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ARTICLE INFO ABSTRACT

Keywords: Citrus fruit cracking causes substantial yield and economic losses, yet its relationship with plant water status
UAV (PWS) and irrigation management remains insufficiently characterized. Unlike previous UAV-based irrigation
LiDAR

studies that focused on water-stress detection or yield estimation, this study introduces a dynamic, physiology-
based framework that links temporal PWS trajectories during key phenological stages to fruit-cracking risk at the
individual-tree scale. UAV-based multispectral, thermal, and LiDAR data, combined with field physiological
measurements and machine-learning models, were evaluated in an irrigation management experiment in an ‘Ori’
mandarin orchard (Israel) across three contrasting growing seasons (2023-2025). Several irrigation treatments
with different irrigation timings and water inputs were applied during the growing season to evaluate their
effects on temporal PWS dynamics and fruit cracking. Trunk growth (TG), stem water potential (SWP), stomatal
conductance (SC), and plant area index (PAI) were measured throughout the two seasons and estimated using
Random Forest models (R? > 0.783). These indicators were subsequently used to predict yield and fruit cracking
with high accuracy (yield: R? = 0.896; cracking: R* = 0.845). Cracking was lowest in 2023 (~3%), with ~25%
lower irrigation, suggesting reduced irrigation may reduce cracking risk. Higher cracking in 2024 (~14%, vs
~8% in 2025) coincided with intense heat events. Mid-season SWP and SC were strongly associated with yield
formation and cracking patterns. These findings demonstrate that monitoring temporal PWS dynamics can
support precision irrigation management by identifying high-risk zones and enabling irrigation strategies that
stabilize PWS, reduce the incidence of cracking, and improve yield under variable climatic conditions.

thermal
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plant water status
citrus cracking

1. Introduction strongly associated with high water availability, which increases pulp
turgor pressure relative to peel strength (Fischer, Balaguera-Lopez, and

Cracking is a major agricultural problem affecting many fruit crops, Alvarez-Herrera, 2021; Galindo et al., 2014; Spada et al., 2024). Rapid
including pomegranate, citrus, grape, cherry, tomato, pear, and litchi fluctuations in water availability, high humidity, and elevated air tem-
(Santos et al., 2023). It is a physiological disorder caused by an imbal- perature can further intensify cracking. The disorder causes major eco-
ance in growth between the pulp and peel. When pulp expansion ex- nomic losses by reducing marketable yield and increasing susceptibility
ceeds the mechanical capacity of the peel, radial or longitudinal cracks to postharvest decay (Seo et al., 2022; Santos et al., 2023; Li and Chen,

develop ((Seo et al., 2022; Santos et al., 2023). Cracking severity is 2017).

Abbreviation: PWS, Plant Water Status; TG, Trunk Growth; MDS, Maximum Daily Shrinkage; SWP, Stem Water Potential; SC, Stomatal Conductance; PAI, Plant
Area Index; PA, Plant Area; UAV, Unmanned Aerial Vehicle; ML, Machine Learning; RF, Random Forest; XGBoost, Extreme Gradient Boosting; ANN, Artificial Neural
Network; SVR, Support Vector Regression; Tc, Canopy Temperature; CWSI, Crop Water Stress Index; VPD, Vapor Pressure Deficit; GDD, Growing Degree Days; VI,
Vegetation Index; VIP, Variable Importance In Projection; RMSE, Root Mean Square Error; LAD, Leaf Area Density; LiDAR, Light Detection and Ranging; VIF,
Variance Inflation Factor; IQR, Interquartile Range.
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In citrus, fruit cracking typically begins about four months after fruit
set and peaks between September and November during the cell
enlargement stage, when rapid pulp expansion exerts mechanical pres-
sure on the rind (Abekasis et al., 2024; Zur et al., 2017). Cracks usually
initiate at the stylar end and extend through the albedo, damaging
vascular tissues and often leading to fruit splitting and drop (Garcia-Luis
et al., 1994; Abekasis et al., 2024). These cracking processes are closely
linked to plant water status (PWS), fruit turgor dynamics, and envi-
ronmental variability (Garcia-Luis et al., 1994; Abekasis et al., 2024;
Mesejo et al., 2016). Cracking severity is influenced by cultivar traits,
irrigation management, and environmental stresses such as heatwaves,
drought, and heavy rainfall (Galindo et al., 2014; Singh, Shukla, and
Meghwal, 2020; Choi et al., 2020; Spada et al., 2024). When the vapor
pressure deficit (VPD) falls sharply, cracking intensity is induced in as-
sociation with inhibited transpiration and induced water flow into the
fruit (Li and Chen, 2017). Moderate irrigation deficits may reduce
cracking by stabilizing PWS and limiting abrupt fluctuations in fruit
turgor (Cronjé, Stander, and Theron, 2013; Krajewski et al., 2022).
Irrigation frequency also affects cracking intensity, with lower fre-
quency inducing it (Mesejo et al., 2016). Despite extensive research, the
temporal relationships among PWS dynamics, environmental forcing,
irrigation application, and cracking development remain insufficiently
quantified at the orchard scale (Blanco et al., 2022; Singh el al., 2020;
Fischer et al., 2021; Shi et al., 2025).

These contrasting effects of water availability on cracking highlight
the importance of PWS dynamics throughout the stages of fruit devel-
opment. PWS reflects the balance between water availability and at-
mospheric demand and is governed by water-potential gradients,
hydraulic functioning, and plant traits (Morris et al., 1998; Nehemy
et al., 2019). Common physiological indicators of PWS include trunk
maximal daily shrinkage (MDS), trunk growth (TG), stem water poten-
tial (SWP), stomatal conductance (SC), and plant area index (PAI). MDS
and TG reflect short-term hydraulic responses and changes in living
tissues within the phloem and xylem (Dietrich et al., 2018; Steppe et al.,
2006; Sevanto, 2017). SWP integrates the soil-plant-atmosphere con-
tinuum by reflecting soil water availability, root uptake, xylem trans-
port, and atmospheric demand (Larcher, 2003; Nehemy et al., 2019). SC
captures gas exchange and transpiration dynamics, while PAI represents
the transpiring canopy surface area (Kozlowski and Pallardy, 1997).
These indicators are widely used in precision irrigation and are strongly
associated with plant productivity and yield (Nehemy et al., 2019;
Puig-Sirera et al., 2021). Dendrometers for TG and MDS, pressure
chambers for SWP, porometers for SC, and optical methods for PAI are
labor-intensive, time-sensitive, and typically limited to individual trees
(Ziegler et al., 2024; Chatterjee et al., 2025).

These limitations have increased interest in UAV-based multi-sensor
remote sensing as a non-destructive and spatially comprehensive
approach for monitoring canopy-scale (Wang et al., 2018; Gupta et al.,
2024; Dahro, Li, and Liu, 2023; Sharma et al., 2022). Thermal remote
sensing is widely used to derive canopy temperature (Tc) and calculate
indices such as the Crop Water Stress Index (CWSI) (Idso et al., 1981),
which is strongly associated with SWP (Boyaci et al., 2024; Katz et al.,
2023). Thermal indicators are highly influenced by atmospheric con-
ditions, particularly air temperature and vapor pressure deficit (VPD),
which strongly regulate transpiration and plant water stress (Bo et al.,
2023; Boyaci et al., 2024; Hassanpour et al., 2024). Multispectral im-
agery complements thermal observations by capturing reflectance in the
visible, red-edge, and near-infrared regions sensitive to canopy water
content, chlorophyll concentration, and stress-related physiological re-
sponses (Efrat et al., 2025; Avioz et al., 2025). Thermal and multispec-
tral observations mainly capture canopy surface responses and provide
limited information on internal structural and hydraulic dynamics.
LiDAR complements these approaches by providing high-resolution in-
formation on canopy architecture, including canopy height, density, and
plant area index (PAI) (Ahmad et al., 2021; Fang et al., 2019; Ustin and
Middleton, 2021). Integrating thermal, multispectral, and LiDAR
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observations enables a more comprehensive characterization of PWS by
jointly capturing canopy physiology and structure (Dorigo et al., 2007;
Haboudane et al., 2004).

