia,
observando o numero de acertos e de erros, na classificacdo da infestacdo de
cigarrinha da cana-de-agucar em alto, médio e baixo. Uma analise de componentes
principais foi feita para a rede neural artificial que obteve melhor desempenho, com o
objetivo de verificar a relevancias das variaveis meteorologicas na estimativa da

infestac&o de cigarrinha da cana-de-agucar. Foi aplicado o teste do qui-quadrado para
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verificar se a frequéncia dos dados observados difere da frequéncia dos dados
esperados.

RESULTADOS E DISCUSSAO

De acordo com a analise de componentes principais (PCA), as variaveis de
maior importancia na estimativa dos niveis de infestacdo de Mahanarva fimbriolata
foram, umidade relativa, temperatura no ponto de orvalho, velocidade do vento média
e temperatura maxima (Figura 2). Houve diferenga estatistica de acordo com o teste
de qui-quadrado, portanto as variaveis meteoroldgicas influenciaram nos niveis de

pressao populacional de Mahanarva fimbriolata na cana-de-agucar.

Variables factor map (PCA)

1.0

0.5
|

Componente térmico
energético (24,88%)

-1.0

| I I I I
-1.0 -05 0.0 0.5 1.0

Componente aerodindmico
(46,08%)

Figura 2. Analise dos componentes principais para os elementos climaticos utilizados
na estimativa de formas biolégicas de Mahanarva fimbriolata na cana-de-agucar.

A ANS gerou quatros tipos de RNAs para estimarem a classificagdo da presséo
populacional de cigarrinha na cana-de-agucar (Tabela 1), duas Radial Basis Fuction
(RBF), sendo a primeira com dez neurdnios (RBF 10:10-10-3:1, dez variaveis de

entrada, 10 neurénios na camada escondida, trés classes de resposta e um neurdnio
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de saida) e outra com vinte e um neurdnios (RBF 10:10-21-3:1), uma Multilayer
Perception (MLP), com doze neurénios (6:6-12-3:1) e uma rede neural linear com trés
neurdnios (Linear 8:8-3:1). Somente as redes RBF’s utilizaram as 10 variaveis
climatologicas.

Tabela 1. Estatistica descritiva das Redes Neurais Artificiais geradas pelo Automatic
Network Search na estimativa do numero de formas biolégicas de Mahanarva
fimbriolata.

MLP 6:6-12-3:1 RBF 10:10-10-3:1 Linear 8:8-3:1 RBF 10:10-21-3:1

Média (Formas

Biologicas ha™') 3344,93 3366,51 3372,02 3330,65
Desvio Padréo (Formas
Biologicas ha™') 1892,27 1911,02 2059,55 1955,87
Erro médio (Formas
Bioldgicas ha™ 1689,43 2183,39 2101,15 1376,94
Correlacao 0,57 0,60 0,60 0,61

Os valores médios de formas bioldgicas por hectare de Mahanarva fimbriolata,
estimados pelas RNA's foram semelhantes, sendo que a maior média foi estimada
pela rede Linear 8:8-3:1 com um valor de 3372,02 formas bioldgicas™, seguida pela
RBF 10:10-10-3:1, 3366,51 formas bioldgicas™, MLP 6:6-12-3:1, 3344,93 formas
bioldgicas™ e por ultimo a que apresentou menor média a RBF com vinte e um
neurdnios, 3330,65 formas bioldgicas™. Quando ao erro médio das redes, o menor
valor foi obtido pela RBF 10:10-21-3:1 de vinte e um neurdnios, 1376,94 formas
bioldgicas ha™'. Entretanto a diferenga do menor erro para o maior, 2183,39 formas
bioldgicas ha', que foi obtido pela RBF 10:10-10-3:1, foi de apenas 806 formas
bioldgicas ha™, valor este menor que o desvio padrdo médio das redes estudadas. A
maior correlagao e coeficiente de determinacédo também foram obtidos pela rede RBF

de vinte e um neurénios, 0,61 e 0,37 respectivamente.

