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Machine Learning Methods for Leaf Wetness
Prediction Using Agrometeorological Data

Giovanni Paolo Colucci?, Elena Filipescu
and Daniele Trinchero

Abstract—This article addresses the estimation of leaf wetness by
means of machine learning methods applied to agrometeorological
data. The novel contribution lies in the application of the models
to the top and bottom sides of the leaf, separately. For this pur-
pose, data have been acquired in the field using weather stations
equipped with several sensors: double-sided capacitive leaf wet-
ness, air temperature and relative humidity, soil temperature and
volumetric water content, wind speed, and rainfall. Leaf wetness
measurements have been used as ground truth, whereas the other
sensor data as features. Results demonstrate the applicability of the
method, which has also been tested on edge. The dataset has been
made publicly available under a Creative Commons license.

Index Terms—Agrometeorology, leaf wetness dataset, machine
learning, proximal sensors, smart agriculture, weather stations.

1. INTRODUCTION

EAF wetness is an important agrometeorological parame-
L ter used to describe the presence of water on the surface of
a leaf. It is often used in agriculture, since continuous periods of
leaf wetness are directly associated with the spread of fungal and
bacterial diseases [1]. A comprehensive assessment of this phe-
nomenon must account for water accumulation on the adaxial
(upper) and abaxial (lower) surfaces of the leaf, since they may
exhibit different behaviors [2]. In particular, the surrounding
environment may affect the two wetness durations differently
because of factors, such as the presence or absence of trees and
grassy soil, as well as slope characteristics, soil texture, and sun
exposure.

Monitoring this quantity has become essential for smart
agriculture applications. To this end, several proximal sensing
solutions have been proposed in recent years. Resistive and ca-
pacitive approaches are most commonly employed to transduce
the presence of water on an artificial leaf surface into a mea-
surable signal. The former measures the variation of the sensor
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resistance induced by the presence of water on its surface. The
latter measures the dielectric constant between two electrodes,
which varies, depending on the amount of water on the sensor
surface [3].

While these sensors are suitable for in-situ deployments and
provide good accuracy, they introduce additional complexity for
weather stations, with higher manufacturing costs, increased
energy consumption, and more frequent maintenance require-
ments. For this reason, leaf wetness is sometimes indirectly
estimated by means of simple empirical models. For example,
threshold-based models detect leaf wetness when another pa-
rameter, usually the Relative humidity (RH) of the air, exceeds a
fixed value; acommon rule in this case is to consider RH > 90%
[4]. Another widely employed model is the Dew point depression
(DPD), computed as the difference between the measured tem-
perature and the dew point temperature. The leaf is considered
wet when the DPD remains between two values, referred to as
the wetness onset and offset, respectively [5].

Higher accuracy in leaf wetness prediction can be achieved
by employing machine learning together with additional agrom-
eteorological parameters [6]. Several approaches have already
been proposed in the literature, however, none of them explicitly
considers the difference between the two sides of the leaf, as they
use commercial leaf wetness sensors, typically one-sided. In
this article, we investigate the application of different machine
learning models to estimate leaf wetness on the two surfaces
of the leaf, using a dataset collected over several years of
measurements in the field, by means of double-sided capacitive
leaf wetness sensor combined with other agrometeorological
parameters used as features. The problem under analysis is for-
mulated as a binary classification, with two labels: wet and dry;
each hourly observation is treated as an independent instance.
The classification is carried out by considering the two sides of
the leaf separately. In addition, the portability of the machine
learning models to low-power edge devices is assessed, in order
to guarantee functionality in scenarios where leaf wetness must
be processed directly on the sensing node or when data trans-
mission is not possible. Finally, the dataset is made available as
an online resource [7].

