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Abstract: Understanding and accurately predicting stomatal conductance in almond orchards is
critical for effective water-management strategies, especially under challenging climatic conditions.
In this study, machine-learning (ML) regression models trained on multispectral (MSP) and thermal
infrared (TIR) data acquired from unmanned aerial vehicles (UAVs) are used to address this chal-
lenge. Through an analysis of spectral indices calculated from UAV-based data and feature-selection
methods, this study investigates the predictive performance of three ML models (extra trees, ET;
stochastic gradient descent, SGD; and extreme gradient boosting, XGBoost) in predicting stomatal
conductance. The results show that the XGBoost model trained with both MSP and TIR data had
the best performance (R? = 0.87) and highlight the importance of integrating surface-temperature
information in addition to other spectral indices to improve prediction accuracy, up to 11% more
when compared to the use of only MSP data. Key features, such as the green-red vegetation index,
chlorophyll red-edge index, and the ratio between canopy temperature and air temperature (T¢-Ta),
prove to be relevant features for model performance and highlight their importance for the assess-
ment of water stress dynamics. Furthermore, the implementation of Shapley additive explanations
(SHAP) values facilitates the interpretation of model decisions and provides valuable insights into
the contributions of the features. This study contributes to the advancement of precision agriculture
by providing a novel approach for stomatal conductance prediction in almond orchards, supporting

efforts towards sustainable water management in changing environmental conditions.

Keywords: precision agriculture; almonds; machine learning; multispectral data; thermal infrared

data; vegetation indices; remote sensing

1. Introduction

Climate change is one of the greatest challenges of the 21st century and has a profound
impact on many sectors, especially agriculture. This sector is particularly vulnerable to
several climate-related events, such as changes in temperatures, rainfall patterns, and
the increased frequency of extreme events like droughts and storms. Such phenomena
have a significant impact on agricultural productivity [1,2]. In this context, almond trees,
Prunus dulcis (var. dulcis (Rosaceae)), are considerably affected by the negative impacts
of climate change, so it is crucial to apply appropriate management practices to ensure
their sustainability and productivity [3]. A fundamental aspect of managing agriculture
under changing climatic conditions is assessing plant water conditions [4]. Measuring
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stomatal conductance (gsw) provides an indicator of plant water status. It reflects the
degree of stomatal opening, which dynamically adjusts in response to plant stress levels.
By monitoring this physiological parameter, farmers can optimize irrigation scheduling,
especially during periods of water stress, to ensure efficient water use and crop health [5].
Understanding the relationship between stomatal conductance and environmental factors
like temperature, light intensity, atmospheric CO, concentration, relative humidity, and
soil moisture content allows for more sustained management strategies to enhance crop
productivity, as it is directly linked to a plant’s ability to regulate water loss through the
stomata and, consequently, its water-use efficiency [6]. In the specific case of almond
cultivation, the assessment of water stress based on stomatal conductance is crucial for
efficient irrigation management and the application of bio-stimulants that can mitigate the
effects of stress [7].

The porometer is an efficient and valuable tool for measuring stomatal conductance.
However, a significant disadvantage of this type of tool is that only a small number of
leaves per tree are measured, potentially missing broader trends across the entire plant
or orchard [8]. In contrast, remote-sensing (RS) techniques offer a more comprehensive
approach. The major advantage of using RS techniques is that, theoretically, all trees and
all leaves contribute to the parameter estimation, providing a more holistic view of plant
health and water status. This broader scope is essential for global-scale monitoring and
management of agricultural resources, emphasizing the importance of RS for understanding
and mitigating the impacts of climate change. Considering the automatic prediction
of stomatal conductance based on RS data, namely through the use of spectral indices,
Quemada et al. [9] studied the role of RS in tracking crop water stress levels using a range
of platforms, such as satellites, manned aerial vehicles, and unmanned aerial vehicles
(UAVs). These platforms offer high-resolution imagery and are becoming increasingly
accessible, along with sensors such as standard RGB, multispectral (MSP), hyperspectral
(HSP), and thermal infrared (TIR). RGB cameras capture spectral ranges within the visible
bands [10], while MSP and HSP cameras cover a broader spectrum in the visible-infrared
(VIS/IR) frequency range [11]. TIR cameras measure emissions within the 7.5-13.5 pm
spectral range. The choice of sensors depends on monitoring goals and available resources.
RGB cameras are beneficial for color analysis, whereas MSP and HSP cameras offer a
more comprehensive plant analysis [12]. On the other hand, TIR cameras are especially
valuable for monitoring drought stress by measuring canopy temperature and estimating
transpiration rates [13,14].

