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Water management is essential for optimizing yields in almond orchards, particularly in regions with limited
water resources. This work integrates different sources of information (satellite imagery, meteorological data,
soil data, and machine learning techniques) to monitor and predict the spatial variability of stem water potential
(SWP) in an almond orchard. A random forest (RF) model was developed using weekly SWP measurements
collected between 2019 and 2021 at 24 monitoring locations. Predictor variables included meteorological var-
iables (air temperature, solar radiation, wind speed, relative humidity, vapor pressure deficit), soil parameters
(soil bulk density and soil water content), and vegetation indices derived from satellite imagery (normalized
difference vegetation index) and the evaporation fraction were used. The RF model demonstrated high accuracy
in predicting SWP, with a Nash-Sutcliffe Efficiency (NSE) of 0.91 and a root mean square error (RMSE) of 0.17
MPa, as evidenced by the goodness-of-fit evaluation. The cumulative probability plot indicated that 78.2 % of the
NSE values fall within the "very good" range and 21.8 % within the "good" range, underscoring the model’s
reliability. It was found that the key variables for SWP prediction are air temperature, evaporation fraction, wind
speed, and solar radiation. Spatial maps generated with high-resolution aerial imagery by the model revealed
significant within-field variability, particularly during critical growth stages such as the hull split period in July.
During this period, the orchard was managed using deficit irrigation strategies, a common practice to mitigate
hull rot and optimize water use, which resulted in lower (more negative) SWP values indicating water stress.
These maps highlighted areas of the orchard experiencing greater water stress, guiding more precise irrigation
management. This study highlights the importance of integrating high-resolution remote sensing data with
machine learning algorithms to enhance water management practices in almond orchards. The findings suggest
that the spatial and temporal predictions of SWP using the RF model can support precise irrigation scheduling,
leading to improved water use efficiency and sustainability in almond production.

1. Introduction

Water scarcity is a critical issue in California, driven in part by the
high water demands of almond cultivation. Almond orchards require
approximately 900 —1350 mm of water annually (Goldhamer and Fer-
eres, 2017), equating to 9000-13,500 m>/ha, among the highest water
demands for major crops in the region. This substantial water use,
combined with frequent drought conditions and competing water de-
mands for urban and environmental needs, underscores the pressure on
California’s limited water resources. These challenges necessitate a
focus on improving irrigation efficiency and sustainable water

management practices (Fulton et al., 2019; Parker et al., 2021). Almond
is a high relevant/significant/key crop in California, contributing bil-
lions of dollars to the state’s economy and supporting thousands of jobs.
The state’s Mediterranean climate, with its warm, dry summers and
mild, wet winters, is ideal for almond cultivation. However, this same
climate also poses significant challenges for water resource manage-
ment. California’s almond industry has grown exponentially over the
past few decades, driven by high global demand for almonds. This
growth has put immense pressure on the state’s water resources,
particularly during drought. Effective water management practices are
essential to maximizing yield and ensuring sustainable almond
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production (Garcia-Tejero et al., 2020; Gutiérrez-Gordillo et al., 2020;
Lipan et al., 2020). Despite the significance of traditional irrigation
management practices such as monitoring evapotranspiration (ET), soil
moisture, and plant physiological responses, these methods often fail to
account for variability in crop type, cultivar, and climatic conditions
(Bellvert et al., 2018; Drechsler et al., 2022). ET, which quantifies water
loss through soil evaporation and plant transpiration, is fundamental to
irrigation management (Peddinti and Kambhammettu, 2019). ET has
been extensively studied (Calera et al., 2017; Fisher et al., 2017; Gowda
et al., 2008; Xu and Singh, 1998) as a key component in understanding
water balance and managing irrigation efficiently. Methods to measure
ET range from simple pan evaporation techniques to complex remote
sensing models. Each method has advantages and limitations, influ-
encing its applicability in different contexts. A crucial measurement to
assess the crop water status is the midday stem water potential (SWP)
which is highly correlated with the plant stress responses and climatic
conditions making it an invaluable tool for managing irrigation in nut
and fruit crops (Shackel et al., 2021; Zhao et al., 2017b). However,
measuring SWP is labor-intensive and time-consuming, requiring more
time per sample (Zhao et al., 2017b). Various methods to automate and
streamline SWP measurement are under investigation, yet manual
methods remain the standard due to their accuracy. SWP is a critical
indicator of plant water status, reflecting the tension or pressure within
the plant’s xylem tissues where water is transported from roots to leaves
(Blum, 2011; Peiris et al., 2025). This measurement is particularly
important in nut crops, such as almond orchards, to ensure optimal
irrigation practices and to avoid water stress that can negatively impact
crop yield and quality (Goldhamer et al., 2006; Kisekka, 2023). SWP is
influenced by various factors, including soil moisture, atmospheric
conditions, and the plant’s physiological status (Choné et al., 2001;
Lambers and Oliveira, 2019).

