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Abstract

Given the current climate change scenario, it is essential to find strategies to reduce envi-
ronmental risks and obtain economically sustainable agricultural productions. This study
investigated the impact of various agronomic treatments on an almond orchard in north-
eastern Portugal, focusing on their relationships with crop growth/vigour and yield. The
experiment was conducted using a factorial design that combined three variables: almond
cultivar (Constantf and Vairo), irrigation regime (full and regulated deficit irrigation), and
kaolin application (with or without application). These combinations resulted in eight
distinct treatments, each replicated across two experimental plots. To monitor the crop
physiological status, two drone flights equipped with a multispectral camera were flown
during the kernel-filling stage (3 and 30 August 2021). Vegetation indices (VI) derived from
the multispectral images were used to assess the crop vigour. In relation to the production
data, including kernel and in-shell almond weights, these were collected in 14 represen-
tative trees of each treatment. Lastly, parametric and nonparametric regression analyses
were performed to better understand relationships between VI and crop yields and derive
predictive models. The main results can be summarised as follows: (a) cv. Vairo was more
vulnerable to the regulated deficit irrigation strategy with striking repercussions on almond
production, translating into an average reduction per tree of 22% and 16% in almond kernel
and in-shell almonds compared to full irrigation, respectively; (b) kaolin application did not
reflect statistically significant differences in the mean crop yield, as Tukey’s pairwise com-
parisons involving kaolin as a differentiating factor (e.g., C100+k—C100, V100+K—V100)
showed confidence intervals with central value close to zero; and (c) regression analysis
using the nonparametric random forest model and individualised treatments demonstrated
a better agreement with the observed data (R? > 0.7). This research provided valuable
insights into how cultivar selection, irrigation strategy, and kaolin application can influ-
ence the almond crop performance. When integrating multispectral aerial monitoring and
advanced statistical modelling, it enables an effective assessment of both crop vigour and
expected yield, supporting the development of more informed and adaptive management
practices to face emerging environmental challenges.

Keywords: almond orchards; on-farm experiments; multispectral aerial monitoring; statistical
modelling; crop yield predictions
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1. Introduction

The almond (Prunus dulcis Mill.) is one of the most widely cultivated nuts worldwide,
with a significant expansion in the Mediterranean basin [1,2], where environmental condi-
tions present opportunities and challenges for crop growth and production. Opportunities
lie in its ability to thrive in specific and diversified environments influenced by the local cli-
mate, soil type, water availability, and usual management practices, although its adaptation
is highly dependent on the cultivar type [3,4]. Some almond cultivars, such as cv. Arrubia
and Texas are more tolerant to drought or heat stress, while others, like cv. Tuono and Cossu
may require more consistent water availability during the growing season to maintain high
yields [5]. Therefore, selecting the right cultivar for specific edaphoclimatic conditions is
fundamental to successful cultivation and optimised crop management. Nevertheless, the
growing concern over climate change, driven by rising temperatures, water scarcity, and
fluctuating rainfall patterns, is increasingly posing challenges to almond farming due to
phenological variations that may affect the final yield and fruit quality [6-8]. These changes
highlight the need for adaptive and sustainable strategies that ensure economically viable
production systems whilst minimising environmental risks.

To face these challenges, farmers and almond growers, in particular, have explored
various agronomic treatments, such as cultivar selection and irrigation strategies, among
other agronomic practices, aimed at optimising water use, improving tree health, and
increasing crop yields. According to the literature, one of the most critical aspects is
related to irrigation management. Conventional methods often apply full irrigation (FI)
throughout the growing season to meet the maximum crop water requirements, which can
become unsustainable in water-scarce regions. In response, sustained and regulated deficit
irrigation (SDI and RDI) has emerged as a promising water-saving strategy. SDI aimed to
provide a certain level of water (i.e., a fraction of the crop evapotranspiration—ETc) during
the growing season [9], while RDI focuses on reduced irrigation for specific phenological
periods when trees are less sensitive to water stress [10,11]. Several studies have shown
that both SDI and RDI can improve the water-use efficiency while maintaining or even
enhancing almond yield and quality, making them more economically advantageous
alternatives to FI [7,8,12]. However, their effectiveness may depend on other factors, such
as cultivar sensitivity, environmental conditions, and the timing of water reduction [4,6,13],
and hence, there is no generalised consensus on deficit irrigation (DI) effects. Some authors
did not find significant yield losses when applying DI during the kernel-filling stage,
as long as the plant water stress was moderate [14,15], contrary to other experiments,
where specific DI strategies compromised almond yields [16,17]. Another management
practice under investigation is the foliar kaolin application. Kaolin has been shown to
reduce environmental stress on crops by reflecting excess sunlight and reducing heat load,
leading to a possible decrease in the plant transpiration rate and an improvement in water-
use efficiency terms [18]. Additionally, kaolin has pest-deterrent properties, potentially
reducing the need for chemical pesticides [19,20].