Advances in machine learning (ML) and UAV remote sensing have
improved the ability to monitor PWS, physiological responses, and yield
variability at high spatial and temporal resolutions. ML approaches such
as Random Forest (RF), XGBoost, artificial neural networks (ANN), and
support vector regression (SVR) are increasingly used to integrate
multispectral, thermal, LiDAR, meteorological, and physiological data
for estimating PWS, irrigation demand, and crop productivity (Romero
et al.,, 2018; Velazquez-Chavez et al., 2024; Cho et al., 2024).
UAV-derived multi-sensor observations have been shown to reliably
predict seasonal PWS and yield under contrasting irrigation regimes
(Sanchez-Virosta et al., 2025; Efrat et al., 2025). Additional studies
highlighted the potential of ML approaches for estimating plant stress,
soil moisture, and irrigation-related variability in citrus orchards (Liu
et al.,, 2024). Because orchard-scale physiological datasets are often
relatively small and contain highly correlated environmental and
sensor-derived variables, this study focused on ML models that are
robust to moderate sample sizes and nonlinear relationships. RF,
XGBoost, SVR, and relatively shallow ANN architectures were selected
because they demonstrated strong performance and stability in agri-
cultural remote sensing applications while reducing the risk of over-
fitting and maintaining model interpretability.

Most previous UAV-based orchard studies focused on (i) water-stress
detection and irrigation management using thermal and spectral in-
dicators (Gonzalez-Dugo et al.,, 2013; Romero et al, 2018;
Velazquez-Chavez et al., 2024), (ii) canopy condition and plant water
status assessment (Park et al., 2017; Sanchez-Virosta et al., 2025), or (iii)
yield prediction using multisensory and machine-learning approaches
(Efrat et al., 2025). However, these approaches generally rely on static
or single-date measurements and often treat fruit cracking as a sec-
ondary end-of-season outcome rather than as a dynamic physiological
process. In Citrus, ML approaches have only recently been applied to
identify environmental drivers associated with fruit cracking at regional
scales (Abekasis et al., 2024), while the relationship between temporally
dynamic PWS trajectories and fruit-cracking risk at the individual-tree
scale remains poorly quantified. As a result, the relationships among
temporal fluctuations in PWS, irrigation timing, atmospheric demand,
and cracking-associated yield loss remain insufficiently quantified at the
tree and orchard scale. Limited attention has been given to how
temporally resolved PWS trajectories during sensitive phenological
stages contribute to spatial and interannual variability in fruit-cracking
risk under contrasting irrigation and climatic conditions. The novelty of
the present study lies in the development of a tree-scale, physi-
ology-based framework that integrates UAV-derived multispectral,
thermal, and LiDAR observations with field physiological measurements
and ML models to characterize temporal PWS dynamics and relate them
to both yield formation and fruit-cracking risk. Rather than using remote
sensing only for stress detection or yield prediction, this study evaluates
whether temporally resolved PWS indicators can explain spatial and
interannual variability in cracking under varied irrigation and climatic
conditions.

This study aims to quantify and model the relationships among PWS
dynamics, yield formation, and fruit cracking in citrus orchards under
varying irrigation and climatic conditions. To achieve this, UAV-based
multispectral, thermal, and LiDAR observations were integrated with
field physiological measurements and ML approaches within irrigation
experiments. The specific objectives were to: (1) estimate key canopy-
scale PWS indicators (TG, SWP, SC, and PAI) using UAV-derived mul-
tispectral, thermal, LiDAR, and environmental variables under different
irrigation applications; (2) predict yield and fruit-cracking incidence
using temporally resolved PWS indicators and identify the dominant
predictors and their timing during the growing season; (3) quantify the
effects of irrigation application and climatic variability, including
heatwaves and atmospheric demand, on the temporal evolution of PWS
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and associated yield and cracking responses across seasons; and (4)
characterize the spatial and temporal heterogeneity of PWS at the tree
level and evaluate its relationship with orchard-scale variability in yield
and fruit cracking. This framework enables evaluation of fruit cracking
as a temporally dynamic physiological response rather than solely as an
end-of-season damage outcome.

We hypothesize that fruit cracking is strongly associated with tem-
poral fluctuations and instability in PWS during critical phenological
stages rather than with irrigation amount alone. We further hypothesize
that the temporal stability of PWS is a primary determinant of fruit-
cracking risk and that deficit irrigation, when properly timed, may
help maintain this stability without substantially reducing yield. Finally,
we hypothesize that spatial and temporal heterogeneity in PWS is a
major driver of orchard-scale variability in both yield and fruit cracking,
and that these dynamics can be captured by integrating UAV-based
multi-sensor observations with environmental drivers.

2. Methods and materials

The methods were organized as a two-stage workflow to separate
physiological understanding from spatial upscaling. In the first stage,
direct physiological measurements (TG, SWP, SC, and PAI) collected
from 24 reference trees were used to quantify the relationships between
temporal PWS dynamics, yield, and fruit cracking during key pheno-
logical stages. In the second stage, UAV-derived multispectral, thermal,
and LiDAR observations were used to estimate these PWS indicators and
extend them from a limited number of sampled trees to the entire or-
chard. The estimated PWS indicators were then used to predict yield and
fruit-cracking responses for 72 trees enable orchard-scale spatial ana-
lyses, including identifying high-risk zones and clustering tree re-
sponses. This hierarchical workflow was designed to demonstrate that
UAV-derived PWS indicators can reproduce the physiological relation-
ships observed from field measurements while providing spatially
explicit information to support precision irrigation management.

2.1. Plant material and study area

The irrigation experiment was conducted in the central coastal re-
gion of Israel, an area known for its Mediterranean climate and citrus
cultivation. The study site is a commercial orchard of 19-years old ‘Ori’
mandarin (Temple mandarin (Citrus reticulata X C. Sinensis) X Kinnow
mandarin (C. nobilis x C. deliciosa) trees grafted on Sour Orange (Citrus x
aurantium) rootstock, located near Kfar Chabad in the Lod Valley
(31°59'00.4"N, 34°51'38.6"E; Fig. 1). The orchard, containing about

Mediterranean Sea
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1300 trees covers 1.56 ha, and is planted at a spacing of 6 m between
rows and 3.5 m within rows. The region has a typical Mediterranean
climate, with a long, dry summer and an average annual rainfall of
550 mm. Irrigation is usually applied between April and November. The
experimental plot consisted of 36 orchard rows arranged into four irri-
gation treatments, each replicated across three randomized blocks
(Fig. 2a-b). Treatments included: (1) Control (100%) - irrigation at the
recommended level for the area and soil type. (2) Over-irrigation
(150%) - continuous application of 150% of the recommended level.
(3) Early reduced irrigation (50% early) - Irrigation was reduced to 50%
of the control level during the early season (21 May—30 June 2023 and 5
May—26 June 2024). (4) Late reduced irrigation (50% late) - Irrigation
was reduced to 50% of the control level during the late season (17
August—14 October 2023 and 29 August—27 October 2024). Irrigation
amounts in the control treatment were determined using the Penman-
Monteith reference evapotranspiration, following guidelines from Is-
rael’s Extension Service, Ministry of Agriculture and Food Security.
Locations of sampled trees were precisely mapped using Real-Time Ki-
nematic (RTK) GPS. Monthly UAV flights were conducted throughout

Stage 4: Model prediction
of yield and cracking rate

Stage 1: Field measurements
e

Trunk Growth Rate
(TGR)

. Predicted TG
Predicted PAI
. Thermal Predicted SWP
Imagery Predicted SC

Stage 3: UAV data acquisition and processing

Plant Area Index > Multi-
(PAI) spectral

Stem Water
Potential (SWP)

Stomatal
Conductance (SC)

Stage 2: Environmental monitoring
and irrigation

™ Meteorological data
7T (temperature, rainfall,
VPD, and soil moisture)

O Soil moisture

Stage 5: Validation

{ Yield and fruit-cracking rates predicted

Validation of the models for yield and cracking rate
—

Measured yield and cracking rate

(used only for model validation) CITRUS
CRACKING

1 Irrigation application

Fig. 2. Conceptual workflow of the multi-stage modeling framework. UAV-
derived spectral (multispectral) and thermal features, LiDAR-based structural
features, and meteorological and irrigation data were integrated at the
individual-tree level across multiple acquisition dates. In the first modeling
step, these temporally resolved variables were used to estimate plant water
status (PWS) indicators, including trunk growth (TG), stomatal conductance
(SC), stem water potential (SWP), and plant area index (PAI), using machine-
learning (ML) models (Stage 1-3). In the second step, the derived PWS in-
dicators were used as physiologically meaningful predictors to model total yield
and fruit-cracking-related yield loss at tree and plot scales (Stage 4-5).

1 50% Early
50% Late
3 Control

Fig. 1. (a) Location of the study area in Israel; (b) experimental layout of the irrigation treatments within the orchard. The 36 orchard rows were divided into four
irrigation treatments, each replicated across three randomized blocks. Colored frames represent the irrigation treatments: green — over-irrigation (150%); light blue —
early deficit irrigation (50% early); yellow — late deficit irrigation (50% late); and dark blue - control (100%). White frames indicate sampled trees used for

physiological measurements and model calibration.
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the 2023-2025 growing seasons using an integrated multi-sensor system
that combined LiDAR, thermal, and multispectral sensors.