A comparagao dindmica dos dados estimados e observados confirma que a
RNA conseguiu simular o comportamento da infestacdo de Mahanarva fimbriolata,
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entretanto os picos observados, classificados como nivel de pressdo populacional

alto, ndo foram capturados pela RNA (Figura 3).
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Figura 3. Resultados da comparagao entre observado (cinza) e estimado

(vermelho), pela rede neural artificial RBF 10:10-21-3:1.

Os niveis de infestacdo de Mahanarva fimbriolata foram classificados em
pressodes de populagao baixa, média e alta, de acordo com a distribuicdo da frequéncia
dos dados coletados em campo (Tabela 2). Os resultados do desempenho das RNA’s
em classificar os niveis de pressao de populagdo confirmaram os obtidos na
estimativa das formas biologicas, em que o melhor desempenho foi o da RBF 10:10-
21-3:1.

Este resultado corrobora com o obtido por Raad et al. (2012), onde os autores
testaram as redes MLP e RBF para classificar tumores de cancer de mama, e a rede
RBF foi mais eficiente do que a MLP. De acordo com Yilmaz and Kaynar (2011), as
duas estruturas (MLP e RBF), sédo eficientes em resolver problemas de classificagéo,
pois sao robustas e com capacidade de generalizar dados de entrada imprecisos.
Estes autores também verificaram uma melhor eficiéncia da RBF em relagdo a MLP.

Tabela 2. Desempenho das Redes Neurais Atrtificiais geradas pelo Automatic Network
Search na estimativa da classificacdo da pressao populacional de Mahanarva
fimbriolata.
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MLP 6:6-12-3:1 RBF 10:10-10-3:1 Linear 8:8-3:1 RBF 10:10-21-3:1

Baixo Meédio Alto Baixo Meédio Alto Baixo Médio Alto Baixo Médio Alto

Total 204 104 7 204 104 7 204 104 7 204 104 7
Numero de Acertos 174 44 0 179 55 0 178 49 0 176 59 0
Numero de Erros 30 60 7 25 49 7 26 55 7 28 45 7
Correto (%) 85 42 0 88 53 0 87 47 0 86 57 0

Errado (%) 15 58 100 12 47 100 13 53 100 14 43 100

As MPL’s ja foram amplamente aplicadas em areas distintas, executando
tarefas como problemas de ajuste de fungéo e reconhecimento de padrdes, usando o
treinamento supervisionado com um algoritmo conhecido como "Error Back
Propagation" (Santos et al., 2013). Nas MPL’s os neurdnios estdo dispostos em
camadas, contando a partir da camada de entrada, que s&o os inputs (variaveis
climaticas), depois vem as camadas ocultas e finalmente a camada de saida. As
interligacbes s6 sao permitidas entre duas camadas vizinhas. A rede é um avanco,
isto &, os sinais de processamento se propagam da entrada para a saida (Zanaty,
2012).

Enquanto as MLP’s apresentam varias camadas contendo uma variedade de
funcdes de ativacdo e um complexo padrao de conectividade que contribuem para o
valor de saida, as redes neurais RBF’s sdo simples possuindo apenas trés camadas:
uma camada de entrada, uma camada escondida e uma camada de saida. De acordo
com Santos et al. (2013) as redes RBF’s além de um design facil, apresentam boa
generalizagao e alta tolerancia aos ruidos de entrada (Santos et al., 2013).