Advances in site-specific irrigation management have shown prom-
ise in improving water productivity by accounting for spatial soil vari-
ability (Hedley and Yule, 2009; O’Shaughnessy et al., 2015).
Site-specific management customizes irrigation schedules and amounts
to meet the needs of specific field zones, enhancing water use efficiency
and crop yields. However, implementing these techniques requires
detailed soil and crop data, which can be challenging to obtain and
interpret. Accurate and timely detection of crop water stress is essential
for optimal irrigation scheduling, but traditional methods often detect
stress only after it has reached critical levels. Various approaches,
including soil moisture sensors (Soulis et al., 2015), soil water balance
methods (Pereira et al., 2020), plant-based measurements (Datta et al.,
2018; Dominguez-Nino et al., 2020; Peddinti et al., 2020), and remote
sensing technologies (Egea et al., 2010, 2009), have been developed to
address this challenge. Soil moisture sensors, for instance, provide
real-time data on soil water content, enabling precise irrigation de-
cisions (Seyar and Ahamed, 2024). However, their effectiveness can be
limited by soil heterogeneity and sensor placement (Sharma et al.,
2021). Remote sensing techniques, particularly those using infrared
thermometry and spectral vegetation indices, have gained attention for
their potential to monitor crop water status over large areas. With the
availability of extensive remote sensing data, researchers have increas-
ingly explored its use in estimating plant water stress (Ma et al., 2018;
Matese et al., 2018; Peddinti and Kisekka, 2022). These techniques
allow for continuous monitoring over large areas, providing valuable
insights into spatial water use and stress patterns. However, access to the
information provided by this type of sensors is not always easy or timely.
Thus, the use of remote sensors by means of drones requires a significant
cost either in the acquisition of equipment or in access to the service
through third parties. Additionally, access to information from satellites
is limited by the time of monitoring and the atmospheric conditions
existing during image capture, in addition to having a low resolution.

Recent studies have combined multispectral and thermal imagery
with meteorological data to predict SWP, but there is a gap in research
specifically integrating these data types with soil and vegetation indices
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using Random Forest (RF) models for almond orchards (Lin et al., 2020;
Yang et al., 2022). The challenge lies in the heterogeneity of almond
orchards, where soil properties, crop varieties, and microclimates can
vary significantly. This variability complicates the development of ac-
curate and reliable predictive models. However, these satellites cannot
provide extremely fine spatial resolution. Although the WorldView-2
satellite has demonstrated its ability to estimate SWP over pear or-
chards at higher resolutions (Van Beek et al., 2013), the high cost and
small swath size limit its practicality for larger areas. Using aerial or
unmanned aerial vehicles (UAVs) instead of satellites allows for map-
ping with extremely high spatial and temporal resolution (Peddinti and
Kisekka, 2022). UAVs can capture detailed images of small areas,
providing high-resolution data that can be used to assess crop health and
water status more accurately. Furthermore, UAVs have recently been
used to monitor plant water status (Awais et al., 2023) and manage
irrigation (Romero et al., 2018; Valente et al., 2022). UAV-based remote
sensing platforms can be equipped with various sensors to measure
reflectance, temperature, and other indicators of plant water status. This
technology allows for more frequent and detailed monitoring than
traditional methods, enabling more responsive and precise irrigation
management. Machine learning algorithms (Gutiérrez et al., 2018; Lin
et al., 2020; Marti et al., 2013; Poblete et al., 2017) are now being
applied in various agricultural applications, including precision agri-
culture. These algorithms can process large datasets and identify pat-
terns not immediately apparent to human observers. In irrigation
management, machine learning models can analyze data from multiple
sources, such as soil sensors, weather stations, and remote sensing
platforms, to accurately predict crop water needs. RF models, in
particular, have shown promise in predicting agricultural outcomes
(Badshah et al., 2024; Rashid et al., 2021) due to their ability to handle
large datasets with many variables and their robustness against over-
fitting. RF models use an ensemble of decision trees to improve pre-
diction accuracy and can manage nonlinear relationships and
interactions between variables (Auret and Aldrich, 2012; Rodri-
guez-Galiano et al., 2015). In this study, the RF model incorporated
diverse data types to enhance SWP prediction accuracy in almond
orchards.

This research aims to fill this gap by developing a comprehensive RF
model incorporating diverse data types to enhance SWP prediction ac-
curacy in almond orchards combining satellite imagery with soil,
vegetation, and meteorological factors. This work seeks to advance the
precision irrigation management in almond orchards by developing a
robust machine learning model; integrating multiple data sources and
leveraging advanced remote sensing technologies to provide a more
accurate and scalable solution for predicting the plant water status.

2. Materials and methods
2.1. Study area description

The research was conducted in a commercial almond orchard near
Corning, California, USA (39° 57’ 18.72" N, 122° 14’ 49.2" W). Fig. 1
provides an overview of the study area at Esteve Ranch near Corning,
California, USA. The left side of the figure shows the orchard’s location
within California, marked by red pins. The right side of the figure is a
detailed map of the orchard, indicating the locations of eight monitoring
sites (C230-1 through C230-8) and the SWP tree monitoring locations
marked with green dots. According to the Koppen climate classification,
the region experiences a warm Mediterranean climate characterized by
abundant sunshine and an annual average temperature of 16.6 °C, ideal
for almond cultivation. The soil types in the area include sandy clay
loam and clay loam. Additional site details have been documented by
Peddinti and Kisekka (2022). The orchard comprises fields planted with
three almond varieties: Nonpareil, Monterey, and Butte. These trees are
12 years old. These varieties were chosen for their commercial impor-
tance, with Nonpareil being highly valued for its superior shelling
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Fig. 1. The study area at Esteve Ranch near Corning, California, USA, shows the locations of eight monitoring sites and monitoring almond trees at each site, which
are labeled C230-1, C230-2, C230-3, C230-4, C230-5, C230-6, C230-7, and C230-8.

characteristics and high market demand, and Monterey and Butte
serving as critical pollinators and contributors to overall yield stability.

Irrigation was managed using a combination of micro-sprinkler and
surface drip irrigation systems. During the growing season, irrigation
schedules were based on real-time data from an eddy covariance system
(Peddinti and Kisekka, 2022) deployed in the study area, which
measured evapotranspiration (ET) at the field scale. This approach
provided an accurate estimation of crop water demands, allowing pre-
cise adjustments to irrigation volumes. Specifically, a deficit irrigation
strategy was implemented during the hull split period (mid-July to
mid-August) to induce moderate water stress, which mitigates the risk of
hull rot and optimizes water use efficiency. The total seasonal water
application ranged from 783 mm to 944 mm, depending on the year’s
climatic conditions.