2.2. Research approach

This study developed ML models to predict fruit cracking and yield
based on seasonal tree physiology, specifically PWS. PWS was quantified
using four key indicators: TG, SWP, SC, and PAI. Because direct physi-
ological measurements were limited to 24 reference trees, an insufficient
sample size for training robust ML models, a hierarchical, two-stage
framework to expand the dataset was implemented: (i) Step 1 (PWS
Estimation): Field measurements from the 24 reference trees were in-
tegrated with UAV observations (multispectral, thermal, and LiDAR),
meteorological data, and irrigation records from the 2023-2025
growing seasons. ML models were trained on these inputs to reconstruct
and estimate PWS indicators, effectively extrapolating tree physiology
across the entire orchard without requiring further direct measure-
ments. (ii) Step 2 (Yield and Cracking Prediction): The continuous PWS
estimates were subsequently used to model and predict yield and fruit-
cracking outcomes for an expanded dataset of 72 trees, which were
monitored under contrasting climatic and irrigation conditions. To
execute this framework, the workflow was divided into five sequential
stages: (1) Field physiological measurements (24 reference trees). (2)
Environmental monitoring (meteorological, irrigation, and soil moisture
data). (3) UAV data acquisition and processing. (4) ML-based estimation
of PWS indicators. (5) Tree- and orchard-scale modeling of yield and
cracking responses (72 trees). All diverse data streams were spatially
integrated using LiDAR-derived individual-tree segmentation. This
unified tree-level dataset enabled the characterization of seasonal PWS
trajectories across key phenological stages, translating remote UAV
observations into physiologically meaningful indicators to explain
spatial and interannual variability in orchard production outcomes.

Stage 1: Field measurements - Continuous monitoring of TG and MDS
was conducted on 24 reference trees to provide ground-truth data for
model calibration and validation. In parallel, SWP, SC, and LAI were
measured monthly on the same trees for two sessions. Stage 2: Envi-
ronmental monitoring - Meteorological variables, including air tem-
perature, rainfall, and vapor pressure deficit (VPD), were recorded using
an on-site weather station. Irrigation inputs were documented for each
treatment, and soil moisture was continuously monitored using in situ
sensors. Stage 3: UAV data acquisition and processing - UAV campaigns
equipped with multispectral, thermal, and LiDAR sensors were con-
ducted over the orchard. LiDAR point clouds were processed to classify
ground returns, normalize canopy height, and segment individual trees.
LiDAR-derived individual-tree segmentation polygons were used as the
common spatial framework for integrating multispectral, thermal,
structural, meteorological, irrigation, and field physiological data into a
unified tree-level dataset linked by tree ID and acquisition date. For each
tree polygon, spectral reflectance and vegetation indices were derived
from multispectral imagery, while canopy temperature (Tc) and the
CWSI were extracted from thermal data. Stage 4: ML modeling- ML
models were trained using UAV-derived spectral, thermal, and structural
variables, along with meteorological and irrigation data, to estimate TG,
SWP, and SC across the orchard. PAI was derived directly from LiDAR
data using leaf area density profiles and projected canopy area and
validated against field measurements. Stage 5: Yield and fruit-cracking
analysis - PWS indicators from key phenological periods were related
to yield and fruit-cracking rates using ML models.

This hierarchical approach reduces dimensionality and links model
outputs more directly to plant-level physiological processes rather than
raw sensor inputs. In addition, unsupervised clustering based on
observed yield and fruit-cracking metrics was used to identify distinct
spatial and temporal response patterns within the orchard. These clus-
ters were subsequently related to PWS dynamics to support the inter-
pretation of management- and environment-driven stress patterns. A
summary of variables, data sources, and calculation methods is provided
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in Table S1.
2.3. Meteorological and soil moisture data

Meteorological data for the study area were obtained from the Kfar
Chabad station (34.833199°E, 31.980801°N; elevation 59 m), one of the
stations operated by the Ministry of Agriculture and Food Security of
Israel, with data available at https://www.agrometeorology.co.il/. The
dataset included air temperature (°C), relative humidity (RH, %), pre-
cipitation (mm day™), and growing degree days (GDD). Heatwave pe-
riods were identified according to the Israeli Meteorological Service
(IMS) definition of the Eastern Mediterranean climate. According to this
definition, a heatwave consists of at least three consecutive days with
midday maximum temperatures of 32-35 °C, nighttime maximum
temperatures of 28-29 °C, relative humidity above 50% at noon, and
80-90% at midnight (Robinson, 2001). In addition to meteorological
records, soil volumetric water content was continuously monitored
using 12 sensors installed at depths of 15, 30, 45, and 60 cm across the
study plots, distributed among the different irrigation treatments
(Phytech, LTD, Kfar Saba, Israel).

2.4. PWS field measurements

Trunk diameter was continuously monitored using dendrometers
(Phytech®© Ltd., Kfar Saba, Israel; https://www.phytech.com) installed
on 24 trees representing the four irrigation treatments (Fig. 1). These
measurements were used to derive TG and MDS. Midday SWP was
measured immediately following each UAV data acquisition using a
pressure chamber. Midday SWP was measured immediately after each
UAV data acquisition session using a pressure chamber (Arimad 3000,
MRC, Holon, Israel) on 24 sampled trees, following established protocols
(Nemera et al., 2023). SC on 24 sampled trees was measured between
09:00 and 11:00 h using a portable photosynthesis system (LI—6400XT;
LI-COR Inc., Lincoln, NE, USA). Measurements were conducted on fully
expanded leaves under standardized conditions: photosynthetic photon
flux density of 1000 umol m™2 s, flow rate of 500 pmol s, and leaf
chamber temperature of 25 °C. PAI was measured around midday
(12:00) using the SS1 SunScan Canopy Analysis System (Delta-T De-
vices, UK). Measurements were taken under clear-sky conditions to
minimize the effects of clouds (Ogunbadewa, 2012). For each tree, four
readings were collected from the south, west, north, and east sides and
averaged to obtain a representative PAI value that incorporates both leaf
and woody canopy components.

2.5. Yield and fruit cracking

During the fruit-cracking period (September-December), cracked
fruits were manually counted on each of the 72 monitored trees,
including the 24 intensively sampled trees, at 3-4-week intervals. To
prevent double-counting, all recorded cracked fruits were removed from
the trees or under them, if dropped. At commercial harvest, the total
number of fruits per tree was recorded, and the percentage of fruit
cracking was calculated as the ratio of cracked fruits to the total fruit
number. In addition, total fruit weight per tree was measured to quantify
yield as biomass.

2.6. Remote sensing UAV

Data were collected during 19 UAV flight campaigns conducted over
three growing seasons (2022-2023, 2023-2024 and 2024-2025;
Table S2), acquiring multispectral, thermal, and LiDAR data. Flights
were conducted around midday (~12:00) at an altitude of 40 m above
ground level, yielding a spatial resolution of approximately 2-5 cm. The
UAV platform (DJI Matrice 600) was equipped with three sensors. A
multispectral camera (RedEdge-M, MicaSense, USA) recorded reflec-
tance in five spectral bands: blue (475 nm, 32 nm bandwidth), green
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(560 nm, 27 nm), red (668 nm, 14 nm), red-edge (717 nm, 12 nm), and
near-infrared (840 nm, 57 nm). Radiometric calibration was performed
using standard MicaSense calibration procedures to convert raw digital
numbers to surface reflectance, followed by empirical line normaliza-
tion across flight campaigns to ensure temporal consistency. A thermal
camera (A655sc, FLIR Systems, USA; 7.5-14 ym) provided radiometric
measurements of canopy temperature (Tc). Thermal data were pro-
cessed to retrieve surface temperature using sensor-specific calibration,
and canopy temperature metrics were derived from vegetation pixels
only to minimize background effects. A LiDAR sensor (DJI Zenmuse
H20) acquired high-density 3D point clouds (~1250 points m2),
enabling detailed characterization of canopy structure, including tree
height, crown area, and PAI. Point clouds were processed through
ground classification, height normalization, and tree segmentation to
derive plot- and tree-level structural metrics.

