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ARTICLE INFO ABSTRACT
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Leaf wetness is an important input parameter into disease prediction models. The use of machine learning al-
gorithms for the classification of leaf wetness measurements from 30 meteorological stations in North Western
Europe during the period of January 2014 to October 2018 was assessed in this study. The accuracy of the

ﬁ:::g:z?:on empirical models utilised within in this study was enhanced by increasing the relative humidity threshold from
Agriculturgy 90% to 92%. Increasing the relative humidity threshold led to an average increase in the classification accuracy

of 1.12%. The use of machine learning classification algorithms consistently provided more accurate results for
the prediction of leaf wetness when compared to the empirical models that were studied with an average increase
in the classification accuracy of 4.85%. The sub-division of the data into regional subsets had a greater effect on
the accuracy of the models than the temporal sub-division of the data. Machine learning classification techniques
performed well compared with previously established empirical models for the prediction of leaf wetness.
Further improvements in the algorithms are possible, making the techniques studied here a viable research tool.

Crop Disease

1. Introduction

The development of a number of plant fungal and bacterial diseases
are dependent upon the presence of water on plant surfaces, commonly
referred to as leaf wetness (Rowlandson et al., 2015; Sentelhas et al.,
2008) examples include bacterial spot disease of stone fruits and almond
(Morales et al., 2018), Gibberella ear rot in Maize (Rao et al., 1998),
apple scab in apples (Stella et al., 2017) and yellow rust and septoria
blotch in wheat (Matzen et al., 2019). Typically water may accumulate
on the canopy as a result of either rainfall events, irrigation, guttation
(the secretion of droplets of water from the pores of a plant), dewfall
from the atmosphere or distillation from the soil (Amir, 2016; Row-
landson et al., 2015; Sentelhas et al., 2008). As this paper is focussed on
cultivation regions in north-western Europe, irrigation is not considered
as a significant contributor to leaf wetness as it is not common to irrigate
cereal crops or other broadacre crops. Guttation is an internal leaf
process which exudes free water onto the leaf surface, little is known
about guttation except that it primarily occurs on injured leaves and
during periods of intense root growth activity (Jacobs et al., 1994). The

occurrence of leaf wetness is an important parameter as an input vari-
able into a disease prediction model along with temperature. Temper-
ature is an important parameter for all phases of plant disease
development while moisture is important for the infection process and
the release of bacterial spores (Gillespie & Sentelhas, 2008). The
development of accurate disease warning systems has the potential to
allow farmers to reduce the amount of chemical fungicides they apply
without affecting the yield of their crops (Gleason et al., 2008). In the
United Kingdom in 2016 alone, over 5,684.4 tonnes (active substance)
of fungicides were applied to broadacre crops (Garthwaite et al., 2016),
a reduction in this usage would have substantial impacts from both an
environmental standpoint and on the economics of crop production.
Environmental impacts of fungicides and other chemical products
applied to crops present as residues in crop products, side effects on
ground water contamination, impacts on local wildlife and eco-systems,
and so on.

Current methods to determine the occurrence of leaf wetness include
visual observation, threshold or empirical models and physical models
(Kim et al., 2002; Pedro and Gillespie, 1982; Sentelhas et al., 2008;
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Wichink Kruit et al., 2004). The visual observation method is not a
feasible method for implementation as it is time consuming, labour
intensive and is subject to observer interpretation (i.e. at what level of
observed moisture is the leaf considered wet?). The more common
method of measuring leaf wetness is through the use of plate sensors
which measure electrical resistance, as the surface of the sensor becomes
wet the resistance decreases. These sensors have been developed and
deployed since the late 1970's when Gillespie and Kidd (1978) used a
grid of solder-coated copper fingers mounted on a 1 mm thick, epoxy
fibreglass board to compare the drying times of various colours of the
sensors within an onion crop.

The use of leaf wetness sensors on agricultural meteorological sta-
tions is limited, as a consequence many models for the prediction of leaf
wetness have been developed including, but not limited to, (Gleason
et al., 2008; Pedro and Gillespie, 1982; Rao et al., 1998). These models
include both physical and empirical models. Empirical models are based
on readily available meteorological data such as rainfall, relative hu-
midity and windspeed (Francl & Panigrahi, 1997). Francl and Panigrahi
(1997) reported that surface wetness obviously coincides with rainfall
events, however, the time surfaces remain wet after rainfall is a more
complex issue and depends on post-precipitation environmental condi-
tions that influence drying times. An advantage of empirical based
models over physical based models is that they require fewer input
variables that are more readily available for most regions where crops
are cultivated (Montone et al., 2016). Physical models for the prediction
of leaf wetness may provide a more accurate prediction, however, the
need for complex environmental conditions related to cloud cover, solar
radiation, energy fluxes, crop growth parameters and soil parameters
make the models complicated and less suitable as general models for the
prediction of leaf wetness over larger areas (Allen et al., 1998; Bregaglio
et al., 2011; Montone et al., 2016; Stella et al., 2017).

Remote sensing of agricultural crops from both satellite and drone
images has become increasingly common in recent years (Huang et al.,
2018; Maes & Steppe, 2019). Leaf wetness may play an important role in
the accuracy of the models produced from these images. Hornbuckle
et al. (2006) and Hornbuckle et al. (2010), have demonstrated that free
water, in the form of dew, on the canopy of a maize crop had the effect of
decreasing the brightness temperature of that crop while free water on
the canopy of a wheat and grass crop had the effect of increasing the
brightness temperature of the crop at the 1.4 GHz frequency of the Eu-
ropean Space Agency’s Soil Moisture and Ocean Salinity satellite. If the
effect of free water upon canopies is not taken into account during image
acquisition estimations of soil moisture could be biased which may have
an effect on drought stress, yield prediction and disease monitoring
models of crops.

Machine Learning (ML) has been defined by Liakos et al. (2018) as
the scientific field that gives machines the ability to learn without being
strictly programmed allowing for large non-linear problems to be solved
autonomously (Chlingaryan et al., 2018). ML techniques have been
adopted in a range of agricultural problems in order to help with the
prediction and classification of a diverse range of parameters. Piedad
et al. (2018) utilised tier-based ML combined with machine vision for
the postharvest classification of banana with an accuracy of 94.2%
achieved using the Random Forest (RF) classifier. A number of ML al-
gorithms combined with spectral reflectance values have been imple-
mented by Karadag et al. (2020) to detect fusarium disease in peppers.
The average success rate for the classification of peppers into diseased
and healthy peppers was found to be 100% for the K-nearest neighbours
(KNN) algorithm, 97.5% for an artificial neural network algorithm and
90% for the Naive Bayes algorithm (Karadag et al., 2020). Mehra et al.
(2016) used ML techniques, mainly artificial neural networks and RF to
predict the risk of Stagonospora nodorum blotch in winter wheat using
pre-planting factors.