II. STATE OF THE ART

In literature, several machine learning methodologies have
been proposed to predict leaf wetness, typically by testing
different datasets and algorithms. As early as 1997, researchers
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Fig. 1. Examples of weather stations used to acquire the dataset; the leaf
wetness sensor can be recognized in the lower part of the pole.

tried to apply neural networks to leaf wetness, by collecting data
with custom hardware equipment [8]. In general, the difficulty
of building datasets through continuous and prolonged mea-
surements has represented a research limitation until the recent
years. Nowadays, an important data source is represented by
climatological models, such as MERRA-2 [9] and ERA-5 [10].
These datasets have been used to develop a leaf wetness estima-
tor in Alabama and California, thanks to observations obtained
by leaf wetness sensors and machine learning algorithms [11].
Regional weather stations have also been used as input sources,
but these installations usually lack dedicated leaf wetness sen-
sors. To overcome this problem, researchers have nearby de-
ployed custom sensors that have been used as models ground
truth. For example, Soli§ and Rojas-Herrera [12] have exploited
a leaf wetness sensor based on a resistive grid unit, to analyze
different modeling approaches: regression and classification
with different time steps. Also, Park et al. [13] have exploited
regional weather stations in South Korea, to develop a regression
model for daily leaf wetness duration estimation. Nonetheless,
climatological models and regional weather stations have been
merged to feed the same regression model and estimate daily leaf
wetness duration [14]. Satellite imaging is an alternative data
source. For example, narrow-band radiance observations from
the GEO-KOMPSAT-2 A have been used to develop a model
that does not require in-situ meteorological measurements [15].

Although sensors represent the primary source of ground
truth, alternative approaches have been explored. As an exam-
ple, the output of the Penman—Monteith model [16], capable
of determining leaf wetness, has been used to train machine
learning algorithms with the purpose of reducing the number of
input variables [17]. More recently, a novel approach combining
terahertz spectroscopy and machine learning has been proposed.
Koumans et al. [18] have defined the leaf wetness as the weight
of a pattern of water droplets at the surface of the leaf, and two
different algorithms have been tested: Decision tree (DT) and
neural network.

In the study [19], researchers have built a classifier capable
to predict the source of wetness among three different labels:
dew, irrigation, and rain. To this purpose, a frequency domain
analysis, based on the implementation of the short-time Fourier
transform, has enhanced data representation to feed two neural
networks [19].
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TABLE I
LOCATION, ELEVATION, AND CHARACTERISTICS OF THE SITES SELECTED TO
ACQUIRE THE DATASET

Site  Latitude Longitude Elevation Characteristics
(DD) (DD) (m)
1 39.108 8.712 125 valley by the sea
2 38.987 8.577 33 sea side
3 43.077 11.468 242 medium hilly
4 43.018 13.746 258 high hilly
5 44.722 8.076 187 medium hilly
6 45.533 7.854 434 medium mountain
7 45.559 7.835 418 mountain valley

The performance of machine learning models has been com-
pared with that of classical empirical methods. Gillespie et al.
[20] have reported better scores for the former, concluding also
that, when dealing with large geographical areas, a subregional
partitioning of the dataset improves the accuracy. In the case
of peculiar microclimate conditions, empirical models have
achieved adequate performance, as demonstrated in [6].

None of the aforementioned studies has analyzed the dif-
ference between the two sides of the leaf, even though
experimental observations have proved that they exhibit differ-
ent behaviors [2], [21]. Therefore, in this article we apply model
predictions to both sides of the leaf, separately. An additional
contribution is the publication of an open-access dataset, which
features measurements from double-sided capacitive leaf wet-
ness sensors deployed in vineyards across different regions of
Italy.

III. MATERIALS AND METHODS
A. Dataset Acquisition

The dataset has been created using the iXemWine plat-
form [22], developed by our team to collect agrometeorological
data measured by weather stations deployed across the Italian
territory since 2018. The weather stations are equipped with the
following sensors: air temperature and RH (Sensirion SHT31),
rainfall (Pronamic tower rain), temperature and volumetric water
content of the soil (Senseca HD3910), wind speed and wind gust
(Navis WSS 100), and an in-house manufactured double-sided
capacitive leaf wetness sensor, designed applying a microstrip
approach, which leads to a multilayered printed circuit board
(PCB), where each capacitance is measured by a digital con-
verter [21]. Data are collected from stations deployed alterna-
tively near the crops or outside the canopy. The leaf wetness
sensor is tilted down 30°; the soil sensor is buried 30 cm in the
ground, installed horizontally, and rotated 45° around its axis;
the Sensirion SHT31 sensor is inserted in a dedicated Stevenson
screen. As an example, three weather station deployments are
shown in Fig. 1.

