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Abstract. In crop farming, pests and plant diseases cause
losses for both grain yield and quality. The fungicides are
used for yield protection. With the accurate plant disease
prediction system, the farmers could optimize the chemical
spraying and save money and environment. The plant dis-
ease modelling is challenging and widely discussed topic in
modern agriculture. This short paper introduces the novel
point of view for the net blotch prediction. In this approach,
the weather measurements are combined with the historical
net blotch observations and the data based prediction sys-
tem is introduced. The estimation scheme is demonstrated
with the example of the selected observation field data.

Introduction

The net blotch is a common barley disease caused by
fungus Pyrenophora teres. It exists all over the world
and affects both grain yield and malt quality [Bogacki et
al. 2010]. For example, in Finland the net blotch was
present in 86% of the investigated barley fields in 2009
(Jalli et a. 2011).

The weather has an influence on the occurrence of
plant diseases and the different pathogens need different
conditions leading into the infection. The prediction of
the plant diseases can be a valuable tool for optimizing
the use of the fungicides, but the reliable prediction is
complicated. [Hardwick 2002].

The minimized usage of chemicals save money and
environment and with the accurate prediction, the chem-
icals could be sprayed only when needed. The data
analysis and modelling, but also knowledge about plant
diseases, are the components for reliable disease fore-
casting [Hardwick 2006].

Cunniffe et al. (2015) discussed thirteen challenges
in plant disease modelling. The authors focused particu-
larly on disease prediction and control with epidemio-
logical models. In that article, the challenges are parti-
tioned into three groups. Modelling the plant host, mod-
elling the pathogen, and modelling for control.

In this short paper, the data based modelling with
feature generation is applied to the estimation of net
blotch occurrence. The main principles of the prediction
system are shortly described and the results are dis-
cussed. Generally, the aim of this research is the ade-
quate prediction accuracy and the smple model struc-
ture for prediction the selected plant disease as in
(Méyraet a. 2018).

1 Materials and Methods

Two different datasets — the weather data from the open
database of Finnish Meteorological Institute (FMI) and
the data of the net blotch observations are combined and
utilized for net blotch prediction. The observations of
the net blotch are collected and pre-processed by The
Natural Resources Institute Finland (Luke) during the
years 1991 — 2015. The data included the information
about the net blotch observations in twenty different
localities with the varying time scale. The fields, which
are used as an example here, locate in the Southern part
of Finland. The weather conditions and the beginning
date of the growing season alternate between years
during the observation period. To make different years
comparable, the data was normalized and the time step 0
is the beginning of the growing season in every data set.
The whole analysis and evaluation of the results are
performed in the Matlab® software environment. The
principle of this study — the utilization of data fusion
and advanced data analysisis presented in Figure 1.
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Figure 1: The principle of the net blotch prediction; the
data fusion and the advanced data analysis.

The yearly weather measurements were divided into
separate groups according to the occurrence of the net
blotch. In addition, one group included the weather data
of those years, when the net blotch was not observed.
Later, the years with no net blotch is called as ‘normal
situation’. The other dataset included weather measure-
ments of those years, when the net blotch appeared. The
variablesincluded in the data analysis were

o the place of observation,

o the date of observation,

o therainfall per day [mm],

« the average temperature per day, (T,avg) [°C],

o the daily minimum temperature, (T,min) [°C] and
o the daily maximum temperature, (T,max) [°C].

The datasets, which were used in this research, included
the weather observations from the latest years, specifi-
caly four years with, and four years without the exist-
ence of the net blotch.

The dtatistical characteristics of the weather data
were first computed to find out any differences between
the data sets with or without the net blotch. The statisti-
cal characteristics are presented in Table 1.

The feature generation was performed to improve
the information content of the data. More about the
features and their use are presented, for example, by
Dash and Liu (1997) Garcia-Torres et a. (2016), and
Pérez-Rodriguez et al. (2015). In this study, feature
generation technique presented by Ruusunen (2013, p.
50) was utilized. Briefly, in this method the features are
generated by fusing the above listed variables with
different mathematical operations. The feature values in
the beginning of the growing season are then summed
cumulatively. The aim is to separate the cumulative
summed feature values according to the net blotch ap-
pearance. Weather conditions favouring the net blotch
occurrence can be predicted with weather measurements

and suitable features. For this case, the most suitable
features were found by exhaustive search and visua
inspection. Also T-test was tested in the feature selec-
tion step. Further research comprising several observa-
tion fields and the feature evaluation has to be automat-
ed for example by using T-test. The modelling proce-
dure is demonstrated step by step in Figure 2.
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Figure 2: Modelling steps.

2 Results and Discussion

As presented in the Table 1., the datasets seem sta-
tistically similar. To find out those years that differs
from the normal situation, the feature generation step
was performed.

fc|)elbz M ean Std Median
No/Yes No/ Yes No/ Yes
Rain fall 1,2/1,6 42155 0,0/0,0
T, avg 11,8/11,8 5,7/5,6 12,5/13,0
T, min 6,6,/6,7 56/5,9 73175
T, max 17,3/17,1 6,4/6,1 17,8/179

Table 1: The statistical characteristics of the observation
field data. The characteristics are presented as per
variables (the left column) according to the occur-
rence of the net blotch (No / Yes).

The grouping of the weather data sets (with or without
the net blotch) was next studied with the combination of
the feature generation and cumulative sum. Among the
total of 110 generated alternatives, the suitable feature
for this case was chosen as
(x+y)ly, 1)

where x isthe rainfall per day and y is the average value
of daily temperature.

The years without net blotch observations are pre-
sented with the solid lines and the years when the net
blotch appeared are plotted with the dash linesin Figure
3. Thetime scale (x-axis) is 10 days and the time step O
is the beginning of growing season.
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Figure 3: The datasets are grouped by using feature gen-
eration. The years with no net blotch (solid
lines), the years with the net blotch (dashed
lines).

In the presented example, grouping and separation of
the data sets according to the appearance of the net
blotch was possible by using the feature generation
technique. As plotted in Figure 3, the charts forms own
“pipes’ and the years with the net blotch separate this
way from the normal situation.

The results strongly indicate that the presented
method is a simple but applicable tool for the prediction
of the net blotch occurrence. The simple structure is
easy to adapt to another observation fields thanks to
non-parametric features. On the other hand, the evalua-
tion of the presented method still needs more example
cases. The scopes of the further research are the general-
ization and validation of the presented prediction meth-
od with data sets from different localities. Also the
usability in the prediction of the different plant diseases
has to be studied.
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