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Abstract: Rice blast, caused by Pyricularia grisea, is one of the most 
important diseases of this crop in Iran and all over the world. To evaluate the 
relationship between spore population (SP) and meteorological factors, SP was 
measured daily using spore trap during growing seasons of 2006-2008 in Rasht 
and Lahijan regions (Guilan province, Iran). Weather data including 
precipitation, daily maximum and minimum temperatures, daily maximum and 
minimum relative humidity and duration of sunny hours were obtained from 
weather stations which were five kilometers away from the fields. The 
relationship between spore population and metrological factors was evaluated 
by Neurosolution 5.0 software. Weather data and spore population were 
considered as input and output data, respectively. In this study, multilayer 
perceptron neural network, regression model and Log(x + 1) transformation 
were performed. To evaluate the model efficiency, correlation coefficient and 
mean square error were used. The results showed that the correlation 
coefficient (r) and mean square error (MSE) parameters were 0.55 and 0.03 in 
Rasht and 0.1 and 0.03 in Lahijan, respectively. The results also showed the 
potential of this model for modeling SP using meteorological factors; however 
more data is needed for validation of this model. There has been no previous 
report on modeling the relationship between SP and meteorological data using 
artificial neural network in Guilan province (Iran). 
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Introduction12 
 
Rice is Iran’s second most important crop, 
providing staple food for the majority of 
population. Various hazardous factors including 
pests, diseases, weeds, drought, and also 
damages during harvest and storing period, 
impose heavy losses to rice annually. Rice 
blast, caused by Pyricularia grisea (Hebert) 
Barr, is considered to be the most important 
disease in Iran resulting in severe losses to 
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susceptible rice cultivars. Despite the 
availability of resistant varieties to blast and 
their increased cultivation in recent years, 
Iranian farmers still prefer the susceptible local 
varieties due to their more superior qualities 
(Javan Nikkhah, 2001). Meanwhile, In order to 
control the disease, farmers apply fungicides 
frequently without proper planning and timing 
which adversely affect the sustainable 
agricultural system. To provide an effective 
fungicide application program, it is necessary to 
evaluate the key factors involved in disease 
progress to develop a forecasting system. Many 
factors influence the blast severity including 
varietal susceptibility, date and space of 
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transplanting, amount of applied N fertilizer 
and meteorological factors such as relative 
humidity, temperature, precipitation, dew, 
velocity and direction of the wind and hours of 
sunshine (Calvero et al., 1996). Thus, to 
introduce a forecasting model, it is essential to 
consider the effects of these factors on spore 
population leading to severe disease occurrence. 

Many researchers have attempted to develop 
a forecasting model based on spore population 
(Kuribayashi and Ichikawara, 1952; Ono, 1965; 
Kim, 1982) and meteorological factors (Ono, 
1965; El Refaei, 1977; Yoshino, 1971; 
Kingsolver et al., 1984; Kim et al., 1987; 
Padmanabham, 1965 and Calvero et al., 1996). 

Some of the complicated forecasting models 
are based on weather, spore catch, disease 
parameters and host plant criteria. For example 
a method to predict the number of leaf blast 
lesions per plant using multiple criteria that was 
developed in Korea (Kim et al., 1975). 
Kingsolver et al. (1984) presented multiple 
regression equations for predicting the number 
of leaf blast lesions for different inoculum 
densities or different varieties. Other 
researchers in Japan (Muramatsu and Koyanagi, 
1977; Kono, 1977; Shimizu, 1980; Hashiguchi 
and Kato, 1983) also tried to develop statistical 
methods, such as multiple regression analysis, 
for quantitative forecasting.  

Neural networks are powerful sets of 
methods for solving problems of pattern 
recognition, data analysis and nonlinear control. 
They include benefits of high processing speeds 
and the ability of learning. Also they are 
complementary to conventional methods. A 
feed forward neural network can be considered 
as a nonlinear mathematical function which 
transforms a set of input variables (Fig. 1). A 
set of parameters called weight do the 
transformation and the process of determining 
these parameters is called learning or training. 
Once the weight have been fixed, new data can 
be processed by the network (Bishop, 1995). 
The disadvantages of neural network are: it 
needs suitable set of data for training and if 
there are considerable differences between 
training data and inputs of new regions, the 

neural network will have a lot of potential 
problems. It has also been suggested that the 
neural network should be considered as 
possible candidate for solving traditional 
problems (Bishop, 1995). 