2.2. Stem water potential measurements

The SWP values of the monitored almond trees were measured using
a pressure chamber technique, a widely accepted method for deter-
mining plant water potential. For SWP measurements, sun-exposed and
fully expanded leaves were selected. To ensure consistency and mini-
mize variability, a reflective plastic bag was used to cover the selected
leaf from the lower canopy, which was shaded prior to measurement.
The bagged leaf was left undisturbed for at least one hour to allow
sufficient time for the water potential in the stem to equilibrate.
Following this, the leaf, still enclosed within the plastic bag, was de-
tached from the tree and immediately placed in the pressure chamber.
The pressure was gradually applied until water exuded from the leaf
petiole, and this pressure was recorded as the SWP value. A total of 24
almond trees were monitored across eight locations (Fig. 1), with three
leaves per tree sampled during each measurement event. Measurements
were taken at solar noon, between 12:30pm and 3:00pm, to standardize
readings and minimize diurnal variability. To further reduce variability
and potential human error, all SWP measurements were conducted by
the same operator over the three-season experimental period. The SWP
values were compared against established agronomic thresholds for al-
monds developed by (Fulton et al., 2014) where values between 0 to
—0.6 MPa indicated no stress, —0.6 to —1.0 MPa represented low stress,

—1.0 to —1.4 MPa corresponded to mild stress, and —1.4 to —1.8 MPa
reflected moderate stress. Values more negative than —1.8 MPa were
classified as severe stress, which could result in significant physiological
limitations and potential yield reductions if prolonged. These thresholds
provided a basis for interpreting water stress levels under varying irri-
gation and environmental conditions across the study period, facilitating
a detailed analysis of the relationship between applied irrigation
amounts and SWP dynamics (Fulton et al., 2014; Goldhamer and Fer-
eres, 2001).

2.3. Climate and soil data

The meteorological data were collected from two different locations:
a nearby (10 km) CIMIS station (ID: 222) and an eddy covariance (EC)
flux tower situated within the study area (Peddinti and Kisekka, 2022).
The data considered for the analysis averaged between 12pm and 3pm
and included air temperature, relative humidity, wind speed, solar ra-
diation, and vapor pressure deficit. Meteorological data for the 2019
season were collected from a nearby CIMIS station, located approxi-
mately 10 km from the flux tower. The flux tower was installed in 2020;
therefore, data for the 2020 and 2021 seasons were directly obtained
from the flux tower. Due to the proximity of the CIMIS station and the
lack of significant differences in environmental conditions between the
two locations, the 2019 data are considered representative of the site.
Detailed descriptions of the flux tower and sensors can be found in
(Peddinti and Kisekka, 2022). Soil bulk density was estimated using data
from the Gridded Soil Survey Geographic Database (gSSURGO). The
database provides bulk density values for various soil layers, which were
averaged across the top 30 cm to generate the soil bulk density map.
These values were processed at a 30-meter spatial resolution, and the
bulk density at specific almond tree locations was extracted based on
their geographic coordinates. This map was then used for analysis in the
study. Evaporation fraction (EF) was estimated using the pySEBAL
model for the three seasons from 2019 to 2021 with Landsat data, and
values were extracted at all monitored almond tree locations (Peddinti
and Kisekka, 2022). Normalized Difference Vegetation Index (NDVI)
values were estimated using Landsat imagery, as calculated with Eq. (1).
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NIR — Red
NDVI = ———— 1
NIR + Red )

where NIR is the reflectance in the near-infrared band, and Red is the
reflectance in the red band.

The methods for estimating EF and NDVI are discussed in detail in
(Peddinti and Kisekka, 2022). Soil water content (SWC) values at an
average depth of 45 cm were obtained from neutron probe measure-
ments at eight monitoring sites within the study area (Fig. 1). These
measurements were collected during the same period as the SWP data to
ensure consistency and enable accurate correlation between soil and
plant water status.

2.4. High resolution aerial imagery

To test the Random Forest (RF) model for predicting spatial maps
within the study region, we utilized high-resolution aerial imagery with
a 0.5 m resolution to predict the spatial maps of SWP. Ceres Imaging,
Inc. provided aerial imagery acquisition and preprocessing
(https://www.ceresimaging.net/). The airborne campaign included 11
flights, with flight heights ranging from 1918 m to 1951 m. During the
campaign, both thermal and multispectral images were captured at
varying resolutions. Images were captured between 11:00AM and
4:00PM (PST) using a FLIR A65 thermal sensor (FLIR Systems, Wilson-
ville, OR, USA) and a constellation of VNIR IDS camera systems
(https://www.ids-imaging.us/contact.html). The thermal sensor used a
13-mm lens with a field of view (FOV) of 45° x 37°, capturing images
with a resolution of 1575 (nrow) x 562 (ncol) pixels. The spectral
response range for these images was between 7.5 to 13 Aum in wave-
length. The spatial resolution of the images acquired was nearly iden-
tical, with thermal and multispectral images ranging from 0.6 to 0.7 m.
To maintain consistency and accuracy, the images were resampled to
ensure a 0.5 m resolution. The detailed processing of the imagery,
including calibration, alignment, and any preprocessing steps, can be
found in the paper by (Peddinti and Kisekka, 2022).

