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Modelling Marssonina leaf blotch of apple and disease forecast system 

using numerical weather prediction data 

 

Hyo-suk Kim 

 

ABSTRACT 

 

Plant disease forecast provides useful information that can be incorporated in the 

decision-making procedures for disease control. Weather-driven plant disease forecast 

systems commonly use observed weather data monitored by automated weather stations 

(AWS) at near real-time basis. By using observed weather data, disease forecast models 

determine if weather conditions favorable for pathogen infection have occurred in the 

immediate past period. The information generated by the models would be useful for 

post-infection treatments that have curative effects to stop pathogen growth in host plant 

tissues. In this regard, weather prediction data would facilitate applications of weather-

driven disease models for better disease management. Crop growers would have better 

options of disease control including both protective and curative measures when 

weather prediction data are used for disease warning. In this study, 1) a disease forecast 

model for Marssonina leaf blotch of apple (MBA) was developed based on field 

observations on airborne spore catches, disease incidence and weather conditions in 

2013 and 2015, and 2) the Unified Model (UM)-predicted weather data from the Korea 
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Meteorological Administration (KMA) were evaluated for possible use as input data for 

weather-driven plant disease forecast models. A previously developed forecasting 

model for bacterial grain rot of rice (BGR), named as BGRcast, was applied to compare 

the model outputs when the UM-predicted and the AWS-observed weather data for 29 

locations of rice paddy fields were used as input data. In conclusion, possible risks of 

MBA development could be forecasted 21 days ahead of the actual appearance of 

disease symptoms using the airborne spore catches that were estimated based on the 

number of rainy days with rainfall ≥  0.5mm per day during rain events (Lday), the 

maximum hourly rainfall (Pmax) and the average daily maximum wind speed (Wavg) 

during the spore liberation period (SLP). Regarding the use of numerical weather 

prediction data for BGR forecast, BGRcast resulted in similar model output from both 

the UM-predicted weather data from KMA and the AWS-observed weather data for all 

29 locations of rice paddy fields. With the UM-predicted data, it is possible to provide 

rice growers with BGR warnings two days earlier than when the AWS-observed 

weather data were used as input data. 

 

Keywords: Marssonina blotch, MBCAST, airborne spore model, infection rate model, 

bacterial grain rot, weather prediction data, Unified Model, protective 
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INTRODUCTION 

Weather information is vital for developing plant disease forecast models and decision-

making tools that are practical for disease management. Weather-based disease 

forecasting is particularly important for implementing the efficient schedule of 

fungicide applications and preventing the emergence of pathogen resistance that could 

occurred by repeated use of pesticide sprays. Plant disease forecast models are therefore 

crucial for efficient use of chemical applications and successful implementation of 

integrated pest management (IPM) tactics against the diseases. 

Plant disease forecast models are commonly built on the weather factors such as 

temperature, relative humidity, leaf wetness duration and rainfall (Duthie, 1997; 

Fernandes et al., 2011; Huber and Gillespie, 1992; Lalic et al., 2016). In general, 

weather-based models require weather data to identify favorable conditions for 

infection (Kang et al., 2010; Magarey et al., 2005) and to simulate mono- or polycyclic 

diseases (De Wolf and Isard, 2007; Do et al., 2012; González-Domínguez et al., 2014; 

Olatinwo and Hoogenboom, 2014; Park et al., 1997). By using observed weather data 

monitored from automated weather stations (AWS) at near-real time basis, the models 

are able to determine the weather conditions favorable for pathogen infection in the 

immediate past period. The information generated by the model is interpreted as 

forecast on future appearance of disease symptoms after an incubation period of 

pathogen in the infected plants (Orlandini et al., 2017). Consequently, post-infection 

treatments shall be taken when disease forecast information is produced based on 
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observed weather data, and disease control actions should have curative effects to 

impede the pathogen growth in host plant tissues. In this regard, weather prediction 

data would facilitate applications of weather-driven disease models for better disease 

management. Crop growers would have better options of disease control including both 

protective and curative measures when weather prediction data are used for disease 

warnings by the models. Pre-infection treatments such as applying protective 

fungicides and cultural practices are often more effective than post-infection treatments 

in terms of control cost and fungicide resistance suppression. Thus, this study was 

focused on the development of plant disease forecast model using the observed weather 

data and improvement of disease forecast by applying weather prediction data as 

meteorological input data.  

The disease forecast model developed in this study was targeted to simulate Marssonina 

leaf blotch of apple (MBA) by using the observed weather conditions measured at apple 

orchards. Marssonina blotch of apple (MBA), which is caused by Marssonina 

coronaria, has become a serious foliar disease on apple (Malus domestica Borkh.) since 

1990s in Korea (Kim et al., 1998; Lee et al., 2006). The premature defoliation due to 

severe MBA infection results in quality and yields of commercial apple products (Lee 

et al., 2012; Sharma et al., 2003; Takahashi et al., 1990). Although main sources of 

MBA infection are known as apothecia produced by ascospores of M. coronaira 

(HARADA et al., 1974; Takahashi et al., 1990), only conidia have been found in Korea 

and are considered to be the primary and secondary infections in apple orchards (Back 
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and Jung, 2014). Occurrence of MBA varies depending on availability of airborne 

conidia and weather conditions. In Korea, fungicide sprays against major apple diseases 

including MBA were recommended at 15 or 25 day intervals (Lee et al., 2008; Lee et 

al., 2009). However, apple growers in Korea often spray pesticides at 10 day intervals 

up to 15 times or more from April to October. The calendar-based fungicide application 

programs without considering weather conditions may result in practicing unnecessary 

sprays or missing necessary sprays. Consequently, disease forecasts on possible risks 

of MBA based on weather conditions would support apple growers in decision-making 

on fungicide sprays to control the disease. In China, a polynomial model was developed 

to estimate disease index using mean air temperature and relative humidity for 10 days 

(Li et al., 2011). The research has identified the optimum conditions of MBA 

occurrence, which were 23 °C and 90% relative humidity. However, Li et al. (2011) 

did not examine effects of airborne spores. Besides, the model validation was not 

performed based on additional data sets that were not used for the model development 

in their study.  

As an example of disease forecast model using weather prediction data, the forecast 

model for bacterial grain rot (BGR) of rice based on numerical weather prediction data 

by Unified Model (UM), was proposed in this research. The present study investigated 

the usefulness of numerical weather prediction (NWP) data from the Unified Model 

(UM) in plant disease forecasting. The UM is a numerical weather prediction and 

climate modeling software originally developed by the United Kingdom Met office 
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(Brown et al., 2012). Since 2010, the Korea Meteorological Administration (KMA) has 

been using UM along with various global and local climate models and data 

assimilation systems to generate weather forecast information for public services (Kim 

et al., 2015). The KMA executes the UM-embedded LDAPS four times a day and 

releases hourly weather forecast data for 36-hour at 0000, 0600, 1200, and 1800 UTC. 

The model runs at the horizontal resolution of 1.5 km for 70 vertical layers. The UM-

data has horizontal grids of 602 East-West × 781 South-North, each of which contains 

data of 136 hourly prognostic variables. In this study, we used BGRcast, a weather-

driven forecast model for bacterial grain rot (BGR) of rice, to evaluate appropriateness 

of the UM-predicted weather data as input for plant disease forecast models. Bacterial 

grain rot (BGR) of rice, which is caused by Burkholderia glumae (Kurita, 1967), has 

been reported worldwide (Ashfaq et al., 2017; Ham et al., 2011; Jeong et al., 2003; Kim 

et al., 2010; Nandakumar et al., 2009; Webster, 1992). The BGRcast was developed by 

Lee et al. (2015) to estimate environmental conduciveness for BGR development and 

to provide rice growers with disease warnings that could be used in decision-making 

for bactericide sprays at the pre- and post-heading stages of rice plants.  

The overall work in this paper were aimed to 1) develop the forecast model run with 

observed weather data to estimate MBA occurrence by determination of weather 

variables that can be used to esitmate the amount of airborne conidia of M. coronaria, 

and quantification of the relatioship between the amount of airborne conidia and the 

rate of disease development in apple orchards, and 2) implement the disease forecast 
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model using the NWP data from UM to predict possible occurrence of bacterial grain 

rot of rice in advance of grain infection. 
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ABSTRACT 

A disease forecast model for Marssonina blotch of apple was developed based on field 

observations on airborne spore catches, weather conditions and disease incidence in 

2013 and 2015. The model consisted of the airborne spore model (ASM) and the daily 

infection rate model (IRM). It was found that more than 80% of airborne spore catches 

for the experiment period was made during the spore liberation period (SLP), which is 

the period of days of a rain event plus the following two days after the end of rain event. 

Of 13 rain-related weather variables, number of rainy days with rainfall ≥ 0.5mm per 

day during rain events (Lday), maximum hourly rainfall (Pmax) and average daily 

maximum wind speed (Wavg) were most appropriate in describing variations in airborne 

spore catches during SLP ( Si ) in 2013. The ASM, Si = 30.280 + 5.860 × Lday × 
Pmax - 2.123 × Lday × Pmax × Wavg  was statistically significant and capable of predicting 

the amount of airborne spore catches during SLP in 2015. Assuming that airborne 

conidia liberated during SLP cause leaf infections resulting in symptom appearance 

after 21 days of incubation period, there was highly significant correlation between the 

amount of airborne spore catches (Si) and the daily infection rate (Ri ). The IRM, 

Ri = 0.039 + 0.041 × Si, was statistically significant but was not able to predict the daily 

infection rate in 2015. No weather variables showed statistical significance in 

explaining variations of the daily infection rate in 2013.  
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INTRODUCTION 

Marssonina blotch of apple (Malus domestica Borkh.) (MBA, hereafter), which is 

caused by Marssonina coronaria (Ellis & J. J. Davis), is a devastating disease causing 

serious loss of apple yield in Korea (Kim et al., 1998; Lee et al., 2006). The disease 

distributed worldwide (HARADA et al., 1974; SaGong et al., 2011; Tamietti and Matta, 

2003). Symptoms of MBA appear on both leaves and fruits of infected trees. Leaf spots 

of dark brown color with 5-10 mm diameter appear on the surface of infected leaves 

and become irregular-shaped blotch. Infected leaves showing spots and blotch turn 

yellow and fall off from trees within 2-3 weeks after infection (Back and Jung, 2014). 