Among the available locations, a subset of seven sites has
been selected, in order to provide a representative set of agrom-
eteorological scenarios. In Table I, the sites are listed reporting
latitude and longitude in decimal degrees, elevation in meters
and environment type; the map in Fig. 2 shows the positions of
the sites.
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Fig. 2. Map of Italy: the red triangles represent the position of the weather
stations used to acquire the dataset.

Sites 1-4 are characterized by a Mediterranean climate. In
particular, sites 1 and 2 are located in southern Sardinia, in a
maritime environment with sandy soil. Sites 3 and 4 are instead
located in central Italy, in Tuscany and Marche, respectively
and lie at medium altitude in a hilly environment. Sites 57 are
characterized by a continental climate, in the Piedmont region.
Site 5 is located in the territory where Barbaresco wine is pro-
duced, at a medium altitude. Sites 6 and 7 are located in northern
Piedmont, at the highest elevation among the considered sites,
in a mountain environment characterized by colder and windier
conditions.

B. Dataset Characterization and Features Selection

Since agrometeorological data may comprehend several pa-
rameters, acquired with different timesteps, a first task has
been dedicated to the characterization and selection of dataset
features.

Normally, agrometeorological data are used as input to plant
disease models that work with a minimum time step of one
hour. Therefore, the raw sensors data have been resampled on an
hourly base. Mean values have been used for all measurements,
except rainfall, for which the hourly intensity has been com-
puted, and wind gust, for which the hourly maximum has been
selected. Both wind speed and wind gust have been tested as
potential features; however, wind gust has been preferred, as its
correlation with leaf wetness was found to be more significant.
Furthermore, to enrich the feature space, two variables have
been added: the day of the year (1-365) and the hour of the
day (0-23), both represented as integer values. This approach is
often preferred to the use of raw timestamps, because it helps to
better describe seasonal and daily trends. Table II summarizes
the adopted features with their corresponding dynamic ranges,
derived from sensor datasheets. The low dimensionality of the
dataset is clearly evident.

TABLE I
LIST OF FEATURES WITH THEIR DYNAMIC RANGES

Feature Dynamic Range
Temperature —40 to 125°C
Relative Humidity 0 to 100 %
Soil Temperature —40 to 60°C
Soil Volumetric Water Content 0 to 60 %
Wind gust 0 to 50m/s
Rain Fall 0 to 720 mm/h
Day of Year 1-365
Hour of Day 0—-23
£ 100
a /
g
= 50
=
S
Q 0
0 20 40 60 80 100
Percentile
(@)
2100
A
(0]
% 50
= /
g 0
0 20 40 60 80 100
Percentile
(b)
Fig. 3. Dataset percentile distribution of leaf wetness sensors measurements

for the adaxial and abaxial surfaces. (a) Top side. (b) Bottom side.

To exclude data originated by sensor failures, the raw dataset
has been preliminarily analyzed. For each weather station,
rolling-window means, rolling-window standard deviations, and
z-score have been computed to detect outliers. Samples iden-
tified as anomalous have been visually inspected, resulting in
54 643 samples retained out of a total of 54 706.

Fig. 3 reports the percentile distribution of the leaf wetness
values for the top and bottom sides of the leaf. Both sides exhibit
a similar percentile behavior: the data are not fairly distributed
around the 50% of leaf wetness, with the median value being
lower; the variation from 0% to 100% is quick, especially for
the values larger than 50%. On the contrary, the bottom side has
a lower amount of samples at 100%, and the percentile curve is
less regular with a couple of cusps.

Since the aim is to solve a binary classification problem, a
threshold value must be defined to label each sample as wet or
dry. According to the scientific literature, a threshold associated
with visual inspection is 20% [6]. In this article, this value has
been adopted, although results have been compared to alternative
choices: 30% and 40%. From the data presented in Fig. 3, it can
be observed that 20% approximately corresponds to the 65th
and 68th percentiles for the top and bottom sides, respectively.
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Fig. 4.  Scatter plots showing the distribution of samples labeled as dry (left)

and wet (right), in the temperature and RH domain, with a leaf wetness threshold
rule of 20%, for top and bottom leaf surfaces. (a) Leaf top side. (b) Leaf bottom
side.