2.5. Soil pixel removal in aerial imagery

The most significant interfering objects in the aerial images were soil
pixels, which needed to be removed to obtain a complete representation
of the almond canopy. To achieve this, the NDVI was utilized for each
date, and the histogram of pixel values was created. The Otsu method
(Otsu, 1979) was then applied to determine the optimal threshold values
for separating soil from canopy pixels. This method calculates the
threshold that minimizes interclass variance and maximizes intraclass
variance, effectively distinguishing soil pixels from vegetation (Kim
et al., 2018). In this study, NDVI values below 0.75 were classified as
soil, while values above 0.75 were classified as almond canopy.

2.6. Random forest classifier training, validation, and overfitting

Conventional machine learning algorithms often overlook the
spatial-temporal correlations within data, leading to inaccurate spatio-
temporal predictions. This issue is exacerbated by overfitting during
model construction and the objective error evaluation process, making
spatial predictions particularly problematic. To address these limita-
tions, the CAST package (Meyer et al., 2018) was developed to build RF
models that account for spatiotemporal interdependence in prediction
tasks. This study implemented the RF model using the R package CAST
(https://cran.r-project.org/web/packages/CAST/index.html) to predict
SWP at various spatial and temporal scales. An RF is a non-parametric
ensemble learning method composed of multiple weak decision trees
suitable for classification and regression tasks. The model construction
involved selecting random samples with replacements from measured
SWP values of 24 almond trees at eight monitoring sites over three
seasons (2019 to 2021). These samples were used for training and
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validation. The data were split into in-bag samples for training the trees
and out-of-bag samples for internal cross-validation to estimate the
learning process error, referred to as the out-of-bag error. Each tree in
the forest was constructed independently with two key hyper-
parameters: the number of trees (Ntree) set to 500, and the number of
features used to split each node (Mtry) set to 10.

Meteorological variables, soil properties, and EF and NDVI derived
from Landsat imagery were used as covariates in the RF regression
model. When SWP measurements were taken at each location (C230-1
to C230-8), meteorological variables such as average solar radiation,
wind speed, air temperature, relative humidity, and vapor pressure
deficit were considered between 12pm and 3pm (PST). Additionally, soil
parameters like the spatial distribution of bulk density (BD) and SWC at
a 0.45 m depth (from neutron probe measurements taken over three
seasons) were used as predictor variables. During the model training
phase, daily linear interpolated ET, NDVI, BD, and SWC values were
derived over a three-year period and used as predictor variables for the
corresponding SWP measurement dates. For model validation, k-fold
cross-validation (CV) was employed, a popular strategy allowing to es-
timate model performance using data not utilized during training
(Kisekka et al., 2022; Meyer et al., 2018; Phinzi et al., 2021; Shanley
et al., 2021). Random 10-fold CVs were conducted to evaluate the
model’s performance on random subsets of the total dataset. The SWP
data were divided into 10 folds of equal size using stratified random
sampling, ensuring that the distribution of the response variable in each
fold matched that of the entire dataset. Models were trained on all but
one-fold of data, with the held-back fold used to test model performance,
thus assessing model fit in both spatial and temporal dimensions. The
10-fold CV results were compared to target-specific validation results. A
forward feature selection (FFS) algorithm was used alongside
target-oriented validation to remove ineffective predictors, enhancing
model performance. Detailed procedures for cross-validation and
addressing overfitting are available in (Meyer et al., 2018).

2.7. Statistical evaluation

The accuracy of SWP values predicted by the RF model was evalu-
ated against measured SWP values using the FITEVAL (Ritter and
Munoz-Carpena, 2013) (https://abe.ufl.edu/faculty/carpena/softwa
re/FITEVAL.shtml) software. Statistical indicators such as root mean
squared error (RMSE), Kling-Gupta efficiency (KGE), and the
Nash-Sutcliffe efficiency coefficient (NSE) were wused for the
goodness-of-fit analysis. RMSE quantified the average error, while KGE
assessed bias, correlation, and variability, with higher values indicating
better performance. NSE values were categorized into four levels: very
good, good, acceptable, and unsatisfactory, to evaluate model reli-
ability. FITEVAL also used block bootstrapping (Politis and Romano,
1994) to estimate the NSE probability distribution, identify biases, and
test the null hypothesis of unacceptable model fit (NSE < threshold).
This comprehensive evaluation highlighted the RF model’s predictive
performance and areas for improvement.

3. Results
3.1. Stem water potential (SWP) dynamics

Fig. 2 presents the seasonal variation in stem water potential (SWP)
measurements for almond trees at eight monitoring locations from April
to October over three consecutive years (2019-2021). The SWP values
relative to the baseline (Fig. 2a) indicate deviations from optimal con-
ditions, while direct SWP measurements (Fig. 2b) provide an absolute
quantification of tree water status alongside recorded irrigation appli-
cations. During the early growing season (April-May), SWP deviations
were minimal, ranging from 0 to —0.6 MPa, while direct SWP mea-
surements remained within —0.5 to —1.0 MPa, indicating an absence of
significant water stress. Irrigation applications during this period were
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Fig. 2. Weekly stem water potential (SWP) measurements and applied irrigation for Almond trees at eight monitoring locations (C230-1 to C230-8) from April to
October (2019-2021). (a) SWP values relative to the baseline indicate deviations from optimal conditions, and (b) direct SWP measurements with corresponding

applied irrigation data.

relatively low, typically below 40 mm per week. As the season pro-
gressed into June and July, SWP deviations reached —1.0 to —2.0 MPa,
while direct SWP values ranged from —1.5 to —2.5 MPa across all lo-
cations. During this period, irrigation inputs increased, often exceeding
100 mm per week, yet SWP values continued to decline. In the mid-
season (July-August), corresponding to the hull split phase, SWP
values frequently entered the mild stress range (—1.0 to —1.4 MPa), with
occasional measurements approaching the moderate stress threshold
(—1.4 to —1.8 MPa), despite sustained irrigation applications. During
the late season (August-September), as crop water demand decreased,
SWP values exhibited partial recovery, fluctuating between —1.0 and
—1.5 MPa, with a corresponding reduction in irrigation volumes.
However, some locations recorded SWP values below —2.5 MPa, indi-
cating periods of more pronounced water stress.