A diferenca em geral entre elas é que a RBF €& um tipo de localista que é
sensivel somente a uma sec¢ao limitada de entrada espaco. Por outro lado, a MLP é
uma abordagem mais distribuida (Yilmaz e Kaynar, 2011). O erro final atingido por
uma RBF € menor que o de uma rede neural MLP e a convergéncia de uma RBF pode
chegar a uma ordem de grandeza mais rapida do que a convergéncia de uma MLP;
entretanto a capacidade de generalizagdo da MLP é, em geral, superior a capacidade
de generalizagdo da RBF.
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A rede RBF 10:10-21-3:1 obteve 86% de acertos na classificagédo de “Baixo”,
57% de acerto na classificagao de “Médio” e 0% de acertos para a classificacdo “Alto”.
Nenhuma das redes conseguiu classificar acuradamente a pressao populacional
“Alto”, ou seja, a rede nao consegue quantificar os picos populacionais (Figura 4). Uma
das possiveis causa para esta limitagao € o fato de que, a classificagado por uma rede
neural faz suposicbes sobre as classes e uma das principais pressuposi¢des
tipicamente feita é que o conjunto de classes foram definidas de forma exaustiva, caso
isso ndo tenha ocorrido, certamente a acuracia da rede vai ser prejudicada (Foody,
2004).

Em termos praticos, entretanto, este resultado ndo minimiza a importancia dos
resultados, uma vez que, o nivel de controle para Mahanarva fimbriolata nao deve
acontecer quando a pressao populacional for alta e sim antes. Somando as trés
classes, a rede acertou 235, de um total de 315, o que corresponde a um desempenho
de aproximadamente 75%, o que comprova que as redes neurais artificiais sdo uma

ferramenta viavel para a determinagao do nivel de infestacdo de pragas.

Legenda: Il Observado Estimado [] Correto [ Errado
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Figura 4. Resultados da comparagao entre estimado e observado. Os histogramas

referem-se a porcentagem da frequéncia dos dados observados e estimados pela
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rede neural artificial RBF 10:10-21-3:1, enquanto que os graficos de pizza reportam a

porcentagem de acertos e erros.

CONLUSOES

Um dos custos mais elevados nas areas agricolas € o tratamento fitossanitario.
A técnica de redes neurais se mostrou uma ferramenta viavel na estimativa dos niveis
de pressao populacional de Mahanarva fimbriolata na cultura da cana-de-agucar. Essa
ferramenta permite a tomada de decisdo de entrada ou ndo de pessoal e

equipamentos no campo em funcéo dessas estimacoes.

Diversas metodologias baseadas nas estruturas das redes podem ser
replicadas, como Multilayer Perception, Radial Basis Fuction e até mesmo por uma
rede Linear. A rede Radial Basis Fuction com trés camadas sendo a primeira com 10
neurdnios, a segunda com 21 e a terceira com 3 neurdnios, foi a que obteve um melhor
desempenho neste estudo. Estudos para aprimorar as técnicas de machine learning
como as redes neurais na estimativa de infestagdes de pragas ainda s&o necessarias,

principalmente quando a pressao populacional é alta.
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CAPITULO 4 - EVAPO: A smartphone application to estimate
potential evapotranspiration using cloud gridded meteorological
data from NASA-POWER system

ABSTRACT: In this study a new android app for smartphones to estimate potential
evapotranspuration (ETo) in real time, using gridded data from NASA-POWER, to any
location in the world, would result in more efficient irrigation and increase irrigation
water conservation. The smartphone app called EVAPO uses meteorological data to
calculate ETo using the Penman—Monteith (FAO56) method. To evaluate performance
of the proposed method, we compared ETo estimated by the EVAPO with that
estimated from climatic data from conventional surface meteorological stations. The
accuracy, tendency and precision of the models were determined using the Willmott et
al. (1985) concordance index (d), systematic root mean square error (RMSEs) and
correlation index (r?), respectively. The results obtained were satisfactory for all studied
locations whit mean values of 0.67, 0.95 (mm) and 0.72 for d, RMSEs and R?,
respectively.

KEYWORDS: internet of things; big data; irrigation; rational use of water.