 

 
Figure 1 The McCulloch-Pitts model of single 
neuron forms a weighted sum of the inputs X1…, Xd 
given by α = Σiwixi and then transforms this sum 
using a non-linear activation function g (a) to give a 
final output z = g(a)  

 
Artificial neural network (ANN) is one of 

the useful methods in ecological modeling. It 
can learn, adapt and generalize the relations. 
ANN can be used for multivariate data sets 
which have nonlinear dependencies and 
variables do not have to fit any theoretical 
distribution (Fausett, 1994; Lek and Guegan, 
1999; Grinn-Gofron and Strzelczak, 2008). 
Therefore, it is useful for forecasting airborne 
fungal spore distribution (Grinn-Gofron and 
Strzelczak, 2008). 

A better understanding of the relative 
importance of the relationship between 
meteorological factors and spore population 
would help disease forecasting. The problem in 
the modeling of airborne fungal spore 
population is in part due to the limitation of 
statistical methods. Common methods such as, 
linear or multiple regression, are based on 
assumptions of linearity and normality, which 
often can not be fulfilled even after variable 
transformation. Thus, the achieved models are 
insufficient. This situation is typical for time 
series with short spore dispersal seasons. 
Therefore verifying other statistical techniques 
are essential to overcome these problems 
(Grinn-Gofron and Strzelczak, 2008). 
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ANN has been applied for classification, 
optimization, and prediction of problems in 
agricultural sciences (Cook and Wolfe, 1991; 
Thai and Shewfelt, 1991). In the past few years, 
ANN method has been used for cereal grain 
classification and identification tasks (Visen et 
al., 2002). Applied research in plant pathology 
includes the prediction of leaf wetness duration 
(Francle et al., 1995; Francle and Panigrahi, 
1997; Chtioui et al., 1999) and soybean rust 
progress (Yang et al., 1995). Also, it has been 
applied to the prediction of disease intensity 
(Dewolf and Francle, 1997; Batchelor et al., 
1997). ANN method has performed as well as 
or better than traditional multivariate 
approaches for classifying incidence (Dewolf 
and Francle, 2000) and detecting infection 
periods of tan spot of wheat (Dewolf and 
Francle, 1997) and for prediction of wheat scab 
epidemics (Yang and Batchelor, 1997). 

The aim of our study was to examine the 
relationship between P. grisea spore 
populations and meteorological factors in 
Guilan province using ANN, as a novel data 
analysis technique.  
 
Materials and Methods 
 
Data collection and recording 
In order to introduce a forecasting model for 
rice blast disease in Guilan province, it was 
necessary to determine key factors affecting the 
disease epidemic. In this research, during 
growing seasons of 2006–2008, some fields 
located in a distance of around five kilometers 
from weather stations in two regions of Guilan 
province including Rasht and Lahijan were 
chosen for study. The daily airborne spore 
population in these fields was measured using 
spore traps. Spore traps used in this research 
included a wooden stand of 1.5 m height on 
which two rows of microscope slides (five 
slides per row) were placed on two pieces of 
glass (10 × 20 cm). Four spore traps were used 
for each field in the regions and these stands 
were placed in four geographical directions. 
Each slide was covered with Vaseline to adsorb 
the airborne spores (Amponsah et al., 2009; 

Lue et al., 2007). Slides were collected every 
evening and the trapped spores counted under 
light microscope (100x). Meteorological data 
obtained from weather stations included daily 
precipitation (P), maximum and minimum daily 
temperature (Tmax, Tmin), maximum and 
minimum humidity (Rhmax, Rhmin), wind speed 
and duration of sunny hours (SH). 
 