Considering general studies using RS data to predict stomatal conductance, Bian
et al. [15] developed a simplified approach for monitoring cotton water stress using UAV-
based MSP and TIR imagery. The proposed method uses the crop water stress index
(CWB3I) [16] calculated from canopy temperature data. The results showed that the simpli-
fied CWSI (CWSIsi) was more accurate and had a higher sensitivity to cotton water stress
changes compared to other empirical methods, such as empirical CWSI (CWSIe). The study
also shows a strong correlation between the CWSIsi and the physiological parameters of
cotton, including stomatal conductance and soil moisture content. Sobejano-Paz et al. [17]
used HSP and TIR imagery, mounted on a UAYV, to estimate the stomatal conductance
and physiological parameters in maize and soybean plants under different water regimes.
Several indices were computed that were related to vegetation status, water stress, and
stomatal conductance. The models that were developed had high accuracy in estimating
stomatal conductance, with coefficients of determination (R?) ranging from 0.73 to 0.93,
highlighting the potential of HSP and TIR for plant physiological monitoring. On the other
hand, Xie et al. [18] used an MSP sensor to collect data on the different stages of growth
and development of citrus trees. Several models were applied in the prediction of citrus
stomatal conductance, including support vector regression (SVR), random forest (RF), and
k-nearest neighbor (kNN).

Regarding stomatal conductance prediction in almond orchards, several studies used
RS data. Camino et al. [19] investigated the spatial variability of the CWSI within almond-
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tree canopies and its effects on the relationship with stomatal conductance. Their study
was conducted in an almond orchard cultivated under three irrigation regimes using high-
resolution (25 cm) TIR imagery acquired by aircraft. Different automatic object-based
tree-crown detection algorithms based on temperature quartile thresholds were employed
for image segmentation. The results showed a strong linear inverse relationship between
CWESI and stomatal conductance across all thermal classes. However, the strength of this
relationship was significantly affected by the crown segmentation strategy. Moreover, the
relationship with stomatal conductance improved when CWSI values corresponded to the
coldest and purest vegetation pixels (R? = 0.78 from pure vegetation pixels vs. R? = 0.52
when using warmer pixels). Gutiérrez-Gordillo et al. [20] aimed to monitor the emerging
water stress on almond trees under irrigated and regulated deficit irrigation treatments.
Stem water potential, net photosynthetic rate, and stomatal conductance were monitored
in the field, while NDVI and CWSI were computed using MSP and TIR images acquired
by UAV. The results showed that the NDVI and CWSI can be used as reliable indicators
of plant water status and as substitutes for stomatal conductance, particularly under mild
water stress conditions. Garcia-Tejero et al. [21] studied the efficiency of thermography
as a non-invasive technique for monitoring the water status of almond trees subjected
to various irrigation regimes. The authors aimed to identify the optimal time of day for
acquiring TIR data and the most reliable thermal index for interpreting crop water stress.
The results revealed a statistically significant correlation between thermal indices and
stomatal conductance. Specifically, the CWSI showed a strong correlation with stomatal
conductance, with values ranging from —0.86 to —0.98 across the different evaluation times.

Despite the established correlations between each index derived from the RS data
and stomatal conductance in almond orchards, these relationships often fail to capture
the intricate interplay of several features influencing stomatal dynamics. This limitation
highlights the need for more sophisticated approaches, such as machine-learning (ML)
models, to accurately predict stomatal conductance, particularly in almond orchards where
such research is currently lacking. In this study, this gap is addressed by employing different
ML regression models to predict stomatal conductance in an almond orchard. Using MSP
and TIR UAV-based data to compute different indices. These spectral indices serve as
features for the ML models. To further capture the complex relationships between spectral
indices and stomatal conductance, the Shapley additive explanations (SHAP) values were
explored to provide a unique perspective on the contribution of each individual feature to
the model predictions.

2. Materials and Methods
2.1. Study Area

The study was conducted on two dates (14 July and 28 August 2023) in a rain-fed
almond orchard in Sao Salvador (41°25'55”N, 7°08'06"”"W; Figure 1a), Mirandela, Tras-os-
Montes region in Northeastern Portugal. Almond cultivation has a long tradition in this
region, and the almond trees play an important role in the region’s economy and cultural
identity. The abundance of almond trees in this region contributes to its picturesque
landscapes and supports the production of high-quality almonds [22].

Tras-os-Montes has a Mediterranean climate with hot, dry summers and cold, harsh
winters, which are suitable for almond cultivation. High temperatures and low rainfall
during the growing season promote the optimal development and ripening of almond trees
(Figure 2a,b), making Tras-os-Montes a prime location for almond production [23]. The
data for this study was collected in July and August 2023. Figure 2a,b illustrate the lack of
rainfall and the increase in temperatures during these summer months, which contributed
to increased stress levels in the almond trees.
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Figure 1. Overview of the almond orchard under study: (a) location of the study area; (b) identifica-
tion of almond trees used in data collection in the studied orchard; (c) P4 multispectral multirotor
unmanned aerial vehicle; (d) LI-600 porometer/fluorometer used in data collection; and (e) perspec-
tives of rain-fed almond trees.
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Figure 2. Weather conditions of 2023 in Mirandela: (a) air temperature and humidity values and
(b) rainfall values. Data from Meteoblue.

2.2. Data Collection and Processing

The development of the study involved several steps (Figure 3). In the first step,
data acquisition, the RGB and TIR data were collected using two UAVs, and the stomatal
conductance data were acquired using a porometer. In the second step, the acquired UAV
data were processed to obtain orthorectified raster products. Subsequently, in the third
step, the tree-crown segmentation was performed. In the fourth step, the features were
extracted for each tree, and a dataset was created. In the fifth and final step, ML regression
models were implemented, and their performance was evaluated.
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Figure 3. Data collection and processing workflow: (1) data acquisition; (2) photogrammetric process-
ing; (3) tree-crown segmentation; (4) feature extraction and dataset creation; (5) implementation of

machine-learning regression models and performance evaluation.