This paper specifically seeks to investigate the efficacy of ML tech-
niques for the prediction of leaf wetness in North-Western Europe. It
compares five popular ML classification algorithms with six pre-existing
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empirical models for the prediction of leaf wetness in a temperate
maritime climate. This paper is novel as it constitutes the first compre-
hensive methodological study which compares a range of ML techniques
with established ‘blue ribbon’ benchmarks for the prediction of leaf
wetness. To date limited work has been undertaken in considering ML
techniques for the prediction of leaf wetness.

2. Machine learning classification background

The classification methods used in this paper are each briefly
described in the subsections below (Sections 2.1 to 2.7), the aim of this
paper is not to provide an exhaustive explanation of each classification
method, but to give an understanding of how each method operates.
Further detail on all of the classification methods used in this paper and
the underlying mathematical processes of each can be found in the
Scikit-learn documentation (https://scikit-learn.org/stable/supervised_
learning.html#supervised-learning). The described classification
methods were chosen as a review of scientific literature shows them to
be the most commonly used algorithms for classification purposes of
agricultural and meteorological data.

2.1. Support Vector classification (SVC)

Support Vector Machines (SVMs) are a group of supervised learning
algorithms, which can be used for both classification and regression
purposes (Binkhonain & Zhao, 2019). The objective of SVM algorithms
is to find a hyperplane in N-dimensional space (with N being the number
of features used to develop the model) which distinctly classifies the
data points. SVMs attempt to maximise the distance between data points
of the classes used in the classification, in the case of this paper the ‘wet’
and ‘dry’ time periods (Binkhonain & Zhao, 2019; Leena & Saju, 2019).
These algorithms look for all data points that are close to the opposing
class. These data points, which are known as support vectors, are
important in the classification task, while the rest of the training data
points are ignorable. Thereafter, the best separation line, known as the
decision boundary, is defined (Leena & Saju, 2019). Due to the long
training time required for SVC algorithms on large datasets with non-
linear kernels, LinearSVC was used in this study. According to Pedre-
gosa et al. (2011) LinearSVC is appropriate for large datasets (where the
number of samples is > ~50,000) as the fit time complexity is more than
quadratic with the number of samples making it difficult to scale to
larger datasets.

2.2. Gaussian Naive Bayes (GNB):

GNB is a statistical method based on Bayes’ theorem, with a strong
‘assumption of independence between features’ (Karadag et al., 2020).
GNB computes the probability of an input that is relevant to a specific
pre-defined class, with the help of certain statistical functions (Bink-
honain & Zhao, 2019; Kamilaris and Prenafeta-Bold, 2018). The output
of this algorithm is the category with the highest probability (Bink-
honain & Zhao, 2019; Kamilaris and Prenafeta-Boldd, 2018; Karadag
et al., 2020). The Bayesian approach for classification consists in finding
the most probable class for a new example within a finite set of classes
given the attributes that describe this example (Casamayor et al., 2010;
Rehman et al., 2019).

2.3. Decision tree (DT)

DTs are logic based algorithms where datasets are modelled in hi-
erarchical structures using a series of comparisons of if/else statements
to arrive at a homogenous classification of a target variable (Alpaydin,
2010; Moller et al., 2019). Each node in the tree consists of either de-
cision nodes containing terms or ‘leaves’ (Alpaydin, 2010), which
consist of class label predictions. The branches are labelled by the
weight of each term in the document (Binkhonain & Zhao, 2019;
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Chlingaryan et al., 2018).
2.4. Random forest (RF):

A RF is a collection of DT classifiers grouped together to form a forest
(Breiman, 2001; Chaudhary et al., 2016). RFs are popular machine
learning algorithms used for several types of classification tasks for noisy
and unbalanced data and can identify non-linear patterns in the data
(Chaudhary et al., 2016; Hart et al., 2019). A RF algorithm builds a
collection of independent DTs whose results are combined to make a
prediction for a given data record. Every tree of the forest gives a unit
vote, assigning each input to the most probable class label (Hart et al.,
2019; Saggi & Jain, 2019). Some of the major advantages of the RF
classifier is that they are fast to train and do not suffer from over fitting,
even if more trees are appended to the forest (Chaudhary et al., 2016;
Hart et al., 2019).

2.5. K Nearest neighbours (KNN)

KNN is a statistical method used to predict the new input by
computing the similarity between the test data and the new instance
through finding the nearest K data points in the training dataset based on
certain distance functions (Karadag et al., 2020). K represents the
number of nearest data points (i.e. neighbours) (Alpaydin, 2010;
Chlingaryan et al., 2018; Khan et al., 2010).

2.6. Logistic regression (LR):

LR estimates the probability of a binary response variable based on a
set of predictor inputs (Hart et al., 2019; Sirsat et al., 2017). Unlike
linear regression which outputs continuous number values, LR trans-
forms its output using the logistic sigmoid function to return a proba-
bility value which can then be mapped to two or more discrete output
classes (Hart et al., 2019; Piccini et al., 2019).

2.7. Multi-Layer Perceptron (MLP)

An MLP is a type of feed forward artificial neural network (Piedad
et al.,, 2018). For classification problems, the aim of an MLP is to
approximate a nonlinear function to map covariates to a class label from
a set of K possible class labels using model parameters (Augusta et al.,
2019; Goodfellow et al., 2016). These model parameters are in effect the
values of the weights on the connections between nodes (Goodfellow
etal., 2016). Modelling begins with the input layer, proceeds to (at least)
one hidden layer, and ends at the output layer (Ferentinos, 2018;
Kamilaris and Prenafeta-Boldi, 2018). There are no feedback connec-
tions in which outputs of the model are fed back into itself (Saggi & Jain,
2019).

3. Materials and methods
3.1. Meteorological data

Meteorological data for this study was collected from 31 weather
stations from across the United Kingdom (Fig. 1.) These weather stations
were also grouped into smaller regions to determine if better predictions
could be made from similar regions as opposed to a general model for
the entire of the United Kingdom. The regional subsets of the data were
determined following a visual assessment of the spatial distribution of
the meteorological stations that were used in this study. All of the
weather stations recorded rainfall (mm), air temperature (°C), relative
humidity (%), windspeed (m s’l), wind direction (°) and solar radiation
(W m™2) in 15 min intervals between January 1st 2014 and October
22nd 2018 totalling 3.23 million weather records.