Before training the algorithms, a visual analysis of the dataset
has been performed. Fig. 4(a) shows a scatter plot of dry and
wet samples for the top side of the leaf, against temperature
and RH. Some peculiar characteristics can be observed: below
60% RH and above 25°C, wet samples are rarely present. This
aligns with the common expectation that leaf wetness on the
top side is primarily influenced by air RH [23]. Conversely,
dry samples are more uniformly distributed across the plot and
appear less trivial to predict; although, at very high values of
RH, a predominance of wet samples can be observed. Regarding
the bottom side, the scatter plot in Fig. 4(b) reveals a similar
overall distribution, except that wet samples also occur at lower
values of RH. This suggests that, compared to the top side,
wetness on the bottom side may be affected by additional factors.
Visually, other features appear to provide less discriminative
information: soil data usually exhibit a low variance due to the
smoother dynamics of underground conditions, while wind gust
and especially rainfall generate sparse data, as these phenomena
occur less frequently.

IEEE TRANSACTIONS ON AGRIFOOD ELECTRONICS, VOL. 0, NO. 0, 2026

C. Training Set Preparation

The dataset has been shuffled and split into training and test
sets with the following proportion: 80% and 20%. The training
set is not balanced around the target variable: the top side is
composed by 36% of wet samples and 64% of dry samples; the
bottom side is composed by 32% of wet samples and 68% of
dry samples. Machine learning classifiers trained on imbalanced
datasets may become biased toward the dry class, reducing the
sensitivity to the wetness events, and this would be critical in
agronomic applications. Therefore, to obtain models that better
generalize the two labels, the training set has been balanced by
randomly undersampling the dominant class, resulting in equal
numbers of samples for each class.

Since input features represent different physical phenomena
with different scales, the min—max scaler has been used for
feature normalization. Notably, sparse features, such as rainfall
and wind, have a minimum value of zero, and the resulting scaled
samples remain sparse. Afterward, the training set has been used
for hyperparameters tuning on each model, by means of grid
search with a fivefold cross-validation strategy.

D. Classification Algorithms

Distinct models have been tested to assess their performance
on the leaf wetness prediction task. In the following, a brief
description of the selected algorithms is provided. All operations
have been performed using the Python packages pandas for data
analysis [24] and scikit-learn for machine learning models [25].

Linear discriminant analysis (LDA): This algorithm aims to
find a linear combination of features that better separate the
target classes with a linear decision surface. This is achieved
by considering the data distribution of each class and using
Bayes’ theorem [26].

DT: Decision rules are encoded using a binary tree structure
in which leaves are used for final predictions. The dataset is
partitioned in a recursive way. For each node of the tree, a
feature and a threshold value are selected: the criterion is to
minimize an impurity function, such as the entropy [27].

Random forest (RF): This model is an ensemble of trees that
are trained on a random subset of the original dataset, and
optionally by randomly selecting a single portion of features
for performing splits on each node of the tree. Final decision
can be taken by voting, or like in the case of scikit-learn, by
averaging [25], [28].

k-nearest neighbor (k-NN): In this algorithm, no internal model
is built, instead, classification is performed through majority
vote by querying the nearest samples in the dataset. For this
reason, a distance metric shall be selected; the Euclidean one
is often used. Furthermore, different internal data structures
are defined, in order to efficiently compute the nearest neigh-
bor [29].

Support vector machine (SVM): This model builds a hyperplane
that maximizes the distance, for each class, from the nearest
training data samples for each class. These small subsets of
nearest samples are the support vectors. Data can be computed
in a higher dimensional space, by applying the so-called
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kernel trick, allowing the algorithm to deal with nonlinear
problems [30], [31].

The Linear SVM is a special case of SVM, using a linear
kernel function mostly for computational efficiency when the
dataset can be linearly separable.