2.2.1. UAV Data Collection

The MSP data used for this study were acquired with the P4 Multispectral multi-
rotor UAV (DJI, Shenzhen, China). It is equipped with six 1/2.9-inch CMOS sensors
(2.08-megapixel resolution), one RGB sensor (not used in this study), and five monochrome
sensors that can capture data in blue (450 nm =+ 16 nm), green (560 nm £ 16 nm), red
(650 nm £ 16 nm), red edge (730 nm =+ 16 nm), and near infrared (840 nm =+ 26 nm). In
turn, the RGB and TIR data were captured using a Mavic 3T multi-rotor UAV (DJI, Shenzhen,
China). This UAV is equipped with an RGB camera (1/2-inch CMOS sensor, 12-megapixel
resolution) and a thermal imaging sensor (640 x 512 pixels, 8-14 um wavelength range,
uncooled VOx microbolometer, CA, USA). All sensors are integrated into a 3-axis gimbal
for image stabilization. Both UAVs are equipped with an RTK module, which ensures high
accuracy in georeferencing the images.

The data acquisition was carried out on two dates. On 14 July 2023, the flight mission
to collect MSP data was carried out at a flight height of 60 m, a UAV speed of 2.3 m/s, and an
image overlap of 80% in the longitudinal direction and 70% in the transverse direction. The
number of images taken was 1390, which corresponds to 278 different captures (five images
per capture). The area covered by the UAV flight was 4.75 ha with a spatial resolution of
3.13 cm. The flights to collect the TIR and RGB data were conducted on the same day and
at a flight height of 60 m, with a flight speed of 4 m/s, a longitudinal image overlap of
90%, a lateral image overlap of 70%, and captured 656 images. The area covered by the
UAV flight was approximately 7 ha, with a spatial resolution of 7.68 cm for the TIR images
and a spatial resolution of 1.91 cm for the RGB images. On 28 August 2023, the flights
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were conducted under the same conditions as the previous flights. During the MSP data
acquisition, 1455 images were captured, which corresponds to 291 different captures (five
images per capture). The area covered by the UAV flight was 5.45 ha, which corresponds to
a spatial resolution of 3.53 cm. During the flight mission to collect the TIR and RGB data,
750 images were captured. The area covered by the UAV flight was approximately 7 ha,
with a spatial resolution of 7.64 cm for the TIR images and a spatial resolution of 1.89 cm
for the RGB images.

Regarding real-time kinematic (RTK) corrections, these were maintained via a connec-
tion to the Portuguese Network of GNSS Permanent Stations (ReNEP), which was linked to
a nearby station, approximately 10 km from the study area, in the city of Mirandela. ReNEP
collects data from GPS, GLONASS, GALILEO, and BEIDOU satellite navigation systems.
This enabled the achievement of horizontal and vertical accuracies below 0.02 m and 0.04 m,
respectively, for UAV-based imagery through real-time correction data. This precision was
deemed adequate for our study. To ensure coverage during data collection, a hotspot was
established using an Android smartphone, connecting the UAV remote controllers.

2.2.2. Stomatal Conductance Acquisition

Stomatal conductance data (mol m~—2 s~1) were collected in the studied almond or-
chard using the LI-600 Porometer /Fluorometer (LI-COR, Lincoln, NE, USA) in automatic
mode (auto-mode option), between 10:00 am and 11:00 am. Stomatal conductance data
collection was conducted during the UAV flight campaigns on 14 July (35 trees) and 28 Au-
gust (35 trees), 2023. In each campaign, we measured 35 trees and collected stomatal
conductance measurements from 10 expanded leaves per tree. These leaves were randomly
selected from different parts of the canopy with direct sun exposure and without shadows
in front of the sensor to not affect ambient light-level readings. This approach ensured
representative sampling by selecting leaves randomly from different parts of the canopy. In
this way, it is possible to capture intra-tree variability and ensure a robust representation of
each tree’s stomatal conductance. This methodology helps account for the potential vari-
ability in stomatal conductance within individual trees and provides a more comprehensive
dataset for correlation analyses.

The LI-600 Porometer/Fluorometer (LI-COR, Lincoln, NE, USA) is a compact, hand-
held instrument that combines porometry and fluorometry. This allows for a rapid assess-
ment of stomatal conductance and chlorophyll a fluorescence, which were not considered
for this study. The porometer uses a mass balance to calculate stomatal conductance based
on water-vapor flux from the leaf, while the fluorometer employs optical techniques to
directly measure chlorophyll a fluorescence. Offering versatility, the LI-600 can function
as either a dedicated porometer or fluorometer, delivering accurate and high-throughput
measurements on the same leaf area [24].