The premature defoliation due to severe infection impacts quality and yields of 

commercial apple products (Lee et al., 2012; Sharma et al., 2003; Takahashi et al., 

1990). After defoliation of the infected leaves, M. coronaria overwinters on dead leaves 

and debris buried in soil or on the soil surface during the winter season, and recurrence 

of disease cycle begins in the following spring (Back and Jung, 2014). Ascospores of 

the fungus produced on apothecia are considered to be a source of the primary infection 

(HARADA et al., 1974; Takahashi et al., 1990). In Korea, however, the sexual stage of 

M. coronaria has never been found yet and conidia of the fungus are known to cause 

the primary and secondary infections in apple orchards (Back and Jung, 2014). Primary 

infections by conidia generally occur on apple leaves from May to June followed by 2-

6 weeks of incubation period before symptom appearance (Back and Jung, 2014). The 

incubation period may vary depending on orchard conditions. According to Lee et al. 
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(2011), 4-year old ‘Fuji’ apple seedlings showed tiny yellow spots on upper surface of 

leaves at 21 days after spray-inoculation with conidial suspension of the fungus. 

Occurrence of MBA varies from year to year, depending on availability of airborne 

conidia and weather conditions. It usually occurred under conditions of frequent rainfall 

and relatively low temperature during apple growing season (Back and Jung, 2014; 

Kim, 2004). The temperature range for mycelial growth and conidial production of M. 

coronaria was 5-30 ℃ with the optimum at 20-25 ℃ (Anil and Sharma, 2013; Zhao et 

al., 2010). In Korea, a severe epidemic of the disease was reported in 1993 when 

temperature was relatively low with prolonged rainy days during the summer season 

(Lee et al., 1993). Uhm (2010) reported that the disease occurred higher than 80% of 

apple orchards in Gyeongbuk province with 60 rainy days and cool temperature in 

summer in 1998 and 2003. Various weather factors such as rain and wind affect 

dispersal of airborne spores of plant pathogenic fungi (Legg and Powell, 1979; 

Willocquet et al., 1998). Previous researches suggested that spore liberation or removal 

from leaf surface is triggered by rain and wind speed (Hammett and Manners, 1974; 

Hirst and Stedman, 1963). Likewise, the effects of rain and wind are supposed to be 

important in spread of Marssonina blotch (McCartney, 1994). In Korea, Uhm (2010) 

noted that the first occurrence of MBA after overwintering became sooner due to earlier 

spore dispersal since late 2000s. Increase of disease incidence and relatively early spore 

dispersal have been reported in 2000s (Back and Jung, 2014; Park et al., 2013). 
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However, quantitative relationships between weather factors on conidial dispersal of 

M. coronaria have not been elucidated yet.  

Since the first report on MBA in Korea in 1916, the disease has been managed mainly 

by use of resistant cultivars and chemical sprays. Relatively resistant apple cultivars 

‘Fuji’ and ‘Hong-ro’ have been introduced to replace susceptible cultivars ‘Hong-ok’ 

and ‘Ralls Genet’ since 1970s (Kim et al., 1998; Sagong et al., 2011). In addition, many 

studies on chemical control and fungicide spray programs against the disease have been 

reported (Back and Jung, 2014). Despite all the efforts to control MBA in Korea, the 

disease has increased since 1990s, causing substantial economic damage to apple 

growers due to early defoliation (Kim, 2004; Kim et al., 1998; Lee et al., 2006). 

Apple growers in Korea often spray fungicides at 10 day intervals up to 15 times or 

more from April to September. The calendar-based fungicide application programs 

without considering weather conditions may result in practicing unnecessary sprays or 

missing necessary sprays. Consequently, disease forecasts on possible risks of MBA 

based on weather conditions would support apple growers in decision-making on 

fungicide sprays to control the disease. In China, a polynomial model was developed 

to estimate disease index using mean air temperature and relative humidity for 10 days 

(Li et al., 2011). The research has identified the optimum conditions of MBA 

occurrence, which were 23 °C and 90% relative humidity. However, Li et al. (2011) 

did not examine effects of airborne spores. Besides, the model validation was not 
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performed based on additional data sets that were not used for the model development 

in their study.  

The present study was conducted to determine weather variables that can be used to 

estimate the amount of airborne conidia of M. coronaria, and to develop a disease 

forecast model for MBA based on the amount of airborne conidia and weather 

conditions in apple orchards. The disease forecast model was named ‘MBCAST’ in 

this study. 
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MATERIALS AND METHODS 

I. Airborne spore catches and disease assessment. 

For development and evaluation of MBCAST, the amount of airborne spore catches 

and disease incidence data for 2 years were collected from field experiments conducted 

at apple orchards in the Gyeonggi-do Agricultural Research and Extension services, 

Hwasung, Korea in 2013 and in the Apple Research Institute of National Institute of 

Horticultural and Herbal Science, Gunwi, Korea in 2015. The two orchards are 

approximately 170 km apart. The data from 2013 were used to develop the model, and 

the model validation was conducted using the data from 2015.  

The daily airborne conidia of M. coronaria were sampled by the Burkard 7-day 

Recording Volumetric Spore Sampler (Burkard Scientific Ltd., UK). The spore sampler 

was installed at 75cm above ground in the middle of experimental plot and operated 

continuously from June 27 to October 8 in 2013 and from June 3 to October 21 in 2015. 

An air intake orifice of the sampler was located at 75cm above ground and a flow rate 

was 10L per minute. The drum mounted with transparent plastic tape ‘Melinex’ 

(Burkard Scientific Ltd., UK) revolved constantly at a speed of 2mm per hour. Airborne 

spores drawn through the orifice were impacted on adhesive coated tape with silicon 

grease. The drum with the tape was weekly replaced with new one and the tape was cut 

into 7 daily segments at 48mm intervals. Each piece of the tape was placed on a 

microscope slide and airborne spores caught on the tape were counted under a light 

microscope (Leica DM2500, Leica Microsystems Gmbh, Germany) at 400X.  
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Assessment of disease incidence was carried out 13 times at 6 - 11 day intervals from 

August to October in 2013, and 20 times at 5 - 14 day intervals from June to October 

in 2015. Two branches from each of 5 selected ‘Hong-ro’ apple trees and eight branches 

from each of the 16 selected ‘Fuji’ apple trees were assessed in 2013 and 2015, 

respectively. Disease incidence was measured in terms of the percentage of diseased 

leaves in the total number of leaves on the branches surveyed. 

 

II. Weather data. 

Weather data in 2013 and 2015 were obtained from the Gyeonggi-do Agricultural 

Research and Extension Services and the Korea Meteorological Administration, 

respectively. Automated weather stations (AWS) were located at about 1 km and 625 

m distant from the experimental sites in 2013 and 2015, respectively. The AWS 

consisted of a data logger (CR10X, Campbell Scientific, Logan, UT) with sensors to 

measure at 60 sec intervals air temperature (℃; HMP45C, Campbell Scientific), 

relative humidity (%; HMP45C), rainfall (mm; TE525MM, Campbell Scientific), wind 

speed (m/s; 034A, Campbell Scientific), wind direction (degree, 034A, Campbell 

Scientific), and solar radiation (MJ/m2; LI200X, Campbell Scientific). Hourly and daily 

weather data were generated and saved in the data logger. 

Since liberation of fungal spores from inoculum sources are often associated with rain 

events (Aylor, 1975; Aylor et al., 1981; McCartney, 1994), 13 weather variables related 

with rain events in Table 1 were calculated for the period of individual rain events and  
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Table 1. Weather factors during the period from the starting day of individual rain 
events until 2 days after the end of rain events. These factors were used as 
independent variables for model development and evaluation. 

Weather variable Description 

Lday  (day) Number of rainy days with rainfall ≥0.5mm/day 

Lhour  (hour) Duration in hours with rainfall ≥0.5mm/hour  

Pmax  (mm) Maximum hourly rainfall  

Psum  (mm) Total amount of rainfall  

Havg  (%) Daily average relative humidity  

Hmax  (%) Maximum hourly relative humidity  

Hmin (%) Minimum hourly relative humidity  

Tavg  (°C) Daily average air temperature  

Tmax  (°C) Maximum hourly temperature  

Tmin (°C) Minimum hourly temperature  

Wavg  (m/s) Average daily maximum wind speed 

Wmax (m/s) Maximum hourly wind speed 

Wmin (m/s) Minimum hourly wind speed 
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the following two days after the end of individual rain events in 2013. It was found in 

this study that significant number of airborne conidia of M. coronaria were caught 

during the period from the starting day of individual rain events until 2 days after the 

end of rain events. Hereafter, this period is called ‘the spore liberation period (SLP)’. 

There were 15 rain events during the experiment period in 2013, and thus 15 data sets 

of 13 rain-related weather variables were used for the model development. In 2015, 

there were 18 rain events and thus 18 data sets of weather data were used for the model 

validation.  

 

III. Model development. 

MBCAST is a weather-driven disease forecast model that consists of an airborne spore 

model (ASM) and a daily infection rate model (IRM). Using weather data, ASM 

estimates the number of airborne spores caught during SLP of individual rain events 

(Si). The ASM-estimated airborne spore catches (Si) were used by IRM to estimate 

daily infection rates of MBA. Both ASM and IRM are linear regression models 

developed based on the data in 2013.  