Multispectral image processing began by converting raw digital
numbers to surface reflectance using the standard MicaSense radio-
metric calibration protocol, applied to each flight campaign. To ensure
temporal consistency across campaigns, an empirical line normalization
was subsequently applied (Kizel et al., 2017). A reference image from
June 2023, characterized by high spectral variability across the orchard,
was selected as the normalization baseline. For each spectral band, six
stable reference targets representing bright, dark, and intermediate
reflectance levels were identified within the scene. Linear regression
models were then used to adjust the reflectance values of all other im-
ages to match the reference image. This two-step calibration approach
(sensor-based radiometric calibration followed by empirical normali-
zation) ensured consistency of reflectance values across dates and sea-
sons. Following calibration, 14 vegetation indices (VIs) were computed
(Table S1), including indices sensitive to canopy chlorophyll and ni-
trogen status (e.g., NDVI, NDRE) and water stress (e.g., GNDVI and
red-edge-based indices). These spectral features were combined with
LiDAR-derived structural metrics to form the multi-sensor dataset used
for subsequent ML analyses.

Thermal imagery was processed to retrieve radiometric canopy
temperature (Tc) using sensor-specific calibration and thermographic
processing tools (Tattersall, 2017). Canopy temperature was derived
from vegetation pixels only, following masking of non-vegetated sur-
faces to minimize background effects. The Crop Water Stress Index
(CWSI) was calculated according to Eq. 1:

(Tc — Ta) — Twet

CWSI =
Tdry — Twet

(€Y

where T,is air temperature, Ty.represents the lower baseline corre-
sponding to well-watered, fully transpiring canopy conditions, and
T4 represents the upper baseline corresponding to non-transpiring or
severely stressed canopy conditions (Gonzalez-Dugo et al. 2014; Efrat
et al., 2025). This normalization accounts for atmospheric demand and
enables comparison of canopy temperature across varying environ-
mental conditions. The Tyand T4, baselines were estimated from the
distribution of T, — T,values within vegetation pixels for each flight,
using the 2.5th and 97.5th percentiles, respectively. This approach is
consistent with empirical CWSI formulations, where the lower and
upper limits represent the extremes of fully transpiring and
non-transpiring canopy states (Katimbo et al. 2022). The use of
percentile-based thresholds reduces sensitivity to noise and outliers
while capturing the effective range of canopy thermal responses under
field conditions. CWSI is a dimensionless index that typically ranges
from 0 (well-watered) to 1 (severely stressed), although values outside
this range may occur due to environmental variability or uncertainties in
baseline estimates (Katimbo et al. 2022). Importantly, the accuracy of
CWSI strongly depends on the correct determination of the upper and
lower baselines, which are known to vary with crop type, phenological
stage, and atmospheric conditions (Katimbo et al. 2022).

LiDAR point clouds were processed through three main steps: ground
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classification, height normalization, and tree segmentation. Ground
points were identified using the Progressive Morphological Filter (Zhang
et al., 2003) to generate a digital elevation model (DEM). Heights were
then normalized relative to ground level using a triangulated irregular
network (TIN) approach (Roussel et al., 2020). A canopy height model
(CHM) was subsequently derived by subtracting the digital surface
model (DSM) from the DEM. Individual trees were segmented from the
CHM using a watershed-based algorithm (Arrish and Suliman, 2014).
The segmentation was further refined using structural constraints,
including canopy area, crown diameter, and tree spacing, with manual
corrections applied where necessary to improve delineation accuracy.
This workflow enabled robust tree-level extraction of structural metrics,
including canopy height, crown area, and PAIL

2.7. Estimation of plant area index (PAI) using leaf area density (LAD)

LiDAR point clouds were masked using tree polygons derived from
the segmentation procedure, allowing each point to be associated with a
unique tree ID and enabling tree-level analysis of structural attributes.
For each tree, the leaf area density (LAD) profile was estimated verti-
cally, with the lower boundary defined at 0.5 m above ground to exclude
ground and near-surface noise (Li et al., 2017; Wang and Fang, 2020;
Roussel et al., 2020). The LAD profile was derived from the gap-fraction
profile, which represents the proportion of open sky visible through the
canopy. Gap fraction values were converted to LAD using the
Beer-Lambert law with an extinction coefficient (k; Roussel et al. 2020).
The extinction coefficient was set to 0.4, based on calibration against
ground-based PAI measurements obtained using a SunScan system
(Roussel et al. 2020). PAI was calculated by integrating the LAD profile
over the vertical. In this study, we focused on estimating PAI rather than
LAI, as current LiDAR-based methods do not separate woody compo-
nents (branches and stems) from leaves in citrus canopies. Conse-
quently, PAI includes both photosynthetic and non-photosynthetic
elements. PAI showed a strong correlation with field-based measure-
ments (R? = 0.93; Fig. S1). PAI therefore provides a robust proxy for
canopy structure, light interception, and transpiration potential (Fang
et al. 2019), and is suitable for integration with spectral and thermal
indicators in subsequent analyses. In addition, we calculated plant area
(PA), which represents the absolute canopy area of an individual tree
(m?), whereas PAI is a normalized index (m? m™) describing canopy
density per unit ground area.

2.8. ML models for estimating plant water status indicators

A performance comparison was conducted among four ML models,
Random Forest (RF), Extreme Gradient Boosting (XGBoost), Artificial
Neural Networks (ANN), and Support Vector Regression (SVR), to esti-
mate PWS indicators of SC, SWP, and TG. All models were implemented
within a unified framework to ensure consistent data handling, training,
and evaluation. These models were selected because they are well-suited
to medium-sized agricultural datasets, can capture nonlinear relation-
ships among environmental and sensor-derived variables, and have
demonstrated stable performance in remote sensing applications. RF is
an ensemble learning method that constructs multiple decision trees and
aggregates their predictions, reducing overfitting while capturing
nonlinear relationships (Matsuki et al., 2016). XGBoost is a regularized
gradient-boosting algorithm that builds trees sequentially to minimize
prediction error (Friedman, 2001). ANN models serve as flexible
nonlinear function approximators (Hornik et al., 1989), while SVR is a
kernel-based regression approach that balances model complexity and
generalization (Drucker et al., 2003). All models were trained using the
same set of predictors to enable a fair comparison.

Hyperparameters were optimized using a 10-fold cross-validation
grid search (k =10) on the calibration (training) dataset. For RF,
ntree (10—100) and mtry (2—4) were tuned. For XGBoost, nrounds
(10-100), max depth (2—4), eta (0.1-0.5), gamma (0-1),
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colsample_bytree (0—1), and min_child_weight (1—5) were optimized.
For ANN, the number of hidden units (size = 1-5) and weight decay
(decay = 0.0001-0.1) were tuned. For SVR, radial kernel parameters
sigma (0—100) and cost (C = 0-100) were optimized. To minimize
redundancy and improve model parsimony, two complementary
feature-selection approaches were applied. First, feature selection was
performed using the Boruta algorithm (Kursa and Rudnicki, 2010), to
identify the most informative predictors, improve model interpret-
ability, reduce redundancy among correlated variables, and minimize
the risk of overfitting in the ML models. Boruta algorithm, which is an
RF-based wrapper method, was used to identify all relevant predictors
by comparing original features with permuted “shadow” features. Bor-
uta focuses on variable relevance and retains predictors that signifi-
cantly contribute to model performance (Kursa et al., 2010). Second, the
variance inflation factor (VIF) analysis (Grol 2003) was applied with a
VIF threshold of> 10 to detect and remove multicollinearity among
spectral, thermal, structural, and climatic variables. Unlike Boruta,
which evaluates predictor importance, VIF evaluates statistical redun-
dancy among predictors. Thus, the two methods were used sequentially
to retain informative variables while reducing collinearity and redun-
dancy within the predictor set. The final predictors selected for TG, SWP,
SC, yield, and fruit cracking after Boruta feature selection and VIF-based
collinearity filtering are summarized in Table S3.

Model performance was evaluated using the coefficient of determi-
nation (R?) and root mean square error (RMSE) for calibration, valida-
tion, and test subsets, as well as cross-validation. All field-based PWS
indicator measurements and UAV-derived features were integrated into
a single dataset and randomly divided into training (70%) and valida-
tion (30%) subsets (Table S3). Data from the control irrigation plots,
which were excluded from model training, were used as an independent
test dataset to assess model robustness and generalization under oper-
ational field conditions (Table S4). For each final model, variable
importance in projection (VIP) scores were calculated to quantify the
relative contribution of spectral, thermal, LiDAR-derived, and meteo-
rological predictors. All ML models were developed in R (R Core, 2026)
using the caret package (Kuhn, 2015). Prior to modeling, the dataset
underwent quality-control screening to remove observations affected by
sensor errors, missing values, or biologically implausible measurements.
Valid extreme values were retained because they may represent mean-
ingful physiological stress responses. Potential outliers were identified
using the interquartile range (IQR) method, flagging observations below
Q1 — 1.5 x IQR or above Q3 + 1.5 x IQR for inspection. Values were
removed only when they reflected measurement error or sensor mal-
function; biologically plausible extreme values were retained (Tukey,
1977; Hoaglin and Iglewicz, 1987).