E. System Architecture

The proposed system architecture is designed as a pipeline
composed of four stages: data acquisition, cleaning, scaling,
and classification. In the first stage, data are collected by the
sensors; optionally, data aggregation is performed when the
acquisition frequency exceeds one sample per hour. In addition,
the time features (day of the year and hour) are included as
integer values in the feature vector. Data cleaning ensures fea-
tures integrity. Depending on the characteristics of each feature,
threshold-based or statistical methods are applied. Furthermore,
since no temporal dependence is assumed between samples, an
error on a single observation does not propagate in the future,
since it affects only the current sample. Before reaching the two
classifiers, one for the top side and one for the bottom side of the
leaf, data are scaled using the min—max method with parameters
computed from the training set. In the final stage, the feature
vector is fed into the proposed models and the probability for
the two labels is obtained. A decision rule is then applied to
convert probability into a binary state.

IV. RESULTS

The scores computed using the test set are accuracy, balanced
accuracy, precision, recall, and F1-score [32]. Metrics that de-
scribe a single label are individually reported for both dry and
wet classes. Instead, for the cross-validation computed during
the grid search, only the accuracy is reported for simplicity. For
further information, tables with grid search results are reported
in the Appendix.

A. Cross-Validation and Hyperparameters

Grid search results are useful for selecting the optimal hyper-
parameters for each model. In addition, cross-validation ensures
that the observed outcomes are not the result of a specific
hyperparameter combination or an arbitrary split of the training
and test sets. In general, as itis shown in the Appendix, all models
obtain a relatively low standard deviation across different folds
and hyperparameters selection, suggesting a good stability.

Results for DT are reported in Table VIL. In this case, two
impurity functions have been evaluated with different values
of minimum samples split. This parameter controls the tree
depth and avoids overfitting by limiting the minimum node size
required to perform a split in the tree. Across the parameter
combinations scores are similar, with low standard deviations,
suggesting that the cross-validation results are not accidental.
The same findings apply to DT trained using the wetness of the
bottom side of the leaf.

For the RF, both the number of used estimators and the
minimum samples split parameter for the trees have been inves-
tigated. Results in Table VIII show that increasing the number

of trees does not impact performance, thus this number has been
kept small. Moreover, since a smaller value of minimum samples
split provides the best accuracy, it has been set to 20.

Regarding k-NN, cross-validation has been performed on
different values of k, which defines the number of neighbors
queried when voting to classify a new sample. Results are re-
ported in Table IX, showing that no particular benefit is obtained
by increasing k; consequently, it has been set to 3. This might
happen for several reasons: data could be already well separated,
or sparse features could make the neighborhood less informative.

For both SVM and Linear SVM, a grid search has been
performed to inspect different values of the regularization pa-
rameter C', which determines the tradeoff between margin size
and misclassification penalty. In addition, in SVM the Radial
basis function (RBF) is used as kernel, thus gamma parameter
is evaluated too. Since this parameter influences the region of
similarity, it must be tuned in order to avoid overfitting. Results
for Linear SVM are reported in Table X: increasing C' initially
improves the scores, but after a certain point further reduction
of the margin has little effect. On the other hand, SVM results
in Table XI prove that the RBF kernel improves the model,
yielding scores comparable to other nonlinear models, with a
more consistent increase in accuracy as C' is raised. Two values
for gamma have been tested, 0.1 and 1, obtaining the best results
for the second.

B. Test Dataset Evaluation

Metrics computed on the test dataset are reported separately
in Tables III and IV, corresponding to the top and bottom sides,
respectively. Linear models, such as Linear SVM and LDA,
achieve sufficient accuracy scores; however, they exhibit low
precision for the wet class, in contrast to the higher values for the
dry class. Conversely, recall is higher for the wet label and lower
for the dry one. Nonlinear models, on the other hand, have higher
scores, with RF performing slightly better than the others. They
also exhibit a smaller difference in precision between the two
labels and a more stable recall. In general, higher precision for
the dry label than for wet label, means that models have a slightly
tendency to overestimate wet samples compared to dry ones.
However, the generally good recall for nonlinear models, prove
that the vast majority of actual wetness events are successfully
detected. A possible explanation is that models are tricked by
transitional periods of wetness, during which, for example, high
RH could be measured just before wetness is actually detected
by the sensor. However, since leaf wetness is used for disease
forecasting, overestimating wetness is safer, as underestimation
could result in a missed detection of an infection period.

