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Abstract. Septoria tritici blotch (STB) is among the most important crop diseases causing continuous threats to wheat production worldwide. STB epidemics are the outcome of interactions between susceptible host cultivars,
favorable environmental conditions, and sufﬁcient quantities of pathogen
inoculum. Thus, to determine whether fungicide sprays should be applied to
prevent the risk of epidemics that might otherwise lead to yield loss, weatherbased systems as stand-alone or combined with other disease or agronomic
variables have been implemented in decision-support systems (DSS). Given the
economic importance of wheat in Morocco and increasing concerns caused by
fungal plant pathogens in wheat-growing regions, DSS integrating a disease risk
model would help to limit potentially harmful side effects of fungicide applications while ensuring economic beneﬁts. Here we describe the use of an artiﬁcial intelligence algorithm, i.e. the artiﬁcial neural network, within a weatherbased modelling approach to predict the progress of STB in wheat in Luxembourg. The reproducibility of area-speciﬁc modelling approaches is often a
hurdle for their application in operational disease warning system at a regional
scale. Hence, we explore the potential of coupling artiﬁcial intelligence algorithms with weather-based model for predicting in-season progress of a major
economically important fungal disease – wheat stripe rust – in selected wheatproducing regions in Morocco.

© Springer Nature Switzerland AG 2020
M. Ezziyyani (Ed.): AI2SD 2019, AISC 1103, pp. 1–9, 2020.
https://doi.org/10.1007/978-3-030-36664-3_18

2

M. El Jarroudi et al.

1 Introduction
Machine learning (ML) has become a paramount topic in research and industry, with
new algorithms being developed and applied in several and various ﬁelds. ML
encompasses statistical methods that learn to identify patterns in complex datasets.
Agriculture is critically important to the economy of many countries worldwide. In the
agricultural research, ML techniques are used for various purposes including plant
stress phenotyping, identiﬁcation and prediction of crop diseases (Kranth et al. 2018;
Sperschneider 2019; Yang and Guo 2017). Compared to statistical models, ML techniques focus on data themselves and emphasize the performance of certain tasks.
Recently, technological methods have been designed for the identiﬁcation of plants and
detection of their diseases in order to meet the new challenges faced by farmers and
their learning needs (Prasad et al. 2017).
Wheat is one of the top three staple foods in the world, next to rice and maize (FAO
2018). To protect wheat crop against plant diseases, reliable and timely information on
these diseases epidemics are crucial for optimizing the use of fungicides while ensuring
economic beneﬁts. Decision-support systems (DSS) based on plant disease forecast
models are increasingly used in integrated disease management programs (Verreet et al.
2000; Wegulo et al. 2011; El Jarroudi et al. 2015). Plant disease epidemics of fungal
origin result from the interaction between the pathogens, presence of susceptible hosts,
and favorable meteorological conditions. Meteorological variables are most often the
data used as inputs of disease forecasting models for fungal diseases of wheat (Triticum
aestivum L. and Triticum turgidum ssp. Durum). Meteorological variables are most
often the data used as inputs of disease forecasting models for fungal diseases, with air
temperature, relative humidity, and rainfall being by far the most important. Over the
past decades, continuous studies have been performed to investigate the interactions
between plant immune response and pathogens. The development of ML algorithms, as
a collection of analytic methods that automate model building process and iteratively
learn from data to gain insights without explicitly programing, provides powerful and
efﬁcient tools to investigate the optimization of fungicide application using DSS. The
overall goal of this paper was to describe the use of an artiﬁcial intelligence algorithm,
i.e. the artiﬁcial neural network, within a weather-based modelling approach to predict
the progress of Septoria tritici blotch (STB, caused by Zymoseptoria tritici (Desm.)
Quaedvlieg & Crous) in wheat in Luxembourg. The reproducibility of area-speciﬁc
modelling approaches is often a hurdle for their application in operational disease
warning system at a regional scale. Hence, we also explored the potential of coupling
artiﬁcial intelligence algorithms with weather-based model for predicting in-season
progress of a major economically important fungal disease – wheat stripe rust – in
selected wheat-producing regions in Morocco.
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2 Predicting the Progress of Septoria Leaf Blotch in Wheat
Using Artiﬁcial Neural Network (ANN)
2.1