All of the sensors used in this study were supplied by ADCON (http
s://www.adcon.com/products/sensors-284/), OTT HydroMet GmbH,
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Klosterneuburg, Austria). Rainfall was measured with a resolution of
0.2 mm (£1% < 50 mm h_l; + 3% 50 — 100 mm h_l; + 5% > 100 mm
h™1) using the RG1-200 tipping bucket rain gauge. Air temperature
(£0.1 °C) and relative humidity (+1% 0 — 90% and =+ 2% 90 — 100%)
were measured using the TR1 combi-sensor. Wind speed was measured
with the 3 cup anemometer (+0.3 m s’l) and wind direction was
measured with the wind vane (£2°) of the Ventol wind sensor set. Solar
radiation was measured using the SP-Lite pyranometer. The pyran-
ometer has a temperature dependence of + 0.15% °C~! and a directional
error of + 5% at 80°. Soil temperature (°C, & 0.3 °C) was recorded at a
depth of 10 cm using the ST2 sensor (Fig. 1.). Leaf wetness was measured
using the WET leaf wetness sensor. The leaf wetness sensor has an output
that is between 0 and 10, this was converted to a dichotomous signal (0;
dry and 1; wet) for comparison with other relevant studies. Readings
from this sensor between 0 and 3 were deemed dry whilst readings from
4 to 10 were deemed wet in accordance with the sensors technical data.
All of the meteorological stations used in this study followed a rigorous
installation process and undergo routine monitoring and maintenance to
ensure no issues with biofouling and leaf build up affect the measure-
ments for prolonged periods of time.

3.2. Leaf wetness models

The ML models were compared against previously published
empirical models for the prediction in leaf wetness. The empirical
models that were chosen for comparison included models that were
developed solely using meteorological data as input parameters as no
information on the soil characteristics, canopy height measurements or
Leaf Area Index (LAI) measurements were available for inclusion from
other physical based models. Threshold models are a subset of empirical
models that define a time period as wet if a meteorological variable,
typically relative humidity (RH), is greater than a specified value. The
current threshold value that is widely used is when RH > 90%. The
authors also increased the threshold values of RH to 92% and 95% to
determine if these higher values would lead to more accurate pre-
dictions. van Jaarsveld (2004) outlined a threshold value of RH > 87%
which is used in the atmospheric transport model (OPS) of RIVM. Kim
et al. (2002) expanded on a model that was previously published by
Gleason et al. (1994) which used a classification and regression tree
(CART) approach (Fig. 2) combined with a stepwise linear discriminant
regression and a corrected windspeed factor to estimate the leaf wetness
duration (LWD) of 15 sites in the United States. The DPD parameter
illustrated in Fig. 2 is the Dew Point Depression which is defined as the
difference between the air temperature and the dew point. Hours are
classified as wet if either Inequality 1 or Inequality 2 are met. The model
developed by Kim et al. (2002) predicted the LWD more accurately than
a proprietary model for both the dew eligible and dew ineligible time
periods.

Inequality 1 = (1.6064/Tg + 0.0036T%,
Wind*DPD —0.0035T;*RH) > 14.4674

Inequality 2 = (0.7921/Ty; +0.0046RH —2.3889Wind —0.039T;*
Wind +1.0613Wind*DPD) > 37.0

The final two empirical models used for the prediction of leaf
wetness are extended from threshold models outlined by (Wichink Kruit
et al., 2004). These models account for changes in the RH over a defined
time period. In this study two time periods were used, 15 min and 30
min. The models define a time period as wet if the RH is above 87%, and
dry if it is below 70%. For RH values between these values leaves are
assumed to be wet if the RH increases by>3% in the time period and dry
if it decreases by >2% (Wichink Kruit et al., 2004).

+ 0.1531RH —0.4599

3.3. Machine learning classification algorithms

The Scikit-learn module (Pedregosa et al., 2011) in the Python pro-
gramming language compiled into a script was used to test whether or
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Fig. 1. Map of the locations of the weather stations used in this study and sub-regions for localised determination of leaf wetness. Blue +; stations with soil tem-
perature measurements, Red +; stations without soil temperature measurements, numbers indicate the station ID.
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Fig. 2. Classification and Regression tree for the prediction of leaf wetness duration used by Kim et al., 2002.

not the described ML classification methods could correctly differentiate
the time periods of weather data into two classes of leaf wetness: ‘wet’
and ‘dry’. The Scikit-learn module was selected as Python is considered
globally to be one of the most popular programming languages for sci-
entific computing and has extensive scientific libraries available. In this
study the data was split into training and test sets with the test set size
being 20% of the initial dataset. All of the classification methods were
set to default parameters unless specified otherwise. The air tempera-
ture, rainfall, relative humidity, solar radiation and windspeed param-
eters were used as input variables in all of the models that were
developed in this paper. The soil temperature variable was only used as
an input variable in the subset of data that looked at the meteorological
stations that had this sensor installed. Data points were only considered
as outliers if they exceeded possible ranges (e.g. a relative humidity
value of >100%) otherwise all data points were included in the datasets.
The data was not normalised prior to classification. 3-fold cross vali-
dation was used to validate model robustness. 3-fold was used as Feng
et al. (2008) found no statistical difference between this and 5-fold cross
validation techniques. Also Romeiko et al. (2020) found 3-fold cross
validation useful for implementation on agricultural data such as that
utilised in this study.

3.4. Model metrics

In this section we describe the measures that were used to evaluate
the performance of the models developed. This paper presents results of
the performance of the models on the test set data. The confusion matrix
of each model was obtained which allowed for the classification accu-
racy and a number of performance metrics to be calculated. These
metrics included the precision, recall, specificity and F-score. The log loss
and AUC-ROC score for each model were also obtained. The classifica-
tion accuracy is defined as the number of correct predictions / total
number of predictions ((TP + TN) / (TP + TN + FP + FN)), where TP is
true positives, TN is true negatives, FP is false positives and FN is false
negatives. Precision is defined (Binkhonain & Zhao, 2019) as TP/(TP +
FP). It measures the total number of correctly classified observations
with respect to the total number of observations retrieved. Recall (also

called the true positive rate) measures the fraction of observations that
were correctly classified by the model and is expressed as TP/(TP + FP)
(Kamilaris and Prenafeta-Boldd, 2018). Specificity (also referred to as
the true negative rate) is the opposite of Recall and is defined as TN/(TN
+ FP). The F-Score corresponds to the trade-off value of precision and
recall is the harmonic mean of the two (Kamilaris and Prenafeta-Bold,
2018). It is expressed as 2 * (precision x recall) / (precision + recall).
The F-Score, which is also commonly referred to as the F1 score, can also
be considered as a measure of a models robustness, with higher F-Scores
allowing for greater confidence in the predictions made by the classifier.
The ROC score outlines the diagnostic ability of a binary classification
system. Hindle et al. (2013) argue that the ROC score is less biased when
compared to measures such as the F-Score which tends to skew towards
the positive class in the case of unbalanced class distribution (Bink-
honain & Zhao, 2019). ROC curves describe how good the models are at
predicting the positive class when the actual outcome is positive and for
this reason were chosen to display the results of the models evaluated in
this work. The area under the ROC curve (AUC) is a measure of how well
a parameter can distinguish between two classes (wet/dry). For the ROC
curves displayed in this work (for the ML models) the predicted prob-
abilities of achieving a classification result are presented in an effort to
smooth the curves, this was achieved by employing the predict_proba
function of the sklearn module that was utilised to develop the models.
As there is no inherent probability of an outcome associated with the
empirical models the ROC curves for these models have not been
smoothed. The log loss metric measures the uncertainty of the proba-
bilities of a model by comparing them to the actual labels. The lower the
uncertainty of the prediction the better the model is at predicting the
correct classification class.