3.2. Meteorological conditions

Fig. 3 illustrates various meteorological parameters averaged be-
tween 12 and 3PM from 2019 to 2021, aligning with the period when
SWP measurements were taken in almond trees. Each subplot represents
different climatic variables: (a) solar radiation, (b) vapor pressure deficit
(VPD), (c) air temperature, (d) relative humidity, and (e) wind speed.
Solar radiation (Fig. 3a) exhibits a clear seasonal pattern, with peak

values reaching approximately 1000 W/m? in summer (June-August)
and declining to below 200 W m during winter (December—February).
VPD (Fig. 3b) follows a similar trend, peaking at around 2.5 kPa in
summer and dropping below 0.5 kPa in winter. Air temperature (Fig. 3c)
increases from early spring, reaching maximum values of around 35 °C
in summer, before decreasing towards winter with minimum values
below 5 °C. Relative humidity (Fig. 3d) varies inversely with tempera-
ture and VPD, fluctuating between 20 and 40 % in summer and
increasing above 80 % in winter. Wind speed (Fig. 3e) shows a more
variable trend, with sporadic peaks reaching 3 to 5 m s during the
summer months, while remaining below 1.5 m s™! for most of the winter
period.

3.3. Linear regression analysis between SWP with NDVI, SWC, and EF

The linear regression analysis presented in Figs. 4-6 quantifies the
relationships between SWP and three key variables: Normalized Dif-
ference Vegetation Index (NDVI), soil water content (SWC), and evap-
oration fraction (EF). Fig. 4 illustrates a positive correlation between
SWP and NDVI across all monitoring locations, indicating that higher
NDVI values, representing healthier vegetation, are associated with
higher (less negative) SWP values, reflecting lower water stress. The
coefficient of determination (R?) values range from 0.26 to 0.38, while
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Fig. 3. The average values of various meteorological parameters recorded between 12 and 3PM during the growing seasons (April to October) of 2019, 2020, and
2021. It includes (a) solar radiation (W/m?), (b) vapor pressure deficit (kPa), (c) air temperature ( °C), (d) relative humidity (%), and (e) wind speed (m/s).
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Fig. 5. Linear correlations between the soil water content from neutron probes at 45 cm depth, and measured SWP values at C230-1 to C230-8 monitoring sites.

Pearson’s correlation coefficient (r) values range from 0.51 to 0.62,
suggesting a moderate relationship between NDVI and SWP. Despite the
positive correlation, the relatively low R? values indicate that NDVI
alone does not fully account for the observed variability in SWP across
locations. Fig. 5 illustrates the relationship between SWP and SWC,
demonstrating a positive correlation at all locations. The R? values range
from 0.10 to 0.61, and Pearson’s r values range from 0.32 to 0.78,
indicating a stronger association compared to NDVI. Higher soil water
content generally corresponds to higher (less negative) SWP values,
suggesting lower water stress. However, the variation in R? values across
different locations suggests that site-specific factors, such as soil prop-
erties and root distribution, influence this relationship. Fig. 6 examines
the relationship between SWP and EF, revealing a weaker correlation
compared to NDVI and SWC. The R? values range from 0.01 to 0.23,

while Pearson’s r values range from 0.10 to 0.48. Although the regres-
sion slopes indicate that higher EF values, representing increased actual
evaporation rates, are associated with improved water status, the weak
correlations suggest that EF alone is not a strong predictor of SWP.

3.4. Performance evaluation of RF model in predicting SWP

Fig. 7 presents an in-depth evaluation of the RF model’s performance
in predicting SWP in almond orchards. This comprehensive analysis
compares the RF model predictions with SWP measurements obtained
using a pressure chamber (PC) through various statistical assessments.
The strong correlation observed with a Nash-Sutcliffe Efficiency (NSE)
of 0.91 [0.87 - 0.94], indicates an excellent fit between the predicted and
observed values (Fig. 7a). The Root Mean Square Error (RMSE) of 0.17
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Fig. 7. Assessment of goodness-of-fit and regression outcomes between mid-day stem water potential measured by PC devices and predicted by RF model for the
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outcomes, identification of outliers, and sensitivity analysis concerning model bias, and (d) a time series plot illustrating the correlation between SWP values from RF

model and PC measurements.

[0.14 - 0.19] MPa further demonstrates the model’s precision. The
alignment of the regression line with the 1:1 line signifies that the RF
model predictions are in close agreement with the actual measurements,
confirming the model’s robustness in predicting SWP. The NSE cumu-
lative probability plot (Fig. 7b) reveals that 78.2 % of the model pre-
dictions fall within the "very good" category (NSE > 0.90), and 21.8 %
are classified as "good" (0.80 < NSE < 0.90). Notably, there are no
predictions in the "acceptable" or "unsatisfactory" categories (NSE <

0.65), underscoring the model’s consistent performance across different
data points. The RMSE of 0.17 MPa (Fig. 7c) quantifies the average
deviation of predictions from actual measurements, while the normal-
ized RMSE (NRMSE) of 29 % and the Kling-Gupta Efficiency (KGE) of
0.90 [0.87 - 0.93] further attest to the model’s accuracy. The absence of
model bias is confirmed by the Q-test, which detects no significant
outliers, ensuring the reliability of the RF model. The temporal corre-
lation (Fig. 7d) displays a high degree of temporal agreement, indicating
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that the RF model effectively captures the dynamic changes in SWP over
time. Overall, the RF model demonstrates exceptional accuracy and
reliability in predicting SWP, as evidenced by the strong linear corre-
lation, high NSE, low RMSE, and robust performance metrics.