EVAPO: Um aplicativo para smartphone para estimar a
evapotranspiracao potencial utilizando dados meteorolégicos em
grid do sistema NASA-POWER system

RESUMO: Neste estudo, foi desenvolvido um novo aplicativo de smartphones para
estimar a evapotranspiragao potencial (ETo) em tempo real, utilizando dados em grid
da NASA-POWER, para qualquer local do mundo, proporcionando uma irrigagao mais
eficiente e podendo aumentar a conservagéo do uso da agua de irrigagéo. O aplicativo
de smartphone chamado EVAPO utiliza dados meteorolégicos para calcular ETo pelo
método Penman-Monteith (FAO56). Para avaliar o desempenho do método proposto,
comparamos o ETo estimado pelo EVAPO com o estimado a partir de dados climaticos
de estagbes meteoroldgicas de superficie convencionais. A acuracia, tendéncia e
precisdo dos modelos foram determinadas utilizando o modelo de Wilimott et al.
(198%5) indice de concordancia (d), erro médio quadratico sistematico (RMSEs) e
indice de correlagdo (r?), respectivamente. Os resultados obtidos foram satisfatérios
para todos os locais estudados, com valores médios de 0,67, 0,95 (mm) e 0,72 para
d, RMSEs e r?, respectivamente.

PALAVRAS-CHAVE: internet das coisas, big data, irrigagao, uso racional da agua.
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INTRODUCTION

Agriculture is by far the largest water-use sector, accounting for about 70
percent of all water withdrawn worldwide from rivers and aquifers for crop production,
domestic and industrial purposes (Siebert et al., 2013). Total area equipped for
irrigation at the global scale is 307.6 million ha (Faoaquastat, 2016). Brazil is among
the ten countries with the largest irrigated area in the world, with 6.95 million ha. The

leaders are China and India, with about 70 million ha (Ana, 2017).

In several developing countries, irrigation represents up to 95% of all water
withdrawn, and it plays a major role in food production and food security (Siebert et al.,
2013). In Brazil, 67.2% of this water is destined for irrigation, with an annual average
of 969 m3s™' (Ana, 2017). The use of water in an uncontrolled way can compromise the
water resource (Silva et al., 2016). The agriculture development strategies depend on
the possibility of maintaining, improving and expanding irrigated agriculture. In the last
decade, the international community has made large efforts to assess the different
elements of the water balance and to make irrigation management more precise
(Sibert et a., 2013).

Evapotranspiration is an important parameter for climatological and hydrological
studies as well as for agricultural water resources management, including irrigation
planning and management (Allen et al., 2011; Lima et al., 2013; Djman et al., 2016).
Many empirical methods have been developed over the last 50 years to estimate
evapotranspiration (ETo) from different climatic variables. Several studies around the
world have concluded that the FAO-56 Penman-Monteith (FAO-PM) model is the most
accurate one under different climatic conditions (Allen et al., 1998). FAO-PM have
been tested in many regions in the world, including Sado Paulo (Brazil) (Camargo and
Camargo, 2000), Florida (US) (Irmak et al., 2003), California (US) (Hargreaves and
Allen, 2003), Bolivian Highlands (Bolivia) (Garcia et al., 2004), Reston (US) (ASCE,
2005), Albacete (Spain) (Lopez-Urrea et al., 2006), Hollabrunn (Austria) (Bodner et al.,
2007), Florida (US) (Irmak et al., 2008), (Tunisian) (Jabloun and Sahli, 2008),
Fredericton (Canada) (Xing et al., 2008), Western Balkans (Croatia and Serbia)
(Trajkovic and Kolakovic, 2009), Florida (US) (Martinez and Thepadia, 2010), Crete
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(Greece) (Xystrakis and Matzarakis, 2011), Southeast Australian (Azhar and Perera,
2011) and Rasht (Iran) (Tabari et al., 2013).

A more efficient irrigation, aimed at reducing the volumes of water applied and
therefore increasing the conservation of irrigation water is possible by means of a real-
time irrigation app smartphone throughout the territory (Migliaccio et al., 2015). One of
the great advantages of using smartphones app is because they are examples of
portable and easy-to-use technology, making it possible to facilitate decision-making

in a real time basis (Delgado et al., 2012).

Agricultural researchers and extension specialists are using apps for a variety
of uses, ranging from pest identification to irrigation scheduling (Vellidis et al., 2016).
Some smartphones apps were developed, such as Vellidis et al. (2016), for irrigation
scheduling in cotton and Migliaccio et al. (2015), who development a smartphone app
for evaluation the performance of urban turf irrigation. However, in the literature no
studies have been found that have made a smartphone app to aid in the irrigation of

any culture and in any location around the world.