Data analysis 
 
Multiple regression models could not be used 
for analysis of spore circulation due to 
nonlinear and non-normal distribution (Grinn-
Gofron and Strzelczak, 2008). Therefore, ANN 
models with Multilayer perceptrons (MLP) 
architecture were used to determine the 
relationship between spore population and 
meteorological variables. One input layer, one 
hidden layer with 10 neurons and one output 
layer were selected for performing analysis 
with Neurosolution 5.0 software. 
Meteorological parameters used as input 
variables included precipitation, daily 
maximum and minimum temperatures, daily 
maximum and minimum relative humidity and 
duration of sunny hours. Spore population was 
the output variable. In the applied network, 80 
percent of data were considered for network 
training and the rest for testing. Training used 
back propagation (Fausett, 1994; Haykin, 1994; 
Patterson, 1996; Grinn-Gofron and Strzelczak, 
2008) and conjugate gradient algorithms 
(Bishop, 1995; Grinn-Gofron and Strzelczak, 
2008). The network was trained with 1000 
epochs of back propagation. Due to rapid 
changes in spore concentration, log (x + 1) 
transformation was applied to spore counts data 
(Grinn-Gofron and Strzelczak, 2008). 
 
Results and Discussion 
 
In this study, the ANN was used due to 
nonlinear distribution of spores (Fig. 2). The 
ANN model obtained with the transformed P. 
grisea spore counts (log(x + 1)) as output 
variable was an MLP network with one input 
layer, one hidden layer with 10 neurons and one 
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output layer (MLP 1: 1-10-1:1), trained with 
1000 epochs of back propagation. The 
correlation coefficient (r) and mean square of 
error (MSE) were 0.55 and 0.03 in Rasht and 
0.1 and 0.03 in Lahijan, respectively. 
Comparison of the observed and predicted 
outputs by ANN model (Fig. 3) showed good 
fitness of the model. 

Tsai (1986) and Tsai and Su (1984) 
collected data on rice leaf blast progress and 
weather factors during 1979-1984 in Taiwan 
and introduced several multiple regression 
equations to predict infected leaf area 
percentage. Uehara (1985) applied multivariate 
statistical analysis techniques such as principal 
components and cluster analysis to classify 
regions according to the degree of occurrence 
of leaf and panicle blast. Kim et al. (1987, 
1988) developed an algorithm to index 
weather in respect to blast suitability. 
Sometimes the blast disease is predicted using 
a combination of factors. For example 
forecasting can be based on weather and spore 
catch. El Refaei (1977) applied data from blast 
nursery trials to develop several linear 
regression equations that separately relate the 
number of lesions per seedling to weather 
variables (dew period, mean day or night 
temperature, mean day or night RH and 
rainfall) and airborne inoculum density. Other 
researchers also have used this approach 
(Chien et al., 1984; Tsai and Su, 1985). Tsai 
(1986) and Tsai and Su (1984) included data 
on spore catch on several rice varieties. 

Many researchers in Japan (Muramatsu and 
Koyanagi, 1977; Kono, 1977; Shimizu, 1980; 
Hashiguchi and Kato, 1983) have also tried to 
develop statistical methods, such as multiple 
regression analysis, for quantitative forecasting. 
The independent variables were date of initial 
leaf blast occurrence, plant height, tillers per 
hill, percent diseased plants on 15 July (the 
early stage of the leaf blast epidemic), 
cumulative number of spores trapped from 
transplanting to 15 July, monthly mean 
temperature and precipitation, plant height in 
late June and minimum temperature or duration 
of sunshine in July and August. 