2.2.3. Photogrammetric Processing and Spectral Indices Computation

MSP, RGB, and TIR data acquired from the UAV platform were subjected to a pho-
togrammetric workflow through Pix4DMapper Pro (Pix4D SA—version 4.9.0, Lausanne,
Switzerland). This software applies structure from motion (5fM) algorithms to reconstruct
the three-dimensional (3D) structure of the scene from the captured imagery, generating
point clouds from common points between the images. The interpolation of dense point
clouds allows for the generation of several orthorectified raster outputs, including digital
surface models (DSMs), digital terrain models (DTMs), orthophoto mosaics (derived from
the RGB data), and spectral indices. The CHM was derived from the DSM and DTM
through a subsequent processing step in QGIS.

The different spectral indices generated during the photogrammetric processing of the
MSP and TIR imagery are presented in Table 1. These indices were subsequently considered
in the dataset creation process. For the CWSI computation, Tyt was determined by spraying
leaves with water to simulate full transpiration, and leaf temperature was recorded using an
infrared thermometer. To obtain Tq,y, leaves with direct solar incidence were covered with
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petroleum jelly to prevent transpiration. Temperature readings were obtained 15 min after
this procedure. Additionally, the air temperature (T,) was collected using a humidity and

temperature data logger (SSN-22, Hairuis Instruments, Shenzhen, China).

Table 1. List of spectral indices used in dataset creation and their respective equations. MSP: multispec-

tral; TIR: thermal infrared; B: blue; G: green; R: red; RE: red edge; N: near infrared; T: temperature.

Data Type Index Equation Reference
Blue Normalized Difference Vegetation Index BNDVI = N-B [25]
N+B
—RE
Canopy Chlorophyll Content Index cccl — N+ RE [26]
N—-R
N+ R
Chlorophyll Red-Edge Index CIRE = N [27]
RE-1
Green-Blue Normalized Difference Vegetation Index GBNDVI = N-(G+B) [28]
N+ (G+B)
Green-Blue Vegetation Index GBVI = ? [29]
+ B
Green Normalized Green Value GN = G
B+G+R+RE+N
Green Normalized Difference Vegetation Index GNDVI = L_g [28]
N+
Green-Red Normalized Difference Vegetation Index GRNDVI = N—-(G+R) [30]
MSP N+ (G+R)
Green-Red Vegetation Index GRVI = G-R [31]
G+ R
Normalized Difference Red-Edge NDRE = N—RE [32]
N+ RE
Normalized Difference Vegetation Index NDVI = N-R [33]
N+ R
Plant Senescence Reflectance Index PSRI — R-G [34]
Red-Blue Normalized Difference Vegetation Index RBNDVI = N—(R+B) [35]
N+ (R+B)
Red-Blue Vegetation Index RBVI = R-B [36]
R+ B
Red-Edge Normalized Value RE, = RE
B+G+R+RE+N
Red Normalized Value R, = R
B+G+R E RE+N
Simple Ratio Pigment Index SRPI = ? [37]
Structure Insensitive Pigment Index SIPI = % [38]
Crop Water Stress index CWSI = Teanopy = Twet [16]
TIR Tdry — Toet
Stomatal Conductance Index Ig = Td’V — Teanopy [39]

- Tcnnopy — Twet

2.2.4. Tree-Crown Segmentation, Feature Extraction, and Dataset Creation

The segmentation of individual tree crowns was achieved using the CHM. During
this step, a threshold of 0.5 m was used to remove soil and other low vegetation. This
process resulted in a binary mask, which was then vectorized to generate a set of polygons
representing each identified tree crown. Following this, the mean value of the computed
spectral indices was associated with each tree-crown polygon using the QGIS “Raster
Statistics for Polygons” tool. The resulting data were transformed into the dataset used
in this study with 22 features. These features correspond to the indices obtained from the
MSP data (BNDVI, CCCI, CIRE, GBNDVI, GBVI, GN, GNDVI, GRNDVI, GRVI, NDRE,
NDVI, PSRI, RBNDVI, RBVI, RE,, RN, SRPI and, SIPI), the TIR data (CWSI, Ig, and T.-Ta),
and a target feature representing the stomatal conductance values (gsw). There is a total of
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70 samples in the dataset, corresponding to the data extracted from trees on both 14 July
and 28 August 2023 (Figure 1b).

2.3. Application of Machine-Learning Regression Models

The application of ML regression models (fifth step of Figure 3) included four main
procedures: feature selection, model implementation, hyperparameter tuning, and model
evaluation.

2.3.1. Feature-Selection Process

The selection of features is a crucial step in the process of ML, as it helps in identifying
the most informative features within the generated dataset. This process can impact the
performance of the regression models by preventing overfitting, reducing training time,
and improving generalization [40]. There are different methods for feature selection. In this
study, Pearson’s correlation, mutual information, and feature importance were considered
in the feature-selection process. Pearson correlation helps in the identification of features
that are highly correlated with the target feature, while they are only minimally correlated
with each other. By selecting features that are highly correlated with the target feature, we
can reduce the dimensionality of the dataset and improve model performance [41]. On
the other hand, mutual information is a measure of the amount of information a feature
provides about the target. It assists in the selection of features based on their mutual
information with the target variable. By selecting features with high mutual information, it
is possible to identify the features that are most informative and relevant for predicting
the target variable [42]. However, both methods may not be the best options to capture
complex and non-linear relationships between features and the target variable. Therefore,
it is important to consider other options such as feature importance, which is a method
that involves assigning a score or weight based on its importance in the model. This can be
done using techniques such as permutation feature importance or the feature importance
of a tree-based model. By identifying the features that are most important to the model, it
is possible to reduce the dimensionality of the dataset and improve the performance of the
models [43,44].