The major limitation of developing a work such as this on a large scale is the
climate data inputs, which mostly come from automatic surface stations (Ramirez-
Villegas and Challinor, 2012; Van Bussel et al., 2015; Monteiro et al., 2017). The use
of gridded data (GD), is one method to solve this problem. Gridded data such as NASA-
POWER’s are systems that combine information from a variety of sources, e.g.
surfaces, oceans and remote sensing. The objective of this work was to develop a
smartphone app that estimates ETo in real time, making use of NASA-POWER’s

gridded data, to any location in the world.

MATERIAL AND METHODS

Agrometeorological data

The data series (Table 1), were downloaded from NASA-POWER (Stackhouse
et al., 2017) https://power.larc.nasa.gov/.The NASA-POWER system was developed

to provide meteorological information for direct use for architecture, power generation
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and agrometeorology. It compiles information from various data sources directly and
those derived from GDs. For example, real-time daily data for air temperature and
relative humidity are obtained from the system of the Global Model and Assimilation
Office (GEOS-4) and precipitation data are obtained from the Global Precipitation
Climate Project. The grid used has a spatial resolution of 1 x 1°, which is equivalent to
an area of approximately 12 347 km? (111.12 x 111.12 km) at the equator.

Table 1. Agrometeorological data from NASA-POWER, used for estimating the
Evapotranspiration (ETo) with Penman-monteith (FAO 56) method.

Agrometeorological Description Unit
data
Qo0 Daily Top-of-atmosphere Insolation MJ m2
day !
Qg Daily Insolation Incident on a horizontal surface  MJ m?
day !
Tmean Average air temperature at 2 m above the °C

surface of the Earth

Tmin Minimum air temperature at 2 m above the °C

surface of the Earth

Tmax Maximum air temperature at 2 m above the °C

surface of the Earth

RH Relative Humidity at 2 m %
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Rain Average precipitation mm
day’
Wind Wind speed at 2 m above the surface of the Earth  m s

“toa_dnw (Q0) and swn_dwn (Qg) is the name used by NASA.

Evapotranspiration (ETo)

The model uses meteorological data to calculate ETO using the Penman-—
Monteith equation (Eq. 1) (Allen et al., 1998). This method, also known as FAO 56, is

widely accepted for irrigation scheduling, and its equation is given below:

900
0.408 A(Rn—G)+ymu2 (es—ea)

ET, = (1)

A+y(14+0.34 u,)

where ETO is the reference evapotranspiration, in mm day'; Rn is the net
radiation at the crop surface, MJ m2 d'; G is the soil heat flux density, 0.8 MJ m?2 d';
T is the mean daily air temperature at 2 m, °C; u2 is the wind speed at 2 m, m s'; es
is the saturation vapor pressure, kPa; ea is the actual vapor pressure, kPa; es-ea is
the saturation vapor pressure deficit, kPa; A is the slope of the vapor pressure curve,
kPa °C"; y is the psychrometric constant, 0.063 kPa °C-".

The slope of the vapor pressure curve, saturation vapor pressure and

actual vapor pressure are calculated according to equations 2, 3 and 4.

_ 4098[0.6108 exp(2L et )| (2)

(Tmean+237.3)2

+ .
es = eTmaxZ €Tmin (3)

ermax = 0.6108 exp |22 |

Tmax+237.3
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17.27 Tmin
ermin = 0.6108 exp [Tmin+237.3] 52
RHmax
ea = eTmi”[ 100 ] )

where, Tmax is the maximum daily air temperature, °C; Tmin is the minimum

daily air temperature, °C; RHmax is the maximum relative humidity, %.

For the estimation of net radiation at the crop surface, we used the
methodology proposed by An et al. (2017).