Figure 2 shows the daily spore population in 
the two regions of our study. Three peaks of 
spores were recognized in these regions. The 
first peak of spores started on June 16 and 
finished on June 22 in both regions. The second 
peak started on July 12 and finished on July 17 
in Rasht and July 14 in Lahijan. The third peak 
started on July 24 and finished on July 28. The 
spore population and meteorological factors 
fluctuations were considered together in these 
regions to find out the relationship between 
these two phenomena. fluctuations of weather 
factors are shown in Figs. 4, 5 and 6. In Rasht 
(Fig. 6) precipitation was 9.2 and 3.6 mm on 
June 12 and 13, respectively, and during these 
days, daily Tmax decreased from 30 °C to 25–27 
°C, while the daily Tmin did not decrease, but 
increased as much as 1–2 °C reaching 20 °C. 
The daily RHmin also increased by 7–10 %, but 
daily RHmax did not change much. Also during 
this period, sunny hours were 0–1.5 h per day 
and it was mostly cloudy. The second peak of 
spores in Rasht started on July 12. Considering 
the weather factors before this peak, there was 
27.1, 29.5, 9.1, 1.3 and 0.1 mm precipitation on 
July 3–6 and 11 respectively, the decrease of 
daily Tmax by 5–7 °C and the increase of daily 
RHmin by 30–40 %, but daily Tmin did not 
change much. Some days before the third peak 
of spores in Rasht, weather factors followed the 
same changes, but with less consistency. Thus, 
spore population did not increase much and a 
small peak occurred. 

In Lahijan (Fig. 6), some days before the 
observation of first peak of spores, on June 12 
and 13, some precipitation occurred. Also during 
this period, daily Tmax decreased by 1–4°C, daily 
RHmin increased by 10–30 % and sunny hours 
reached 0.3–3.3 h per day. These conditions lead 
to the increase of airborne spore population some 
days later. Also on July 3–6, precipitation was 
24.2, 13.7, 2.6 and 0.7 mm respectively, and 
during these days, daily Tmax decreased by 4–9 
°C, daily RHmin increased by 20–50% and sunny 
hours reached zero. These changes resulted in 
the increase of airborne spore population 4–5 
days later. This good relationship was also 
observed for the third peak. 
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Figure 2 The comparison of the trapped spore population in Rasht and Lahijan in 2006 (A), 2007 (B) and 2008 (C). 
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Figure 3 Scatter plot of the relationship between observed and predicted output by ANN model in Lahijan (A) 
and Rasht (B). 

 
We can’t interpret some differences in the 

meteorological factors fluctuation between 
Rasht and Lahijan, because they are 
equidistant from the sea. It is interesting that, 
the dates of starting and finishing the peaks in 
Rasht and Lahijan were consistent with the 
dates of starting and finishing favorable 
weather conditions (for example compare the 
first peak in Rasht with Lahijan). Mousanejad 
et al. (2009) showed that the key weather 
factors for predicting spore peaks and 
consequently the occurrence of rice blast 
epidemic in Guilan province are precipitation, 
daily Tmax, daily RHmin and SH, meanwhile 
factors such as daily Tmin and daily RHmax are 
less important. Their results indicated that 
higher spore population occurred 3–5 days 
after precipitation or when there were: 

decrease or increase of daily Tmax reaching 26–
28 °C, increase of daily RHmin reaching 60–70 
% and decrease of SH reaching less than 1–3 h 
per day. These conditions lead to the 
occurrence of blast lesions and increased blast 
incidence and severity (on leaves and panicle 
necks) 7–10 days after suitable weather 
conditions. These results are consistent with 
the results of studies done by Esmailpoor 
(1980), Izadyar (1983) and other studies 
conducted in other rice growing areas for 
forecasting blast disease, based on factors like 
precipitation, decrease of daily temperature, 
the increase of daily RH and decrease of sunny 
hours (Tsai et. al. 1985). Results of this study 
help to predict blast disease in Guilan province 
and to provide suggestions about the date and 
frequency of fungicide application. 
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Figure 4 Weather factors fluctuations in Rasht (A) and Lahijan (B) in 2006. P, precipitation (mm), T, 
temperature (oC), RH, relative humidity (%), SH, sunny hours 
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Figure 5 Weather factors fluctuations in Rasht (A) and Lahijan (B) in 2007. P, precipitation (mm), T, 
temperature (oC), RH, relative humidity (%), SH, sunny hours. 
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Figure 6 Weather factors fluctuations in Rasht (A) and Lahijan (B) in 2008. P, precipitation (mm), T, 
temperature (oC), RH, relative humidity (%), SH, sunny hours. 
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Our results using regression models 
showed that Tmin and RHmin had linear 
combination with other variations in both 
regions and therefore were not used in 
correlation analysis. Based on the results 
(Table 1), meteorological factors including; 
P, RHavr, Tavr and sunny hours are 
independent variables whereas P and sunny 
hours factors were not suitable for modeling 
by artificial neural network, the daily 
temperature and daily relative humidity were 
therefore used for modeling by ANN. 
Mousanejad et al., (2009) have reported these 
meteorological factors as key factors for 
prediction of disease epidemics and our 
results are well in agreement with theirs.  