2.9. ML models for estimating yield and cracking-associated yield loss

Yield measurements, fruit-cracking observations, and predicted PWS
indicators (TG, SC, SWP, and PAI) were integrated into a unified tree-
level dataset. To avoid redundancy, the same training and evaluation
framework described above (Section 2.7) was applied here. Briefly, the
dataset was randomly divided into calibration (70%) and validation
(30%) subsets, and model hyperparameters were optimized using 10-
fold cross-validation (k = 10). An independent test (prediction) data-
set, consisting of control irrigation plots excluded from model calibra-
tion, was used to assess model generalization under operational field
conditions (Table S4). To further evaluate model robustness and tem-
poral generalization, an additional independent dataset collected during
the 2025 growing season was incorporated as an external test set for
yield and fruit-cracking prediction. Fruit cracking was modeled as a
continuous response variable; therefore, the interannual differences in
cracking intensity between 2023 and 2025 were treated as biologically
meaningful seasonal variability rather than as a class-imbalance prob-
lem. All four models (RF, XGBoost, ANN, and SVR) were implemented
consistently using the same framework (caret package in R; Kuhn, 2015),
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and their performance is reported in Table S4. ML models were devel-
oped to predict total yield and cracking-associated yield loss at both tree
and plot scales.

In contrast to the PWS models, which used spectral, thermal, struc-
tural, and climatic variables as predictors, the yield and cracking models
were based on derived PWS indicators (TG, SC, SWP, and PAI), consis-
tent with the conceptual framework presented in Fig. 2. This approach
reduces dimensionality and focuses on physiologically meaningful
drivers of yield and cracking. To capture temporal dynamics, predictors
were defined to represent plant physiological and water status at specific
time points, with each variable reflecting the condition of an individual
tree during key phenological periods. These time-specific PWS in-
dicators (e.g., TG, SC, SWP, and PAI) were used as integrative de-
scriptors of PWS, rather than as representations of UAV acquisition
timing.

Variable importance scores were computed to quantify the contri-
bution of each PWS indicator and its temporal occurrence (i.e., specific
flight dates) to model predictions. This approach reduces dimensionality
and focuses on physiologically meaningful drivers of yield and cracking.
To capture temporal dynamics, predictors were defined to represent
plant physiological and water status at specific time points, with each
variable reflecting the condition of an individual tree during key
phenological periods. These time-specific PWS indicators (e.g., TG, SC,
SWP, and PAI) were used as integrative descriptors of plant state, rather
than as representations of UAV acquisition timing. The irrigation
treatment variable was included as a continous variable of the daily
irrigation (mm day ') in the calibration dataset. The independent test
dataset (control plots) represents an unseen irrigation regime, allowing
evaluation of model transferability beyond the conditions used for
training. Yield measurements, fruit cracking observations, and predicted
PWS indicators were integrated into a unified database and randomly
split into training (70%) and validation (30%) datasets. The 2025
growing season was excluded from model calibration and validation and
was used exclusively as an independent test set to evaluate model per-
formance under previously unseen seasonal conditions.

2.10. Clustering analysis

Yield and fruit cracking data were compiled for all trees across the
two growing seasons. To identify groups of trees with similar yield and
fruit-cracking trajectories, clustering analysis was applied. The optimal
number of clusters was determined using the Calinski-Harabasz (CH)
index (Calinski and Harabasz, 1974), which maximizes the ratio of
between-cluster to within-cluster variability. Candidate solutions
ranging from 2 to 10 clusters were evaluated using the vegan package in
R (Oksanen et al., 2020). Tree grouping was subsequently performed
using the Fuzzy C-Means (FCM) algorithm (Zhou et al., 2014), which
assigns each tree partial membership values across clusters, allowing for
gradual transitions between physiological states (Ohana-Levi et al.,
2021, 2022; Peeters et al., 2024). Statistical differences among clusters
in yield and fruit cracking were assessed using one-way ANOVA fol-
lowed by Tukey’s HSD post hoc tests, based on the sampled measure-
ment trees (24 trees). The statistical analysis was conducted on the
subset of the selected trees for which detailed physiological and yield
measurements were available. Given the sampling design and spacing
between measurement trees, spatial autocorrelation effects are expected
to be limited. These trees were selected to represent the variability
across irrigation treatments and orchard conditions, providing a
consistent basis for comparing cluster-level differences. Relationships
between cluster membership and the seasonal dynamics of PWS in-
dicators were further examined to identify threshold conditions associ-
ated with increased fruit-cracking-related yield loss across the two
growing seasons. By grouping trees with comparable physiological
behavior and production outcomes, the clustering framework delineates
orchard-scale management zones characterized by similar water-stress
sensitivity and cracking risk.
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3. Results

3.1. Climate and irrigation effects on the measured PWS, yield, and
cracking rate

Seasonal climate conditions differed between the three study years
(Fig. 3). In 2024, the season was characterized by more intense and
prolonged heat stress, as reflected in higher mean daily air temperatures
during the summer months than in 2023. In 2025, the season was
characterized by intense short heatwaves. In addition, the number of
heatwave days was highest in 2024 (83), middle in 2023 (65), and
lowest in 2025 (18), indicating more persistent periods of elevated
thermal stress. Minimum temperatures followed the expected seasonal
cycle, with cooler winter conditions and strong summer—winter con-
trasts in both years. However, overall thermal conditions during the
growing season were consistently higher in 2024. To mitigate increased
atmospheric demand, irrigation inputs were elevated during summer
2024, resulting in the highest total seasonal irrigation amount (918 mm)
compared to 2023 (739 mm) (Fig. 3). Despite considerably fewer heat
waves in 2025, the total irrigation amount applied by the grower was
relatively high (908 mm).

Agricultural Water Management 333 (2026) 110634

3.2. Plant water status indicators

The physiological responses varied significantly across treatments
and seasons (Fig. 4). TG increased steadily during 2023, reaching higher
cumulative values than in 2024, when growth was slower and more
limited throughout the season. This reduction in cumulative growth
coincided with the higher frequency of heatwaves and elevated tem-
peratures in 2024. Under deficit irrigation (50% Early), periods of
negative TG were observed, indicating temporary stem shrinkage and
reduced growth rather than actual negative irrigation inputs (Fig. 4A).
SWP reflected these differences, with the lowest values observed under
deficit irrigation, especially in the early-deficit (50% Early) treatment,
indicating increased plant water stress. SC values remained low during
the summer months and increased toward autumn. In 2023, SC
increased more uniformly across treatments (~0.04-0.06 mol m2 s1),
whereas in 2024, values were generally higher (~0.07-0.09 mol m~
s71). In both years, SC was lowest under deficit irrigation, with the early-
deficit treatment showing the strongest reduction in 2024, consistent
with the elevated heat stress during this period (Fig. 4C).
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Fig. 3. Seasonal meteorological conditions and irrigation dynamics during the 2023, 2024, and 2025 growing seasons in relation to citrus phenological stages. (A)
Temporal dynamics of soil moisture (light blue), maximum air temperature (red), mean air temperature (black), and minimum air temperature (blue). (B) Cumu-
lative irrigation applied under each irrigation treatment. (C) Cumulative number of heatwave days recorded during the growing seasons.



M. (V. Dubinin et al.

2023

Agricultural Water Management 333 (2026) 110634

2024

TG (um day?)

(B)

-1.01 t ¢
) : . ) 4
o '1‘5-.+ 5 = ,"\\ - \\\ Q- —,“/* "'Q-
-3 ¢ o&‘ ‘t(f'—" iy ? 4 ; ¢
¢ 201 " N, .
w -2.51 U }.I‘ 4 ‘,”) /
A DR 1O o O @ SO A N O
QRP K o ® .3 0, S NS 9§
SRR Q‘%% & & P® ® SN
(C) 2023 2024
~ 0.254
? 0.20
€ 0.151 W l
© ]
£ 0.101 - P 1
3 0051 &4 " 00""""""'{(
o 2 . .}‘%-Q__-—--C.Q. v &~ 0g-®
0.00+—— T —— : : oo : e
A DR 1O O O ® HOB A N ©
QRP K o ® .3 0 S AR
SRR qu% $ N ® SN
Treatment B3 100% 50% Early 150% 50% Late

Fig. 4. Seasonal dynamics of plant water status (PWS) indicators during the 2023 and 2024 growing seasons. (A) Cumulative trunk growth rate (TG). (B) Stem water
potential (SWP). (C) Stomatal conductance (SC). Colors represent irrigation treatments: dark blue- control (100%); green— over-irrigation (150%); light blue- early

deficit irrigation (50% Early); and yellow - late deficit irrigation (50% Late).