4. Results and discussion

The accuracy results from the K-means models ranged from 44.23%
to 67.12% with an average accuracy of 51.77% and were therefore not
presented in this study.

Table 1 shows the results of the models produced using the entire
dataset and the subset produced using the soil temperature parameter as



Table 1
Performance metrics with standard deviation in parentheses for the unfiltered and soil temperature dataset models®.
Data Subset Model A P R S F L Model” A’ P R S F L
All Records‘[3,229,242] RH > 87 73.43 0.91 0.66 0.88 0.76 9.18 (0.31) GNB 68.63 ™ (0.13) 0.91 0.58 0.89 0.70 8.48 (1.37)
(0.91)° (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01)
RH > 90 76.69 (1.01) 0.87 0.75 0.80 0.81 8.05 (0.35) DT 74.02 "(0.10) 0.80 0.80 0.62 0.80 9.01 (0.05)
(0.01) (0.01) (0.03) (0.01) (0.01) (0.01) (0.01) (0.01)
RH > 92 77.85 0.85 0.81 0.73 0.83 7.65 (0.37) RF 78.24* (0.43) 0.81 0.86 0.63 0.84 7.54 (0.17)
(1.08) (0.01) (0.01) (0.03) (0.01) (0.01) (0.01) (0.02) (0.01)
CART 69.70 (0.61) 0.70 0.95 0.23 0.80 10.46 KNN 77.28 ™ (0.02) 0.82 0.84 0.65 0.83 7.92 (0.03)
(0.01) (0.01) (0.02) (0.01) (0.21) (0.01) (0.01) (0.01) (0.01)
RH_ext15 66.48 (1.01) 0.94 0.51 0.94 0.67 11.58 MLP 80.03™"" 0.82 0.89 0.64 0.85 6.90 (0.02)
(0.01) (0.01) (0.01) (0.01) (0.35) (0.05) (0.01) (0.02) (0.03) (0.01)
RH_ext30 63.78 (0.97) 0.95 0.47 0.95 0.63 12.50 LR 78.72"" 0.84 0.83 0.71 0.84 7.32 (0.03)
(0.01) (0.01) (0.01) (0.01) (0.34) (0.04) (0.01) (0.01) (0.01) (0.01)
LSVC 39.97 ™ (7.89) 0.98 0.08 1.00 0.41 20.74
(0.04) (0.13) (0.03) (0.19) (2.73)
Model A P R S F L Model A P R S F L
Soil Temperature“ RH > 87 71.59 (0.84) 0.90 0.64 0.87 0.75 9.94 (0.38) GNB 65.04 ™ (4.71) 0.91 0.52 0.90 0.66 12.08
[817,082] (0.01) (0.01) (0.01) (0.01) (0.02) (0.10) (0.06) (0.07) (1.63)
RH > 90 74.70 (0.78) 0.86 0.73 0.77 0.79 8.78 (0.30) DT 79.37""" 0.84 0.84 0.70 0.84 7.13 (0.06)
(0.01) (0.02) (0.01) (0.01) (0.16) (0.01) (0.01) (0.01) (0.01)
RH > 92 75.81 0.83 0.79 0.69 0.81 8.31(0.24) RF 83.16" (1.05)  0.85 0.91 0.69 0.88 5.82 (0.37)
(0.79) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.03) (0.01)
CART 68.42 (0.25) 0.68 0.96 0.16 0.80 10.85 KNN 78.42""" 0.83 0.85 0.65 0.84 7.46 (0.01)
(0.01) (0.01) (0.01) (0.01) (0.13) (0.04) (0.01) (0.01) (0.01) (0.11)
RHext15 64.45(1.18) 0.94 0.49 0.94 0.64 12.41 MLP 78.43"(0.31)  0.85 0.81 0.73 0.83 7.45 (0.10)
(0.01) (0.02) (0.01) (0.02) (0.49) (0.01) (0.02) (0.02) (0.01)
RH_ext30 62.02 (1.25) 0.94 0.45 0.95 0.61 13.24 LR 77.50"" (0.26) 0.83 0.83 0.67 0.83 7.77 (0.09)
(0.01) (0.02) (0.01) (0.01) (0.52) (0.01) (0.01) (0.01) (0.01)
LSVC 65.49 ™ (2.01) 0.65 1.00 0.01 0.79 11.92
(0.02) (0.01) (0.08) (0.01) (0.83)
@ Key for parameters: A; Accuracy, P; Precision, R; Recall, S; Specificity, F; F-Score, L; Log loss metric
b

GNB, Gaussian Naive Bayes; DT, Decision Tree; RF, Random Forest; KNN, K-Nearest Neighbours; MLP, Multi-Layer Perceptron; LR, Logistic Regression; LSVC, Linear Support Vector Classification
Numbers in square parentheses refer to the number of records in the dataset
cf. Fig. 1 for the stations that recorded soil temperature at 10 cm depth
Numbers in parentheses refers to the standard deviation from the average following 1 iteration of 3-fold cross validation
f Denotes whether the machine learning model accuracy is significantly greater than the preferred empirical model for that data subset based on the results of a one sample t-test. (ns, not significant; ***, p-value < 0.001;
** p-value < 0.01; *, p-value < 0.05.)
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an independent variable. Soil temperature was chosen as an indepen-
dent variable to determine if soil heat fluxes and evapotranspiration
rates could be accounted for with this variable. From Fig. 3 the variable
with the strongest correlation to leaf wetness is the relative humidity
(Pearson’s R = 0.52) parameter followed by the solar radiation (SPLite)
parameter (Pearson’s R = -0.31). The leaf wetness is negatively corre-
lated with solar radiation as higher readings of solar radiation are
related to bright, clear days which would increase the evaporation of
water from the surface of leaves. This can also be seen as the RH is
correlated with solar radiation with a Pearson’s R value of —0.58. The
low correlation of LW Binary (Fig. 3) to a single input variable illustrates
the complex nature of predicting leaf wetness. The stations that recorded
soil temperature are highlighted in Fig. 1. From Table 1 it appears that
the addition of soil temperature as an independent variable to the
models has a limited positive effect on the accuracy of the models. The
preferred models (Table 1 and Fig. 4) with and without soil temperature
had classification accuracies of 83.16% and 80.03%, respectively.