The difference in performance between linear and nonlinear
models is more pronounced for the bottom leaf surface than
for the top. This suggests that the relationship between agrom-
eteorological features and wetness on the abaxial surface is
characterized by higher nonlinearity, making the linear decision
boundary less effective. In Fig. 5, the decision boundary in the
temperature and RH space of the LDA classifier is depicted.
RH discriminates leaf wetness better than temperature; however,
the decision boundary for the bottom side has a steeper slope
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TABLE III
MODELS SCORES COMPUTED OVER THE TEST SET FOR THE TOP SIDE, USING A LEAF WETNESS THRESHOLD RULE OF 20%
Model Accuracy Balanced Precision Precision Recall Recall F1 F1
Accuracy (Wet) (Dry) (Wet) (Dry) (Wet) (Dry)
LDA 0.7932 0.8139 0.6531 09218  0.8845 0.7434 0.7514 0.8230
DT 0.9144 0.9136 0.8563 09494 09106 0.9165 0.8826 0.9327
RF 0.9264 0.9290 0.8652 09644 09378 0.9202 0.9001 0.9418
k-NN 0.9176 0.9215 0.8474 0.9624 09350 0.9080 0.8891 0.9344
Linear SVM  0.8066 0.8191 0.6780 09113 0.8617 0.7765 0.7589 0.8385
SVM 0.9055 0.9067 0.8362 09488 09109 0.9025 0.8719 0.9251
TABLE IV
MODELS SCORES COMPUTED OVER THE TEST SET FOR THE BOTTOM SIDE, USING A LEAF WETNESS THRESHOLD RULE OF 20%
Model Accuracy Balanced Precision Precision Recall Recall F1 F1
Accuracy (Wet) (Dry) (Wet) (Dry) (Wet) (Dry)
LDA 0.7182 0.7445 0.5333 0.8886  0.8151 0.6740 0.6447 0.7665
DT 0.9346 0.9340 0.8687 0.9680  0.9323 09356 0.8994 0.9515
RF 0.9458 0.9471 0.8853 0.9765 0.9504 09437 0.9167 0.9599
k-NN 0.9229 0.9283 0.8332 0.9722 0.9428 09137 0.8846 0.9421
Linear SVM 0.7236 0.7455 0.5398 0.8849  0.8046 0.6865 0.6461 0.7732
SVM 0.8932 0.8931 0.7928 0.9481 0.8929 0.8933 0.8399 0.9199
100 1 ] Finally, in order to investigate the effect of different leaf
wetness thresholds, the dataset has been altered by computing
the binary labels using a 30% and 40% thresholds. Table V
801 | shows the scores obtained on the test set by the models; in this
case, to simplify the comparison, only the balanced accuracy is
3 604 < reported. Increasing the wetness threshold causes some models
I I to lose in accuracy, but the observed drop can be considered
= % . acceptable, since the negative impact is moderate and it affects
401 % 1 mostly the linear models. This finding suggests that, if a higher
0 . & - wetness threshold is required for any agronomic reason, then the
20l ° Dry Leaf % | o Dryleaf €@ proposed models can still be usable.
o Wet Leaf o Wet'Leaf
0 20 40 0 20 40 C. Soil Features Impact
Temperature (°C) Temperature (°C)
Since typical agrometeorological weather stations do not
Fig. 5. Decision boundary for the LDA classifier in the temperature and RH  jnclude soil sensors, the performance of the a]gorithms was

domain, for the top leaf side (left), and bottom leaf side (right) using a leaf
wetness threshold rule of 20%.

compared to the top one. This result suggests that in this case,
RH alone is less efficient in prediction; therefore, other features
may contribute more significantly to reducing prediction error.