The linear correlation analysis on the 13 rain-related weather variables in 2013 was 

conducted to examine collinearity among the variables. The stepwise regression 

analysis on the observed airborne spore catches (Si) was also carried out using the 13 

rain-related weather variables as independent variables to select appropriate predictors 

that can be used in the ASM development. The appropriateness of predictors was 
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evaluated based on the partial coefficient of determination (R2) of independent 

variables and the collinearity among the independent variables. Using the selected 

predictors, their quadratic, and two- and three-way interaction terms as independent 

variables, the stepwise regression analysis was applied to develop ASM. The forward 

selection of PROC STEPWISE of SAS 9.4 (SAS Institute, Cary, NC, USA) was used 

with the criterion of 𝑝 ≤ 0.15 for entry of a variable into the model.  

We assumed in this study that airborne spores liberated during SLP caused leaf 

infections resulting in symptom appearance after 21 days of incubation period. Lee et 

al. (2011) reported that the incubation period of M. coronaria was 21 days in apple 

orchards. Figure 1 illustrates the relationship between the airborne spore catches for ith 

rain event (Si) and the corresponding daily infection rate after the incubation period of 

21 days (Ri). In this study, Ri was supposed to be the mean daily infection rate at which 

disease incidence increased due to infections by airborne conidia liberated during SLP 

for ith rain event. Consequently, Ri was the mean daily infection rate that occurs at 

21 days after the ith rain event. The Ri was calculated from the apparent infection 

rate (𝑟 ) that was obtained from observed disease incidence. The apparent infection rate 

(𝑟  ), which was illustrated schematically in Fig. 2, was calculated from observed 

disease incidence data using the compound interest formula as the following equation: 

 

𝑟  (%) = dt+1
dt

1
nt -1  × 100     [Eq. 1] 
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Fig. 1. Illustration on the relationship between the airborne spore catches (Si ) 
liberated during the spore liberation period (SLP) of individual rain events and the 
mean daily infection rate (Ri) that resulted from infection by airborne spores which 

had been liberated 21 days ago during SLP of the ith rain event. It was reported 
previously that the incubation period of M. coronaria was 21 days or longer in 
apple orchards (Lee et al., 2011; Back and Jung, 2014). The daily infection rate 
(𝑟 ) was calculated from observed disease incidence data assuming that disease 
incidence increased at a rate of compound interest (Vanderplank, 1963).  
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Fig. 2. A schematic plot of disease infection rate per day (rt). The dt (%) is the 
disease incidence assessed at tth rating. 
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where 𝑑  (%) is the disease incidence measured at the 𝑡  disease observation and 𝑛  is the number of days between the 𝑡  and (𝑡 + 1)  disease observations. It was 

assumed that disease incidence increased at a rate of compound interest as suggested 

by Vanderplank (1963) and disease incidence increased at a constant rate between two 

disease observations. For Si, the corresponding Ri was calculated as follows:  

 

Ri = 1
j
∑ rt

j
1     [Eq. 2] 

 

where j is the number of days during SLP of the ith rain event (Fig. 1).   

We wanted to develop an infection rate model (IRM) to predict Ri based on airborne 

spore catches (Si) and weather data during 23 days from the next day after a rain event. 

In order to select a time-window containing most appropriate weather variables that 

could explain variations of Ri, 23 data sets were prepared for 23 time-window widths 

of 1, 2, 3, ∙∙∙∙, and 23 days after the end of ith  rain event. The stepwise regression 

analysis for each of the 23 data sets was conducted on the observed Ri using Si and 

the 13 weather variables in Table 1 as independent variables. The forward selection of 

PROC STEPWISE of SAS 9.4 (SAS Institute, Cary, NC, USA) was used with the 

criterion of 𝑝 ≤ 0.15 for entry of a variable into the model. The final candidate of 

IRM was selected based on the partial R2 and collinearity among the predictors used in 

the models. The variance inflation factors (VIFs) and the condition index (CI) were 
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used to detect collinearity among predictors in the models. The PROC REG of SAS 9.4 

(SAS Institute, Cary, NC, USA) was applied to generate VIFs and CI among predictors 

of candidate models. 

 

IV. Model validation. 

Performance of ASM and IRM was evaluated using the data from 2015, which included 

airborne spore catches, observed disease incidence and hourly weather data. The ASM-

estimated airborne spore catches (Si) and the IRM-estimated daily infection rate (Ri) 

for individual rain events in 2015 were compared with the observed airborne spore 

catches (Si) and the observed daily infection rate (Ri), respectively, using the paired t-

test. The null hypothesis for the paired t-test assumed that the true mean difference 

between the estimated and observed data corresponding to individual rain events was 

zero. The normality in frequency of the differences was also evaluated using the 

Shapiro-Wilk test to confirm appropriateness of the paired t-test. Outliers in the 

airborne spore catches and daily infection rate data were excluded for the Shapiro-Wilk 

test because outliers could bias the results of paired t-test (Kwak and Kim, 2017). 

Excluding two outliers on the both extremes of data sets, 16 and 11 pairs of data were 

used in the evaluation of ASM and IRM, respectively. The PROC UNIVARIATE of 

SAS 9.4 (SAS Institute, Cary, NC, USA) was applied for the paired t-test and the 

Shapiro-Wilk test. 
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RESULTS 

I. Airborne spore catches in relation to rain events. 

The number of daily airborne spore catches and periods of rain events in both years are 

presented in Fig. 3. The discrete number of rain events during the study periods were 

16 and 23 times in 2013 and 2015, respectively. There were one to eleven days of 

intermittent dry periods without rainfall between two consecutive rain events. Most of 

rain events were one or two days long with the longest of nine days on Jul. 10th - 18th, 

2013 and four days on Jul. 6th -9th, 2015. Throughout the study period in 2013, there 

were 159 hours of rainfall in 37 rainy days. It was 173 hours of rainfall in 38 rainy days 

in 2015. The average rainfall hours per rainy day were 4.3 and 4.6 hours in 2013 and 

2015, respectively.  

Airborne spores were caught starting from June in both years although only a few 

spores were trapped in June. The number of airborne spore catches per day varied 

especially during the days with rainfall and the next day after rain events (Fig. 4). It 

was found that 89.2% and 85.2% of the total airborne spore catches were made during 

SLP, which was the period from the starting day of individual rain events until two days 

after the end of rain events, in 2013 and 2015, respectively. From the third day after the 

end of individual rain events, no or small number of airborne spores were caught a day 

in most cases except for 2 August, 2015 when 148 spores were caught. The 

extraordinary spore catches resulted in the high variation on the fourth day after rain 

events in 2015 (Fig. 4). 
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Fig. 3. Rainfall periods (yellow area) and daily airborne spore catches (black 
histogram) from June 27 to October 10, 2013 at Hwaseong in Gyeonggi-do (A), 
and from June 3 to October 21, 2015 at Gunwi in Gyeongsangbuk-do (B). * The 
periods from 11 to 18 in June and from 13 to 27 in August in 2015 were excluded 
due to the power failure of the Burkard spore sampler. 
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Fig. 4. The mean and percentile of accumulated airborne spore catches during days 
of rain events (DR) and the following dry days without rainfall of ≥ 0.5mm after 
the end of individual rain events in 2013 and 2015. The periods of power failure 
in 2015 were excluded in the calculation. 
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II. Airborne spore model (ASM). 

Of the 13 rain-related weather variables in Table 1, Lday, Pmax and Wavg were found to 

be most appropriate candidates that could describe variations in daily airborne spore 

catches during SLP in 2013 (Table 2). The partial R2 of linear model indicated that 

38.0%, 21.7% and 10.1% of the daily variations of airborne spore catches were 

accounted for by Lday, Pmax and Wavg, respectively. No other variables were selected 

based on the criterion of 𝑝 ≤ 0.15  for entry of a variable into the model. The 

correlation matrix in Fig. 5 showed no significant linear correlations among Lday, Pmax 

and Wavg, indicating that autocorrelation among the weather variables was negligible in 

the model. The Lday and Pmax showed statistically significant correlations at 𝑝 = 0.05 

with observed Si whereas Wavg did not.  

The stepwise regression analysis on observed Si in 2013 resulted in a multiple 

regression model in Table 3. Of the 19 independent variables which were included in 

the stepwise regression analysis, Lday x Pmax and Lday x Pmax x Wavg were selected. No 

other variables had statistically significant coefficients at 𝑝 = 0.001. The model was 

able to explain 89.6% of the total variations of daily airborne spore catches, of which 

61.0% and 28.6% was accounted for by the two-way interaction between Lday and Pmax, 

and the three-way interaction among Lday, Pmax and Wavg, respectively. Based on this 

result, the following equation was determined as the airborne spore model (ASM) to 

estimate daily airborne spore catches: 
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Table 2. Weather variables selected to explain variations in the number of airborne 
spore catches in 2013. Stepwise regression analysis was applied using all weather 
variables listed in Table 1.a) 

Variables b Std. Error R2 F p 

Intercept 59.390 37.376 - 2.52 0.1404 

Lday 17.984 5.545 0.380 10.52 0.0078 

Pmax 4.217 1.440 0.217 8.57 0.0137 

Wavg -34.062 17.765 0.101 3.68 0.0815 

Model - - 0.698 8.45 0.0034 

a) The forward selection of PROC STEPWISE of SAS was used with the criterion of 
p ≤ 0.15 for entry of a variable into the model. 
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Fig. 5. Correlation matrix of observed airborne spore catches (Si) and the weather 
variables in 2013, which were selected for airborne spore model development. 
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Table 3. Final candidate for the airborne spore model (ASM) produced by stepwise 
regression analysis between the interaction terms composed of weather variables 
highly correlated with observed spores (Si) during the rainfall periods and 
following two days. a) 

Variables b Std. Error R2 F p 

Intercept 30.280 9.227 - 10.77 0.0066 

LdayⅹPmax  5.860 0.747 0.610 61.56 <0.001 

LdayⅹPmaxⅹWavg -2.123 0.370 0.286 32.93 <0.001 

Model - - 0.896 8.45 <0.001 

a) The forward selection of PROC STEPWISE of SAS was used with the criterion of p 
≤ 0.15 for entry of a variable into the model. 
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Si = 30.280 + 5.860 × Lday × Pmax - 2.123 × Lday × Pmax × Wavg  [Eq. 3] 

 

For Lday varying from 1 to 9 days, [Eq. 3] was plotted in Fig. 6. It was noticed that 

airborne spore catches increased as Pmax increased and Wavg decreased. In addition, the 

longer rainy days continued, the more airborne spores were caught during SLP. 