3.3. Yield and fruit cracking

Fig. 5 summarizes the effects of irrigation treatments on fruit
cracking rate (%) and yield (fruit trees™) across the 2023, 2024, and
2025 seasons. The three seasons differed markedly in productivity, with
2023 and 2025 representing off-crop years (~300 fruit trees™ and ~125
fruit trees™, respectively, under standard irrigation), while 2024 was an
on-crop year (~1300 fruit trees A™'). In 2023, cracking rates were low
(~3%) and did not differ significantly among treatments, indicating
limited sensitivity to irrigation under low-fruit-load conditions. In
contrast, in 2024, cracking rates increased substantially and showed
clearer treatment effects. The standard irrigation treatment (100%)
exhibited the highest cracking rate (~14%), whereas deficit irrigation
treatments (50% Early and 50% Late) and excess irrigation (150%)
showed lower cracking levels (~7-9%), with control being significantly

different from 50% Late. Despite the higher cracking intensity, the
highest yield in 2024 was observed under standard irrigation (100%),
but it was not significantly higher than the 50% Late treatment. Defi-
cient irrigation (50% Early) and excess irrigation (150%) resulted in
reduced yield, which was significantly different than control and 50%
Late treatments. The independent 2025 validation dataset exhibited an
intermediate cracking incidence (~8% in the control treatment),
providing an additional temporal test of model performance under cli-
matic conditions that differed from both the low-cracking 2023 season
(~3%) and the high-cracking 2024 season (~14%).

3.4. UAV-based prediction of PWS indicators using RF models

Across all three PWS indicators (TG, SWP, and SC), the RF model
consistently outperformed XGBoost, ANN, and SVR, achieving the
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Fig. 5. Total fruit-cracking rate (top panels) and average yield per tree (bottom panels) under different irrigation treatments during the 2023-2025 growing seasons.
Colors indicate irrigation treatments: dark blue = control (100% irrigation), green = over-irrigation (150%), light blue = early deficit irrigation (50% Early), and

yellow = late deficit irrigation (50% Late).

highest validation performance and the lowest RMSE values (Table S3).
While some models (e.g., ANN and XGBoost) showed comparable or
higher calibration accuracy, RF demonstrated superior generalization,
with more stable performance across validation and independent test
sets. For TG, RF achieved a strong predictive performance (R%.;;= 0.900
+ 0.028; R%, = 0.832 £ 0.063; RMSE, = 0.709 £ 0.148 ym day™';
RMSE, = 8.468 + 1.691 um day™), with consistent performance in the
independent test dataset (R%*est = 0.799; RMSEest = 7.349 um day™).
The most influential predictors included irrigation-related inputs and
growing degree days (GDD), followed by relative humidity (RH), vege-
tation indices (NDVI, EVI), red-band reflectance (668 nm), canopy
temperature (Tc), and temporal features (Fig. 6; Fig. S2).

For SWP, RF also showed high accuracy (R%. = 0.926 + 0.019; R?,4
= 0.856 + 0.012; RMSE, = 0.137 £ 0.066 MPa; RMSE, = 0.150
+ 0.048 MPa; R%ey; = 0.828; RMSEest = 0.112 MPa). Key predictors
included mean NDVI, irrigation-related inputs, NIR reflectance
(842 nm), canopy temperature (Tc), and reflectance in the green
(560 nm) and red-edge (717 nm) bands, highlighting the combined in-
fluence of canopy condition and environmental drivers on plant water
potential. For SC, predictive performance was similarly robust (R%.y =
0.945 £ 0.006; R%, = 0.851+0.018, RMSE, = 0.013
+ 0.005 mol m™2 s!; RMSEy; = 0.030 £ 0.020 mol m™2 s7!; RZ%ey =
0.783; RMSEest = 0.014 mol m™ s™). The most important predictors
included GNDVI, GDD, red-edge reflectance (717 nm), elevation, and
temporal features.

Overall, RF provided the most reliable and stable framework for
estimating PWS indicators from UAV-derived features. The slightly
lower predictive performance for SWP compared to TG likely reflects its
higher short-term variability and sensitivity to recent environmental
conditions, including irrigation timing. In contrast, SC predictions
highlight the strong sensitivity of stomatal regulation to spectral infor-
mation in the red-edge and NIR regions.

3.5. Prediction of yield and fruit cracking

For yield estimation, the RF model demonstrated strong predictive
performance, with high agreement between observed and predicted
values across calibration, validation and test datasets (Fig. 7; Fig. S3).
Calibration performance was high (R%; = 0.956; RMSE; = 109.596

fruits tree’!), and validation performance remained robust (R%,=
0.913; RMSEy, = 174.613 fruits tree™), indicating good generalization
across irrigation conditions and seasons. Bias values were low and
negative in both calibration (—16.765 fruits tree™) and validation
(—33.623 fruits tree™!), suggesting a slight underestimation at higher
yield levels without systematic bias. The test dataset demonstrated
similarly robust performance, with RZ¢ = 0.896, RMSE es; = 183.134
fruits tree™! , bias = —18.442 fruits tree™! (Fig. S3A). Variable impor-
tance analysis (Fig. 7A) showed that mid-season physiological indicators
were the dominant drivers of yield. Specifically, SC and SWP ranked as
the most influential predictors in July, followed by TG. Structural can-
opy attributes, represented by PAI in July and September, contributed to
yield prediction but with lower relative importance.

For fruit cracking estimation, the RF model also exhibited strong
predictive performance (Fig. 7; Fig. S3), with calibration R?.; = 0.927
and RMSE.; = 1.460%, and validation R2,, = 0.851 and RMSE,
= 2.383%. Bias values were low in both calibration (—0.455%) and
validation (—1.192%), indicating stable and largely unbiased pre-
dictions across the observed range of cracking intensities. The test
dataset demonstrated similarly robust performance, with RZ = 0.845,
RMSEest = 2.375%, and bias = 0.489% (Fig. S3B). Variable importance
analysis identified SWP as the dominant predictor of fruit cracking,
particularly during late-season conditions (September), followed by
SWP in July. SC in both July and September showed moderate impor-
tance, while PAI contributed less to model performance (Fig. 7B).

Yield and fruit-cracking patterns exhibited clear spatial variability
across the orchard (Fig. 8). In both seasons, areas of higher and lower
yield formed distinct spatial gradients. In 2023, higher-yielding trees
were distributed across specific zones of the orchard, while lower yields
were observed in other areas. In 2024, overall yield levels increased, and
zones of high productivity expanded, with large, contiguous areas
exceeding 1200 fruits per tree. Fruit cracking showed a contrasting
spatial distribution. In 2023, cracking rates were generally low
(approximately 2-4%) but varied spatially across the orchard. In 2024,
cracking increased substantially, with localized areas exceeding 15%,
forming distinct spatial clusters of higher cracking intensity (Fig. 8).
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Fig. 6. Performance and variable importance of Random Forest (RF) models for estimating plant water status (PWS) indicators. Panels (A-C) show the relationship
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Fig. 7. UAV-based prediction of citrus yield and fruit cracking under different irrigation treatments (50% Early, 50% Late, 150%). (A) Yield (number of fruit trees™):
observed versus predicted values for calibration (gray circles) and validation (gray triangles). The solid line represents the 1:1 line, and the dashed line shows the
model fit. Feature importance analysis indicates that yield prediction was primarily driven by July stomatal conductance (SC), July stem water potential (SWP), July
trunk growth rate (TG), and plant area index (PAI) in July and September. (B) Fruit cracking (%): relationships between observed and predicted values for calibration
and validation datasets. Feature selection analysis highlights July and September SWP and SC, together with September PAI, as the strongest predictors.

3.6. Clustering of yield and cracking

Despite these spatial patterns, statistical comparisons at the treat-
ment level showed that yield and cracking did not differ significantly
among irrigation treatments in 2023. In 2024, both yield and cracking
were significantly higher under the standard (100%) irrigation treat-
ment, while the remaining treatments did not differ significantly from
one another. Remote sensing-based predictions from both years further
indicated that yield and cracking patterns were not consistently aligned
with irrigation treatments. To further characterize orchard-scale vari-
ability, clustering analysis was applied to identify groups of trees with
contrasting yield and fruit-cracking trajectories across both growing
seasons (Fig. 9). The clustering was based on a subset of 24 selected
measurement trees, which were used to define cluster membership, and
the resulting classification was projected across the orchard. In 2023,
four yield clusters and three cracking clusters were identified, whereas
in 2024, three clusters were identified for both yield and cracking. The
clusters showed clear spatial separation for both variables, except for
yield in 2024, where the blue and yellow clusters were not clearly
distinguishable.