The DT model allows visual inspection of the internal decision
rules. In Fig. 6(a) and (b), the first three levels of the trees are
shown for the top and bottom sides, respectively. Orange nodes
are mainly composed of dry samples, while blue nodes mainly
contain wet samples. In both cases, the initial split is based on
RH. For the top side, the following features are equally exploited:
RH, soil volumetric water content (SVWC), soil temperature,
wind gust, and day of year (DOY). For the bottom side, the
SVWC is exploited alone at the second level, with other features
employed at subsequent levels. This aligns with the observation
that the bottom side of the leaf is more influenced by soil
moisture due to dew distillation [33].

evaluated with and without soil features. Results are reported
in Table VI, where, for each model, the balanced accuracy
is listed for the following cases: all features, all features
but the soil humidity, all features but the soil temperature,
and all features without any soil measurement. It can be ob-
served that linear models do not benefit from soil features,
whereas nonlinear models improve by up to 6% and 13% for
the top and bottom sides, respectively. It can be concluded
that for nonlinear models, the use of soil features enhances
accuracy.

D. Deployment on Edge

All investigated models can be easily deployed in a cloud en-
vironment; this is the most common option, since it allows for a
simple integration with server architectures. Nonetheless, thanks
to the increased computational power of microcontrollers, it is
also possible to implement machine learning models on smart
devices. For instance, models could run directly on weather
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Fig. 6.
(a) Top side. (b) Bottom side.

First three levels of the DTs for both leaf sides, orange nodes are composed mainly of dry samples; blue ones are composed mainly of wet samples.

TABLE V
COMPARISON OF THE BALANCED ACCURACIES, COMPUTED OVER THE TEST SET, USING DIFFERENT VALUES OF LEAF WETNESS THRESHOLD RULE

Balanced Accuracy Top Side

Balanced Accuracy Bottom Side

Model
20 % 30% 40% 20 % 30% 40%
LDA 0.8139  0.8062 0.7990 0.7445  0.7354 0.7230
DT 0.9136  0.8947 0.8918 0.9340 0.9229 0.9313
RF 0.9290 09135 09118 0.9471  0.9445 0.9450
k-NN 0.9215  0.8998 0.9045 0.9283  0.9235 0.9183
Linear SVM  0.8191  0.8098 0.8050 0.7455 0.7370 0.7211
SVM 0.9067 0.8918 0.8929 0.8931 0.8911 0.8829
TABLE VI

COMPARISON OF THE BALANCED ACCURACIES, COMPUTED OVER THE TEST SET, HAVING THE MODELS TRAINED WITH AND WITHOUT SOIL FEATURES

Top Side Balanced Accuracy

Bottom Side Balanced Accuracy

Model

All Features  No Soil vwe  No Soil Temp No Soil ~ All Features No Soil vwc  No Soil Temp  No Soil
LDA 0.8139 0.8139 0.8130 0.8124 0.7445 0.7400 0.7394 0.7395
DT 0.9136 0.8847 0.9059 0.8505 0.9340 0.8767 0.9192 0.8074
RF 0.9290 0.9106 0.9172 0.8732 0.9471 0.8942 0.9330 0.8359
k-NN 0.9215 0.9009 0.9034 0.8613 0.9283 0.8778 0.9038 0.8145
Linear SVM 0.8191 0.8191 0.8160 0.8163 0.7455 0.7411 0.7399 0.7405
SVM 0.9067 0.8865 0.8743 0.8546 0.8931 0.8436 0.8546 0.8024

stations; to evaluate this, edge deployment tests have been
conducted. In particular, the DT model has been ported to a
weather station equipped with an ultra low-power STM32L072
microcontroller by STMicroelectronics. In order to do so, the
model has been translated in C language using emlearn [34],

a python package specifically designed for porting machine
learning models to embedded devices. The obtained model has a
memory footprint of 15.4 KiB, suitable to be deployed on devices
designed for low-power operations. In addition, the prediction
time has been evaluated, obtaining a mean value of 14 ps. This
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result demonstrates the usability of low-power devices for this
specific application.