2.3.2. Selection and Implementation of Machine-Learning Regression Models

For the prediction of stomatal conductance, three different regression models were
considered, which have proven successful for similar research problems: extra trees (ET),
stochastic gradient descent (SGD), and extreme gradient boosting (XGBoost). ET is a tree-
based ensemble method for supervised learning that can be used for both classification
and regression tasks. It works by constructing many unpruned decision trees on random
sub-samples of the training dataset and outputting the average (for regression) or majority
class prediction. ET has several advantages over other ensemble methods, such as random
forest (RF) and tree bagging (TB), including faster computation times, no requirement for
pre-sorting of the training data, and improved accuracy on certain datasets. It is partic-
ularly useful for large and high-dimensional datasets where computational complexity
is a concern. This method can also handle noisy or missing data and requires minimal
parameter tuning. Overall, ET is a highly promising method for supervised learning that
offers excellent performance and scalability in a wide range of applications [45]. The SGD
is a popular optimization algorithm that excels in handling large-scale ML problems and
overcoming computational and memory constraints. It iteratively updates a function’s
weights using small, randomly sampled portions of the training data rather than the entire
dataset. Additionally, SGD can handle functions with discontinuities and can be easily
distributed across multiple computing nodes. Overall, SGD offers a flexible and scalable
approach to optimization, contributing to its widespread adoption in ML applications [46].
XGBoost is an ML technique that achieves similar prediction accuracy to RF while offering
greater user friendliness. This is due to XGBoost having fewer hyperparameters requir-
ing tuning. Moreover, XGBoost leverages an “additive strategy” that builds upon the
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foundations of gradient boosting. It aims to minimize a regularized objective function by
employing several techniques. These include penalizing model complexity, smoothing the
final learned weights to prevent overfitting, and reducing the influence of individual trees
through column subsampling and shrinkage. Additionally, it incorporates a sparsity-aware
split-finding approach, allowing for efficient training on sparse datasets [47].

For the implementation of ML regression models, we employed a cross-validation
(CV) technique, splitting the dataset into five training and testing sets. To augment the
size of the training sets and improve model generalizability, we further incorporated the
bootstrap method. It works by creating multiple new datasets, each containing samples
drawn with replacements from the original data. This process injects diversity into the
training process, leading to several benefits. Bootstrapping can help in reducing overfitting,
improving the robustness of models to unseen data, and providing a more reliable estimate
of a model’s generalizability [48]. With this method, the original training dataset, which
consisted of 57 samples (out of the total 70 samples), suffered a 10-fold increase.

2.3.3. Hyperparameter Tuning

Hyperparameters are parameters that are not learned from the data but are defined
before the learning process begins. The choice of hyperparameters can have a significant im-
pact on the performance of the model, so tuning the hyperparameters is an important step
in the ML pipeline. There are various techniques for tuning hyperparameters, including
grid search, random search, and Bayesian optimization. Grid search tests all possible com-
binations of hyperparameters within a predefined range. In this study, the GridSearchCV
was the method applied to test the best hyperparameters for each applied model.

Regardless of using only MSP features and the combination of MSP and TIR features,
the defined hyperparameters for ET (max_depth: None; n_estimators: 50), SGD (learn-
ing_rate: adaptive; max_iter: 100,000), and XGBoost (max_depth: 3; n_estimators: 100)
were the same.

2.3.4. Model Evaluation and Feature Contributions

Several metrics were employed to assess the performances of the regression models.
These included the coefficient of determination (R?), the mean squared error (MSE), and
the mean absolute error (MAE). R? quantifies the proportion of variance in the dependent
variable that can be explained by the independent variables in the regression model. The
MSE considers the average squared difference between the observed and predicted values.
Meanwhile, in contrast, MAE is calculated as the average of the absolute differences
between the predicted and observed values of the dependent variable. MAE measures
the average magnitude of errors made by the model in the same units as the dependent
variable [49].

Feature contributions to model output were assessed using Shapley additive expla-
nations (SHAP), which is a method for explaining the predictions of ML models. SHAP
values are a game-theoretic approach to explain the output of any model for any instance.
They are based on the concept of cooperative game theory and are inspired by the Shapley
value, which is a solution concept in cooperative game theory [50].

3. Results
3.1. Stomatal Conductance Variability

The stomatal conductance measurements taken on 14 July and 28 August 2023 showed
contrasts (Figure 4). Stomatal conductance is a sensitive indicator of plant water status,
and its values tend to be higher when plants are under low water stress and lower when
they are under high water stress [51]. On 14 July, stomatal conductance values were higher,
indicating that the almond trees were under less water stress at that time. This could be
due to the availability of higher soil moisture and favorable weather conditions, such as
cooler temperatures and higher humidity, which may reduce the evaporative demand and,
thus, the water stress of the trees [51]. In contrast, stomatal conductance values were lower
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on 28 August, suggesting that the almond trees were exposed to higher water stress. This
could be due to a combination of factors, such as a decrease in soil moisture due to the lack
of rainfall or a high evaporative demand due to the hot and dry weather conditions [52],
as demonstrated in Figure 2. Reduced stomatal conductance is a survival mechanism that
plants use to conserve water and reduce transpiration, which can help them handle water
stress [53].
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Figure 4. Observations of stomatal conductance (gsw) per tree (a) and (b) distribution of stomatal
conductance (gsw) measured on 14 July and 28 August 2023.

