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ABSTRACT In the current context of accelerating climate change, agriculture faces a pressing need for
proactive solutions that can help maintain crop health and improve resource use efficiency. Physiological
parameters of crop leaves, such as Leaf-Turgor Pressure (Pleaf ) and Leaf Temperature (Tleaf ), serve as
valuable indicators of crop water stress and health, providing essential information for orchard management.
However, although Internet of Things (IoT) systems equipped with sensors attached to crop leaves make it
possible to monitor these parameters, they only provide real-time measurements, which are often insufficient
to anticipate and mitigate adverse future conditions. Therefore, this study proposes a novel integration of IoT
and machine learning technologies to enable the forecasting of physiological parameters of crop leaves. For
this purpose, an experimental plot of Japanese plum trees has been monitored for five months using Pleaf
and Tleaf sensors. Additionally, weather conditions were recorded. Using the data gathered, machine learning
algorithms have been applied to train learning models for Pleaf and Tleaf forecasting. Results report Support
Vector Regression as the best algorithmwith R-squared values of 0.96 and 0.99 in the forecasting of Pleaf and
Tleaf , respectively (one-week forecast horizon). In addition, a comprehensive digital twin software system
integrating the forecasting models has been proposed. Thus, this study represents a significant breakthrough
in proactive crop management, laying the groundwork for more sustainable and resilient farming practices.

INDEX TERMS Digital twins, Internet of Things, leaf temperature, leaf-turgor pressure, machine learning,
time series forecasting.

I. INTRODUCTION
Agriculture is a fundamental sector to global food security
and economic stability, employing nearly 27% of the global
workforce [1]. However, this industry, which consumes
approximately 70% of the world’s freshwater supplies [2],
is increasingly facing the effects of climate change, such
as more extreme weather patterns, rising temperatures,
and intensifying water scarcity in arid and semi-arid
regions [2]. These environmental shifts threaten not only crop
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productivity but also the sustainability of existing agricultural
ecosystems [2]. In this context, traditional agricultural
practices, reactive in nature, are often inadequate to address
such challenges, and there is a need for proactive approaches.

Physiological parameters of crop leaves are critical indica-
tors of crop water stress and overall plant health, and provide
valuable information for farmmanagement. Some of themost
relevant leaf physiological parameters are Leaf Temperature
(Tleaf ) [3] and Leaf-Turgor Pressure (Pleaf ) [4], [5].
On the one hand, Tleaf refers to the temperature of the leaf

surface that is exposed to the atmosphere [3]. This variable
is determined by both the environmental conditions and the
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physiological structure and activities of the plant [3]. Tleaf
is a key factor influencing healthy plant growth and plays
a crucial role in understanding crop transpiration processes,
variety improvement, and yield prediction [3]. In this sense,
Tleaf has been used in the literature for a wide variety of
purposes, from disease detection at leaf level [6] to the
assessment of crop water stress [7], [8], [9].

On the other hand, turgor pressure, in general terms,
is defined as the pressure greater than ambient atmospheric
pressure found in living cells with walls, and is generated
by the osmotic flow of water [4]. In plants, turgor pressure
plays an important role in processes such as growth, organ
movement, and flowering [4]. In this sense, Pleaf can be used
for a variety of purposes, from studying stomatal actions and
plant transpiration processes [5] to assessing the impact of
soil supplements on crops [10]. One of the most valuable
applications of this variable is the assessment of crop water
stress.Pleaf has proven effective for this purpose in crops such
as persimmon trees [11], maize plants [12], citrus trees [9],
hedgerow olive trees [13], [14], [15], apple trees [16], and
pepper plants [17], among others.

These physiological parameters can be measured by
Internet of Things (IoT) systems that include wireless sensors
attached to crop leaves [9], [11], providing farmers and
agronomists with valuable information on plant condition.
However, despite their benefits, these systems are generally
limited to capturing real-time measurements that reflect only
the current physiological state of the crop. This limitation
represents an obstacle to the implementation of proactive
management strategies in agriculture, capable of anticipating
and mitigating undesirable future scenarios.

Recently, advances in machine learning have led to
proposals that anticipate the future with high performance
through time series forecasting in a variety of domains [18],
[19], [20], [21], [22], including agriculture [23], [24].
Therefore, this work explores the combination of the IoT and
machine learning technologies to enable the forecasting of
leaf physiological parameters (i.e., Tleaf and Pleaf ).

For this purpose, an experimental field of Japanese plum
trees of Talete, Angeleno, and Fortune cultivars has been
monitored for five months using Pleaf and Tleaf sensors.
In addition, meteorological data (ambient temperature, rel-
ative humidity, wind speed and direction, solar radiation,
and rainfall) have been recorded from a weather station
located at a distance of one kilometer from the experimental
field. From this data, different machine learning algorithms
have been used to train the forecasting models. Results
reveal that Support Vector Regression (SVR) is the most
effective, achieving R-squared values of 0.96 and 0.99 for the
forecasting of Pleaf and Tleaf , respectively (forecast horizon
of one week).

Thus, the novel approach proposed in this work enables
the future physiological state of plants to be known in
advance with high performance, allowing farmers and
agronomists to make timely, data-driven decisions about

orchard management. This shift from reactive to proactive
decision-making has the potential to substantially improve
crop yield and quality, while also enhancing the resilience
and sustainability of farming practices. For instance, it is
recalled that Pleaf and Tleaf are well-established indicators
of crop water stress (among other factors), which directly
inform irrigation requirements and enable the application of
precision irrigation techniques [9], [25], [26]. By forecasting
these parameters, water usage can be optimized, ensuring that
crops receive the right amount of water at the right time.

In addition, sensors attached to crop leaves often fail,
as they are exposed to weather conditions, animal activities,
leaf movement, and the growth of the crop itself [27]. In this
context, the proposed approach may also enable sensors
deployed in hostile environments, such as crop leaves, to be
more resilient to errors (i.e., faulty or missing measurements
could be recovered by predicting them, and sensor faults and
anomalies could be detected if the measured values differ
significantly from those expected), thus reducing the high
costs associated with leaf-attached sensors in agriculture.

Furthermore, given that digital twin technology in agricul-
ture is still in its early stages and far from realizing its full
potential [28], [29], particularly in the realm of predictive
digital twins [30], a comprehensive digital twin software
architecture integrating the Tleaf and Pleaf forecasting models
has been proposed. Therefore, this work not only proposes
a set of learning models for forecasting important crop
physiological parameters but also introduces a complete
digital twin system, illustrating how these models can be
applied to enable advanced predictive capabilities.