V. CONCLUSION

This article presents a comparative analysis of different ma-
chine learning models to predict leaf wetness on the top and
bottom sides of the leaf, using a novel dataset of in-field agrom-
eteorological measurements. The selected algorithms obtain
overall good scores, especially in the case of nonlinear models.
Moreover, the use of two separate classifiers, one for each side
of the leaf, leads to good outcomes. The models effectively cap-
ture key differences, such as the significant role of soil-related
features in predicting wetness on the bottom side of the leaf.
Finally, tests on a low-power device prove that the proposed
classification pipeline can be effectively deployed on edge, to
perform low-latency leaf wetness prediction. In summary, all
nonlinear models can be adopted for this task, with RF being
the optimal choice and DT being the best tradeoff between
scores and model complexity, especially when targeting on-edge
deployment. Despite the current dataset has been collected in
vineyards, since the ground truth of the proposed models is the
leaf wetness sensor, the presented results can be used regardless
of the crop.

Further investigation could be conducted by improving the
dataset: while the adopted features can be commonly derived
from agrometeorological weather stations, additional features,
such as wind direction and shortwave solar radiation, could
also be included. Moreover, geographic based features (e.g.,
altimetry, slope, and geographical orientation) and an increased
number of sites for data collection, could help to better general-
ize the models.

DATA AVAILABILITY

The dataset has been uploaded on the Mendeley Data plat-
form, with license CC BY-NC 4.0. The dataset is identified by
the following doi: 10.17632/sd4b8vpvyb.1.

APPENDIX

TABLE VII
GRID SEARCH ON DT ON BOTH LEAF SIDES, CROSS-VALIDATION SCORES
REPORTED AS MEAN (REGULAR) AND STANDARD DEVIATION (ITALIC)

creion_ i s st G550 S
ini 20 0.9039 0.9248
£ 0.0045 0.0043
ini 30 0.9021 0.9216
£ 0.0032 0.0041
ini 50 0.9003 0.9165
£ 0.0028 0.0038
entro, 20 0.9089 0.9305

Py 0.0048 0.0015
entro 30 0.9066 0.9267

i 0.0078 0.0030
entro 50 0.9017 0.9211

Py 0.0048 0.0027

IEEE TRANSACTIONS ON AGRIFOOD ELECTRONICS, VOL. 0, NO. 0, 2026

TABLE VIII
GRID SEARCH ON RF ON BOTH LEAF SIDES, CROSS-VALIDATION SCORES
REPORTED AS MEAN (REGULAR) AND STANDARD DEVIATION (ITALIC)

Min Samples Split  N. Trees  qectieey  AHOHES
2 2 00013 00003
2 50 Vo 0003
50 2 Goms 00023
50 50 Go0ls 00021
80 20 (o)fgggg (o)ffg)(z)gg
% %0 0005 00035
TABLE IX

GRID SEARCH ON K-NN ON BOTH LEAF SIDES, CROSS-VALIDATION SCORES
REPORTED AS MEAN (REGULAR) AND STANDARD DEVIATION (ITALIC)

k Accuracy Accuracy
Top Side  Bottom Side

| 0.9142 0.9291
0.0024 0.0014

3 0.9200 0.9273
0.0028 0.0018

5 0.9189 0.9206
0.0018 0.0028

7 09174 0.9175
0.0029 0.0037

TABLE X

GRID SEARCH ON LINEAR SVM ON BOTH LEAF SIDES, CROSS-VALIDATION
SCORES REPORTED AS MEAN (REGULAR) AND STANDARD DEVIATION (ITALIC)

C Accuracy Accuracy
Top Side  Bottom Side

0.7963 0.7442
0001 poos7  0.0039
001 0.8163 0.7584
’ 0.0035 0.0039
01 0.8194 0.7609
’ 0.0031 0.0047
| 0.8203 0.7616
0.0038 0.0047
10 0.8202 0.7615
0.0038 0.0048

Tables VII-XI reporting the grid search results over the in-
vestigated models for hyperparameters tuning. Cross-validation
is computed using k-fold, accuracy is reported double row, with
mean value and, in italic, standard deviation.
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C Gamma 26Wacy Accuracy learning algorithms.” Remote Sens., vol. 12, no. 18, 2020, Art. no. 3076.
Top Side  Bottom Side [16] P.Rao, T. Gillespie, and A. Schaafsma, “Estimating wetness duration on
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