3.2. Feature Analysis, Correlation Assessment, and Feature Selection

Implementing the feature importance methods, during ML model development, re-
sulted in the selection of the six most important features for both scenarios: using only MSP
imagery and using both MSP and TIR imagery. The selected fea-tures varied across models.
When using only features derived from MSP data, features like GRVI, SRPI, RN, NDVI,
RBVI, and SIPI were considered for ET, while for SGD the features with more importance
were CIRE, SRPI, GRVI, REn, CCCI, and RBVI. In the XGBoost the top six features were RB-
NDVI, GRVI, RN, GBNDVI, CIRE, and GNDVI. When features from TIR data are included
the feature importance changes for all models, with GRVI, Tc-Ta, RN, SRPI, RBVI, and SIPI
having the highest feature importance in ET. While for SGD and XGBoost the features with
higher importance were Tc-Ta, REn, CWSI, CIRE, Ig, SRPI and Te-Ta, RBNDVI, GBNDV]I,
GNDVI, RBVI, CIRE, respectively.

When analyzing the features derived solely from MSP imagery, the evaluated ML
approaches exhibited a preference for features with high linear correlation to the target
variable and high mutual information values (Figure 5a,b). Examples include CIRE, GRVI,
and SRPI. Interestingly, some models, like SGD, also selected features with lower correla-
tion and mutual information, such as the spectral index REN. Expanding the feature set to
include both MSP and TIR data, Tc-Ta (the ratio between canopy temperature and air tem-
perature), CIRE, GRVI, and RBVI emerged as prominent features across the ML approaches
due to their strong correlation with the target variable. However, similar to the MSP-only
scenario, SGD again selected features with lower correlation, including REn, CWSI, and
Ig. These observations highlight the importance of employing diverse feature-selection
methods beyond simple correlation or mutual information analysis. ML models, with their
ability to capture intricate and complex feature interactions, can leverage such seemingly
less prominent features to achieve more accurate and robust predictions.
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Figure 5. Correlation between features and the target variable: stomatal conductance (gsw) (a) and
mutual information between features and the target variable (b).

3.3. Comparative Evaluation of the Performance of Regression Models in Predicting Stomatal
Conductance

The performance of the implemented ML regression models was evaluated according
to the type of features used, more specifically the performance using only MSP data or MSP
data in combination with TIR data. By combining ther MSP and TIR data, it was possible
to achieve better performance with the XGBoost (XGB) and ET models. On the other hand,
the performance of the SGD model was slightly better when only the MSP data was used
(Figure 6). When comparing the results according to the model used, it can be observed
that the XGBoost model performed the best when using MSP and TIR data, with an R? of
0.87, an MSE of 0.0016 mol m~2 s~ 1, and an MAE of 0.035 mol m 2 s~ L. Using the XGBoost
model with MSP data features resulted in an R? of 0.78, an MSE of 0.0028 mol m 2 s~ 1, and
an MAE of 0.044 mol m~2 s~1. As for the ET model, the best performance was obtained
when using MSP and TIR data, with an R? 0f 0.81, an MSE of 0.0023 mol m 257!, and an
MAE of 0.041 mol m~2 s~!. When using the ET model with only MSP data, the R? was
0.70, the MSE was 0.0037 mol m 2 s~ 1, and the MAE was 0.049 mol m 2 s~!. When using
the SGD model, the best performance, although with a slight difference, was obtained
with the MSP data, with an R? of 0.85, an MSE of 0.0018 mol m~2 s~1, and an MAE of
0.034 mol m 2 s~ 1. When using the SGD model with MSP and TIR data, the R?% was 0.81,
the MSE was 0.0023 mol m 2 s~!, and the MAE was 0.037 mol m~2 s~ ! (Figure 6).

1.0 0.010
(@) (b)
0.8 | 0.008
& 0.6 1 0.006
0.4 = 0.004
o o - ‘ l
0.0 XGB ET SGD + 0.000 XGB ET SGD
0.08
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w . VISP
<
004 B MSP and TIR
0.02 l

0-00 XGB ET SGD

Figure 6. Performance of regression models in predicting stomatal conductance (gsw). (a) Coefficients
of determination (R2), (b) mean squared error (MSE), and (c) mean absolute error (MAE).
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In line with the results of the metrics, the analysis of the scatter plots (Figure 7) shows
that models containing both MSP and TIR data (Figure 7d—f) have a higher degree of
agreement between the observed and predicted values than models using only MSP data
(Figure 7a—c). This is more evident in the XGBoost model (Figure 7d), which shows the most
pronounced alignment between the observed and predicted values. On the other hand,
the ET model, when based solely on MSP data (Figure 7b), shows the greatest deviation
between the observed and predicted values.
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Figure 7. Scatter plots with observed values and predicted values in the trained models when
using multispectral (MSP) data for (a) extreme gradient boosting (XGBoost), (b) extra trees (ET),
and (c) stochastic gradient descent (SGD); and when using MSP and thermal infrared (TIR) data for
(d) XBoost; (e) ET, and (f) SGD.