The 10 cm soil temperature is correlated with the air temperature
with a Pearson’s R value of 0.77 for the meteorological stations used in
this study. Onwuka and Mang (2018) reported that increased soil tem-
perature influences the interspheric process of gas exchange between the
atmosphere and the lithosphere. This may have an effect on leaf wetness
as it would result in greater amounts of atmospheric moisture present at
crop height. Soil temperature also increases the rate of plant growth
(Onwuka & Mang, 2018), and as a consequence this may increase the
amount of guttation from plants which would keep the leaves of plants
wet for longer periods. Kim et al. (2010) reports that a RH threshold of
> 90% has long been used as the standard to estimate LWD. The results
from the empirical models for the full dataset and the soil temperature
dataset in this study show that increasing the RH threshold from 90% to
92% increases the classification accuracy by 1.1% in both datasets. The
increase in the RH threshold also increases the F-Score metric from 0.81
to 0.83 and reduces the log loss metric from 8.05 to 7.65 for the full
dataset, indicating that the model is more robust in predicting the
presence of water on the surface of a leaf. This increase in model ca-
pabilities can also be seen in the ROC curves shown in Fig. 4 and the AUC
values of these curves presented in Table 4 with the RH > 92% model
having a similar or greater area under the curve to the other models. The
area under an ROC curve indicates how well a model can distinguish
between the classes. The results for the threshold model of RH > 95%
did not improve on the RH > 90% model and thus were not shown in this
work. The empirical models that expanded on the RH threshold value,
(RH_ext15 and RH_ext30), and the CART model performed considerably
worse than the RH > 92 model with accuracies ranging from 63.78% to

l 0.8

0.4

Air Temperature 043 044 0014 D022

Rainfall -0.0057 00095 0061

SPLite 043 | 0024

0.0
Relative Humidity | 044 0048

Windspeed 0014 00095

LW Binary 022 0061

Fig. 3. Heatmap of the correlations between the input parameters. LW Binary
refers to the leaf wetness readings from the sensor converted to a dichoto-
mous signal.
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69.7% for the full dataset.

For the full dataset the most accurate ML model in predicting the leaf
wetness was that of the MLP model with an accuracy of 80.03%. The
second best model was the LR model which had an accuracy of 78.72%.
Using soil temperature at 10 cm depth as an independent variable in ML
classification algorithms results in a 7.35% increase in the classification
accuracy when compared with an empirical approach using the RH >
92% threshold, this increases to 8.46% when the standard threshold of
RH > 90% is used. This may be due to the increased rate of evapo-
transpiration from warm soils as reported by Onwuka and Mang (2018).

4.1. Effect of temporal subsets

Table 2 shows the results of the models that were split on a temporal
basis. The time periods for the day-time subset contained records from
07:00 to 19:45, inclusive, while the night-time subset contained records
from 20:00 to 06:45, inclusive. These datasets were not adjusted to ac-
count for any seasonal variation in day length that may occur during the
growing season at the latitudes at which this study was conducted. The
accuracies of the temporal models (Table 2, Table 4 and Fig. 5) were
highest for the models that were developed using the MLP classification
algorithm for both the day-time and the night-time subsets (84.05% and
75.63%, respectively). These models also had the lowest log loss pa-
rameters of 5.51 and 8.42, respectively. The models with the highest
accuracies produced using the empirical approaches were developed
when the RH > 92 threshold was used (81.48% and 73.47% for the day-
time and night-time subsets, respectively). The CART and extended
threshold models were again the worst performing empirical models for
the stations used in this study (Table 2, Table 4 and Fig. 4). As the CART
model developed by Kim et al. (2002) used meteorological data for the
states of Iowa, Nebraska and Illinois in the USA it may not be a suitable
model for use in the humid maritime regions of North-Western Europe.
Although the classification accuracy of the day-time model (84.05%)
was higher than the classification accuracy of the full dataset model
(80.03%), the average accuracy of the temporal models (79.84%) was
comparable with the results of the full dataset model. This result would
indicate that models produced using the full dataset would be more
useful for farmers and decision makers as there would be less confusion
between when/if the day-time model should be used. Henze et al. (2007)
suggest that increasing day length at higher latitudes may affect the
inoculation of some plant diseases. Conversely, night-time periods may
not affect the growth of fungal spores on plants, however, more research
would be needed to support or reject this hypothesis. As a full under-
standing of fungi that cause diseases such as Septoria tritici is not avail-
able, the details of their interactions with cereal crops remains elusive
(Fones & Gurr, 2015). If this hypothesis held true then only leaf wetness
periods during the day-time hours would be needed for disease predic-
tion models allowing for the accuracy of 84.05% to be used. Further
research on this topic would be required before any assessment could be
made.

4.2. Effect of regional subsets

Kim et al. (2010) reported that empirical based models may have
issues with their spatial portability as climactic conditions associated
with leaf wetness may differ by geographical location and the topog-
raphy of the surrounding region (Duttweiler et al., 2008). The data in
this study was sub-divided into 4 regions (Fig. 1) to determine if this had
an effect on the accuracy of the models produced. The results of the
regional models are presented in Table 3 and the ROC curves for the
empirical and ML models are illustrated in Fig. 6 with the AUC values
presented in Table 4. The accuracies of these models ranged from
78.88% to 81.80% for the empirical models and from 83.77% to 88.52%
for the ML models. The average accuracy across the four regions used in
this study for the empirical models and the ML models was 80.07% and
86.19%, respectively (Table 3). This compares to the accuracies of the
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Fig. 4. ROC curves for (a) machine learning models of the full data set, (b) empirical models of the full dataset, (c) machine learning models of the soil temperature
subset, and empirical models of the soil temperature subset (d).