Overview of the Decision-Support System Used for Managing
Fungicide Applications

In Luxembourg, a DSS is currently used within a countrywide disease warning system
to help wheat growers limit potentially harmful side effects of fungicide applications
while ensuring sustainable economic beneﬁts (El Jarroudi et al. 2015; El Jarroudi et al.
2018). STB is among the most economically important plant fungal diseases causing
continuous threats to wheat production in Luxembourg. The DSS relies on four
weather-based models including the mechanistic PROCULTURE model, which is used
to simulate the emergence of the ﬁve youngest leaves as well as the availability of Z.
tritici inoculum to infect those leaves (Moreau and Maraite 1999; El Jarroudi et al.
2009); two threshold-based models for predicting wheat leaf and stripe rusts infection
and progress (El Jarroudi et al. 2014; El Jarroudi et al. 2017; Aslanov et al. 2019); and a
model for simulating the progress of wheat powdery mildew (El Jarroudi et al. 2011).
The model inputs used are hourly meteorological (i.e. maximum and minimum air
temperatures, relative humidity, and rainfall) and leaf wetness data, along with
observed disease incidence and severity.
To get a continuous spatial coverage of Luxembourg, couple the PROCULTURE
model to 12-hourly operational weather forecasts at 1 km resolution is adopted.
Weather forecasts are provided using the Weather Research and Forecasting
(WRF) model for Luxembourg. Because the WRF model does not provide leaf wetness
directly (Chen and Dudhia 2001), an artiﬁcial neural network (ANN) that establishes a
link among observations of leaf wetness and meteorological measurements is used to
estimate this variable. ANNs can be used to derive a complex nonlinear relationship
among (observed) input and output data without one knowing the exact physical
interrelationships involved (Lopez et al. 1998).
2.2

Evaluation of the ANN in Luxembourgish Conditions

Study Area and Methodology
The approach of using ANN to estimate leaf wetness periods in wheat was tested at the
ﬁve sites selected across the key wheat-growing areas in Luxembourg during the 2007
growing season. Four test plots with winter wheat (Burmerange [49°29ʹN, 6°19ʹE],
Christnach [49°47ʹN, 6°16ʹE], Everlange [49°46ʹN, 5°57ʹE], and Reuler [50°03ʹN, 6°
02ʹE]) were equipped with automatic weather stations (AWS) and dielectric leaf
wetness sensors (LWS) from DECAGON DEVICES were established at each of the
study sites. The LWS were set up at 10 cm, 30 cm, 60 cm and 120 cm above the
ground. To evaluate whether the sensor’s orientation has any inﬂuence on the measurements, two sensors were mounted 120 cm above ground, orientated north and
south (Fig. 1).
The sensor’s output signal at 5-min temporal resolution can range from 445 raw
counts (totally dry) up to 1400 raw counts (totally wet). Following the advice provided
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Fig. 1. Set up of air temperature and leaf wetness sensors (Junk et al. 2008).

by DECAGON DEVICES (2006), we used a threshold of 460 raw counts to separate
dry from wet conditions. As PROCULTURE model inputs are at hourly intervals we
resample the 10-min AWS (averages) as well as the leaf wetness (number of time
intervals with wet sensor) measurements to hourly temporal resolutions. Additionally,
the saturation vapor pressure (hPa), the absolute humidity (g/m3) as well as the dew
point (C) were calculated from the AWS measurements and used as predictors for the
neural network (Junk et al. 2008).
Hourly measurements of leaf wetness, air temperature, relative humidity and precipitation, as well as the calculated data of saturated vapour pressure, absolute humidity
and the dew point temperature were randomly split into three data sets: 70% for model
training, 15% for model testing, and 15% for model validation. The training set
determines the adjusted weights between the neurons. During the training period, the
network is tested against the test data to determine the accuracy of the derived statistical
relationship. The training procedure is stopped, as soon as the mean average error
remains unchanged. The ability of the derived ANNs to reproduce the validation data
was the veriﬁed (Junk et al. 2008).
Results: Satisfactory Performance of ANN in Predicting Leaf Wetness Periods
Given the poor performance of a multiple linear stepwise forward regression to estimate values of leaf wetness periods (R2 < 0.6), ANN to model the non-linear correlation among the leaf wetness (measured in raw counts) and weather conditions.
Different ANN-based models for each study site were calculated. Overall, leaf wetness
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periods were estimated satisfactorily at the study sites in Luxembourg, with R2 up to
0.91. An example of validation results is presented in Fig. 2. Validation results are
shown for the test sites at Burmerange (Fig. 2). ANN-models with good performance
included air temperature, relative humidity, dew point temperature as well as the hours
of the day.