 

III. Disease progress and the infection rate (Ri). 

The disease progress curves of MBA in 2013 and 2015 were presented in Fig. 7 along 

with the daily infection rates (Ri) that occurred at 21 days after SLP of the ith rain 

event. In 2013, the disease was first observed on early August and increase in disease 

incidence was noticed from late August, after which disease incidence increased 

apparently at relatively constant rates until the end of season. In 2015, however, slow 

increase in disease incidence occurred from the start of disease development on late 

July, which was followed by a sudden increase from mid-September. The final disease 

incidence was similar in both years although the shapes of disease progress curves were 

different. The daily infection rates (Ri) in Fig. 7 described appropriately the changes in 

disease incidence over time in both years. The overlapped Ri were due to only one dry 

day without rainfall between two consecutive rain events. There were two cases in both 

years that two consecutive rain events were separated by one day of intermittent dry 

period without rainfall. 
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Fig. 6. Changes in amount of estimated airborne spore catches (Si) affected by Lday, 
Pmax and Wavg. The Si is the number of airborne spore catches during SLP, which 
is the days of rain event plus the following two days after the end of rain event. 
Note the difference in scales of the number of spores for different Lday. 
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Fig. 7. Disease progress curves of MBA along with the mean daily infection rate 
(Ri) that occurred during the period of 21 days after individual rain events in 2013 
and 2015. 
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IV. The infection rate model (IRM). 

The stepwise regression analysis on Ri resulted in a simple regression model with Si 

as independent variable (Table 4), where Si was the ASM-estimated airborne spore 

catches during SLP of the ith rain event. For all 23 data sets for 23 time-window widths 

of 1, 2, 3, ∙∙∙∙, and 23 days after the end of ith rain event, only Si was selected at the 

first step of analysis and its coefficient was statistically significant at 𝑝 = 0.001 . 

Coefficients of any weather variables representing conduciveness of weather 

conditions during the following 1, 2, 3, ∙∙∙∙, 23 days after individual rain events were 

not statistically significant at 𝑝 = 0.05. The partial R2 of the model indicated that 78.8% 

of the total variation of Ri  were accounted for by Si . Consequently, the following 

equation was selected as IRM:  

 

Ri = 0.039 + 0.041 × Si         [Eq. 4] 

 

where Ri  is the estimated mean daily infection rate at 21 days after infections by 

airborne conidia liberated during SLP of the ith rain event, Si is the ASM-estimated 

airborne spore catches during SLP of the ith rain event. The relationship between Si 

and Ri was plotted in Fig. 8. 
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Table 4. The infection rate model (IRM) resulted from stepwise regression 
analysis on observed daily infection rate at 21 days after individual rain events 
using airborne spore catches during the spore liberation period and 13 weather 
variables in Table 1 during 1 to 23 days after the end of rainfall. The stepwise 
regression analysis was conducted for each of 23 data sets representing 
conduciveness of weather conditions during 1, 2, 3, ····, and 23 days after the end 
of rainfall. All weather variables were not selected based on statistical significance 
of parameter estimates (𝑝 ≤ 0.05) and collinearity among independent variables 
measured in terms of the variance inflation factors (VIF ≤ 2) and the condition 
index (CI ≤ 10). a) 

Variables b Std. Error R2 F p 

Intercept 0.039 0.757 - 0.00 0.9604 

Si  0.041 0.007 0.788 37.13 <0.001 

Model - - 0.788 37.13 <0.001 

a) The forward selection of PROC STEPWISE of SAS was used with the criterion of 
p ≤ 0.15 for entry of a variable into the model. 
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Fig. 8. Relationship between the ASM-estimated airborne spore catches (Si) and 
the mean daily infection rate (Ri) calculated from the observed disease incidence 
in 2013. 
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DISCUSSION 

MBCAST consists of two sub-models, ASM and IRM, to estimate airborne spore 

catches and daily infection rate, respectively, of Marssonina blotch on apple. Both ASM 

and IRM were developed based on the field observations on airborne spore catches, 

weather conditions and disease incidence. The MBCAST uses three weather variables, 

i.e., Lday, Pmax, and Wavg as input variables. All of the weather variables are rain-related 

factors, which are known to affect fungal spore liberation and deposition (Aylor et al., 

1981; Davis, 1987; Hammett and Manners, 1974; Hirst and Stedman, 1963; Willocquet 

and Clerjeau, 1998). Although MBCAST is a weather-driven model, it is different from 

other weather-driven infection period models which determines possible success or 

failure of infection by airborne pathogens. In general, infection period models for foliar 

diseases were developed empirically based on artificial inoculation studies under 

controlled temperature and wetness period or relative humidity conditions (Anil and 

Sharma, 2013; Li et al., 2011; Magarey et al., 2005; Sastrahidayat and Nirwanto, 2016; 

Sharma et al., 2011; Zhao et al., 2010).  

Previous studies in Korea showed that airborne spores of M. coronaria were trapped as 

early as in April, and the first occurrence of MBA after overwintering was often 

observed in May and June (Do and Park, 2015). In this study, airborne conidia of M. 

coronaria were trapped from June and the disease symptoms on leaves were first found 

in the experimental orchards on August and July in 2013 and 2015, respectively (Figs. 

3 and 7). The late inception of disease development was probably due to the late 
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dispersal of airborne conidia in the orchards. However, the late installation of spore trap 

in this study may have missed airborne spores early in the seasons.  

Coincidence of airborne spore catches and rain events in both years (Fig. 3) suggested 

that liberation of airborne spores was triggered by rain events. The number of airborne 

spore catches tapered off as dry days continued after rain events. However, the abundant 

airborne spore catches on 2 August, 2015 were exceptional. We could not find 

extraordinary weather factors that may have affected air spore concentration on that 

day. However, Gottwald and Bertrand (1982) noticed, in the case of Fusicladium 

effusum (pecan scab), a dramatic increase in hourly spore concentration in the air when 

leaf wetness decreased abruptly at sunrise on days with no rain. Unfortunately, wetness 

data were not available in 2015 in this study. Association of airborne spore dispersal 

with rain events has been intensively studied previously (Kurkela, 1997; McCartney 

and Bainbridge, 1984; Penet et al., 2014; Sache, 2000; Xu et al., 1995).  

According to ASM, airborne spore concentration of M. coronaria was influenced by 

the number of rainy days with rainfall of ≥0.5mm/day (Lday), the maximum hourly 

rainfall (Pmax), and the average hourly wind speed (Wavg) during rain events. The 

correlation matrix in Fig. 5 indicated that the three rain-related weather variables were 

independent of each other. Consequently, the two-way interaction of Lday and Pmax and 

the three-way interaction of Lday and Pmax and Wavg in [Eq. 3] would not have collinearity 

between them. Collinearity between independent variables in regression analysis 

undermines the statistical significance of independent variables (Allen, 1997). Unlike 
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Lday and Pmax, Wavg did not have significant correlation with the airborne spore catches 

(Si) at 𝑝 = 0.05. However, Wavg was included in ASM because effects of wind speed 

on fungal spore dispersal were well established in the literatures (Aylor, 1975; Aylor et 

al., 1981; Hammett and Manners, 1974; Legg and Powell, 1979; McCartney, 1994).  

Clear explanation on impacts of the three weather variables on airborne spore 

concentration may not be possible because of the variation in weather and the complex 

interactions among weather factors. However, ASM suggested positive effects of Lday 

and Pmax, and a negative effect Wavg on airborne spore concentration. According to 

Gottwald and Bertrand (1982), airborne spore catches increased immediately following 

light rain showers and during prolonged intermittent rainy periods although rainfall 

caused immediate decrease in airborne spore concentration. More conidia must have 

liberated from leaf surface after rain showers as Lday increased. In this study, rainfall of 

≥5mm/day occurred for less than 5 hours per rainy day at the average, indicating that 

there were prolonged post-rainfall periods favorable for spore liberation during rainy 

days. In the case of Pmax, it may have affected positively spore production from lesions 

on leaves, and negatively spore concentration in the air. It is known that rainfall affects 

spore dispersal in three ways: 1) by providing moisture for mycelial growth and spore 

production, 2) as a force releasing conidia from the conidiophores, and 3) by washing-

off spores in the air and on the surface of leaves (Burch and Levetin, 2002; Fitt et al., 

1989; Kurkela, 1997; Oliveira et al., 2009; Troutt and Levetin, 2001; Willocquet and 

Clerjeau, 1998). As for Wavg, airborne spores were probably blown away by wind. Wind 
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and gust showed negative correlation with airborne spore concentrations of different 

fungi (Quintero et al., 2010).  

With regard to the infection risk model (IRM), three assumptions were made in this 

study: 1) disease incidence of MBA, which is measured in terms of the percentage of 

diseased leaves, increases at a rate of compound interest; 2) the apparent infection rate 

(𝑟 ) is constant between two consecutive disease observation dates; and 3) it takes three 

weeks of incubation period to develop symptoms on leaves after infection by airborne 

conidia. The first assumption was based on the proposal by Vanderplank (1963) that 

pathogens of ‘compound interest diseases’ multiply through successive generations in 

the course of an epidemic. M. coronaria produces airborne conidia to cause successive 

infections and daughter lesions on a same apple plant, which is multiplication in a form 

similar to compound interest as suggested by Vanderplank (1963). Although the 

apparent infection rate of MBA should vary depending on various environmental and 

host factors under field conditions, we considered the apparent infection rate to be 

constant for the sake of simplicity. With the second assumption on constant apparent 

infection rate, we were able to focus the relationship between the amount of airborne 

spores (Si ) released during a spore liberation period (SLP) of a rain event and the 

average daily infection rate (Ri) that was caused by Si at 21 days after SLP of a rain 

event (Fig. 1). The incubation period of M. coronaria is known to be 2-6 weeks 

depending on weather conditions in Korea (Back and Jung, 2014). According to Lee et 

al. (2011), tiny yellow spots appeared on upper surface of leaves after 21 days in the 
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field since four-year old ‘Fuji’ apple trees were spray-inoculated with conidial 

suspension of the fungus. They found typical MBA symptoms at 40-45 days after 

inoculation in the field. Based on the information in the literatures, we employed the 

incubation period of 3 weeks in the process of MBCAST development (Fig. 1). The 

statistical significance ( 𝑝 < 0.001)  and 𝑅 = 0.788  of IRM in Table 4 was a 

circumstantial evidence for validity of the assumption on incubation period. 