2

Rn=(1-a)Qg — [ac (g—“z) + bc] (a; + bed®) o (—Tmean4+Tmi"4) (5)

where, o is the Stefan-Boltzmann Constant (5.67 x 10%); Tm is the mean
temperature, °C; Tn is the minimum temperature, °C; ac and bc are the cloud factors,
equal to 1.35 and -0.35, respectively; a, and b; are the emissivity factors, equal to 0.35
and -0.14, respectively, as suggested by Evett et al. (2011); a is the soil surface albedo
(0.2); Qg is the Insolation Incident on a horizontal surface, Wm2; QO is the Top-of-
atmosphere Insolation adjusted, Wm2, Eq. 6; eq is the saturation vapor pressure.

Q0 ggjustea = (0.75+ 0.00002 EL,5;)Q0 (6)

where, EL,, is the elevation (m) above the mean sea level.
Smartphone app development

Our design principles for the EVAPO were that it should provide the most
accurate, site-specific, real-time information we could offer the user. In addition, the
EVAPO would require minimum user input, just the coordinates of the location. Finally,
the EVAPO would provide ready-to-use output.

The smartphone app was developed for devices with the Android operational
system, written in Java programming language with help of the Android Studio 3.0 SDK
(Software Development Kit), provided as an open source tool by Google and JetBrains.

For the asynchronous HTTP requests made to get the data for the calculations, the
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Volley library was used (Google Inc., 2017). Other libraries are used in the app, such
as MPAnNdroidChart (Jahoda, 2018) and Android Sliding Up Panel (Umano, 2018).
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Figure 1. A complete workflow of the app. From left to right: ETP view, historic

view, about view.
Performance analyses

To evaluate performance of the proposed method, we compared ETg estimated
by the EVAPO with that estimated from climatic data from conventional surface stations
at various locations worldwide (Table 2). The agrometeorological data used from
conventional surface stations were mean, maximum and minimum air temperature at
2 m above the surface of the Earth (°C), relative humidity at 2 m (%), sunshine (hour)

and wind speed (m s™).

Table 2. Coordinates, Altitude, Elevation and Source of the studied sites.

Location Latitude Longitude  Elevation Source Climate'
Porto de Moz, Brazil 01°44'52"S 52°14'16"W  15m INMET Am
Jaboticabal, Brazil 21°14'05"S 48°17'09"W 615m FCAV/UNESP Aw
Citra, United States =~ 29°24'42"N 82° 06'36"W 18.28 m UF/FAWN Cfa
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Dublin, Ireland 53°20"49"N 06°15'33"W 71m Met Eireann Cfb
Aachen, Germany 50°46'00"N 06°06'00"E 266 m DWD Cfb
Abucay, Philippines 14°43'48"N 120°31'48"E 87 m BSWN Am

1 Following the Koppen and Geiger climatic classification (1939). Legend: INMET, National
Institute of Meteorology; FCAV/UNESP, Sao Paulo State University (Unesp), School
of Agricultural and Veterinarian Sciences, Jaboticabal; UF/FAWN, University of
Florida, Florida Automated Weather Network; Met Eireann, The Irish Meteorological
Service; DWD, Deutsher Wetterdienst Climate Center. BSWN, Bureau of Soils and

Water Management Department of Agriculture.

The ETO estimated from surface data also used the methodology of FAO 56
(Eq. 1). However, we used the methodology proposed by Brunt (1934) (Eq. 7), for the
estimation of net radiation. Global radiation (Qg) was estimated according Angstrom —
Prescott (Eqgs. 8 and 9) and Top-of-atmosphere Radiation (Q0) was estimated as
described by Igbal (1983).

Rn= [Qg(1-1)]+ {— [4.903 x 107° Tmean* (x, — x, Jea) (0.1 +09 %)]} (7)
Q9= Qo [a+b % (8)
a = 0.29 cos ¢ (9)
Qo = 37.6 DR [(/180)hn sen® send + cos® cossd sen hn] (10)
DR =1+ 0.033 cos(360 NDA/365) (11)
hn = arcos[—tang @ tang 5] (12)
8 = 23.45 sen[(360/365)(NDA — 80)] (13)

where, ris the coefficient of surface reflection, 0.20; T is mean temperature, K;
X1 and x2 are equals to 0.56 and 0.25; ea is the actual vapor pressure, kPa; n is the

sunshine, h; N is the photoperiod, h; a and b (0.52) are atmospheric attenuation
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constant; @ is the latitude, degrees; DR is the distance relative earth sun; hn is the

sunrise time, h; d is the solar declination, degrees; NDA is the number of the day.