Table 2
Performance metrics and standard deviations in parentheses for the models of the datasets filtered by time period™
Data Subset Model A P R S F L Model A P R S F L
Day-timeh RH > 87 76.83 0.94 0.75 0.83 0.83 8.00 GNB 73.41 "™ 0.94 0.70 0.85 0.80 9.18
[1,749,201] (0.89) (0.01) (0.01) (0.01) (0.01) (0.31) (0.20) (0.01) (0.01) (0.01) (0.01) (0.07)
RH > 90 80.07 0.91 0.82 0.75 0.86 6.88 DT 78.84 "¢ 0.86 0.86 0.56 0.86 7.31
(0.80) (0.01) (0.01) (0.02) (0.01) (0.28) (0.05) (0.01) (0.01) (0.01) (0.01) (0.02)
RH > 92 81.48 0.90 0.86 0.68 0.88 6.40 RF 83.21"" 0.86 0.92 0.53 0.89 5.80
(0.75) (0.01) (0.01) (0.03) (0.01) (0.26) (0.44) (0.01) (0.01) (0.03) (0.01) (0.15)
CART 77.85 0.79 0.97 0.14 0.87 7.65 KNN 81.21 ™ 0.86 0.90 0.53 0.88 6.49
(0.33) (0.01) (0.01) (0.01) (0.01) (0.12) (0.05) (0.01) (0.01) (0.01) (0.01) (0.02)
RH extl5  69.09 0.96 0.62 0.92 0.75 10.68 MLP 84.05™" 0.86 0.94 0.52 0.90 5.51
(1.13) (0.01) (0.01) (0.01) (0.01) (0.39) (0.11) (0.01) (0.02) (0.05) (0.01) (0.04)
RH_ext30 67.24 0.96 0.60 0.92 0.74 11.32 LR 83.19"" 0.87 0.91 0.57 0.89 5.81
(1.07) (0.01) (0.01) (0.01) (0.01) (0.37) (0.10) (0.01) (0.01) (0.01) (0.01) (0.03)
LSVC 76.08 ™* 0.93 0.74 0.82 0.83 8.26
(23.5) (0.02) (0.33) (0.08) (0.33) (8.21)
Model A P R S F L Model A P R S F L
Night-time RH > 87 68.96 0.85 0.48 0.91 0.62 10.72 GNB 71.93 ™ 0.81 0.60 0.85 0.69 9.70
[1,480,041] (0.88) (0.02) (0.01) (0.02) (0.01) (0.31) (0.07) (0.01) (0.01) (0.01) (0.01) (0.03)
RH > 90 72.39 0.80 0.61 0.84 0.70 9.54 DT 69.40 " 0.70 0.71 0.67 0.71 10.57
(1.20) (0.02) (0.01) (0.03) (0.01) (0.41) (0.08) (0.01) (0.01) (0.01) (0.01) (0.03)
RH > 92 73.47 0.76 0.70 0.77 0.73 9.16 RF 73.43 ™ 0.73 0.77 0.70 0.75 9.18
(1.47) (0.02) (0.01) (0.04) (0.01) (0.51) (0.37) (0.01) (0.01) (0.01) (0.01) (0.13)
CART 60.53 0.57 0.91 0.28 0.70 13.63 KNN 73.09 "¢ 0.74 0.74 0.72 0.74 9.30
(0.94) (0.01) (0.01) (0.03) (0.01) (0.32) (0.05) (0.01) (0.01) (0.01) (0.01) (0.02)
RH_ext15 59.96 0.90 0.25 0.97 0.40 13.83 MLP 75.63"" 0.76 0.78 0.73 0.77 8.42
(0.69) (0.02) (0.01) (0.01) (0.01) (0.24) (0.08) (0.01) (0.02) (0.03) (0.01) (0.03)
RH_ext30 58.08 0.90 0.21 0.98 0.34 14.48 LR 73.91* 0.77 0.71 0.78 0.74 9.01
(0.77) (0.01) (0.01) (0.01) (0.01) (0.26) (0.11) (0.01) (0.01) (0.01) (0.01) (0.04)
LSVC 51.78 ™ 0.52 1.00 0.00 0.68 16.65
(0.11) (0.01) (0.01) (0.01) (0.01) (0.04)

a

cf. Table 1f or parameters

b Day-time refers to the time period between 07:00 and 19:45 inclusive while night-time refers to the time period between 20:00 and 06:45

full dataset of 77.85% and 80.03% for the empirical and ML models,
respectively (Table 1). This would suggest that regional sub-division of
the data has a greater effect on the classification accuracy of models
when compared to temporal subdivision of the data (Table 2 and

Table 3). The highest accuracy in this study (88.52%) was found for the
East region using the RF algorithm. The data used in this study was not
further sub-divided into temporal subsets for each of the regions studied
as there may be an increased risk of overfitting the data resulting in less
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Fig. 5. ROC curves for (a) machine learning models of the day-time data subset, (b) empirical models of the day-time subset, (¢) machine learning models of the

night-time subset, and empirical models of the night-time subset (d).

robust models being produced. Interestingly, the East region is also the
only data subset where, for the empirical models, the RH > 90 model
(81.80% accurate) outperformed the RH > 92 model (80.22% accurate).
The F-Scores and the log loss metrics were similar for both the RH > 90
and the RH > 92 models for this region (Table 3). Using ML models to
predict regional leaf wetness led to an average increase in the classifi-
cation accuracies of 6.13% (with range of 4.18% to 8.78%) over the best
performing empirical models. The RF classification algorithm provided
the best models for all of the regional subsets used, this is in contrast to
the temporal subsets where the MLP model provided the most accurate
results. The next best model for the regional subsets was the KNN al-
gorithm which was on average 2.64% less accurate than the RF algo-
rithm. Francl and Panigrahi (1997) reported predictions of leaf wetness
in a 5,000 m? wheat field for the years 1992 — 1994, inclusive, using an
artificial neural network with an accuracy of 93%.

The input parameters used in this study were similar to those used in
the model developed by Francl and Panigrahi (1997). The results of
Francl and Panigrahi (1997) and the results of this study (Fig. 1, Table 1
and Table 3) show that the smaller the region used to develop the model
the more accurate the results. However, it may not be feasible to
determine the leaf wetness on a field level scale for every field due to the
amount of weather stations that would be required and the data
handling and processing techniques necessary.

4.3. Discussion

RFs are powerful algorithms particularly suited to handling predic-
tion and classification problems that include nonlinear relationships and
complex interactions between variables (Breiman, 2001; Chaudhary
et al., 2016) making them suitable for the prediction of leaf wetness. The
MLP algorithm yielded the preferred models when the number of re-
cords used for development of the model was relatively large. This
occurred for the temporal subsets and for the full dataset (Table 1 and
Table 2). In these cases the RF models were the second best performing
models (Fig. 4 and Fig. 5) with an average accuracy 1.61% lower than

the MLP models (Table 1 and Table 2).

As the use of satellites for crop and agricultural monitoring grows
(Liu et al., 2019; Maes & Steppe, 2019; Nayak et al., 2019; Urban et al.,
2018) leaf wetness may become an important variable for crop models
that predict a number of crop health and agricultural practices. Ben-
Asher et al. (2010) reported that the presence of dew on leaves (leaf
wetness) plays an important role in the production of plant biomass at a
low water cost. This would mean that the presence of water on the leaves
of plants has an important role in the water use efficiency of plants.
Models that determine plant growth and crop yields in changing
climactic scenarios may need to include leaf wetness as a factor within
their analysis in order to better determine the effect of climate change on
the growth of crops. Hornbuckle et al. (2006) and Hornbuckle et al.
(2010) found that the presence of free water on the leaves of maize
plants has an effect on the brightness values of the horizontally and
vertically polarised L-bands. It was also reported that the majority of
microwave emission models for the determination of soil moisture
content do not account for the presence of dew on leaves which may
represent a significant source of error for the models (Hornbuckle et al.,
2006). Consequently, the evaporation of moisture from the soil de-
creases with the presence of dew (Ye & Peng, 2011). Inclusion of dew
events or indeed the presence of leaf wetness would facilitate more ac-
curate measurements of evapotranspiration and soil moisture content.
This would for example allow for irrigation schedules of high value
crops to be adjusted to a more suitable frequency.