The ASM-estimated airborne spore catches (Si) was only one independent variable that 

was highly significant in IRM. During the period from the next day after the end of 

rainfall till the appearance of disease symptoms, none of the 13 weather factors were 

found to be significant in explaining the variation of Ri in 2013. This result suggested 

that weather conditions during incubation period in June-October of Korea might not 

have apparent influence on changes in the rate of disease increase. Instead, moist 

conditions during infection period may cause different levels of disease incidence. Lee 

et al. (2011) found that moist treatments (100% RH at 20 ℃) for 1, 2, and 3 days 

immediately after spray inoculation to 4-year old potted apple plants resulted in disease 

severity of 0, 20.3, and 72.5%, respectively, after 40-45 days in the field. In this study, 

we defined the spore liberation period (SLP) to be the days of a rain event plus the 

following two days after the end of rain event. During SLP, major portions of airborne 

conidia were released from inoculum sources as shown in Figs 3 and 4, and fungal 

infections by airborne conidia must have occurred as well.   
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The results from paired t-test and Shapiro-Wilk test suggest that ASM is capable of 

predicting airborne spore catches during SLP of a rain event, whereas IRM is not able 

to predict daily infection rate at 21 days after a rain event. However, the coefficient of 

determination (R2=0.788) of IRM indicates usefulness of the ASM-estimated airborne 

spore catches (Si) as an indicator for possible development of the disease in three weeks 

later, if a threshold of Si for successful infection is determined. With an appropriate 

threshold of Si , ASM alone can be useful in determining whether or not to spray 

fungicides after rainfall to control MBA in orchards. If ASM is used for disease 

warnings based on observed weather data, curative fungicides need to be sprayed 

because the pathogen must have made infection during the period of rainy days and the 

following two days after the end of rain event.  

In conclusion, it was found in this study that three rain-related weather variables such 

as of Lday and Pmax and Wavg affected the amount of airborne spores of M. coronaria, 

and the airborne spore amount appeared the main factor affecting daily infection rate 

of the fungus. No weather variables during the incubation period showed significance 

in explaining variations of the daily infection rate. The MBCAST, which consists of 

ASM and IRM, needs to be improved in order to be used practically in a decision-

making support system for management of Marssonina blotch of apple.    
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ABSTRACT 

This study was conducted to evaluate usefulness of numerical weather prediction data 

generated by the Unified Model (UM) for plant disease forecast. Using the UM06- and 

UM18-predicted weather data, which were released at 0600 and 1800 UTC, 

respectively, by the Korea Meteorological Administration (KMA), disease forecast on 

bacterial grain rot (BGR) of rice was examined as compared with the model output 

based on the AWS-observed weather data. We analyzed performance of BGRcast based 

on the UM-predicted and the AWS-observed daily minimum temperature and average 

relative humidity in 2014 and 2015 from 29 locations representing major rice growing 

areas in Korea using regression analysis and two-way contingency table analysis. 

Temporal changes in weather conduciveness at two locations in 2014 were also 

analyzed with regard to daily weather conduciveness (𝐶 ) and the 20-day and 7-day 

moving averages of 𝐶   for the inoculum build-up phase (𝐶  ) prior to the panicle 

emergence of rice plants and the infection phase (𝐶 ) during the heading stage of rice 

plants, respectively. Based on 𝐶  and 𝐶 , we were able to obtain the same disease 

warnings at all locations regardless of the sources of weather data. In conclusion, the 

numerical weather prediction data from KMA could be reliable to apply as input data 

for plant disease forecast models. Weather prediction data would facilitate applications 

of weather-driven disease models for better disease management. Crop growers would 

have better options for disease control including both protective and curative measures 

when weather prediction data are used for disease warning. 
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INTRODUCTION 

Plant disease forecast models are commonly driven by weather factors such as 

temperature, rainfall, leaf wetness duration and relative humidity (Duthie, 1997; 

Fernandes et al., 2011; Huber and Gillespie, 1992; Lalic et al., 2016). In general, 

weather-driven models require hourly and/or daily weather data to identify conditions 

for infection (Kang et al., 2010; Magarey et al., 2005) or to simulate one or more 

processes in disease cycle (De Wolf and Isard, 2007; Do et al., 2012; González-

Domínguez et al., 2014; Olatinwo and Hoogenboom, 2014; Park et al., 1997). By using 

observed weather data from automated weather stations (AWS) at near real-time basis, 

the models are able to determine if weather conditions favorable for pathogen infection 

have occurred in the immediate past period. The information generated by the models 

is not on what is going to happen in the future, but on what has happened in the past. 

However, the model output is interpreted as forecast on future appearance of disease 

symptoms after an incubation period of pathogen in the infected host plant (Orlandini 

et al., 2017). Consequently, post-infection treatments shall be taken when disease 

forecast information is produced based on observed weather data, and disease control 

measures should have curative effects to hinder pathogen growth in host plant tissues. 

In this regard, weather prediction data would facilitate applications of weather-driven 

disease models for better disease management. Crop growers would have better options 

of disease control tactics when weather forecast data are used for disease warning. For 

example, pre-infection treatments such as applying protective fungicides and cultural 
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practices would be possible in this case. Pre-infection treatments are often more 

effective than post-infection treatments in terms of control cost and fungicide resistance 

suppression (Chakraborty et al., 2004; Gleason et al., 2008). 

Although the advantages of using weather prediction data in plant disease forecast have 

been recognized in the literature (Magarey et al., 2001; Orlandini et al., 2017; Russo, 

2000), there are still limited researches on application of numerical weather prediction 

models in integrated pest and disease management (Bourke, 1970; Branislava et al., 

2007; Bregaglio et al., 2011; Hirschi et al., 2012; Mihailović et al., 2001). 

The present study investigated the usefulness of numerical weather prediction data 

generated by the Unified Model (UM) in plant disease forecasting. The UM is a 

numerical weather prediction and climate modeling software originally developed by 

the United Kingdom Met Office (Brown et al., 2012). Since 2010, the Korea 

Meteorological Administration (KMA) has been using UM along with various global 

and local climate models and data assimilation systems to generate weather forecast 

information for public services (Kim et al., 2015). The KMA executes the UM-

embedded Local Data Assimilation and Prediction System (LDAPS) four times a day 

and releases hourly weather prediction data for 36-hour at 0000, 0600, 1200, and 1800 

UTC. The model runs at the horizontal resolution of 1.5 km for 70 vertical layers. The 

UM-data has horizontal grids of 602 East-West × 781 South-North, each of which 

contains data of 136 hourly prognostic variables. In this study, we used BGRcast, a 
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weather-driven forecast model for bacterial grain rot (BGR) of rice, to evaluate 

usefulness of the UM-predicted weather data as input for plant disease forecast models. 

Bacterial grain rot (BGR) of rice, which is caused by Burkholderia glumae (Kurita, 

1967), has been reported worldwide (Ashfaq et al., 2017; Ham et al., 2011; Jeong et al., 

2003; Kim et al., 2010; Nandakumar et al., 2009; Webster, 1992). The BGRcast was 

developed by Lee et al. (2015) to estimate conduciveness of weather conditions for 

BGR development and to provide rice growers with disease warnings that could be 

used in decision-making for bactericide sprays at the pre- and post-heading stages of 

rice plants.   
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MATERIALS AND METHODS 

I. Disease forecast model. 

The BGRcast uses conduciveness of weather conditions for BGR development as 

disease risk factor that measures likeliness of bacterial inoculum build-up (Cinc) and 

infection (Cinf) at the pre- and late-heading stages of rice, respectively (Lee et al., 2015). 

With the base temperature and relative humidity being 22℃ and 80%, respectively, the 

disease risk thresholds adopted in BGRcast were 𝐶 = 0.3  and 𝐶 = 0.5 . The 

base relative humidity and temperature used in BGRcast were determined by Lee et al. 

(2015) based on the field observations that BGR was often detected when daily 

minimum temperature was ≥ 22℃ and daily average relative humidity was ≥ 80%. 

When Cinc and Cinf are above the thresholds, disease warnings are made to advise 

bactericide sprays at the pre- and late-heading stages of rice, respectively. Consequently, 

the fixed two-spray scheme, which Korean rice growers commonly adopt to control 

BGR, can be improved by eliminating unnecessary sprays depending on the BGRcast 

forecast. 

 

II. Observed crop and weather data. 

The BGRcast requires heading dates of rice cultivars to estimate environmental 

conduciveness for bacterial inoculum build-up prior to the panicle emergence and 

infection during the panicle heading period. In this study, crop data on cultivars and 
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heading dates of rice grown at 29 rice paddy fields in 2014 were collected from the 

National Crop Pest Management System (NCPMS) of the Rural Development 

Administration of Korea. Heading dates of 14 rice cultivars at 29 rice paddy fields were 

given with the location data in Table 1. The rice heading dates varied depending on 

cultivars and locations with different weather conditions. The heading date was defined 

to be the date that approximately 40% of rice panicles were emerged (Lee et al., 2015). 

The observed daily minimum temperature and average relative humidity data in 2014 

and 2015 were collected from the automated weather observation network of KMA. 