3.5. Variable importance of random forest model

The analysis of variable importance in the RF model’s prediction of
SWP in almond trees is illustrated in Fig. 8. This figure shows the
importance of various variables across the training, validation, and
overfitting stages. During the training stage, air temperature (AT)
emerged as the most significant variable with an importance of 100 %,
followed by NDVI (80 %), wind speed (WS) (60 %), solar radiation
(SolRad) (50 %), and soil water content (SWC) (40 %). In the validation
stage, the variable importance rankings remained largely consistent,
with AT (100 %), NDVI (80 %), and WS (60 %) continuing to show high
importance. During the overfitting stage, a notable shift in variable
importance was observed. Variables such as evapotranspiration fraction
(EF) (80 %) and SWC (40 %) gained prominence, while NDVI’s impor-
tance decreased to the point of being completely removed. Fig. 9
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presents R? values across multiple model runs, demonstrating the effect
of including different numbers of variables. Models with fewer variables
showed higher variability in R? values, whereas models including
around 8-9 variables exhibited the highest and most stable R? values.
This indicates that incorporating a sufficient number of relevant vari-
ables improves model stability and predictive accuracy.

3.6. Spatial variability of stem water potential

The spatial maps, created for 11 dates, provide a detailed view of
SWP variation (Fig. 10) before and after the almond hull split period.
The dates covered in the spatial maps are 6/22/2020, 7/6,/2020, 7/10/
2020, 7/11/2020, 7/12/2020, 7/13/2020, and 7/14/2020, which are
before the hull split period. The subsequent dates, 7/22/2020, 7/23/
2020, 7/24/2020, and 7/25/2020, fall after the hull split period. The
spatial maps indicate significant variations in SWP across different parts
of the orchard. Before the hull split, SWP values are more varied, with
noticeable stress patches indicated by more negative SWP values (closer
to —2.0 MPa). This variation can be attributed to different microclimatic
conditions, soil moisture availability, and the physiological status of the

Training Validation Overfitting
| | |
AT ] AT * AT d
NDVI | |——— NDVI | ———
EF | ————
WS | —— WS | h—— &
WS | b———e
SolRad | ———o SolRad | ——
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RH| ———o
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I I T I I I I I I I | I I I I
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Fig. 8. Variable importance parameters for the RF model at training, target-oriented validation, and overfitting. Here the parameters indicated as follows: NDVI is
normalized difference vegetation index, SWC is soil water content, AT is air temperature, EF is evaporation fraction, SolRad is solar radiation, BLD is soil bulk density,

WS is wind speed, RH is relative humidity, and VPD is vapor pressure deficit.
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trees. As the hull split approaches, it is critical to manage water stress to
ensure the health of the trees and the quality of the nuts. After the hull
split, the maps from 7/22/2020 to 7/25/2020 show a reduction in se-
vere water stress areas, indicating effective water management prac-
tices. This period requires careful irrigation management to maintain
moderate stress levels, which helps in reducing the incidence of hull rot
and ensuring the nuts mature properly. Overall, the spatial prediction
maps created using the RF model demonstrate the temporal and spatial
dynamics of SWP in almond orchards, highlighting the importance of
precise water management before and after the hull split period. These
maps serve as valuable tools for growers to monitor tree water status and
make informed irrigation decisions, ultimately improving crop health
and yield.

4. Discussion

Effective water management is critical for maintaining tree health,
optimizing yield, and ensuring efficient harvest operations in almond
orchards (Smith et al., 2022). One widely adopted approach is regulated
deficit irrigation (RDI), which strategically applies mild water stress to
enhance nut maturity and reduce hull rot incidence (Cirhigiri, 2022;
Smith, 2021). The SWP trends observed in Fig. 2 reflect the modulation
of tree water status in response to phenological stages and irrigation
practices. Early-season (April-May) low stress ensured optimal vegeta-
tive and reproductive development, with SWP values remaining within
acceptable ranges. As the season progressed, SWP declined during June

10

and July, aligning with peak evaporative demand despite increased
irrigation inputs. This condition is agronomically acceptable, as mild
water stress does not significantly impact yield and may improve water
use efficiency (Moriana et al., 2012; Olivo et al., 2009).

During the mid-season (July—August), which corresponds to the hull
split phase, SWP values indicated mild to moderate water stress, likely a
result of targeted irrigation management aimed at reducing hull rot
risks. This aligns with previous findings that controlled stress during hull
split can optimize water use without compromising nut quality (Stewart
et al., 2011). However, occasional excursions into higher stress condi-
tions (SWP below —1.8 MPa) were observed. Prolonged exposure to such
stress should be avoided, as it can result in yield penalties, canopy
degradation, and increased risks of partial defoliation or limb dieback.
In the late season (August-September), SWP showed partial recovery,
indicating effective irrigation adjustments to balance crop demand and
water supply. However, the presence of occasional mild stress highlights
the need for careful irrigation scheduling to prevent unnecessary yield
losses. The three-year dataset highlights an effectively managed irriga-
tion strategy, characterized by adequate water availability in the early
season, controlled stress during the mid-season, and partial recovery in
the late season, all of which contributed to optimizing tree performance
while enhancing water use efficiency.