Fig. 2. Scatterplot of ANN-modeled and measured hourly cumulative raw counts of LWS 3 at
Burmerange; data from April 13, 2007 to July 19, 2007 (Junk et al. 2008).

Using ANNs we were able to reconstruct longer leaf wetness time series for the past
years using only the meteorological data as input variables. Having such capabilities
improve the overall performance of the DSS, namely the prediction of STB progress.
Moreover, it is now possible to model the duration of leaf wetness for the whole area of
Luxembourg and any other country using this approach.

3 The Way Forward: Employing Machine Learning
Techniques for Predicting the Progress of Wheat Stripe
Rust in Morocco
Wheat Stripe rust (WSR, caused by Puccinia striiformis) has recently emerged as a
serious threat to wheat production in Morocco (Ali et al. 2017). The 2009–2010
epidemics in North Africa regions occurred due to high frequencies of virulence to
important resistance genes like Yr27 (Ali et al. 2017). WSR epidemics occurred in all
wheat-growing localities in Morocco during the 2018–2019 period, with variable
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severities depending on the level of crop protection. The detection of new and more
aggressive races of P. striiformis such as ‘Warrior’ poses a serious threat to many
previously resistant wheat varieties (http://wheatrust.org/; Hovmøller et al. 2015).
Symptoms of stripe rust include long stripes of small yellow or orange blister-like
lesions called “pustules” (Fig. 3). Apart from cropping of new resistant wheat cultivars,
optimal fungicide spraying appear critical to mitigate the adverse impacts on wheat
yields of such WSR epidemics.

Fig. 3. Symptoms of wheat stripe rust, caused by Puccinia striiformis. (Photo credits: El
Jarroudi M.)

WSR epidemics are the outcome of interactions between susceptible host cultivars,
favorable environmental conditions, and sufﬁcient quantities of pathogen inoculum
(Zadoks 1961; Sache 2000; Hovmoller et al. 2002; Te Beest et al. 2008; El Jarroudi
et al. 2017). WSR had been reported in Luxembourg for decades. A threshold-based
weather model for predicting the progress of WSR has been successfully applied in
Luxembourg (El Jarroudi et al. 2017). Based on weather conditions, infections by
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P. striiformis in commercial wheat ﬁelds were predicted in four main Luxembourgish
wheat-growing areas with a probability of detection (POD) ranging from 0.91 to 1.00;
and false alarm ration values ranging from 0.06 to 0.20 (El Jarroudi et al. 2017). This
assuming that the inoculum is present in sufﬁcient quantity on ﬁelds. Although the
modelling approach has to be evaluated in Moroccan conditions, different venues for
improving the existing approach can be tested concomitantly (using the same data for
model evaluation in Morocco) or separately (using data from Luxembourg). This
includes employing ML techniques for in-season prediction of infections by P. striiformis, along with monitoring other plant diseases. Early detection of disease symptoms allows taking adequate control measures to avoid any yield losses. Thus, the
majority of studies have employed ML for this purpose using reﬂectance measurements
(e.g., Moshou et al. 2004; Low et al. 2017; Ferentinos 2018) or proximal phenotyping
(e.g., Odilbekov et al. 2018). We have started investigating the use of ML techniques
such as Random Forest, Multivariate Adaptive Regression Splines, and Naïve Bayes
Algorithm as potential candidates to predict infections by P. striiformis in wheat.
Coupling artiﬁcial intelligence algorithms with plant disease models in DSS would
deﬁnitely help improve sustainable wheat production.
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