Taking the above into consideration, a list of Research
Questions (RQ) to which this work aims to answer is defined:

• RQ1. To what extent is it possible to forecast leaf
physiological parameters (i.e., Tleaf and Pleaf ) in
Japanese plum trees using machine learning and IoT
technologies?

• RQ2. What is the performance of the learning models in
forecasting Tleaf and Pleaf in Japanese plum trees with a
seven-day forecast horizon?

• RQ3. Which machine learning algorithms are the most
effective for training Tleaf and Pleaf forecasting models?

• RQ4. How could the Tleaf and Pleaf forecasting models
be integrated into digital twin systems to support
predictive capabilities?

The main contributions of the work are listed below:
• A novel approach to anticipate the future state of crops
through the forecasting of Tleaf and Pleaf , which are
essential physiological parameters for assessing crop
status and guiding orchard management.

• A set of novel forecasting models able to predict Tleaf
and Pleaf in Japanese plum trees with a forecast horizon
of one week. The best models obtained an R-squared of
0.96 in forecasting Pleaf , and 0.99 in forecasting Tleaf .

• An innovative approach to achieve greater robustness to
faults in leaf-attached sensors.
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• Acomplete digital twin software architecture integrating
the Pleaf and Tleaf forecasting models.

The remainder of the manuscript is structured as follows.
Section II discusses related studies on time series forecasting
using machine learning techniques. Section III presents
the materials and methods used in this work. Section IV
presents the results of themachine learningmodels. SectionV
proposes a complete digital twin software architecture
integrating the Pleaf and Tleaf forecasting models. Section VI
discusses the contributions and limitations of this study.
Finally, Section VII concludes the paper and proposes future
lines of research.

II. RELATED WORK
Although Pleaf and Tleaf have proven to be valuable
indicators in agriculture, to the best of the authors’ knowl-
edge, no recent studies have explored the application of
machine learning techniques for the forecasting of these
physiological parameters. Consequently, this section reviews
relevant applications of time series forecasting using machine
learning. This provides an overview of the current state of
the art in time series forecasting techniques and lays the
groundwork for the proposal presented in this article.

In this context, time series forecasting can be categorized
into univariate and multivariate approaches. Univariate meth-
ods predict future values based solely on past observations of
the target variable, while multivariate approaches incorporate
interactions with other variables to improve predictions [31].
The latter is more realistic, as real-world events are typically
influenced by multiple factors (e.g., traffic levels depend on
weather, fuel prices, and workdays). However, multivariate
approaches are computationally more complex [31].
Regarding univariate approaches, Mudannayake et al.

[22] explore the application of machine learning algorithms
in forecasting municipal solid waste production. For this
purpose, historical data from five cities located in Sri Lanka,
the United States, and Australia are used, and algorithms
such as Linear Regression (LR), Auto ARIMA, Light
Gradient-Boosting Machine (LGBM), and Random Forest
Regressor (RFR) are applied. Since only past values of solid
waste production are used at prediction time to forecast
future values, the problem is addressed from a univariate
approach. The results of the experiments report LR and RFR
as the best algorithms, withMeanAbsolute Percentage Errors
(MAPE) in forecasts with respect to actual values ranging
from 8.03% to 36.89% depending on the municipality
tested.

On the other hand, an example of a multivariate approach
is Shokouhifar and Ranjbarimesan [20]. In this study, a deep
learning model based on Long-Short Term Memory (LSTM)
is proposed to predict blood donations and demands during
the COVID-19 pandemic at the Tehran Blood Center, Iran.
The model is trained to forecast the next week’s blood
demand and donations using, at prediction time, previous
blood demand and donations (target variables), as well as

previous COVID-19 infections and deaths. Tests of the
proposedmodel report a 6.1% and 6.5%MAPE in forecasting
the number of blood donations and demands, respectively.

Additionally, it is important to note that multivariate
approaches can incorporate future data, such as weather fore-
casts from online services, as predictor variables at the time of
prediction. In this sense, inMarkovics andMayer [21] several
machine learning algorithms are compared for the day-ahead
forecasting of photovoltaic power, including LR, Lasso, RFR,
LGBM, XGBoost, and k-Nearest Neighbors Regression
(KNNR), among others. For this purpose, two years of data
from 16 different photovoltaic plants located in Hungary are
collected, as well as meteorological data on many variables
at these locations. The learning models are trained so that
the next day’s weather conditions are used at the prediction
time to forecast the next day’s photovoltaic power (i.e., mul-
tivariate approach). The results show that Kernel Ridge (KR)
and Multilayer Perceptron (MLP) are the best-performing
algorithms.

In this context, machine learning has also been extensively
employed for forecasting problems in agriculture. In Van
Klompenburg et al. [32], a systematic literature review on
crop yield prediction using machine learning is conducted.
Furthermore, machine learning can be applied in agriculture
for purposes other than crop yield forecasting. In Goap et al.
[23], a smart irrigation IoT system based on soil moisture
prediction for the next few days is proposed. In order to
develop their proposal, the authors collect data on soil and
weather conditions for three weeks using sensors deployed
in an agricultural field. Then, a learning model is trained
using the SVR algorithm, whose output is given to a K-Means
clustering model to optimize the forecast. The approach
is multivariate, requiring the learning model to incorporate
past soil conditions, past meteorological data, and future
weather forecasts at the time of prediction in order to
estimate soil moisture for the coming days. The authors
obtain a 0.10Mean Squared Error (MSE) and 0.96 R-squared
in the prediction of soil moisture with respect to actual
values.

In short, machine learning techniques have shown signifi-
cant promise in addressing time series forecasting problems
across diverse fields, including agriculture. While both
univariate and multivariate approaches are commonly used,
the latter is oftenmore realistic due to its ability to incorporate
interactions with multiple variables, making it particularly
suitable for complex real-world scenarios. The reviewed
studies highlight successful applications of machine learning
in areas such as waste production, blood donation forecasting,
and photovoltaic power generation. In agriculture, machine
learning has been applied to problems ranging from crop
yield prediction to soil moisture forecasting, demonstrat-
ing its potential. Despite these advancements, no studies
have been identified that explore the forecasting of leaf
physiological parameters, specifically Pleaf and Tleaf , using
machine learning techniques, highlighting the novelty of this
work.
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III. MATERIAL AND METHODS
In this section, the materials and methods employed to
train the forecasting models are presented. This includes a
description of the experimental field, the gathered dataset,
data pre-processing techniques, the machine learning algo-
rithms employed for model training, the hyperparameter
optimization process, and the performance metrics used.