The random forest (RF) model’s variable importance analysis pro-
vides valuable insights into the key factors influencing SWP in almond
trees. Among all variables, air temperature (AT) emerged as the most
significant driver of water stress, highlighting its strong influence on
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plant physiological responses. The considerable contribution of NDVI
underscores the importance of vegetation health in assessing tree water
status, as healthier canopies typically manage water stress more effec-
tively (Sarvakar and Thakkar, 2024). Additionally, wind speed (WS),
solar radiation (SolRad), and soil water content (SWC) played mean-
ingful roles, reflecting the complex interactions between climatic and
soil factors in influencing SWP.

The consistency of variable importance across the training and
validation stages suggests that the RF model has robust predictive ca-
pabilities and is not overly sensitive to dataset variations (Huang and
Boutros, 2016). However, during the overfitting stage, a shift in variable
importance was observed, with evapotranspiration fraction (EF) and
SWC gaining prominence while NDVI was completely removed. This
shift likely reflects the model’s tendency to overemphasize less relevant
or more variable features when it becomes too complex. The exclusion of
NDVI in this stage suggests that its relationship with SWP remains stable
and less prone to random fluctuations, making it less susceptible to
overfitting effects. The patterns observed in Fig. 9 indicate that an
optimal number of 8-9 variables results in the most accurate and stable
predictions. Models with fewer variables exhibited greater variability in
R? values, suggesting reduced stability, whereas those incorporating too
many variables introduced noise and potential overfitting. The dimin-
ishing returns in model accuracy with increasing variables emphasize
the need for a carefully optimized feature selection strategy to maximize
predictive accuracy while minimizing the risk of overfitting.

The RF model’s ability to capture non-linear interactions and com-
plex dependencies among multiple variables highlights differences be-
tween linear regression results and variable importance in the RF model.
Although linear regression shows a weaker correlation for EF, the RF
model assigns high importance to both NDVI and EF (80 %) in predicting
SWP, while SWC has lower importance (40 %). This suggests that NDVI
and EF play significant roles in predicting SWP when combined with
other factors, likely due to their complex interactions with environ-
mental variables that influence tree water status. The linear regression
analysis between SWP and NDVI explained approximately 38 % of the
variance. However, in the RF model, NDVI was identified as the most
important variable in both the training and validation phases. For spatial
prediction, NDVI was excluded from the model, possibly because EF was
a more relevant predictor with a significance of 80 %. Since NDVI is a
variable used in EF calculations, the RF model may have prioritized EF
over NDVI in spatial predictions.

These findings are consistent with previous studies. (Lin et al., 2020)
reported that NDVI had less than 10 % importance in RF models for
spatial predictions in cotton crops. Similarly, (Zhao et al., 2017a, 2015)
investigated the linear relationship between SWP and NDVI in almond
orchards over a three-week period and found no clear correlation be-
tween canopy NDVI and SWP. (Poblete et al., 2017) observed a linear
correlation (R?* = 0.35) between SWP and NDVI in vineyards in Chile,
aligning with the findings of the current study. While the relationship
between SWP and NDVI, a measure of plant functional diversity, is well
recognized in plant physiology, the underlying mechanisms governing
ecosystem health are still not fully understood. In almond orchards,
particularly during the leaf development stage, low NDVI values are
often associated with high SWP, suggesting that plant water potential
dynamics are influenced by phenological stages. The analysis also pro-
vides critical insights into the factors that most significantly influence
SWP predictions. The high importance of AT, NDVI, and WS during
training and validation highlights their fundamental role in determining
tree water status. These variables likely capture key aspects of the
microclimate and plant physiological responses that drive SWP varia-
tions. AT directly affects transpiration rates and overall plant water use,
NDVI reflects plant health and vigor, and WS influences moisture loss
from leaves, further contributing to fluctuations in SWP.

Comparative studies have shown the effectiveness of remote sensing
and machine learning techniques in predicting SWP across various
crops. For example, a study in olive orchards using high-resolution

12

Scientia Horticulturae 342 (2025) 114020

satellite images and machine learning reported an R? of 0.78 for RF
models, indicating a strong prediction capability for olive water status
(Garofalo et al., 2024). Another study focused on almond orchards,
where RF models created high-resolution spatial maps of SWP,
achieving an average R? of 0.47 and an RMSE of 0.27 MPa (Savchik
et al., 2024). Compared to this study, our model not only has a lower
RMSE but also suggests better overall prediction accuracy. The avail-
ability of soil water is a critical factor influencing the growth of almond
plants. It is primarily controlled by the balance between water influx
(infiltration and rainfall) and water outflow (evapotranspiration), which
is, in turn, largely determined by the amount of water stored in the root
zone. In the current study, the SWC is well correlated with SWP values,
but the SWC parameter was omitted by the overfitting RF model. The
reason for this could be that, once again, the EF is only indirectly related
to the SWC in the soil. In accordance with the results of the linear
regression in this study, (Abrisqueta et al., 2015) performed the multiple
linear regression with SWC and VPD and found that for peach 72 %
variance in SWP was present. (Intrigliolo et al., 2012) found significant
linear relationships between maximum SWC and SWP in grapevines
over three seasons at different irrigation treatments. Among the treat-
ments, the early deficit treatment had an R? of 0.21, the rainfed treat-
ment had an R? of 0.71, and the maximum irrigation treatment had an
R%of 0.71. In non-irrigated vines, (Beslic et al., 2015) observed a linear
relationship with an R? of 0.52 in bare soil and 0.45 in cover crops.
These results show that at the deficit stage, the relationships between the
SWP of crops and the available water are poor, compared to the high
water available for the crops.