The main use of leaf wetness measurements is as an input into disease
prediction models (Bregaglio et al., 2011; Chungu et al., 2001; Montone
et al., 2016; Morales et al., 2018; Rowlandson et al., 2015). The path-
ogens of fungi and bacteria release spores and infect the host plants
under the presence of moisture, inducing plant disease easily, thus dew
supplies opportunities for growth of pathogens (Ye & Peng, 2011). Ac-
curate measurements of this phenomenon would allow for timely in-
terventions on the part of farmers reducing the risk of yield loss and the
need for increased levels of pesticides to deal with more major epidemics
of specific diseases. The F-Scores of the ML models were also consistently
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Table 3
Performance metrics and standard deviations in parentheses for the models produced using regional data subsets™
Data Subset Model A P R S F L Model A P R S F L
Scotland RH > 87 75.16 0.89 0.70 0.85 0.78 8.58 GNB 79.72 " 0.89 0.78 0.83 0.83 7.01
[379,270] (4.02) (0.02) (0.08) (0.03) (0.05) (1.38) (4.43) (0.01) (0.06) (0.01) (0.04) (1.52)
RH > 90 77.70 0.86 0.78 0.78 0.82 7.70 DT 84.34 ™ 0.88 0.88 0.78 0.88 5.39
(3.04) (0.02) (0.06) (0.04) (0.03) (1.05) (5.84) (0.04) (0.04) (0.09) (0.04) (2.03)
RH > 92 78.88 0.84 0.83 0.72 0.83 7.30 RF 87.66* 0.88 0.93 0.78 0.91 4.37
(2.60) (0.02) (0.05) (0.04) (0.02) (0.89) (4.81) (0.03) (0.04) (0.07) (0.04) (1.60)
CART 69.57 0.69 0.94 0.26 0.80 10.51 KNN 84.83 ™ 0.87 0.89 0.77 0.88 5.24
(1.37) (0.01) (0.02) (0.10) (0.01) (0.47) (5.44) (0.04) (0.04) (0.09) (0.04) (1.88)
RH_ext15 61.99 0.94 0.44 0.95 0.60 13.13 MLP 76.68 ™ 0.78 0.91 0.50 0.84 8.05
(2.31) (0.01) (0.04) (0.01) (0.04) (0.80) (0.36) (0.04) (0.06) (0.12) (0.01) (0.12)
RH_ext30 62.19 0.93 0.44 0.94 0.60 13.06 LR 82.41 0.87 0.86 0.76 0.86 6.08
(3.01) (0.01) (0.05) (0.01) (0.04) (1.04) 75(3.78) (0.03) (0.02) (0.07) (0.03) (1.31)
LSVC 65.58 ™ 0.66 0.71 0.38 0.79 13.23
(9.54) (0.18) (0.26) (0.49) (0.09) (2.93)
Model A P R S F L Model A P R S F L
South East RH > 87 77.56 0.91 0.69 0.90 0.79 7.75 GNB 79.15 ™ 0.88 0.75 0.85 0.81 7.20
[152,971] (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.57) (0.01) (0.01) (0.01) (0.01) (0.20)
RH > 90 80.12 0.88 0.78 0.83 0.83 6.87 DT 81.44* 0.84 0.85 0.77 0.84 6.39
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.32) (0.01) (0.01) (0.01) (0.01) (0.10)
RH > 92 80.63 0.84 0.83 0.77 0.84 6.69 RF 84.81" 0.85 0.90 0.77 0.88 5.22
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.61) (0.01) (0.01) (0.02) (0.01) (0.20)
CART 67.94 0.66 0.95 0.26 0.78 11.07 KNN 82.00"" 0.84 0.86 0.77 0.85 6.22
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.11) (0.01) (0.01) (0.01) (0.01) (0.04)
RH_ext15 71.46 0.95 0.56 0.96 0.70 9.86 MLP 82.93* 0.86 0.85 0.80 0.86 5.90
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.83) (0.04) (0.05) (0.09) (0.01) (0.88)
RH_ext30 68.63 0.95 0.51 0.96 0.66 10.84 LR 81.24"" 0.86 0.82 0.80 0.84 6.48
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.09) (0.01) (0.01) (0.01) (0.01) (0.03)
LSVC 59.42 " 0.60 0.98 0.01 0.74 15.13
(9.78) (0.09) (0.04) (0.30) (0.05) (4.02)
Model A P R S F L Model A P R S F L
East RH > 87 80.63 0.89 0.74 0.89 0.81 6.69 GNB 81.18 ™ 0.79 0.89 0.72 0.84 6.50
[397,220] (3.01) (0.02) (0.04) (0.03) (0.02) (1.04) (2.39) (0.05) (0.09) (0.07) (0.02) (0.81)
RH > 90 81.80 0.84 0.83 0.80 0.84 6.29 DT 85.59 ™ 0.87 0.86 0.85 0.87 4.98
(2.09) (0.02) (0.04) (0.04) (0.01) (0.72) (3.63) (0.02) (0.02) (0.07) (0.02) (1.25)
RH > 92 80.22 0.79 0.88 0.70 0.83 6.83 RF 88.52 ™ 0.88 0.92 0.85 0.90 4.28
(0.83) (0.03) (0.04) (0.05) (0.01) (0.29) (2.75) (0.01) (0.02) (0.04) (0.02) (0.77)
CART 75.18 0.71 0.95 0.51 0.81 8.57 KNN 85.77 ™ 0.86 0.88 0.83 0.87 4.91
(4.33) (0.03) (0.02) (0.21) (0.01) (1.50) (2.99) (0.01) (0.02) (0.05) (0.02) (1.04)
RH_ext15 68.54 0.95 0.45 0.97 0.62 10.87 MLP 82.43* 0.86 0.85 0.78 0.86 6.07
(1.39) (0.02) (0.05) (0.03) (0.04) (0.46) (0.21) (0.01) (0.01) (0.01) (0.01) (0.06)
RH_ext30 69.41 0.96 0.47 0.98 0.63 10.56 LR 83.70 ™ 0.87 0.83 0.85 0.85 5.63
(1.50) (0.01) (0.02) (0.02) (0.02) (0.52) (1.95) (0.01) (0.01) (0.04) (0.01) (0.68)
LSVC 75.99 ™ 0.84 0.76 0.77 0.80 13.37
(4.09) (0.09) (0.11) (0.28) (0.01) (1.68)
Model A P R S F L Model A P R S F L
South West RH > 87 73.85 0.93 0.63 0.92 0.75 9.03 GNB 74.79 ™ 0.90 0.67 0.88 0.77 8.71
[1,273,410] (0.88) (0.01) (0.04) (0.04) (0.02) (0.30) (4.02) (0.01) (0.06) (0.02) (0.04) (1.39)
RH > 90 77.56 0.90 0.72 0.86 0.80 7.75 DT 80.26 ™ 0.84 0.84 0.73 0.84 6.82
(0.37) (0.02) (0.04) (0.06) (0.02) (0.12) (2.55) (0.01) (0.01) (0.05) (0.01) (0.88)
RH > 92 78.95 0.87 0.78 0.80 0.82 7.27 RF 83.77* 0.85 0.90 0.74 0.87 5.59
(0.22) (0.02) (0.04) (0.08) (0.01) (0.08) (1.74) (0.01) (0.02) (0.03) (0.01) (0.61)
CART 74.11 0.73 0.94 0.41 0.82 8.94 KNN 81.60 ™ 0.84 0.86 0.74 0.85 6.36
(1.66) (0.02) (0.02) (0.08) (0.01) (0.57) (1.79) (0.01) (0.01) (0.05) (0.01) (0.62)
RH_ext15 59.61 0.97 0.37 0.98 0.53 13.95 MLP 81.14™" 0.84 0.87 0.69 0.86 6.51
(4.80) (0.01) (0.10) (0.03) (0.09) (1.66) (0.05) (0.01) (0.01) (0.02) (0.01) (0.02)
RH_ext30 59.97 0.97 0.37 0.98 0.54 13.82 LR 79.71 ™ 0.85 0.82 0.76 0.83 7.01
(2.92) (0.01) (0.07) (0.02) (0.07) (1.01) (0.32) (0.01) (0.01) (0.04) (0.01) (0.11)
LSVC 65.57 "¢ 0.66 0.82 0.31 0.79 18.18
(8.55) (0.14) (0.17) (0.46) (0.04) (4.45)