Based on the longitude and latitude of the 29 paddy fields, the nearest automated 

weather stations (AWS) from individual paddy fields were identified. The distance 

between the paddy fields and their nearest AWS were in the range of 0.04 ~ 17.67 km 

(Table 1). The site ID denoted the ascending order of the distance from the rice paddy 

fields to their nearest AWS. The geographical locations of rice paddy fields and nearest 

AWS were displayed in Fig. 1. The data collection sites for rice heading dates and 

weather conditions were distributed in the major rice growing areas throughout the 

country, and their ground elevation varied in the range of 0m to 327m for rice paddy 

fields and 6m to 353m for weather stations.  

 

III. Weather prediction data 

Daily weather prediction data to be used as input for BGRcast were generated by LDAP 
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Table 1. Heading dates of rice varieties cultivated at 29 locations in 2014, geographical 
locations of paddy fields and distances from the paddy fields to the nearest automated 
weather stations.                                                        
 

aSite ID is the number in ascending order of the distance between individual paddy 
fields and the nearest automated weather stations. 
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Fig. 1. Geographical locations of 29 rice paddy fields and their nearest automated 
weather stations in Korea. The distances between rice paddy fields and their nearest 
AWS are listed in Table 1.  
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-S utilizing the ‘UM release version 8.2’ (Lee and Chun, 2015). Of the four sets of 

weather prediction data released at different times, we used the UM-data released at 

0600 (UM06) and 1800 (UM18) UTC to generate 2-day disease forecast by BGRcast 

on the conduciveness of weather conditions for BGR development. Because the Korea 

Standard Time (KST) is 9 hours ahead of UTC, UM18 and UM06 were released at 

0300 and 1500 KST during a day, respectively. Consequently, hourly weather 

prediction data for 0000-0200 from UM18 of yesterday and for 0300-2300 from UM18 

of today were used to forecast today’s disease risk. In order to forecast tomorrow’s 

disease risk, hourly weather prediction data for 0000-2300 from UM06 were used. The 

UM data in GRIB2 file format were converted to generic text files using the KWGRIB2 

software which was developed by KMA to extract weather prediction data. Hourly 

weather prediction data by UM in 2014 and 2015 were retrieved from KMA to run 

BGRcast in this study. 

 

IV. Evaluation of daily weather prediction data. 

Accuracy of daily weather prediction data from UM for the locations of 29 paddy fields 

was evaluated by comparing with the observed daily weather data from corresponding 

locations in 2014 and 2015. Daily minimum temperature and average relative humidity 

during May 5th to October 31st, 2014 and 2015 were used to compare the UM-predicted 

and the AWS-observed data using regression analysis. The absolute differences 

between the UM-predicted and the AWS-observed data and their root mean square error 



63 

 

(RMSE) in daily minimum temperature were calculated from 10,411 data points (((180 

days in 2014) + (179 days in 2015)) x 29 sites) to examine the magnitude and variability 

of the differences. In the case of daily average relative humidity, differences between 

the predicted and the observed data and their RMSE were examined using 10,380 data 

points. There were missing relative humidity data for 31 days. The two-way 

contingency table analysis (Sokal and Rohlf, 1973) on the UM-predicted and the AWS-

observed relative humidity was carried out to investigate the impact of input weather 

data on the disease warnings by BGRcast. A total of 10,380 data points were 

categorized into four groups with reference to 80% relative humidity, which is the 

threshold of relative humidity for bacterial grain rot development. The appropriateness 

of daily weather prediction data as meteorological inputs was evaluated based on the 

coefficient of determination (R2) and RMSE values. The ‘SciPy’ and ‘Pandas’ packages 

in Python (Python Software Foundation, Del., U.S.A) version 3.7 were used to perform 

the regression analysis and RMSE calculation. 

 

V. Verification on use of the UM-predicted weather data. 

The UM-based BGR forecast was verified in three ways. Firstly, relationships between 

the UM-based and the AWS-based estimates of Cinc and Cinf were examined by 

regression analysis. Secondly, the two-way contingency table analysis was conducted 

to evaluate concurrence of the BGRcast warnings from the UM-based and the AWS-
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based disease forecasts for all 29 locations in Table 1. Thirdly, temporal changes in the 

UM-based estimates of Ci, Cinc, and Cinf were compared with the AWS-based estimates 

over the rice growing season for two locations in 2014. We selected two locations in 

consideration of the distance to their nearest AWS and the BGRcast warnings. In this 

analysis, we used only the UM06 data as input for BGRcast in order to avoid 

redundancy. For the first and second verification tests, we used weather data from 2014 

and 2015, and calculated Cinc and Cinf assuming that heading dates of rice plants varied 

from July 15th to September 9th. For the third verification tests, we used weather data 

only from 2014 since the heading dates of rice cultivars in Table 1 were not available 

for 2015. Without heading date data, it is not possible to delineate the periods of 

inoculum build-up and infection phases of the bacteria during the rice growing season 

(Lee et al., 2015). The disease risk thresholds of Cinc and Cinf for BGRcast warnings 

were 0.3 and 0.5, respectively, as suggested by Lee et al. (2015). 

  



65 

 

RESULTS 

I. Evaluation of daily weather prediction data. 

The regression analysis in Fig. 2 indicated that the UM-predicted and the AWS-

observed daily minimum temperature appeared similar to each other in both cases of 

UM06 and UM18. The coefficient of determination (R2) of regression equations was 

approximately 0.9, and the regression coefficients were close to 1.0. The absolute mean 

differences between the observed and the predicted daily minimum temperatures were 

less than 2℃ in the most locations except Site 22, which is an East coast area of South 

Korea (Fig. 3). The differences were a little greater for UM18 than for UM06 as was 

indicated by RMSE.  

As for daily average relative humidity, the regression equations between the UM-

predicted and the AWS-observed were statistically significant for both UM06 and 

UM18 (Fig. 4). However, R2’s and the scatter plots indicated that the relationship 

between the observed and the predicted daily average relative humidity were not as 

similar to each other as in the case of daily minimum temperature. The differences 

between the UM-predicted and the AWS-observed daily average relative humidity 

varied widely and RMSE for the differences was almost 10% (Fig. 5). The overall 

patterns of differences between the UM-predicted and the AWS-observed daily average 

relative humidity across the 29 locations appeared similar for UM06 and UM18. The 

difference in relative humidity was particularly high in the case of Site 22.  
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Fig. 2. The relationship between the UM-predicted and the AWS-observed daily 
minimum temperature at 29 locations of paddy fields during the period from May 5th 
to October 31st in 2014 and 2015. The UM-predicted weather data for one day at all 29 
locations were missing in the plot. 
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Fig. 3. The absolute differences between the UM-predicted and the AWS-observed 
daily minimum temperature at each location of rice paddy field during the period from 
May 5th to October 31st in 2014 and 2015 and the root mean squared error (RMSE) of 
the differences. The UM-predicted weather data for one day at all 29 locations were 
missing in the plot. 
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Fig. 4. The relationship between the UM-predicted and the AWS-observed daily 
average relative humidity at 29 locations of paddy fields during the period from May 
5th to October 31st in 2014 and 2015. The AWS-observed relative humidity data for 31 
days at all 29 locations were missing in the plot. 
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Fig. 5. The differences between the UM-predicted and the AWS-observed daily average 
relative humidity at each location of rice paddy field during the period from May 5th to 
October 31st in 2014 and 2015 and the root mean squared error (RMSE) of the 
differences. The AWS-observed relative humidity data for 31 days at all 29 locations 
were missing in the plot. 
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Results of two-way contingency table analysis on concurrence of the UM-predicted and 

the AWS-observed daily average relative humidity were graphically presented with 

reference to the threshold of relative humidity in Fig. 6. The threshold of daily average 

relative humidity was 80% as suggested by Lee et al. (2015). When the threshold was 

used as a criterion for categorization of the relationship between the UM-predicted and 

the AWS-observed data, the probability of detection (POD) and the false alarm ratio 

(FAR) by the UM06 were 58.4% and 29.2%, respectively. As for UM18, they were 

63.5% and 33.6%, respectively. In this analysis, POD and FAR are the percent detection 

and false-detection, respectively, of the AWS-observed relative humidity of ≥ 80% 

by the UM-predicted. 

 

II. Verification on use of the UM-predicted weather data. 

The relationships between the UM-based and the AWS-based estimates of 𝐶  and 𝐶  were presented in Fig. 7. The regression coefficients for all four graphs were close 

to 1.0 with the intercept being approximately 0.0, suggesting that use of the UM-

predicted weather data as input for BGRcast would result in 𝐶  and 𝐶  that are 

similar to the model outputs produced by using the AWS-observed weather data as input. 

The R2’s were higher for both 𝐶  and 𝐶  when the UM06-predicted data were 

used (Fig. 7A & 7C) than the UM18-predicted data (Fig. 7B & 7D) . It was also found 

that R2’s for 𝐶  (Fig. 7C & 7D) was higher than for 𝐶  (Fig. 7A & 7B) in both  
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Fig. 6. Graphic presentation of the two-way contingency table analysis on the UM-
predicted and the AWS-observed daily average relative humidity at 29 locations of 
paddy fields during the period from May 5th to October 31st in 2014 and 2015. Data 
points were categorized into four groups with reference to 80% relative humidity, 
which is the threshold of relative humidity for bacterial grain rot development. 

  



72 

 

 
Fig. 7. The relationships between the UM-based and the AWS-based estimates of 𝑪𝒊𝒏𝒄 
and 𝑪𝒊𝒏𝒇, which were calculated assuming that heading dates of rice plants varied from 

July 15th to September 9th. Weather data for the period from May 5th to October 31st in 
2014 and 2015 were used to run BGRcast. 
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cases of using the UM06- and the UM18-predicted weather data as input for BGRcast.  