The overfitting RF model reveals that AT, and EF are the most
important attributes for the spatial prediction of SWP in the study re-
gion. However, the independent linear correlation between EF and SWP
is extremely low. In contrast, (Bellvert et al., 2021) demonstrated a
statistically significant power relationship between actual evapotrans-
piration and SWP, with an R? of 0.68 in different varieties of almond
rootstocks, and concluded that trees grafted on the least vigorous root-
stocks had the lowest SWP values. These results suggest that rootstock
selection also impacts SWP values in almond orchards. The relationship
between SWP and temperature is crucial and complex. Plants employ
various mechanisms to maintain SWP at a level that allows cells to
function efficiently. Increased water concentration in cells causes them
to expand, increasing their volume and ability to take up water and
nutrients from the environment. Extreme soil and air temperatures at
noon can alter the rate of water transport from the soil into the root and
plant system, thereby reducing plant transpiration rates. In areas where
plant transpiration cannot keep up with high EF demand, the RF model’s
strong influence on these parameters is evident at the spatial scale
required to predict SWP (Irmak and Mutiibwa, 2010; S. Irmak and D.
Mutiibwa, 2009). This influence highlights the importance of incorpo-
rating these factors into predictive models to ensure accurate and reli-
able SWP predictions across different environmental conditions.

The CAST package’s forward feature selection (Meyer et al., 2018)
capability in the RF model excludes counterproductive or insignificant
variables, providing valuable information about variable importance in
training, validation, and overfitting models. Based on R* evaluation
criteria, the overfitting model used only 8 out of 9 variables. The R?
values for spatial prediction range from 0.2 with two variables to greater
than 0.9 with eight variables. This suggests that while the RF model
performed better than linear models due to its ability to handle
nonlinearity, careful selection of variables is essential to avoid over-
fitting. Overall, the study demonstrates the efficacy of using RF models
to predict spatial and temporal SWP in almond orchards, emphasizing
the significant roles of NDVI and EF, among other environmental vari-
ables. The model’s ability to capture non-linear interactions and handle
complex dependencies showcases its superiority over traditional linear
regression methods. However, the tendency of the model to overfit
highlights the need for careful variable selection and model tuning to
ensure robust predictions. Future research should focus on refining these
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predictive models by incorporating more diverse datasets across regions
and crop types. Additionally, exploring the integration of real-time
remote sensing data and advanced machine learning techniques could
further enhance the accuracy and applicability of SWP predictions.
Understanding the mechanistic relationships between SWP and key
variables such as NDVI and EF at finer spatial and temporal resolutions
will be crucial in advancing precision agriculture practices, ultimately
leading to more efficient water management and improved crop yields.

Given the climatic and environmental similarities between California
and other Mediterranean regions, such as southern Spain, where almond
cultivation is significant, the findings of this study could have broader
applicability (Arroyo et al., 2022; Vuppalapati, 2023; Yada et al., 2013).
Almond orchards in Mediterranean regions face similar challenges,
including hot, dry summers, increasing water scarcity, and the need for
efficient irrigation practices (Fernandes de Oliveira et al., 2023; Medda
et al.,, 2022). The RF model developed in this study incorporates key
predictors such as air temperature, evaporation fraction, and vegetation
indices, which are universally relevant under Mediterranean climatic
conditions. However, regional variations, such as differences in soil
types, almond cultivars, and irrigation practices, may influence SWP
dynamics and model performance. Future research should explore the
development of multiple models to estimate SWP using different sets of
input variables, ranked by accuracy and uncertainty. This approach
could provide practical tools for technicians and farmers with varying
levels of data availability. While the current study focuses on presenting
a robust and comprehensive model using the full set of available vari-
ables to maximize predictive accuracy, simplified models relying on
fewer inputs could offer valuable alternatives. Developing, validating,
and comparing such models would enable a systematic assessment of the
trade-offs between data availability and model performance, offering
tailored solutions for resource-constrained scenarios. In addition, future
studies should investigate the influence of almond variety on irrigation
requirements and water stress responses. Different almond varieties
exhibit unique physiological traits, including root architecture, canopy
structure, and drought tolerance, which can significantly impact water
use efficiency and irrigation strategies. Incorporating varietal differ-
ences into predictive models could enhance the precision and applica-
bility of irrigation recommendations. Further research could also focus
on integrating additional environmental and biophysical factors, such as
soil texture variability, salinity, and atmospheric conditions, to improve
model robustness. Incorporating real-time remote sensing data from
UAVs or satellites, combined with ground-based measurements, could
enhance model scalability and accuracy. Testing these models under
diverse climatic conditions and across different regions would further
validate their transferability and practical utility.

5. Conclusion

This study demonstrates the significant potential of integrating high-
resolution aerial imagery, satellite remote sensing, and meteorological
data with advanced machine learning algorithms to improve the
assessment of stem water potential (SWP) spatial variability in almond
orchards. The Random Forest (RF) model developed in this research
effectively predicts SWP, achieving high accuracy with an R? of up to
0.91 and a root mean square error (RMSE) of 0.17 MPa. The RF model’s
variable importance analysis identified air temperature, evaporation
fraction, NDVI, and wind speed as the most significant predictors of
SWP, reflecting their critical roles in tree water status. Additionally, 78.2
% of the model predictions fall within the "very good" category (NSE >
0.90), confirming the model’s high accuracy and reliability. The spatial
maps generated by the RF model highlight substantial within-field
variability in SWP, particularly during critical growth stages such as
the hull split period. These maps provide valuable insights for precise
irrigation management, enabling growers to identify areas experiencing
greater water stress and adjust irrigation practices accordingly. This
strategic approach helps mitigate water stress, thereby reducing the
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incidence of hull rot and ensuring better nut quality and yield. The
integration of high-resolution remote sensing data and machine learning
techniques offers a powerful tool for enhancing water management
practices in almond orchards. Future research should focus on expand-
ing these methodologies to other crops and regions and exploring
incorporating additional environmental variables to refine prediction
models further and enhance agricultural resilience to climatic
variability.
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