3.4. Feature Contributions through Shapley Additive Explanations—SHAP Values

Regarding the SHAP values associated with the selected features for each ML model, it
can be observed that, in the MSP data (Figure 8a—c), the feature corresponding to the GRVI
index was considered the most important. Higher values of GRVI contributed positively
to the prediction of higher values of stomatal conductance, while lower values of GRVI
contributed positively to the prediction of lower values of stomatal conductance. These
SHAP values are consistent with the results of the Pearson correlations (Figure 5a), as there
is a strong positive correlation between GRVI and stomatal conductance. When looking
at Figure A1, which shows boxplots of data distribution by data-collection dates, it is also
noticeable that the highest GRVI and stomatal conductance values correspond to the data
collected on 14 July 2023. Another salient feature is the CIRE using the MSP data in the
XGBoost and SGD models (Figure 8a,c), as higher values of this feature also contribute
positively to predicting higher values of stomatal conductance.
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Figure 8. Shapley additive explanations (SHAP) values for the six most important features when
using multispectral (MSP) data for (a) extreme gradient boosting (XGBoost), (b) extra trees (ET),
(c) and stochastic gradient descent (SGD) and when using MSP and thermal infrared (TIR) data for
(d) XGBoost, (e) ET, and (f) SGD.

Concerning features associated with the use of MSP data in combination with TIR
data, the Tc-Ta was found to be the most relevant for the predictions performed. Higher
values of this feature significantly contributed to the prediction of lower values of stomatal
conductance. These results are also consistent with the correlations between features, as the
Tc-Ta shows a strong negative correlation with stomatal conductance. These results are also
confirmed by the boxplots (Figure A1), in which the highest values of Tc-Ta were recorded
on 28 August 2023, exactly when the lowest values of stomatal conductance were observed.

4. Discussion

In this study, data were collected on two different days, 14 July 2023 and 28 August
2023, using UAV data with RGB, MSP, and TIR sensors, from which several spectral indices
were calculated. Stomatal conductance data were also collected on the same days, which
showed some contrasts (Figure Al). On 14 July 2023, humidity levels were higher and
temperatures were lower than on 28 August 2023, where higher water stress was recorded
due to the long absence of rainfall and higher temperatures in August (Figure 2). These
differences in the data-collection periods contributed positively to increasing the diversity
in the dataset.

Regarding the results obtained, different ML regression models were considered,
including ET, SGD, and XGBoost, using features corresponding to MSP indices and a
combination of MSP and TIR indices features. For the ET model, the R? was 0.70 (MSP
data) and 0.81 (MSP and TIR data). In the SGD model, the R? was 0.85 (MSP data) and
0.81 (MSP and TIR data). And for the XGBoost model, the R? was 0.78 (MSP data) and 0.87
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(MSP and TIR data). The highest performance was achieved by the XGBoost model using
MSP and TIR data, while the lowest performance was achieved by the ET model using only
MSP data. Overall, the models were found to perform better when using a combination
of both types of features (MSP and TIR). In relation to other studies related to the use of
ML or DL models to predict stomatal conductance, Bagherian et al. [54] attempted to apply
ML models using spectral reflectance data for the prediction of stomatal conductance in
potato plants. An ensemble ML model and a 1D convolutional neural network (CNN) were
used in the study. The results of the study show that both models have the potential to
accurately predict stomatal conductance in potato plants. However, the 1D CNN model
achieved higher accuracy (R? = 0.45-0.73) and robustness compared to the ensemble ML
model (R? = 0.44-0.61). Brewer et al. [55] investigated the effectiveness of different models
for predicting the stomatal conductance of maize by estimating foliar temperature and
stomatal conductance. The researchers obtained the best performance with the RF model
(R? = 0.85). Sobejano-Paz et al. [17] used HSP and TIR imagery, mounted on an UAV, to
estimate the stomatal conductance and physiological parameters in maize and soybean
plants under different water regimes. Several indices were computed that were related
to vegetation status, water stress, and stomatal conductance, including the normalized
difference vegetation index (NDVI) [33], transformed chlorophyll absorption in reflectance
index (TCARI) [56], pigment-specific normalized difference index (PSNDc) [57], and the
photochemical reflectance index (PRI) [58]. The models developed had high accuracy in
estimating stomatal conductance, with R? values ranging from 0.73 to 0.93, highlighting
the potential of HSP and TIR for plant physiological monitoring. On the other hand, Xie
et al. [18] used an MSP sensor to collect data at different stages of growth and development
of citrus trees. The selected optimal index combination for modeling was brightness
808nm (B808), chlorophyll vegetation index (CVI) [59], normalized difference green index
(NDGI) [60], and normalized difference red-edge index (NDRE) [32]. The selected indices
were used in the predictive models for citrus stomatal conductance, namely in SVR, RF,
and kNN. The models performed well with the following R? and root-mean-square error
(RMSE) values: SVR (R? = 0.9064, RMSE = 0.0043), RF (R? = 0.8691, RMSE = 0.0050), and
KNN (R? = 0.7677, RMSE = 0.0072).