Cluster-level statistics (mean + standard error) are presented in
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Fig. 9. In 2024, yield was significantly higher in the yellow cluster than
in the other clusters, and this cluster showed the lowest cracking values.
In 2023, the yellow and blue clusters exhibited the highest yields and
cracking values. Cracking clusters differed significantly in SWP (Fig. S4).
In 2023, the blue and yellow clusters showed more negative SWP values
across most sampling dates. In 2024, the yellow cluster showed higher
cracking and lower SWP values than the other clusters. Temporal SWP
patterns in 2024 showed that the yellow cluster maintained SWP values
below approximately —1.6 MPa during most measurement dates
(Fig. S4).

4. Discussion

This study advances UAV-based irrigation and water-stress research
by moving beyond canopy stress detection toward a physiology-based
interpretation of fruit cracking. While earlier studies primarily focused
on estimating water status or predicting yield from spectral and thermal
indicators, the present framework explicitly links temporal PWS dy-
namics during key phenological stages with cracking-associated yield
loss at the tree scale. A central contribution of this work is the integra-
tion of multispectral, thermal, LiDAR, physiological, and environmental
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Fig. 8. Spatial distribution of citrus yield and fruit cracking under different irrigation regimes (50% Early, 50% Late, 150%, and Control) in 2023 and 2024. (A-B)
Yield (number of fruit trees™) for 2023 and 2024. (C-D) Fruit cracking rate (%) for 2023 and 2024. Maps highlight strong treatment-driven heterogeneity: high
irrigation (150%) consistently increased yield but was also associated with increased cracking, whereas deficit irrigation (50% Early and 50% Late) reduced yield but

also contributed to localized reductions in cracking severity.

data within a modeling framework, in which UAV-derived variables
were first translated into physiologically meaningful PWS indicators and
then related to agronomic outcomes. This approach improves inter-
pretability compared with direct sensor-to-yield models and supports a
mechanistic understanding of how temporal hydraulic instability con-
tributes to fruit cracking under varying irrigation and climatic condi-
tions. The results further demonstrate that cracking variability was
associated not only with irrigation amount but also with temporal
fluctuations in SWP, SC, and TG under periods of elevated atmospheric
demand. These findings highlight the importance of monitoring dy-
namic PWS trajectories rather than relying solely on static or end-of-
season stress indicators.

Three main findings emerge. First, UAV-based RF models reliably
predicted multiple PWS indicators across two contrasting seasons,
highlighting the complementary roles of spectral, thermal, and struc-
tural information in capturing plant hydraulic responses. Second, mid-
season PWS indicators (July-September) were the strongest predictors
of both yield and fruit cracking, corresponding to the fruit enlargement
phase (Stage III), when rapid pulp expansion coincides with a progres-
sive reduction in peel thickness and structural resistance, increasing the
likelihood of mechanical failure (Kaur et al., 2025; Yuying Wang et al.,
2021). Third, clustering of yield and cracking trajectories revealed clear
interannual differences: in the milder 2023 season, low yields were
associated with minimal cracking, whereas in the hotter 2024 season,
more negative SWP coincided with higher cracking levels despite
increased irrigation inputs. Together, these findings indicate that citrus
fruit cracking is governed by the interaction between atmospheric de-
mand, plant hydraulic status, and canopy development, rather than by

irrigation amount alone. To our knowledge, this is among the first
studies to directly link UAV-based multi-sensor PWS predictions with
fruit cracking outcomes at the tree scale, providing a scalable,
physiology-based framework for precision irrigation management under
increasing climatic variability.

4.1. Linking PWS monitoring to climatic and irrigation drivers

Climatic variability and irrigation inputs exerted strong controls on
PWS indicators (TG, SWP, SC) across the two study seasons. In 2023,
lower atmospheric demand, reflected in fewer heatwave days (65 vs. 83
in 2024) and lower mean temperatures, resulted in relatively moderate
declines in PWS, with SWP generally remaining above —1.3 to —1.5 MPa
for most of the season (Fig. S4). In contrast, in 2024, frequent heatwaves
and sustained temperatures exceeding 35 °C increased atmospheric
demand, leading to more pronounced reductions in SWP (often below
—1.6 MPa), reduced TG, and altered SC dynamics despite higher irri-
gation inputs (Fig. 4; Fig. S4). These observations indicate that climatic
conditions, particularly atmospheric demand, played a dominant role in
shaping seasonal PWS dynamics beyond irrigation volume alone.
Elevated SC and reduced SWP during peak heat periods suggest
increased transpiration demand and hydraulic stress, which have been
associated with enhanced fruit susceptibility to cracking under fluctu-
ating water conditions (Barry and Bower, 1997; Garcia-Luis et al., 1994;
Li and Chen, 2017; Singh et al., 2020; Spada et al., 2024).

Irrigation timing further influenced these responses. Early-season
deficit irrigation resulted in persistently lower SWP values and slower
recovery during subsequent growth stages, whereas higher irrigation
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Fig. 9. Spatial clustering of fruit cracking rate and yield across the orchard in 2023 (top) and 2024 (bottom). The left panels show tree-level clusters of cracking rates,
and the middle panels show corresponding yield clusters derived from fuzzy c-means clustering. Right panels summarize mean cracking rate (%) and yield (number of
fruits per tree) for each cluster (mean =+ SE). Different letters indicate significant differences among clusters within each year (ANOVA with Tukey’s HSD, p < 0.05).
Spatial patterns reveal consistent yield-cracking trade-offs across seasons, with high-yield clusters generally associated with higher cracking incidence, particularly

under wetter conditions in 2024.

inputs promoted greater canopy development (Fig. 5). Although not
directly reflected in treatment-level statistics, previous studies have
shown that excessive or rapidly changing water availability can increase
cracking incidence by amplifying fruit turgor pressure (Fischer et al.,
2021; Zur et al., 2017). Together, these results demonstrate that the
interaction between atmospheric demand and irrigation timing governs
PWS dynamics. These findings underscore that effective irrigation
management must account for temporal PWS dynamics under variable
climatic demand, rather than relying solely on cumulative water inputs.

Total yield does not seem to affect cracking intensity. In 2023 and
2025, an off-crop year, cracking was very low (3%), in 2024, an on-crop
year, cracking was 14% and in 2025, an extremely off-crop year,
cracking intensity was around 8% (all in 100% irrigation, Fig. 5). The
effect of irrigation on cracking intensity could be inferred by comparing
the years and from 2024 data. In 2024 and 2025, irrigation was
approximately 25% higher than in 2023, associated with induced
cracking during these years. In 2024, cracking intensity was reduced in
50% Late treatment as compared to control, supporting the hypothesis
that reduced irrigation reduces cracking intensity. However, cracking
intensity in the 150% irrigation regime, applied throughout the season,
was not induced, as might be expected, which deserves further investi-
gation. The results demonstrate that fruit cracking was influenced not
only by the amount of irrigation but also by the temporal stability of
PWS during sensitive phenological stages. Although higher irrigation
was applied in 2024 and 2025, the incidence of cracking increased under
stronger heat stress and atmospheric demand, suggesting that main-
taining stable physiological conditions may be more important than
increasing total water input alone. These findings support a shift toward
physiology-based precision irrigation strategies in which UAV-derived
PWS monitoring is used to identify high-risk zones and optimize
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irrigation timing and intensity at the orchard scale.

4.2. Value of UAV-based multi-sensor integration for PWS

A central contribution of this study is demonstrating that UAV sen-
sors fusion of thermal, multispectral, and LiDAR data can accurately
estimate PWS indicators and relate them to yield and fruit cracking.
Compared to single-sensor approaches, this multi-sensor framework
provides a more comprehensive representation of canopy function by
capturing complementary physiological, biochemical, and structural
processes. Thermal imagery provided canopy temperature (Tc) and
enabled the estimation of crop water stress, which is closely linked to
stomatal regulation and PWS (Idso et al., 1981; Cohen et al., 2015; Katz
et al., 2023). Multispectral data, particularly in the red-edge and
near-infrared regions, captured variations in chlorophyll content and
canopy condition (Dorigo et al., 2007; Haboudane et al., 2004; Ballester
et al., 2019). LiDAR-derived structural metrics, including canopy area
and PAI, supplied key information on canopy architecture and density
that cannot be resolved by optical sensors alone (Ahmadi et al., 2019;
Ustin and Middleton, 2021; Fang et al., 2019). The complementary
contributions of these data sources were reflected in model perfor-
mance: spectral red-edge features were most influential for SC predic-
tion, thermal variables contributed strongly to SWP estimation, and
structural metrics improved yield prediction via canopy attributes.
Across sensors, time-series analysis consistently identified
July-September as the period with the highest explanatory power, cor-
responding to the fruit enlargement phase. Overall, UAV-based multi--
sensor integration provides a scalable approach for linking tree-level
physiological measurements with orchard-scale variability. This
approach enables continuous, spatially explicit monitoring of PWS,
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providing a foundation for data-driven irrigation management under
heterogeneous field conditions.