In our results, the most important 
meteorological factors, indicated by 
backward variable selection using the ANN 
module were temperature and relative 
humidity during growing season. The scatter 
plot of P. grisea spores and meteorological 
factors of Rasht province are shown in Fig. 7. 

Studies have shown that factors including 
the level of host susceptibility, date and 
space of transplanting, number of seedlings 
per hill, the amount and time of N fertilizer 
application, date of initial disease occurrence 
and its initial incidence or severity, the 
airborne spore population, environmental 
and weather factors such as soil and water 
temperatures, day and night relative 
humidity (RH), precipitation, hours of dew 
and its amount, leaf wetness duration, wind 
speed and direction and the amount of 
sunshine and applied fungicides (mode of 
action, date of application its duration) affect 
the blast disease. Introduction of a 
forecasting model needs predicting of spore 
population during growing season. 
Application of the meteorological factors for 
disease prediction and forecasting has 
previously been used by many researchers 
(Ono, 1965; Yoshino, 1971; El Refaei, 1977; 
Kingsolver et al., 1984; Tsai and Su, 1984; 
Tsai, 1986).  

The first studies on rice blast forecasting 
in Iran was carried out by Esmailpoor (1980). 

In that study, blast severity was evaluated on 
different local cultivars based on mean 
temperature, relative humidity, dew and 
precipitation. The relationship between the 
blast severity and number of trapped spores 
using spore trap was also identified. Izadyar 
(1983) studied the relationship between 
weather conditions and the leaf and neck blast 
progress on different cultivars in Guilan 
province. He concluded that blast occurrence 
and progress in the field is highly related to 
favorable weather conditions during 
susceptible stages of these varieties and that 
the infection would not occur if the minimum 
night temperature was not higher than 19.5 
°C. The relationship between the minimum 
temperature during transplanting to the initial 
disease occurrence in the field and the leaf 
blast severity was identified by Izadyar 
(1993) as well. He related the higher mean of 
minimum temperature during transplanting 
until initial disease occurrence to the higher 
severity of the leaf blast and also shorter 
period between transplanting and initial 
disease occurrence. In other words, there is a 
negative correlation between the mean 
minimum temperature and a temporal gap 
between transplanting and initial disease 
occurrence. 

Padmanabhan (1965) and Calvero et al., 
(1996) used minimum temperature and relative 
humidity for prediction of blast occurrence. Our 
results revealed that relative humidity and 
temperature are the most important 
meteorological factors and a suitable base for 
predicting spore population which are in 
accordance with the findings of other 
researchers. The relationship between 
meteorological factors and spore population are 
shown in Fig. 7. In this study, we introduce 
ANN model for prediction of spore population 
of rice blast before its actual occurrence in the 
field, more data are however needed for 
validation of the model. The approved model 
may then be used for timing of fungicide 
applications that will lead to reduction in 
pesticide usage in the field. 
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Table 1 Correlation matrix for variables used for modeling rice blast fungus spore population fluctuations in 
Rasht (A) and Lahijan (B). 