A. EXPERIMENTAL PLOT CONTEXT AND RESULTING
DATASET
The experimental plot was conducted during 2020 with
late maturing Japanese plum cultivars Angeleno, Talete,
and Fortune, located in the Extremadura Scientific and
Technological Research Centre (CICYTEX) - La Orden
in Badajoz (Spain). A set of Pleaf and Tleaf sensors was
deployed on them on 13 May and removed on 5 October.
Throughout this period, the devices were taking a measure-
ment approximately every five minutes. In addition to the
measured value, each reading also included the identifier of
the sensor (sensorId), the exact time instant at which the
measurement was taken (timestamp), as well as a binary error
code indicating whether the measurement was considered
correct or erroneous according to the experts (errorCode).
Since the hardware and operational details of the deployed
sensors were previously described in Barriga et al. [27], it is
not considered of interest to elaborate on this aspect in this
document.

TABLE 1. Dataset description.

Finally, meteorological data were collected from a weather
station located one kilometer from the plot. From this weather
station, meteorological information including ambient tem-
perature (T ), relative humidity (RH ), wind direction (WD),
wind speed (WS), rainfall (RFa), and solar radiation (SR) was
collected. Note that all the information presented constitutes
the dataset used in this work for the training of the forecasting
models, which is outlined in Table 1.

B. DATA PRE-PROCESSING TECHNIQUES
Before training the machine learning models, a thorough data
pre-processing phase was conducted to enhance data quality
and ensure compatibility with the algorithms. This stage
involved transforming, cleaning, and organizing the dataset to
improve its usability, ultimately contributing to the efficiency
and effectiveness of the subsequent modeling steps [33], [34].

Several pre-processing techniques were applied in this study,
as outlined below.

1) SUBSAMPLING
Subsampling is the process of selecting a representative
subset of data from a larger dataset, often to reduce
computational complexity [35]. In this study, the Pleaf and
Tleaf sensors recorded a measurement approximately every
five minutes. However, these leaf physiological parameters
exhibit minimal variation over such short time intervals,
resulting in very similar or even identical consecutive mea-
surements. Therefore, subsampling was applied by selecting
only the first reading of each hour for each sensor and
discarding the subsequent readingswithin the same hour. This
approach effectively reduced the size of the dataset while
preserving the gathered information, as removed values were
considered redundant.

2) NULL AND ERROR HANDLING
In agriculture, sensors are exposed to a hostile environment,
such as weather conditions, animal activities, and crop
growth and movement, making them susceptible to malfunc-
tions [27]. These issues can result in erroneous readings or the
absence of data, commonly referred to as null values. In this
work, two distinct approaches were applied to handle missing
and faulty sensor data.

• Exclusion of sensors with persistent errors: Sensors
with frequent errors or missing data throughout the
monitoring period were excluded from the dataset.

• Retention and cleaning of sensors with temporary fail-
ures: Some sensors recorded erroneous measurements
at the beginning of the experimental period, but were
subsequently relocated by the experts on the leaves,
after which they began to function correctly. Similarly,
other devices started to fail towards the end of the
experimental period. In both cases, only the erroneous
readings were discarded, while the valid data during the
rest of the monitoring period were retained.

The application of these data cleaning strategies ensures
that only reliable and continuous measurements are used for
model training. After applying these cleaning procedures,
17 sensors deployed across 13 different trees remained in
the dataset. Specifically, nine sensors were located on seven
Angeleno plum trees, six sensors on four Fortune plum trees,
and two sensors on two Talete plum trees. Thus, a sufficient
and representative amount of data from the original dataset
was preserved, enabling effective training and testing of the
forecasting models.

3) MIN-MAX NORMALIZATION
In this study, min-max normalization has been applied to
all numerical features. Min-max is a scaling technique that
transforms numerical data into a specific range ([0,1] in
this study) [36]. This transformation ensures that all features
contribute equally to the learning process and prevents
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FIGURE 1. Diagram illustrating models’ inputs (target variable in the past and other predictor variables both in the
past and in the future) and models’ output (target variable in the future). Target variable: variable to be predicted,
i.e., Pleaf or Tleaf ; other predictor variables: other variables that provide information for the prediction, i.e., weather
conditions.

FIGURE 2. A real example of the input and output time series used to train the forecasting models. In this case, the target variable
is the Pleaf of an Angeleno tree, and the time span is from the 10th of July 2020 to the 23rd of July 2020.
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models from being biased toward variables with larger
magnitudes.

Overall, these pre-processing techniques ensure that only
complete and accurate data are provided to the machine
learning algorithms, ultimately enhancing the reliability and
predictive performance of the models.

C. MULTIVARIATE APPROACH: INPUTS AND OUTPUT OF
FORECASTING MODELS
Learning models are trained with the aim of forecasting the
target variable (Tleaf or Pleaf ) with a forecast horizon of one
week, i.e., seven days in advance from the prediction time.
Therefore, the output of the models will be the forecasted
values of the target variable for the future week.

Regarding the data used as input by the models to
make their forecasts (i.e., predictor variables), a multivariate
approach has been followed. First, the measured values of the
target variable (Tleaf or Pleaf ) in the past, i.e., during the last
week, are used. Second, the weather conditions measured in
the last week, together with the expected weather conditions
for the following week, are also used as input data for the
models. Figure 1 illustrates the inputs and outputs of the
forecasting models.

On the one hand, providing the models with the behavior
of the target variable (Tleaf or Pleaf ) during the past as
input is mandatory to predict the future variation of that
variable. Each tree has different water stress, genetics, and,
in general, different conditions that affect the physiological
parameters of its leaves. Thus, the specific behavior of the
target variable on that particular leaf during the last days
must be taken into account in order to forecast its future
variation.

On the other hand, providing the forecasting models
with past and future weather conditions could be useful
to achieve better performance. With this approach, models
could learn more complex patterns and relationships between
weather conditions and the leaves’ physiological parameters,
allowing them to better determine the future variation of the
target variable. As the literature states, the leaf physiological
parameters included in this work (i.e., Pleaf and Tleaf )
are influenced by climatic conditions [3], [17]. In this
context, it should be noted that weather conditions for the
future week can be known at prediction time from weather
forecasting services and agencies on the Internet such as
the OpenWeather [37] or AccuWeather [38] APIs, and that
several studies in the literature already follow this approach
of using future weather conditions at the prediction time
[21], [23].