Results of the two-way contingency table analysis on concurrence of BGRcast 

warnings from the UM-based and the AWS-based disease forecasts were presented in 

Table 2. A total of 3,306 cases (57 days x 29 locations x 2 years) were included in the 

analysis by using weather data from 2014 and 2015 with varying heading dates of rice 

plants from July 15th to September 9th. As compared with the AWS-based disease 

warnings for the pre-heading spray, the UM06-based BGRcast was able to provide the 

same disease warnings at 98.18% POD, and issue incorrect disease warnings at 3.74% 

FAR. Regarding disease warnings for the post-heading spray, POD and FAR were 95.22% 

and 7.12%, respectively. In general, the UM06 and UM18-predicted weather data 

resulted in almost the same outputs on 𝐶  and 𝐶  with negligible differences. The 

accuracy and bias score indices indicated that both the UM-based and the AWS-based 

disease forecasts by BGRcast would provide almost the same outputs.  

Using the heading dates and the AWS-observed weather data at 29 locations in 2014, 𝐶  and 𝐶  were estimated by BGRcast for the inoculum build-up and infection 

phases, respectively (Table 3). Durations of the inoculum build-up phase and the 

infection phase were determined with reference to the observed heading dates of rice 

cultivars. As was defined by Lee et al. (2015), the infection phase spans 7 days during 

the period between 3 days prior to and 3 days posterior to the heading date. The 

inoculum build-up phase extends over 20 days before the panicle emergence, which is 

the staring day of the infection phase. A warning for the pre-heading spray was advised  
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Table. 2. Two-way contingency table analysis on concurrence of BGRcast warnings 
based on the UM-predicted and the AWS-observed weather data with varying heading 
dates of rice plants from July 15th to September 9th for 29 locationsa of paddy fields in 
2014 and 2015. 

Indexb 

Warning for the pre-
heading spray (Cinc ≥ 0.3) 

Warning for the post-heading 
spray (Cinf ≥ 0.5) 

UM 06 UM 18 UM 06 UM18 

Hit 1131 1124 678 668 
Miss 21 28 34 44 
False alarm 44 52 52 95 
Correct negative 2110 2102 2542 2499 
POD 98.18% 97.57% 95.22% 93.82% 
FAR 3.74% 4.42% 7.12% 12.45% 
ACC 98.03% 97.58% 97.40% 95.80% 
Bias score 1.02 1.02 1.03 1.07 

aThe 29 sites are listed in Table 1. 
bHit, miss, false alarm and correct negative are relative frequency that event occurred 
in both the observed and the predicted, event occurred in the observed but not in the 
predicted, event did not occur in the observed but occurred in the predicted, and event 
did not occur in both the observed and the predicted, respectively. POD, FAR, CSI and 
ACC indicate the probability of detection, false alarm ratio, critical success index and 
accuracy, respectively. POD = Hit / (Miss + Hit); FAR = False alarm / (False alarm + 
Hit); ACC = (Correct negative + Hit) / (Correct negative + Miss + False alarm + Hit) 
and Bias = (Hit + False alarm) / (Hit + Miss). 
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Table. 3. The BGRcast-estimated conduciveness of weather conditions during the 
inoculum build-up phase (𝑪𝒊𝒏𝒄) and the infection phase (𝑪𝒊𝒏𝒇), and dates of warning 

based on the conduciveness for bacterial grain rot development at 29 locations of rice 
paddy fields in 2014. 
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on the last day of inoculum build-up phase if 𝐶 ≥ 0.3, which is the threshold for 

disease risk. In this study, none of 29 locations had a warning for the post-heading spray 

because Cinf on the last day of the infection phase at all locations was less than the 

threshold of 𝐶  , which is 0.5. Based on disease warnings that were advised by 

BGRcast using the AWS-observed weather data, 29 locations were categorized into two 

disease warning groups (Table 3). The first group includes 14 locations where both 𝐶   and 𝐶   were not reached their thresholds and no disease warnings were 

advised. The second group of 15 locations had a pre-heading warning with 𝐶 ≥ 0.3. 

None of 29 locations had only a post-heading warning or both pre- and post-heading 

warnings when the AWS-observed weather data were used as input data for BGRcast. 

Temporal changes of 𝐶 , 𝐶  and 𝐶  over the rice growing season in 2014 were 

examined for two locations, Yangju and Goseong, representing each of the two disease 

waring groups (Fig. 8). The two locations had AWS for weather monitoring at the 

closest distance among all locations in the respective disease warning groups (Table 3). 

The UM06-predicted and the AWS-observed weather data resulted in different daily 

weather conduciveness (𝐶 ). However, there were not much differences in the moving 

averages of 𝐶  for 20 days of the inoculum build-up phase (𝐶 ) and for 7 days of the 

infection phase (𝐶 ) between the outputs of BGRcast using the UM06-predicted and 

the AWS-observed weather data. The daily weather conduciveness (𝐶 ) suggested that 

weather conditions in 2014 were more favorable for BGR development at Goseong  
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Fig. 8. Temporal changes of 𝑪𝒊𝒏𝒄 and 𝑪𝒊𝒏𝒇 over the rice growing season in 2014 for 

two locations, Yangju and Goseong. The AWS-observed (gray) and the UM06-
predicted (red) weather data were used as input data for BGRcast to estimate 𝑪𝒊, 𝑪𝒊𝒏𝒄 
and 𝑪𝒊𝒏𝒇. 
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than Yangju. In Yangju, the UM06-based 𝐶   over the inoculum build-up phase 

during July 24th ~ August 12th was ≤ 0.12 , and the UM06-based 𝐶   over the 

infection phase during August 13th ~ August 19th was 0.00. In the case of Goseong, the 

UM06-based 𝐶  during July 30th ~ August 18th and the UM06-based 𝐶  during 

August 19th ~ August 25th ranged 0.42-1.04 and 0.08-0.32, respectively.   
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DISCUSSION 

It was found that the UM-predicted weather data would be as useful as the AWS-

observed weather data for disease forecast by BGRcast. Even though the differences 

between the UM-predicted and the AWS-observed daily average relative humidity was 

obvious, the difference in relative humidity did not affect the BGRcast output 

significantly as was shown in Fig. 7. This was due to the fact that BGRcast adopted 80% 

relative humidity as the threshold for estimating conduciveness of weather conditions 

(Lee et al., 2015). The two-way contingency table analysis with reference to the 

threshold of daily average relative humidity in Fig. 6 suggested that approximately 75% 

of 10,380 data points in Fig. 5 should have resulted in no differences in the BGRcast 

output although the UM-predicted and the AWS-observed relative humidity were not 

exactly same. It is also shown in Fig. 6 that there might be approximately 13-15% and 

9-12% chances of missing and false warnings, respectively, on disease risk by BGRcast. 

However, the chances of miss-forecasting by BGRcast could be reduced in reality 

because of the temperature threshold in the model. For example, when daily minimum 

temperature is lower than 22℃, BGRcast would not advise disease risk warnings even 

if daily average relative humidity were higher than 80%. The results from BGRcast 

suggested possible use of the UM-predicted weather data for plant disease forecast in 

general even if accuracy of disease forecast may vary depending on the sensitivity of 

disease forecast models to weather variables. 
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Numerical weather prediction models like UM produce gridded weather data covering 

a large area at a certain spatial resolution using various methods to calculate 

meteorological variables within the grids (Collins et al., 2013; Staniforth et al., 2013). 

Difference between the UM-predicted and the AWS-observed data was partially 

attributed to grid generation methods of UM and physical nature of meteorological 

variables (Cullen and Davies, 1991; Mesinger, 1981; Walters et al., 2019). The UM that 

was used in this study has 470,162 grid points at the spatial resolution of 1.5 km x 1.5 

km covering the Korean Peninsula. Unlike other sites in Table 1, Site 22 (Gangneung) 

is a coastal area at the distance of only 332m from the East Sea. The UM-grid cell 

encompassing Site 22 covers the area which consists of both ocean and inland. The 

geographical location of Site 22 probably has caused the particularly large differences 

between the UM-predicted and the AWS-observed weather data, especially relative 

humidity, as compared with other locations. The R2’s of the regression equations in Fig. 

7 indicated that the UM06-predicted weather data were generally more accurate than 

the UM18 when compared with the AWS-observed weather data. Since 𝐶  is the 20-

day moving average of the daily conduciveness of weather conditions (𝐶  ), the 

relationship between the UM-based and the AWS-based BGRcast showed higher R2 for 𝐶  than 𝐶 , which is the 7-day moving average of 𝐶  (Fig. 7). Based on the results 

from the regression analyses in Fig.7, the UM-based BGRcast would be as good in 

estimating 𝐶   and 𝐶   as the AWS-based BGRcast. Furthermore, the two-way 

contingency table analysis in Table 2 showed the disease warnings based on the UM-
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predicted weather data were highly concurrent with the warnings based on the AWS-

observed weather data.  

It was suggested by Lee et al. (2015) that 𝐶  and 𝐶  estimated by BGRcast could 

be used as a disease risk factor for determining whether or not to spray bactericides at 

the pre- and post-heading stages, respectively. Based on the UM06-based BGRcast 

warnings, there was no need for bactericide sprays at both the pre- and post-heading 

stages at Yangju, whereas only the pre-heading spray was necessary at Goseong. 

Although the AWS-based BGRcast resulted in slightly higher 𝐶   and 𝐶   at 

Goseung than the UM-based BGRcast, disease warnings for bactericide sprays should 

have been the same regardless of the sources of weather data for both Goseung and 

Yangju in 2014. By using the UM-predicted weather data, it was possible to forecast 

possible risk of BGR two days earlier than when the AWS-observed weather data were 

used as input data for BGRcast. 