In the selection process of relevant features for each model, the ‘feature_importance’
function from the scikit-learn library was used. This function evaluates each feature based
on its contribution to the model’s predictive accuracy by measuring the decrease in a
criterion (e.g., Gini impurity, information gain) when a feature is used to split the data. This
method identifies the features with the most significant impact on the model’s performance.
Using non-linear models allowed us to capture various linear and non-linear relationships,
ensuring that all of the selected features contribute meaningfully to the predictions. Among
the selected features, GRVI, CIRE, and T.-T, should be highlighted due to their importance
in model performance. As for the GRV], several studies demonstrated its ability to identify
water stress levels. For example, Ballester et al. [61] evaluated the feasibility of using
spectral indices derived from UAV imagery to monitor the effects of water stress in cotton
crops and predict fiber quality. The study aimed to evaluate the performance of the GRVI
in monitoring the effects of water stress on cotton and compare it with other widely used
indices, such as the NDVI and CWSI. The results showed that the GRVI was sensitive
to changes in water status under mild water stress conditions but was affected by the
long-term effects of water stress, which limited its use in determining the actual water
status of the soil and the crop. As for the CIRE index, the study by Wang et al. [62] focused
on using UAVs to monitor crop conditions and diagnose water deficiency in winter wheat.
The authors summarized the potential of using vegetation indices, including CIRE, in
predicting water stress and stomatal conductance. The results suggest that CIRE performs
better in late growth-stage predictions. As for the T.-Tj, its relevance for predicting the
water stress level and stomatal conductance is reflected in the study by Liu et al. [63], who
found that the ratio of canopy temperature to air temperature is closely related to stomatal
conductance and soil water content and, in particular, is linearly related to CWSI. It can
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serve as an alternative to CWSI for the assessment of water stress in maize, as it is easy to
record and simple to calculate.

The implementation of ML models is a major challenge, as most models function like
a black box. Therefore, the implementation of strategies and methods that facilitate the
interpretation of the models, as well as the way these models use the dataset features to
make a final prediction, is fundamental. In this study, SHAP values were used to address
this issue. SHAP values provide a principled approach to quantify the contribution of each
feature to the model output, which improves the interpretability of the model and facilitates
the identification of the main drivers behind its decisions [64]. Using the SHAP values,
it was possible to identify how higher values of the GRVI and CIRE features contributed
positively to increasing the predicted values of stomatal conductance and how lower
values contributed to decreasing these predictions. It was also possible to see the inverse
relationship between the T.-T, feature and the prediction of stomatal conductance. With
this type of information, the interpretive power increased, providing valuable insight into
the decision-making process of the ML models and contributing to the understanding of
the topic under study. Moreover, SHAP values provide a measure of feature importance
based on their contribution to the model predictions, which is not necessarily reflected
in correlation or mutual information analyses. Correlation analyses primarily capture
linear relationships, while mutual information measures the dependency between features
without considering the direction or linearity of the relationship. In contrast, SHAP values
reflect the model decision-making process, capturing both linear and non-linear interactions
among the features. Thus, features like CWSI and Ig, although showing low correlation
with stomatal conductance, may interact with other features in the model in a non-linear
manner, resulting in higher SHAP values.

5. Conclusions

This study investigated the prediction of stomatal conductance in almond orchards
using ML regression models trained on MSP and TIR data obtained from UAVs. Key
features such as GRVI, CIRE, and T.-T, were identified as crucial factors for model per-
formance, emphasizing their relevance for the assessment of water stress and stomatal
conductance. The implementation of SHAP values enabled the interpretation of model
decisions and improved the understanding of feature contributions. The results show the
importance of using different feature-selection methods and integrating both MSP and
TIR data for accurate predictions when compared with the use of MSP data only. The
XGBoost model using MSP and TIR data showed the best performance, highlighting the
importance of including thermal information alongside spectral indices. These results are
in line with the findings reported in previous studies that highlight the effectiveness of ML
and deep-learning models in predicting stomatal conductance in different crops. However,
itis important to note the limitations of this study, including the dataset size. To address this
limitation, future work will involve expanding the dataset by extending the data-collection
period. This will enable the creation of more comprehensive and diverse training and
testing datasets. Considering the ability of RS data to predict the stomatal conductance of
almond trees, future work could also focus on the development of integrating these data
into a digital twin platform. This platform would be designed to incorporate different types
of RS data and Internet of Things (IoT) sensors to monitor complex phenomena, such as
water availability, stomatal conductance, and almond tree response in near real time.
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Figure Al. Boxplots of dataset features (bndvi, ccci, cire, gbndvi, gbvi, gn, gndvi, grndvi, grvi,
Ist, ndre, ndvi, psri, rbndvi, rbvi, ren, rn, srpi, sipi, cwsi, Ig, Tc-Ta) and target variable (gsw) by
collection date.
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