Therefore, the approach adopted in this work is multivari-
ate. Additional variables (past and future weather conditions)
are used together with the target variable (Pleaf or Tleaf ) in the
past to predict the future variation of the target variable. Note
that the meteorological variables used are solar radiation,
relative humidity, air temperature, rainfall, wind speed, and
wind direction, as shown in Table 1.

FIGURE 3. Training and test sets of forecasting models. Data from the
same tree is never included in both sets. Icons from Flaticon.com have
been used in this illustration.

Figure 2 provides a selected real-world example of the
input and output time series used to train the learning models
focused on forecastingPleaf (since the selected target variable
for this example is Pleaf ). As explained above, the inputs
are the measurements of the target variable in the past week
together with the weather conditions in the past and future
week, while the output are the expected values of the target
variable in the future week.

The two-week time period shown in Figure 2 is
from 10 July 2020 to 23 July 2020, both days inclusive and
the Pleaf measurements were taken from an Angeleno tree.
In this particular case, it can also be clearly seen that weather
conditions directly affect the behavior of Pleaf , making it
evident that in order to predict with high performance the
future variation of this variable it is necessary to provide the
models with the expected weather conditions for the coming
week.

D. DATA SPLITTING: TRAINING AND TEST SETS
In order to properly train and measure the performance of
forecasting models, it is necessary to split the data into two
subsets. A commonly used method is to take a percentage
of the records randomly which is used in the training phase
and preserve the rest for the testing phase [39]. However,
as each tree has different genetics, age, and, in general,
different conditions, it is considered that the most appropriate
option is to use a set of trees as a whole to train the
forecasting models and use the remaining set of trees to test
their performance. Measuring the performance of forecasting
models with sensors placed on trees never seen during the
training phase ensures that the performance obtained is the
same as in a real-life environment and represents the actual
ability of the models to generalize to unknown situations.
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TABLE 2. Overview of the algorithms employed to train the Pleaf and Tleaf forecasting models.

Figure 3 illustrates the partitioning of the sensors between
the training and test sets. 71% of the data (12 sensors out
of 17) is assigned to the training set and 29% (5 sensors
out of 17) to the test set. As can be seen, not only is the
data from each sensor completely assigned to one or the
other subset, but also data from the same tree (as a tree
can have attached more than one sensor) are never assigned
to both subsets. Furthermore, the allocation of the sensors
between the two subsets has been carried out taking into
account a proportional distribution of the existing cultivars
in the experimental plot (i.e. Angeleno, Fortune and Talete),
avoiding a possible bias in this respect (see Figure 3).

E. ALGORITHMS USED TO TRAIN THE FORECASTING
MODELS
A set of machine learning algorithms has been employed to
train learning models focused on the forecasting of Pleaf and
Tleaf in Japanese plum trees. These algorithms, selected for
their ability to capture complex and diverse data patterns,
are presented in Table 2. The implementation of the Python
‘‘Darts’’ [47] library has been used. Since the algorithms
included are well-known, it has been considered unnecessary
to include details of their inner workings in this article, as it
would not provide any novelty.

At this point, it should be noted that neural networks were
considered for model training in this research. However, the
performance obtained by neural networks did not outperform
some of the algorithms included in Table 2. Furthermore,
neural networks involve substantial complexity in terms of
topology design and training. Given the superior performance
of some of the other algorithms, along with the additional
methodological complexity associated with neural network
design and training, it was deemed inappropriate to include
neural networks in this manuscript.

F. HYPERPARAMETER TUNING
Hyperparameters are settings or configuration values used to
control the learning process in machine learning algorithms.
Unlike model parameters, which are learned from the data
during the training process (e.g., weights in a neural network),
hyperparameters are set before training begins and remain
constant throughout the learning process [48]. In this regard,

TABLE 3. Hyperparameters tested for each algorithm in the grid search
process.

selecting appropriate hyperparameters is crucial, as they
determine how well the model generalizes to unseen data and
impact training efficiency and predictive performance [48].

In order to identify the optimal hyperparameters for
each machine learning algorithm included, a grid search
process was implemented. In this sense, grid search is a
systematic approach that explores multiple combinations of
hyperparameters, selecting the configuration that yields the
best model performance based on a predefined evaluation
metric (mean absolute error in the case of this work) [48],
[49]. This exhaustive search process determines the most
effective hyperparameter settings (among those tested) before
model training.

The hyperparameters tested for each machine learning
algorithm are detailed in Table 3. The results of the grid
search process are presented along with the results of the
forecasting models in Section IV.

G. METRICS USED TO MEASURE THE PERFORMANCE OF
THE FORECASTING MODELS
To evaluate the performance of the forecasting models,
several metrics were computed using the data from the
test sensors: Mean Absolute Error (MAE) [50], which
measures the average magnitude of errors in predictions,
as illustrated in equation (1); Mean Squared Error (MSE),
which calculates the average of the squared differences
between actual and predicted values, giving more weight to
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TABLE 4. Performance metrics obtained for each learning model in forecasting Pleaf using the test set.

larger errors [50], see equation (2); Root Mean Squared Error
(RMSE), which is the square root of MSE [50], calculated as
depicted in equation (3); and R-squared, which represents the
proportion of variance in the dependent variable explained by
the model [51], computed as defined in equation (4).

MAE(y, ŷ) =

n∑
i=1

|yi − ŷi|
n

, (1)

MSE(y, ŷ) =

n∑
i=1

(yi − ŷi)2

n
, (2)

RMSE(y, ŷ) =

√√√√ n∑
i=1

(yi − ŷi)2

n
, (3)

R-squared(y, ŷ) = 1 −

∑n
i=1(yi − ŷi)2∑n
i=1(yi − y)2

, (4)

where y represents the actual value to be predicted, ŷ is the
value predicted by the model, y is the mean of the actual
values to be predicted, and n is the number of instances or
predictions made.

Note that in Section IV the values provided for each perfor-
mance metric (i.e., MAE, MSE, RMSE, and R-squared) of a
model correspond to the weighted average of those obtained
with each test sensor.

IV. RESULTS
Once the learning models have been trained, this section
presents a comprehensive evaluation of their forecasting
performance. First, the results for Pleaf are presented in
Section IV-A. Subsequently, the performance of the models
in forecasting Tleaf is examined in Section IV-B.

A. RESULTS OF PLEAF FORECASTING MODELS
Table 4 shows the performance metrics obtained for each
learning model in forecasting Pleaf using the set of test
sensors. As presented in Table 4, the predictive performance
of the models exhibits considerable variation. SVR yielded
the highest performance, achieving the lowest MAE (5.92),
MSE (95.80), and RMSE (9.00), along with the highest
R-squared value (0.96). An R-squared value of 0.96 indicates

that 96% of the variance in the forecasted Pleaf values is
accounted for by the model’s predictions, signifying a strong
ability to capture the underlying patterns within the data.