The performances of the ETo derived from conventional surface stations and
NASA-POWER were assessed by linear regression analysis. The accuracy, tendency
and precision of the models were determined using the Willmott et al. (1985)
concordance index (d), systematic root mean square error (RMSEs) and correlation

index (r?), respectively.

YN | (Yobs;—Yest;)?

d=1- Zlivzl(lYesti— Yest|+ |Yobs;— Yest|) (14)
N L 2
RMSES = \/Zl=1(YOb‘:\; YeStc) (15)
2 YN  (Yest— Yest)?
R =5r (16)

- Zlivzl(Yobs— Yest )2

RESULTS AND DISCUSSION

We evaluated the performance of the models by comparing the ETo estimated
using conventional surface stations data and gridded data, which represents EVAPO.
The results obtained were satisfactory for all studied locations, which agrees with the
authors who evaluated the application of the data in grid in several cases and
concluded that gridded data of NASA-POWER can be used, generating precise and
accurate results (Bai et al., 2010; Moeletsi and Walker, 2012; Bandaru et al., 2017;
Monteiro et al., 2017; Battisti et al., 2018).

The average accuracy was 0.67 and minimum d was 0.44 for Dublin. All other
locations presented values of d higher than 0.50, with a maximum of 0.88 in Aachen.
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These results were similar to that found by Monteiro et al. (2017), in which was
assessed how robust is the NASA/POWER database through its comparison with the
Brazilian ground weather stations, where it was obtained an average d value of 0.57
for the ETo.

Among the conditioning factors that may justify the variability of these data is
the topography, changes in the land use or localized effects, that can be sources of
errors in the models of data assimilation in the grid (White et al., 2008). According to
Monteiro et al. (2017), even NASA-POWER offering a relatively coarse grid size
database, some regional data fitting would give better results at higher latitudes and

elevation.

All the locations presented a tendency, nevertheless very low values of RMSEs
were found, with the maximum of 1.69 mm in Abucay. The minimum RMSEs was 0.31
mm in Porto de Moz and the mean value was 0.95 mm. Except for Porto de Moz, all
the studied locations slightly overestimated the ETO with the data of surface stations.
Monteiro et al. (2017) also founded a tendency overestimating the surface data.

The reason for this tendency in all the studied locations may be attributed
partially to the difference resolutions of the observations (Kishore et al. 2016), since
the gridded data of NASA present a grid of 1 ° x 1 °. Another relevant factor is the
inability to evaluate the performance of the surface data. Analyses of limited sets of
stations have indicated that station-to-station errors can be as large as the GD errors
(Wu et al., 2005; Mahmood et al., 2006; White et al., 2008). Both data sources have

inherent errors and uncertainties in an equivalent matter.

The precision of the locations was similar, with R? ranging from 0.60 to 0.85. It
was observed a relationship between the obtained precision and the climatic
classification of the studied locations. The values of R? were smaller in locals where
the climate is classified as Am and Aw, according to the methodology proposed by
Koppen and Geiger (1939), being 0.60 for Porto de Moz, 0.60 for Jaboticabal and 0.65
for Abucay. The highest values of R? were obtained in the Cfa and Cfb climate, for
Citra (0.83), Dublin (0.84) and Aachen (0.85).
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CONLUSIONS

EVAPO is a smartphone app developed for android smartphones for real-time
estimation of the ETo (Potential Evapotranspiration) worldwide using climate gridded
data from NASA-POWER. The results presented in this study allowed to conclude that
NASA/POWER’s gridded data can be used to estimate ETo reliably, enabling the
applicability of the smartphone app.
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