In conclusion, it was found in this study that the UM-predicted weather data released 

by KMA were useful for their use in plant disease forecast. The UM-predicted weather 

data could be applicable to various disease forecast models other than BGRcast. A 

major advantage of using the numerical weather prediction data is that disease forecast 

information should be available prior to actual infection by pathogen (Firanj Sremac et 

al., 2018), which allows crop growers to take better options of disease control measures 

including both protective and curative chemicals (Beresford and Manktelow, 1994). By 
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incorporating protective measures in plant disease management, it is possible to 

suppress development of fungicide resistance in pathogen population (Darolt et al., 

2016; Hollomon, 2015; Horsfield et al., 2010). Besides, the UM-predicted weather data 

are available free of charge (Magarey and Isard, 2017) throughout the whole country 

of Korea at the spatial resolution of 1.5 km x 1.5 km.  
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사과 갈색무늬병 예측 모형 개발과  

수치기상예보 자료를 이용한 식물병 예측 시스템  

 

김  효  석 

 

요 약 

 

기상자료 기반의 식물병 예측시스템은 보통 실시간으로 수집되는 관측 

기상자료를 사용하여 예측을 수행한다. 관측기상 자료를 입력하여 

실시간으로 구동되는 병 예측모형은 최근의 기상 환경이 병원균의 감염에 

유리한 조건인지 여부를 규명한다. 근래의 수치 기상예보 모형과 같은 

기상예보 기술의 발전은 기상자료 기반의 병 예측모형을 활용하여 보다 

나은 방제 전략을 수립할 수 있는 기회를 제공하고 있다. 본 논문은 국내 

주요 작물을 대상으로 한 기상자료 기반의 식물병 예측을 주제로 두 개의 

장을 담고 있다. 첫 번째 장에서는 관측기상 자료를 사용한 사과 

갈색무늬병 예측모형 개발을 다룬다. 두 번째 장에서는 세균벼알마름병 

발생을 감염이 일어나기 전에 예측하기 위하여 Unified Model (UM)의 

수치기상예보 자료를 적용한 세균벼알마름병 예측모형을 제안한다. 사과 

갈색무늬병은 Marssonina coronaria에 의해 발생하며, 1990년대 이래로 

우리나라 사과에 심각한 피해를 주는 주요병이다. 감염에 의해 발생하는 

조기낙엽은 사과 수확량과 과실 품질의 저하를 야기하여 사과 산업에 큰 



91 

 

피해를 주고 있다. 갈색무늬병 발생의 주요 전염원은 M. coronaria의 

자낭포자가 생성하는 자낭반으로 알려져 있지만, 국내에서는 분생포자만이 

발견되었기 때문에 이들이 사과 과수원에서 발생하는 갈색무늬병의 1차 및 

2차 전염원으로 여겨지고 있다. 갈색무늬병의 발생은 포자 비산 가능성과 

기상 환경에 의해 변하고 있다. 이에 따라, 첫 번째 장에서 수행된 연구는 

(1) M. coronaria의 비산포자량을 예측할 수 있는 모형 개발에 사용가능한 

기상요소들을 규명하고, (2) 사과 과수원에서 수집한 비산포자량 및 기상 

자료를 사용하여 사과 갈색무늬병 발생을 예측할 수 있는 모형을 개발하는 

것이다. 사과 갈색무늬병 예측 모형의 이름은 ‘MBCAST’이며, 2013년과 

2015년 사과 과수 포장에서 수집한 비산포자량, 이병엽율, 기상자료를 

기반으로 개발되었다. 이 모형은 비산포자 예측모형과 감염속도 모형의 두 

가지 하위모형들로 구성되어 있다. 80% 이상의 포자가 강우 시작일부터 

종료 후 2일까지의 기간 동안 비산되었는데, 본 연구에서는 이 기간을 

포자비산기간으로 규정하였다. 강우기간 동안에 수집한 13개의 기상요소들 

중, 일 강우가 0.5mm 이상인 강우일 수 (Lday), 시간 최대 강우량 (Pmax), 

그리고 일 최대풍속의 평균 (Wavg), 이 세 요소들이 2013년 포자비산기간 

동안 비산된 포자의 변화를 가장 적절하게 설명하는 변수들로 선택되었다. 

비산포자 예측모형은 Si = 30.280 + 5.860 × Lday × Pmax - 2.123 × Lday × 

Pmax × Wavg  의 다항회귀식 형태이며, 모형에 의해 예측된 2015년 

비산포자량은 관측자료와 통계적으로 유의하고 비교적 정확하였다. 본 

연구에서는 포자비산기간 동안 비산된 포자가 잎에 감염을 일으켜 
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잠복기인 21일 뒤에 병징이 나타날 것이라 가정하였고, 분석 결과 비산 

포자량 ( Si ) 과 일별 병 감염속도 ( Ri ) 사이에는 통계적으로 유의한 

상관관계가 있었다. 병 감염속도 예측모형은 Ri = 0.039 + 0.041 × Si 의 단항 

회귀식 형태이며 통계적으로 유의하였지만 2015년 자료를 대상으로 검증한 

결과 감염속도를 정확하게 예측하지 못하였다. 비산포자 예측모형에서 

추정된 비산포자량을 제외하고 2013년 병 감염속도의 변화를 통계적으로 

유의하게 설명할 수 있는 기상변수들은 없었다. 비산포자 예측모형의 

출력값에 대한 적절한 임계값 설정이 이루어진다면 비산포자 예측모형의 

자료 하나만으로도 재배자들의 갈색무늬병 방제의사결정을 지원할 수 있을 

것으로 판단된다. 비산포자 예측모형의 병 발생 경보를 사용할 경우, 

재배자들은 치료살균제를 살포해야 하는데, 이는 병원균이 포자비산 

기간동안 이미 감염을 시작하였기 때문이다. 이와 같이, 관측기상자료 

기반의 병 예측자료는 감염 이후에 제공되어 재배자들은 기주식물 내의 

병원균 생장을 저해하기 위해 치료 목적의 방제전략을 사용하게 된다. 

그러나, 기상예보 자료를 활용한 병 발생 경보는 재배자들이 보호살균제의 

살포나 보호 목적의 경종법을 병행할 수 있게 함으로써 보다 나은 

방제전략 수립을 가능케 한다. 기상예보 자료를 사용한 식물병 예측 

시스템의 한 예로, 두 번째 장에서는 기존 개발된 세균벼알마름병 

예측모형에 Unified Model (UM)의 기상예보 자료를 적용한 모형에 대해 

제안하였다. 본 연구에서는 식물병 예측을 위한 Unified Model (UM) 의 

수치 기상예보자료의 활용가능성에 대해 평가하는 것을 목표로 하였다. 
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적용한 병 예측모형은 기존 개발된 세균벼알마름병 예측모형, 일명 

BGRcast로 병 진전에 영향을 미치는 기상환경 기여도를 추정하는 

모형이다. 기상청에 의해 구동되는 UM의 수치기상예보 자료 중 

세계협정표준시 기준 0600 (UM06) 및 1800 (UM18)에 발표된 자료를 

사용하여 병 예측모형 결과값을 생성하고 자동기상관측기로부터 수집된 

관측기상자료 기반으로 구동시킨 병 예측모형의 출력값과 비교하였다. 

또한, 한국의 주요 벼 재배지에 분포하는 29 지점을 대상으로 2014년과 

2015년에 수집한 UM 기상예보자료와 동 기간의 관측기상자료를 비교하여 

분석을 수행하였다. 기상예보 자료의 활용성 평가 결과, UM 기상 예보 

자료 기반의 병 예측 성능이 관측기상자료를 이용하여 구동한 병 

예측모형의 성능과 비견될 만 하였다. 기상예보를 입력자료로 이용한 병 

예측모형은 관측 기상자료 기반 병 예측모형의 방제 권고 경보 생성일보다 

2일 빠르게 경보를 생성하였다.  

 

주요어: 사과 갈색무늬병, MBCAST, 비산포자 예측모형, 병 감염속도 모형, 

세균벼알마름병, 기상예보자료, Unified Model, 보호 

 

학번: 2013-23267 

 

 

 


	INTRODUCTION 
	LITERATURE CITED 
	CHAPTER 1. MBCAST: A forecast model for Marssonina blotch of apple in Korea.
	ABSTRACT 
	INTRODUCTION 
	MATERIALS AND METHODS 
	I. Airborne spore catches and disease assessment 
	II. Weather data. 
	III. Model development. 
	IV. Model validation. 

	RESULTS 
	I. Airborne spore catches in relation to rain events. 
	II. Airborne spore model (ASM). 
	III. Disease progress and the infection rate (Ri). 
	IV. The infection rate model (IRM). 

	DISCUSSION 
	LITERATURE CITED 

	CHAPTER 2. Application of numerical weather prediction data to estimate infection risk of bacterial grain rot of rice in Korea. 
	ABSTRACT 
	INTRODUCTION 
	MATERIALS AND METHODS 
	I. Disease forecast model. 
	II. Observed crop and weather data 
	III. Weather prediction data 
	IV. Evaluation of daily weather prediction data. 
	V. Verification on use of the UM-predicted weather data. 

	RESULTS 
	I. Evaluation of daily weather prediction data. 
	II. Verification on use of the UM-predicted weather data. 

	DISCUSSION 
	LITERATURE CITED 

	SUMMARY IN KOREAN  9


<startpage>15
INTRODUCTION  1
LITERATURE CITED  6
CHAPTER 1. MBCAST: A forecast model for Marssonina blotch of apple in Korea. 11
 ABSTRACT  13
 INTRODUCTION  14
 MATERIALS AND METHODS  18
  I. Airborne spore catches and disease assessment  18
  II. Weather data.  19
  III. Model development.  21
  IV. Model validation.  26
 RESULTS  27
  I. Airborne spore catches in relation to rain events.  27
  II. Airborne spore model (ASM).  30
  III. Disease progress and the infection rate (Ri).  34
  IV. The infection rate model (IRM).  37
 DISCUSSION  40
 LITERATURE CITED  46
CHAPTER 2. Application of numerical weather prediction data to estimate infection risk of bacterial grain rot of rice in Korea.  52
 ABSTRACT  54
 INTRODUCTION  55
 MATERIALS AND METHODS  58
  I. Disease forecast model.  58
  II. Observed crop and weather data  58
  III. Weather prediction data  59
  IV. Evaluation of daily weather prediction data.  62
  V. Verification on use of the UM-predicted weather data.  63
 RESULTS  65
  I. Evaluation of daily weather prediction data.  65
  II. Verification on use of the UM-predicted weather data.  70
 DISCUSSION  79
 LITERATURE CITED  83
SUMMARY IN KOREAN  9 0
</body>