By contrast, KNNR exhibited the weakest performance,
yielding the highest errors (MAE = 11.67, RMSE =

16.07) and the lowest R-squared value (0.87), suggesting
limited capability in modeling the complex relationships
governing Pleaf dynamics. LR and RR exhibited comparable
performance, both with an MAE close to 8.96 and an
R-squared value of 0.93, indicating reasonably accurate yet
less precise predictive capacity.

The gradient boosting models, CatBoost and LightGBM,
performed better than LR and RR, with LightGBM achieving
an MAE of 7.07 and an R-squared value of 0.95, ranking
behind SVR.

In addition, to further evaluate the predictive performance
of the best-performing model (i.e., SVR), Figure 4 presents
four forecasts of Pleaf . In each plot, the black line represents
the actual Pleaf values during both the observed and future
weeks, while the orange line corresponds to the forecasted
Pleaf values for the upcoming week. A dashed vertical line
marks the prediction time, serving as a visual reference for
the transition between observed data and predicted values.
Furthermore, the background shading distinguishes between
day and night, with gray denoting nighttime and white
representing daytime. This distinction is particularly relevant
in this work, as Pleaf exhibits diurnal fluctuations, typically
increasing during daylight hours due to photosynthetic
activity and decreasing at night.

At this point, it should be mentioned that the four
forecasts shown in Figure 4 were randomly selected and
were not chosen based on superior performance, ensuring a
representative assessment of the model’s capabilities. In this
regard, the MAE for each forecast is included, providing
an objective measure of the model’s error in each specific
case.

The forecasts illustrated in Figure 4 reveal that the SVR
model effectively captures the dynamic behavior ofPleaf over
time. Each forecast corresponds to different trees and/or time
periods, leading to significant variability in Pleaf behavior.
It is important to recall that Pleaf is a physiological indicator
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FIGURE 4. Four randomly selected forecasts of Pleaf performed by the best model (SVR).

widely used in agriculture to assess crop water stress, among
other factors. Higher Pleaf values are associated with well-
hydrated trees, whereas lower values suggest increased water
stress [11], [12], [13]. Despite these variations, the SVR
model consistently exhibits high performance in predicting
the temporal evolution of Pleaf . For instance, in the first
forecast, Pleaf fluctuates between 150 kPa and 350 kPa,
while in the last forecast, values range from 100 kPa to just
above 250 kPa. The SVR model successfully captures Pleaf
variation in both cases, with predicted values closely aligning
with the actual observations.

Together with the performancemetrics provided in Table 4,
the forecasts illustrated in Figure 4 provide strong evidence
of the model’s robustness and reliability in predicting Pleaf
dynamics. This further reinforces the suitability of the SVR
model for forecasting Pleaf , making it a valuable tool for
predicting and proactively managing crop conditions in
agricultural applications.

B. RESULTS OF TLEAF FORECASTING MODELS
Addressing the Tleaf forecasting models, Table 5 presents
the performance metrics obtained for each learning model
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TABLE 5. Performance metrics obtained for each learning model in forecasting Tleaf using the test set.

in forecasting Tleaf using the test set. As observed in the
forecasting of Pleaf (Table 4), the predictive performance
of the models varies significantly, with SVR once again
achieving the best results. SVR records the lowest MAE
(0.36), MSE (0.41), and RMSE (0.59), alongside the highest
R-squared value (0.99). This R-squared value indicates that
99% of the Tleaf variance in the forecasted week is explained
by the model, showing its strong ability to capture the
underlying temporal patterns of Tleaf .
Conversely, KNNR exhibits the weakest performance,

yielding the highest errors (MAE = 0.92, RMSE = 1.28)
and the lowest R-squared value (0.96), similar to its relatively
poor performance in forecasting Pleaf . This suggests that
KNNR struggles to model the complex physiological pro-
cesses governing both Tleaf andPleaf . LR andRR show nearly
identical performance, both achieving an MAE of 0.61 and
an R-squared value of 0.98, indicating reasonable predictive
capacity but with lower precision compared to SVR.

The gradient boosting models, CatBoost and LGBM,
performmoderately well, each achieving anMAE of 0.65 and
an R-squared value of 0.98. Although these models perform
slightly worse than SVR, their strong predictive capabilities
further highlight their robustness as alternative forecasting
approaches. These results align with those obtained in Pleaf
forecasting, where they also exhibitedmoderate performance.

Similar to Pleaf , in order to further evaluate the predictive
ability of the best-performing model for Tleaf (i.e., SVR),
Figure 5 presents four randomly selected forecasts. As can
be seen in Figure 5, the predicted values closely align
with the actual measurements for the forecasted week, with
the model effectively capturing the fluctuations of Tleaf .
The inclusion of the MAE for each forecast proves that
they are representative of the average model performance.
In this context, the strong predictive capability of the
SVR model is particularly noteworthy, as Tleaf differs from
ambient temperature, being influenced not only by weather
conditions but also by internal plant processes. Notably,
Tleaf plays a crucial role in assessing crop water stress and
affects key factors such as plant growth, evapotranspiration,
or disease outbreaks [3]. Together with the performance
metrics presented in Table 5, these results reinforce the

model’s reliability and highlight its potential for improving
agricultural decision-making through Tleaf forecasting.

V. DIGITAL TWIN SOFTWARE ARCHITECTURE FOR THE
APPLICATION OF THE FORECASTING MODELS
This section proposes a complete digital twin software
architecture integrating the machine learning models trained
in this study for the forecasting of Pleaf and Tleaf . First, the
motivation for this system is discussed. Next, the essential
components and elements that constitute a digital twin system
are defined from a domain-agnostic perspective. Building
on this foundation, the proposed digital twin software
architecture is presented in detail.

A. MOTIVATION
Michael Grieves introduced the ‘‘digital twin’’ concept in
2002, describing it as the integration of a physical system in
the real world, a virtual representation in a digital space, and
a bidirectional data link connecting the two [52]. Since then,
digital twins have emerged as a transformative technology
in a variety of industries, enabling real-time monitoring,
simulation, optimization, and informed decision-making.

In the agricultural sector, digital twin technology holds
considerable promise, particularly in advancing the United
Nations Sustainable Development Goals (UN SDGs). For
instance, digital twins can contribute to SDG 2 (Zero
Hunger) [53] by optimizing resource allocation to improve
crop yields, SDG 6 (Clean Water and Sanitation) [54] and
SDG 12 (Responsible Consumption and Production) [55] by
improving irrigation efficiency and reducing water waste,
and SDG 13 (Climate Action) [56] by supporting more
sustainable agricultural practices, among others.