A  P Rhavr Rhmax Tavr Tmax Sun spore 
 P 1.000       
 Rhavr -0.2238 1.000      
 Rhmax -0.0384 -0.0594 1.000     
 Tavr 0.1320 -0.4555 -0.1368 1.000    
 Tmax -0.1018 0.5183 0.1621 -0.9398 1.000   
 Sun 0.1617 0.1833 -0.1219 0.3824 -0.5005 1.000  
 spore 0.0312 0.0230 0.0725 0.0749 -0.1069 0.1997 1.000 

 
B  P Rhavr Rhmax Tavr Tmax Sun spore 

 P 1.000       
 Rhavr -0.2513 1.000      
 Rhmax 0.0767 -0.6604 1.000     
 Tavr 0.1171 -0.4400 0.3631 1.000    
 Tmax -0.1258 0.5345 -0.4143 -0.9360 1.000   
 Sun 0.1231 0.1423 -0.0195 0.4989 -0.5762 1.000  
 spore 0.0378 0.1001 -0.0824 -0.0626 0.0489 0.0917 1.000 
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Figure 7 Frequency distribution and Matrix scatter plots between log (x + 1) transformed Pyricularia grisea 
spore population and Maximum Temperature (A), Minimum Temperature (B), Average Temperature (C), 
Maximum Humidity (D), Minimum Humidity (E) and Average Humidity (F) in Rasht. 
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آب و هـوايي بـا اسـتفاده از     شـرايط  ثيرأتحت ت Pyricularia grisea سازي نوسانات جمعيتيمدل
  شبكه عصبي مصنوعي در استان گيلان

  
  * ناصر صفايينژاد وشيده موجرلو، صديقه موسي

  
  .شناسي گياهي، دانشكده كشاورزي، دانشگاه تربيت مدرس، تهران، ايرانگروه بيماري

  nsafaie@modares.ac.ir: يسنده مسئول مكاتبهپست الكترونيكي نو* 
 1391 اسفند 7: ؛ پذيرش1391 مهر 24: دريافت

  
هـاي  شود، يكـي از بيمـاري   ايجاد ميPyricularia griseaقارچ بيماري بلاست برنج كه توسط : چكيده

آب و  ل  عوام ـارتباط بـين جمعيـت اسـپور و         بررسي  منظور  به. باشدم اين محصول در دنيا و ايران مي       مه
 در  1387 تـا    1385ل زراعـي    صورت روزانه طي فـصو    ههوايي، جمعيت اسپور با استفاده از تله اسپوري ب        

هاي هواشناسي شامل ميزان بارش،     داده. گيري شد اندازه) استان گيلان ( و لاهيجان    هاي رشت شهرستان
از بـود كـه     ساعات آفتابي   حداقل و حداكثر دماي روزانه، حداقل و حداكثر رطوبت نسبي روزانه و ميزان              

ارتباط بين جمعيت اسپور و     . دست آمد ه كيلومتر با مزارع فاصله داشت، ب      5ايستگاه هواشناسي كه حدود     
جمعيـت  و هـاي آب و هـوايي   داده.  ارزيابي شدNeurosolution 5.0افزار كمك نرم هوايي بهآب وعوامل 
در ايـن بررسـي از شـبكه عـصبي          . ر گرفتـه شـد    نظخروجي در ورودي و   عنوان متغير   بهبه ترتيب   اسپور  

ضـريب  .  براي جمعيت اسـپور اسـتفاده شـد   log (x + 1)پرسپترون چند لايه و مدل رگرسيون و تبديل 
نتايج نشان داد كه، پارامتر . كار گرفته شدههمبستگي و ميانگين مربعات خطا براي ارزيابي كارايي مدل ب         

، 55/0ترتيـب   هاي رشت و لاهيجـان بـه      ميانگين مربعات خطا براي شهرستان    آماره  ضريب همبستگي و    
فاده از شـبكه  دست آمده بـا اسـت  ههمچنين نتايج اين تحقيق كارايي مدل ب      . باشد مي 03/0،  1/0 و   03/0

دهد، البته فاكتورهاي آب و هوايي را نشان مي   بيني جمعيت اسپور با استفاده از       عصبي مصنوعي در پيش   
سـازي ارتبـاط بـين      اين اولـين گـزارش از مـدل       . باشدتري براي اعتباريابي مدل نياز مي     هاي بيش به داده 

  .باشد استفاده از شبكه عصبي مصنوعي ميجمعيت اسپور و فاكتورهاي آب و هوايي با
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