To incorporate temporal information, PWS indicators from multiple
phenological stages and measurement dates were included as candidate
predictors in the feature-selection and modeling framework. Thus, var-
iables such as SWP, SC, TG, and PAI measured during different months
were evaluated simultaneously, allowing the models to identify the most
informative stage-specific physiological predictors of yield and fruit
cracking. The selected July and September PWS indicators should
therefore be interpreted as integrative physiological signals associated
with critical fruit-development stages rather than as isolated single-date
effects. However, the current framework does not explicitly model time-
series dependence, lag effects, or cumulative stress trajectories, which
remain important directions for future research using higher-frequency
observations and dynamic modeling approaches.

4.3. Possible physiological understanding underlying cracking

The strong predictive performance of the RF models for PWS (R?est =
0.79, 0.82, and 0.78 for TG, SWP, and SC, respectively) highlights the
tight coupling between plant water relations and fruit cracking. These
indicators reflect complementary physiological processes that together
govern fruit susceptibility to cracking. TG integrates cambial growth and
internal water storage dynamics, representing the balance between
carbon assimilation and water availability (Steppe et al., 2006; Dietrich
et al., 2018; Sevanto, 2017). Periods of rapid TG during fruit enlarge-
ment indicate accelerated tissue expansion, which may increase internal
fruit pressure. In this study, reduced TG in 2024 coincided with more
negative SWP values and increased cracking levels (~14% vs. ~3% in
2023), suggesting a shift in growth-water balance under higher atmo-
spheric demand. Seasonal changes in cracking intensity are not pre-
sented here, but it should also be considered that temporal fluctuations
in water availability and TG may also affect the number of cracked fruits
(Mesejo et al., 2016).

SWP, which integrates soil water availability and atmospheric de-
mand, emerged as a key indicator associated with cracking patterns.
Clustering analysis showed that trees with higher cracking consistently
exhibited more negative SWP values (Li and Chen, 2017; Khadivi-Khub,
2014). Cracking-prone clusters in 2024 maintained SWP values below
approximately —1.6 MPa for most of the measurement period, whereas
less-affected trees remained above this range (Fig. S4). This indicates
that both the magnitude and persistence of low SWP are associated with
an increased incidence of cracking. SC provided additional insight into
canopy-scale regulation of water loss (Horton and Hart, 1998; Kozlowski
and Pallardy, 1997). Predicted SC values were higher in 2024
(~0.07-0.09 mol m~2 s™') compared to 2023 (~0.04-0.06 mol m~2 s7!),
reflecting increased transpiration demand under hotter conditions.
Elevated SC may enhance water flux into the fruit, promoting pulp
expansion and increasing mechanical stress on the peel when elasticity is
limited (Holtzhausen, 1981). Finally, PAI linked the canopy structure to
both productivity (Xu et al., 2023; Dian et al., 2023; Avioz et al., 2025),
and cracking. Higher PAI values were associated with higher yield but
also coincided with increased cracking in specific clusters, indicating
that canopy size modulates the interaction between assimilate supply,
hydraulic demand, and fruit-level stress. Together, these results indicate
that fruit cracking emerges from the interaction between growth dy-
namics, PWS, and atmospheric demand, rather than from a single con-
trolling factor.

4.4. Clustering and yield trade-offs

Clustering analysis identified distinct groups of trees characterized
by different combinations of PWS, yield, and fruit cracking across sea-
sons. In the milder 2023 season, clusters showed relatively low cracking
levels (~3%) across the orchard, with limited differentiation among
groups. Yield variability was also lower, consistent with the off-crop
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condition. In contrast, during the hotter 2024 season, clusters showed
clearer separation, with higher yields (~1200-1400 fruits tree™') and
increased cracking (~10-15%) observed in specific groups. These
clusters were associated with more negative SWP values, frequently
below —1.6 MPa, and higher transpiration conditions, as reflected by
elevated SC. Despite increased irrigation inputs in 2024, these patterns
persisted, indicating that spatial variability in PWS and climatic condi-
tions contributed to the observed differences among clusters. The clus-
tering results further showed that yield and cracking did not follow a
uniform pattern across the orchard. In 2024, higher-yielding clusters
were not consistently associated with lower cracking, whereas in 2023,
both yield and cracking remained relatively low across clusters. From a
management perspective, the spatial coherence of clusters suggests that
canopy-level variability can be grouped into distinct zones with similar
physiological and production characteristics. Such zone-based ap-
proaches may improve water-use efficiency by aligning irrigation inputs
with spatial variability in PWS and production. Although the additional
2025 test set improved confidence in the models' temporal robustness,
further validation across orchards, cultivars, and climatic regions is still
required. In addition, heat stress was interpreted as a likely contributing
seasonal factor associated with elevated fruit-cracking risk, although
formal temperature and PWS interaction analysis was beyond the scope
of the current study.

4.5. Implications for precision irrigation, limitations, and future work

By linking mid-season PWS dynamics to yield and fruit cracking
outcomes, this study provides a scalable, tree-resolved framework for
precision irrigation. UAV-based monitoring captures intra-orchard
variability and enables the delineation of physiologically meaningful
management zones, supporting irrigation decisions based on plant status
and phenological sensitivity rather than uniform water application. This
represents a step toward operational, climate-smart, zone-based irriga-
tion management (Capel et al., 2017; Khadivi-Khub, 2014). Several
limitations should be considered. First, UAV acquisitions were con-
ducted at discrete time intervals (monthly), which may not fully capture
short-term PWS fluctuations during extreme events such as heatwaves or
irrigation pulses (Fang et al., 2019; Wang and Fang, 2020). Second, the
study was conducted over three seasons at a single site and cultivar,
limiting the generality of the findings across different climatic condi-
tions and orchard systems. Third, LIDAR-derived PAI included both leaf
and woody components, preventing separation between leaf area index
(LAI) and woody area index (WAI), which may influence the interpre-
tation of canopy and water relations. Finally, although the ML models
showed strong predictive performance, they remain data-driven and do
not explicitly represent underlying physiological processes.

Future work should address these limitations by incorporating
higher-frequency monitoring, expanding the analysis across multiple
years, cultivars, and climatic regions, and integrating UAV observations
with satellite data for broader spatial coverage. In addition, coupling ML
approaches with mechanistic or digital twin models may improve
robustness and interpretability under extreme conditions. Such de-
velopments would support the transition toward adaptive irrigation
strategies that dynamically respond to PWS and environmental vari-
ability. This integrated approach provides a foundation for next-
generation irrigation management systems that combine real-time
sensing with predictive modeling to optimize water use and crop
performance.

Conclusions

A central finding of this study is that fruit cracking was more strongly
associated with temporal PWS dynamics than with irrigation amount
alone. Across seasons, higher cracking levels were observed under more
negative SWP (often below ~—1.6 MPa), elevated atmospheric demand,
and periods of rapid fruit growth. These findings support a shift from
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volume-based irrigation management toward a physiology-driven
approach that accounts for dynamic plant responses to environmental
variability. In this context, UAV-derived PWS mapping enables spatially
explicit monitoring of orchard heterogeneity and supports the delinea-
tion of management zones for site-specific irrigation. Importantly, the
results indicate that reducing cracking risk depends on maintaining
stable PWS trajectories during critical phenological stages, particularly
mid- to late-season fruit development. This shifts irrigation management
from a volume-based approach toward a physiology-driven strategy that
accounts for plant responses to environmental variability. The integra-
tion of UAV-based multi-sensor data with physiological indicators en-
ables spatially explicit monitoring of orchard heterogeneity and
supports the delineation of management zones. This provides a practical
pathway toward precision irrigation strategies that optimize water use,
stabilize yield, and improve fruit quality. Overall, this framework offers
a transferable approach for adaptive orchard management under
increasing climatic variability and has potential applications across
perennial cropping systems prone to water-stress-related disorders.
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