However, despite the growing adoption of digital twin
technology in sectors such as manufacturing, energy produc-
tion, and construction, its application in agriculture remains
limited and is still in its infancy [28], [29]. A recent cross-
domain mapping study revealed a significant disparity in
the field of application, with over 70% of digital twin
research focusing on manufacturing, and less than 1% on
agriculture [29]. In addition, within the agricultural sector,
most existing digital twin studies focus on physical assets
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FIGURE 5. Four randomly selected forecasts of Tleaf performed by the best model (SVR).

such as greenhouses, with only 9% of studies focusing on
plants themselves [30].

Moreover, digital twins can be classified based on their
capabilities, including monitoring, predictive, prescriptive,
autonomous, and recollection digital twins [57]. Among
these, predictive digital twins are of particular relevance
to agriculture. These systems leverage (near) real-time data
and advanced analytics, such as machine learning models,
to forecast the future conditions of their physical counter-
part [57]. In agricultural applications, predictive digital twins
offer important benefits in anticipating variables such as
crop yields, disease outbreaks, and the impact of weather

conditions on plant status [30]. However, despite their
potential, most existing agricultural digital twin systems are
designed for monitoring purposes and only 19% incorporate
predictive capabilities [30], which are crucial for long-term
planning and decision-making. Therefore, there is a clear
need to promote the adoption and advancement of digital
twin technology in agriculture, particularly in the context of
predictive capabilities.

In the following subsections, the five-dimensional model
of digital twins is first presented, defining the essential
elements, components, and relationships that a digital twin
system should have. Building on this conceptual framework,
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FIGURE 6. Five-dimensional model of digital twins. Adapted from
Tao et al. [59].

a comprehensive digital twin software architecture is then
proposed. This digital twin architecture integrates the
machine learning models trained in this work for forecasting
key physiological parameters of crop leaves (i.e., Pleaf and
Tleaf ). By exploiting these forecasting models, the proposed
system enables the prediction of future crop conditions.
Thus, this study not only investigates the development of
forecasting models for critical agricultural parameters (i.e.,
Pleaf and Tleaf ) but also explores how these models can
be effectively incorporated into digital twin environments to
enable predictive capabilities.

B. THE FIVE DIMENSIONS OF DIGITAL TWINS
Although there is no complete agreement in the literature
on what represents a digital twin system [29], [58], certain
aspects consistently appear in the different studies. In this
sense, the five-dimensional model of digital twins [59]
emerged as a structured framework for understanding the
basic components and relationships that a digital twin system
should have. This five-dimensional model is an extension of
the three-dimensional model initially proposed [60], and has
been studied and adopted by numerous authors [61], [62],
[63], [64]. For these reasons, it is used as a reference in this
work.

As illustrated in Figure 6, the five-dimensional model
of digital twins includes the Physical Entities Dimension,
Digital Twin Data Dimension, Virtual Models Dimension,
Services Dimension, and Connections Dimension. Each of
them is presented below from a domain-agnostic perspective.

• Physical Entities Dimension: This dimension repre-
sents the physical object, process, or system that the
digital twin replicates, encompassing industrial machin-
ery, buildings, and even living organisms. Through
integration with an IoT system, comprising sensors

and actuators, the digital twin enables a continuous
bidirectional exchange of data between the physical
entity and its virtual counterpart, ensuring real-time
synchronization and interaction.

• Digital Twin Data Dimension: This dimension focuses
on the ingestion, storage, and management of data
generated by the digital twin and other external sources.
This dimension is essential to ensure the integrity,
accuracy, and consistency of the data throughout its
lifecycle.

• Virtual Models Dimension: This dimension encom-
passes simulation models that enable the behavior and
dynamics of the physical system to be replicated in
the virtual world. It includes expert-defined models
and data-driven models. These virtual models enable
digital twins to analyze system performance, opti-
mize processes, and predict potential issues, thereby
enhancing decision-making and improving operational
efficiency.

• Services Dimension: This dimension encompasses all
the capabilities offered by the digital twin. In addition,
it includes user-friendly tools and graphical interfaces,
such as control panels or cockpits, designed to enable
end users to leverage these capabilities.

• Connections Dimension: This dimension facilitates
communication and data exchange across all compo-
nents of the digital twin ecosystem. It includes IoT-
enabled data acquisition, cloud-based integration, and
standardized communication protocols, such as MQTT,
HTTP, and RESTful APIs.

Therefore, designing a digital twin integrating thePleaf and
Tleaf forecasting models trained in this work requires careful
consideration of these five dimensions. In the next section,
the proposed software architecture is presented.

C. PROPOSED DIGITAL TWIN SOFTWARE ARCHITECTURE
The envisioned digital twin software architecture (see
Figure 7) integrates the Pleaf and Tleaf forecasting models,
enabling not only real-time monitoring but also predic-
tive analytics for a Japanese plum orchard (i.e., physical
counterpart). This architecture is designed around the
five-dimensional model of digital twins, as outlined in
Section V-B. How each of these dimensions has been
addressed is discussed below.

1) PHYSICAL ENTITIES DIMENSION
The physical entities in the proposed digital twin architecture
consist of the Japanese plum orchard and its associated
mist layer IoT devices (see Figure 7). These mist layer
IoT devices include Pleaf and Tleaf sensors that provide
continuous, (near) real-time data about the physiological
state of the trees. Additionally, a weather station located
in the orchard gathers environmental data such as ambient
temperature, humidity, and solar radiation. These sensors
collect valuable information on the status of the trees and
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FIGURE 7. Proposed digital twin software architecture integrating the Pleaf and Tleaf forecasting models. Icons from Flaticon.com have been used in this
illustration.

the surrounding environment, forming the foundation for the
digital twin. The measured data are transmitted to a nearby
gateway (through the LoRaWAN protocol), which aggregates
the sensor measurements and prepares them for transmission
to the cloud, where the rest of the digital twin infrastructure
resides.

In addition, the mist layer IoT devices include actuators
such as water sprinklers. These actuators are triggered when
specific conditions are met, such as Pleaf and Tleaf values
indicating severe water stress. Moreover, users are able to
manually activate these actuators through the digital twin
cockpit. Thus, the proposed digital twin system supports a
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bidirectional data flow, where sensor data are transmitted to
the virtual replica, and control commands are sent back to the
physical counterpart, adjusting orchard conditions as needed.