@ cf. Table 1 for model parameters and Fig. 1 for regional subsets

higher than the F-Scores of the compared empirical models. This means
that although the increased accuracy of the ML models may be
comparatively small the confidence in the accuracy of the predictions is
increased, which would make the predictions from ML techniques more
suitable for inclusion in disease prediction models where accurate pre-
dictions are required to effectively time the applications of crop pro-
tection products.

The presence of moisture on the leaves of crops also has an effect on
the efficacy of crop protection due to the dilution of the active in-
gredients and the possibility of subsequent run-off (Abi Saab et al.,
2017) resulting in increased levels of pesticides in aquatic environments

(Casado et al., 2019). Application of pesticides when this is less likely to
occur would reduce the amount of run-off from an environmental aspect
and would reduce the amount required by the farmers from an
economical aspect.

From an assessment of the influence of each meteorological variable
for each classification algorithm used in this paper it was found that the
RH values were the most important for the classification of LW in all
cases with coefficient weights ranging from 0.107 to 0.190. The other
meteorological variables used as input variables into the classification
algorithms (Air temperature, Rainfall, Solar Radiation, and Windspeed)
all had similar influences on the classification results according to their
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Fig. 6. ROC curves of the machine learning models for the regions (a) Scotland, (b) South East, (c) East, (d) South West and for the empirical models of the regions

(e) Scotland, (f) South East, (g) East, (h) South West.

Table 4

Area under the curve (AUC) scores for each of the models and subsets used in this study.
Region® All Records Soil Temperature Scotland East South East South West Daytime Night-time
GNB" 0.819 0.823 0.810 0.859 0.881 0.829 0.842 0.804
DT 0.722 0.716 0.719 0.784 0.814 0.736 0.712 0.700
RF 0.859 0.862 0.862 0.915 0.934 0.878 0.884 0.817
KNN 0.824 0.810 0.803 0.869 0.887 0.837 0.824 0.792
MLP 0.873 0.854 0.847 0.899 0.908 0.882 0.890 0.832
LR 0.856 0.837 0.823 0.880 0.890 0.861 0.878 0.807
LSvC 0.741 0.512 0.500 0.733 0.512 0.599 0.499 0.558
RH > 87 0.775 0.748 0.728 0.794 0.797 0.773 0.799 0.699
RH > 90 0.786 0.749 0.748 0.806 0.807 0.782 0.794 0.735
RH > 92 0.782 0.736 0.749 0.801 0.799 0.774 0.779 0.747
CART 0.599 0.562 0.531 0.643 0.608 0.610 0.559 0.609
RH_ext15 0.734 0.686 0.675 0.751 0.756 0.735 0.778 0.609
RH_ext30 0.715 0.658 0.658 0.732 0.733 0.715 0.766 0.592
2 cf. Fig. 1
b ¢f. Table 1

model coefficients. The coefficient weights for these variables all range
between 0.0002 and 0.032. This was particularly true when only the RF
and MLP models were looked at, the ranges for these algorithms reduced
to between 0.008 and 0.031. In all cases these meteorological variables
had a higher importance for the RF algorithm than the MLP algorithm.
These results align with Fig. 2 where Kim et al. (2002) utilised the DPD,
which is related to the air temperature, and the windspeed along with
the RH value to classify the LWD of sites in the United States. From our
assessment it would suggest that all of the meteorological variables that
were assessed as part of this study would be required for the accurate
classification of LW time periods.

5. Conclusions

This study compared machine learning algorithms with previously
established empirical models for the prediction of leaf wetness in North
Western Europe. Results from the empirical models show that increasing
the RH threshold from 90% to 92% resulted in an average increase in
classification accuracy of 1.12% (Range; 0.51% — 1.41%). Only one
region studied (East) had a lower accuracy score when the RH > 92%
threshold was used. In this region the accuracy was 1.58% lower. The
machine learning classification algorithms used in this study consis-
tently provided more accurate predictions of leaf wetness than best of

11

breed empirical models that were studied. The average increase in ac-
curacy for the machine learning algorithms over the empirical models
was 4.85% (Range; 2.16% — 8.78%). Sub-division of the meteorological
stations into regions had a greater effect on the accuracy of the results
obtained when compared with that of temporal sub-division of the data.
The results of this study show that machine learning classification al-
gorithms are a suitable techniques for the prediction of leaf wetness in a
more accurate and robust manner than the empirical methods studied.
Further sub-division of data in regional and temporal subsets may yield
further increases in the accuracy of developed models if enough data to
create sufficiently large datasets was available. To the authors knowl-
edge, this is the first paper that looks at predicting leaf wetness in North
Western Europe, while at the same time being one of the first papers to
look at common machine learning classification algorithms for the
prediction of leaf wetness.
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