2) DIGITAL TWIN DATA DIMENSION
As depicted in Figure 7, the collected data from the gateway
are first transmitted to a gateway-cloud bridge component,
which serves as the intermediary between the edge devices
(i.e., the gateway) and the rest of the digital twin infrastructure
hosted in the cloud.

The gateway-cloud bridge is primarily responsible for
ensuring that the incoming sensor data are appropriately
stored and made accessible for subsequent processing within
the digital twin system. Upon receiving the data, the
edge-cloud bridge stores it in a persistent database, thereby
ensuring that the data generated from the physical counterpart
(i.e., the orchard) are preserved and available for future
use.

In addition to data storage, the gateway-cloud bridge
also facilitates real-time event communication between the
gateway and the digital twin cockpit. There are two primary
types of real-time events: (1) actuator commands and (2)
incoming sensor measurements. Specifically, this component
handles the reception of actuator commands from the digital
twin cockpit via an MQTT broker and forwards these
requests to the gateway. Additionally, when new sensor
measurements are received, the system promptly sends
this data to the digital twin cockpit, ensuring that the
interface reflects the most up-to-date information in (near)
real-time.

Furthermore, this dimension also incorporates external
data sources maintained by third parties. For instance, the
Accuweather API [38], to retrieve weather forecasts for the
upcoming days. These forecasts include a range of weather
parameters, such as temperature, humidity, solar radiation,
and other relevant environmental factors.

In this dimension, data pre-processing functions are also
handled, which are essential to transform raw data into a
suitable format for further processes, particularly for use
in machine learning models. A dedicated microservice,
implemented as a REST API, is responsible for performing
tasks such as data cleaning, normalization, and filtering
of the raw sensor inputs. When a request is made, this
microservice receives the raw data in JSON format, along
with instructions specifying the pre-processing techniques to
be applied. These techniques, which might include min-max
normalization or time-based sampling, are crucial for ensur-
ing that the data are accurate, consistent, and structured
appropriately for use in machine learning models and other
services.

3) VIRTUAL MODELS DIMENSION
This dimension includes the machine learning models
developed in this work to forecast Pleaf and Tleaf in Japanese
plum trees. These models enable the digital twin to reproduce
not only the current state of the orchard (which is achieved by

collecting real-time data from sensors) but also the behavior
and dynamics of the physical counterpart, by capturing the
complex interactions between plant physiological parameters
and environmental factors.

In this context, once the Pleaf and Tleaf forecasting models
have been trained, they are serialized. In this process,
the trained models, including all learned parameters, are
converted into a standardized format (e.g., a.pkl file [65]).
It should be noted that serialization allows the models to be
stored in a portable form, facilitating their transfer and reuse
across different systems without the need for retraining. After
serialization, the models are made accessible via REST APIs,
allowing other components of the digital twin to interact
with them. This design enables the models to be executed
on demand, allowing the system to request predictions in
real-time based on the most recent sensor data and weather
forecasts.

To achieve this, the virtual models manager component
coordinates the execution of the machine learning models
as needed. This component ensures the operation of the
models by managing their execution within a well-defined
pipeline, guaranteeing that all necessary steps are followed.
The structure of this pipeline is outlined below.

1) First, the virtual models manager component queries
the persistent database as well as external data sources
through their APIs to retrieve the necessary past data
and weather forecast information.

2) Next, all retrieved data are aggregated, and the
aggregated data are then passed to the data pre-
processor component, which performs the necessary
transformations to prepare it for machine learning
models. This step includes data subsampling and
normalization.

3) Once the data are pre-processed, it is forwarded to the
appropriate learning model, either for forecasting Pleaf
or Tleaf . The model then executes inference to generate
predictions based on the input data.

4) Next, the resulting predictions are stored back in the
persistent database, ensuring that the output is available
for future use, analysis, or integrationwith other system
components.

5) Finally, after the predictions are generated and stored,
a notification is sent to the digital twin cockpit to update
the interface with the latest information, providing
real-time insights for the user.

Therefore, the components of the Virtual Models Dimen-
sion enable the digital twin to replicate the behavior of the
orchard in the virtual world by using the machine learning
models developed in this work for forecasting Pleaf and
Tleaf . Through serialization and REST APIs, these models
are stored and made accessible for on-demand execution.
Then, the virtual models manager orchestrates the execution
pipeline, ensuring that the models are exploited when needed,
serving as the foundation for predictive services within the
digital twin.

175174 VOLUME 13, 2025



A. Barriga et al.: IoT and Machine Learning for the Forecasting of Physiological Parameters

4) SERVICES DIMENSION
The Services Dimension encompasses all the capabilities
of the digital twin offered for end users, such as orchard
managers, agronomists, and farmers. Through a web-based
cockpit, users interact with the digital twin system to
monitor the current status of the orchard, predict its future
conditions, and make informed decisions. Additionally, the
cockpit enables users to send actuator commands, such as
opening irrigation sprinklers, to control and influence the
conditions of the physical counterpart in a bidirectional
manner.

5) CONNECTIONS DIMENSION
TheConnectionsDimension enables communication between
the various components of the digital twin system. This
dimension is transversal, extending across the entire digital
twin infrastructure, and encompasses all communication
mechanisms and protocols, including the database API,
to facilitate access to persistent data, and the MQTT broker,
to handle real-time events.

6) DEPLOYMENT
The proposed digital twin software architecture, as illustrated
in Figure 7, has been designed for cloud deployment
using Docker containers [66]. This architecture allows
all system components, including data pre-processing ser-
vices, machine learning models, databases, user inter-
faces, and the virtual models manager, among others,
to be containerized. Containerization ensures that each
component is isolated and packaged with all necessary
dependencies, enabling consistent and reproducible deploy-
ments across various environments. This approach pro-
vides several advantages, including improved scalability,
easier maintenance, and seamless integration with cloud
services.

In this context, Kubernetes [67] would be employed for
container orchestration, automating the deployment, scaling,
and management of the system’s components. This allows
the system to efficiently handle dynamic and growing com-
putational demands, scaling individual components based on
workload requirements.

To sum up, the proposed digital twin software architecture
offers a robust framework for integrating the Pleaf and Tleaf
forecasting models. Based on the five-dimensional model
presented in Section V-B, it offers a comprehensive approach
that aligns with widely accepted digital twin principles and
specifications. Furthermore, the containerized design of the
system, with all components deployed as Docker containers
and orchestrated via Kubernetes, enhances scalability, fault
tolerance, and maintainability. Ultimately, this architecture
illustrates how the forecastingmodels trained in this work can
be effectively integrated within digital twin environments to
enable advanced predictive capabilities, addressing a critical
gap in the current research landscape and advancing precision
farming technologies.

VI. DISCUSSION
This section discusses the research questions that initially
guided the present study. The main objective of this analysis
is to highlight the contributions and achievements derived
from this work, as well as to elaborate on the implications
of its findings in the field of agriculture. In addition, some
limitations are also addressed.

Regarding RQ1: to what extent is it possible to forecast leaf
physiological parameters (i.e., Tleaf and Pleaf ) in Japanese
plum trees using machine learning and IoT technologies?
The leaf physiological parameters under study are largely
influenced by weather conditions and exhibit a specific
behavior depending on the health status, water stress,
genetics, and other characteristics of the plant. However,
using technologies such as IoT and machine learning, it is
possible to predict, to a large extent, the future variation of
the leaf physiological parameters studied in Japanese plum
trees. Specifically, using past measurements of the target leaf
variable at the prediction time along with past and future
weather conditions, the variation in the future week of the
target variable can be forecasted with a 0.96 R-squared in
the case of Pleaf , and 0.99 in the case of Tleaf . Note that
R-squared is the proportion of variation of the target variable
explained by the predictor variables.

As for RQ2: what is the performance of the learning
models in forecasting Tleaf and Pleaf in Japanese plum trees
with a seven-day forecast horizon? and RQ3: which machine
learning algorithms are the most effective for training Tleaf
and Pleaf forecasting models? Using the best-performing
model, it is possible to predict the values of the future week
of Pleaf and Tleaf with R-squared values of 0.96 and 0.99,
respectively. In both cases, the best-performing model was
trained bymeans of the Support Vector Regression algorithm,
which has proven to be the most effective for this purpose
among those considered in this work.

Based on the results obtained for RQ1, RQ2, and RQ3, the
integration of machine learning and IoT technologies holds
great potential for fostering proactive management in agri-
culture. Tleaf and Pleaf are key indicators of crop status, and
the proposed approach has proven to be highly effective for
forecasting these physiological parameters with a one-week
time horizon. These predictive capabilities would allow
farmers to prematurely identify potential problems, such as
water stress, before they affect crop health or quality, allowing
a shift from reactive to proactive management. Ultimately,
this can lead to improved crop yields, reduced environmental
impact, and more sustainable farming practices.

With respect to RQ4: How could the Tleaf and Pleaf
forecasting models be integrated into digital twin systems
to support predictive capabilities? To answer this question,
a comprehensive digital twin software architecture integrat-
ing the Tleaf and Pleaf forecasting models has been proposed.
This architecture is based on the five-dimensional model
of digital twins, which provides a structured framework
for defining the essential components of a digital twin
system. The five dimensions include: the Physical Entities
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Dimension, the Digital Twin Data Dimension, the Virtual
Models Dimension, the Services Dimension, and the Connec-
tions Dimension.

Within this architecture, once the forecasting models are
trained, they are serialized and exposed through REST APIs
to enable on-demand execution. When required, the virtual
models manager component coordinates the execution of
these models through a structured pipeline. This process
involves querying relevant data sources, aggregating the
data, sending it for pre-processing, executing the appropriate
machine learning model, and persistently storing the output.
By following this approach, the digital twin system can
apply the forecasting models to deliver advanced predictive
capabilities that support proactive, data-driven decision-
making in agriculture.

Therefore, this work also holds significant potential for
advancing digital twin technology in agriculture, particularly
predictive digital twins. Moreover, it should also be noted that
one of the key steps in the development of a digital twin is the
creation of accurate virtual models that faithfully reproduce
the behavior and dynamics of the physical counterpart in the
virtual world (see Virtual Models Dimension in Section V-B).
In this sense, while this paper focuses on forecastingPleaf and
Tleaf in Japanese plum trees, this study can also help other
researchers and practitioners to obtain data-driven models for
forecasting other agricultural variables.

Furthermore, considering that sensors deployed on crop
leaves tend to fail as they are exposed to a hostile environment
(weather conditions, animal activities, growth of the leaves
themselves, etc.), this novel approach to forecasting leaf
physiological parameters could improve the robustness and
reduce the maintenance costs of leaf-attached sensors in
agriculture. First, the learning models could make it possible
to recover missing and faulty measurements by predicting
them. Second, this approach could also make it possible to
detect faults and anomalies in the operation of the sensors
(i.e., identifying when measured values differ substantially
from those expected).

VII. CONCLUSION AND FUTURE WORK
Leaf-Turgor Pressure (Pleaf ) and Leaf Temperature (Tleaf ) are
physiological parameters widely used in agriculture to assess
crop condition and guide farm management. These variables
are typically measured by Internet of Things (IoT) systems
involving sensors attached to crop leaves. However, although
these sensors provide (near) real-time information on the
physiological state of plants, they do not enable proactive
farmmanagement, which is increasingly necessary in the cur-
rent context of accelerating climate change and uncertainty.

In this paper, the combination of machine learning and
IoT technologies is proposed to enable not only real-time
monitoring but also forecasting of leaf physiological param-
eters (i.e., Pleaf and Tleaf ). For this purpose, an experimental
field of Japanese plum trees of Angeleno, Talete, and Fortune
cultivars has been monitored for five months; in addition,
meteorological conditions were recorded. Using the data

gathered, machine learning algorithms have been applied
to train Pleaf and Tleaf forecasting models. Results report
Support Vector Machines as the most effective algorithm,
making it possible to predict Pleaf and Tleaf in Japanese plum
trees one week in advance with R-squared values of 0.96 and
0.99, respectively.

Thus, this work represents a significant breakthrough in
anticipating the future state of crops, paving the way towards
more proactive and resilient farming practices, as illustrated
by the proposed digital twin, which integrates the Pleaf
and Tleaf forecasting models to provide advanced predictive
capabilities.

Finally, considering the contributions and results of this
study, three avenues for future research are presented. First,
the proposed approach could be applied to enable the
forecasting of other agricultural parameters, allowing a more
complete understanding of the future state of crops. Second,
the forecasting models could be used to detect erroneous
measurements from sensors installed on crop leaves by
identifying discrepancies between measured and expected
values. In addition, these models could be used to recover
erroneous or missing readings by forecasting them. In this
sense, it should be recalled that sensors in agriculture are
exposed to a hostile environment (e.g., weather conditions
and animal activities), and exploring strategies to improve
their resilience to errors is an open area of research.
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