Along with the agronomic treatments, technological advances have significantly im-
proved the ability to monitor the crop’s physiological status and predict yields [21]. From
the monitoring point of view, the use of unmanned aerial vehicles (UAVs) equipped with
a variety of remote-sensing sensors, such as lidar and thermal, multi- and hyper-spectral
cameras, has contributed to revolutionising the digitalisation of the local-scale agricultural
sector by providing real-time surface reflectance values with high spatial and spectral
resolutions and minimal atmospheric interference [22-24]. Focusing on agricultural land
use, this remotely sensed information is often used as spectral bands or to derive vegetation
indices (VI) oriented towards the assessment of the plant vigour and stress (e.g., biomass
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density, water shortages, and nitrogen and chlorophyll contents) in different phenological
stages and their relationships with the crop yield [25-27].

From a set of 33 UAV-derived VI, the Normalised Difference Vegetation Index (NDVI),
the Green NDVI (GNDVI), and the Normalised Difference Red Edge (NDRE) were iden-
tified as the most relevant when applying a machine learning approach (RF—random
forest) combined with feature ranking to obtain improved maize yield predictions [28].
Another study involving 55 VI to predict corn yields demonstrated that VI computed
from the Red Edge spectral band, or even using this band alone, can effectively capture
enhanced prediction results compared to other VI [29]. However, according to a recent
systematic comprehensive review, the NDVI emerges as one of the most widely used VI
(60 studies) [22]. By incorporating other UAV-based crop parameters, namely, the Leaf Area
Index (LAI) and the Soil and Plant Analyzer Development (SPAD) derived from VI, Han
et al. [30] obtained high correlations (R?: 0.749-0.911) when comparing measured data with
winter wheat yield estimates resulting from multivariable linear regression. Similarly, VI
highly correlated with the LAI, proved to be more effective in estimating crop yield, particu-
larly those composed by the Red Edge (720 nm) and near-infrared (NIR, 800 nm) bands [31].
In almond orchards, spectral VI have been designed to optimise irrigation practices by
identifying water stress levels and guiding water application timings. Thereby, almond
growers can monitor the canopy health and predict the harvest timing more accurately,
ensuring that trees are not under- or over-irrigated [32,33].

To better understand the complex relationships between agronomic treatments and the
crop physiological and productive responses, supervised parametric and nonparametric
regression models have been commonly applied. Parametric regression is often used to
predict crop yields based on a limited set of linearly related variables, while nonparametric
machine learning algorithms have shown a superior performance when capturing non-
linear relationships and interactions between multiple treatment factors. Using an ensemble
of machine learning algorithms (e.g., Gaussian process regression, fuzzy inference system,
SVR: support vector regression, decision tree, and RF) combined with the Bayesian model
averaging technique, the most accurate rice grain yield predictions were accomplished [34].
Another ensemble application, including SVR, RFE, and K-nearest neighbours (KNN), out-
performed all the base models by estimating alfalfa yields [35]. Individually, the ordinary
least squares (OLS) linear regression model and the nonparametric RF estimator have
emerged as reliable options for predicting crop yields [22,36—41], occasionally employing
recursive elimination techniques to select only the best predictive features [28,29,42—44]. In
a broader context, the use of UAV-based multimodal data fusion techniques, which inte-
grate spectral, thermal, and structural canopy features, combined with various regression
models within a deep neural network (DNN) framework, provided a relatively accurate
and robust estimation of soybean crop yield [45]. In summary, these machine and deep
learning approaches have attracted increasing attention in estimating crop yields for their
robustness and ease of data acquisition from heterogeneous sources, such as remote sensing
and sensor networks [21].

By combining agronomic treatments with advanced remote sensing technologies and
regression models, monitoring and predictive capabilities are strengthened to effectively
support crop management. Under different management scenarios, particularly irrigation,
machine learning techniques based on remote sensing and in situ measurements have
often been used to determine yields for certain agricultural crops and thus identify both
the most suitable irrigation treatment and the best-performing predictive model. These
integrated approaches are, therefore, valuable tools in precision agriculture, helping to
diagnose yield-limiting factors and make timely and informed decisions on how to boost the
farm profitability, safeguarding food security and environmental sustainability [41,46,47].
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However, the vast majority of these studies that statistically relate spectral biophysical
indicators with crop yields have primarily focused on grain crops, such as wheat, rice,
bean, maize, cotton, and coffee, without accounting for the influence of management
practices [31,34,38,40,48-53].

To fill the research gaps identified, the objective and innovative aspect of this study is
to investigate potential relationships between spectral VI and agricultural yields arising
from different treatments on almond orchards. For this purpose, farm-level experiments
involving two cultivars, two irrigation strategies, and kaolin application were implemented,
and harvest and UAV-based measurements were carried out to evaluate the crop perfor-
mance. As a result, a set of VI derived from UAV images, in conjunction with production
data per almond tree, provided deeper insights into the impact of the targeted treatments
and enabled the development of crop yield predictive models.

2. Materials and Methods
2.1. Case Study and Field Trials

The study was conducted in an almond orchard located in the municipality of
Alfandega da F¢, in the northeastern part of Portugal (41°20'37" N; 6°56'32" W; 555 m a.s.l.),
which was subjected to different management practices (treatments) in order to evaluate
the response of two almond cultivars (Constanti and Vairo) (Figure 1). The almond has
become increasingly relevant in the region’s agricultural and economic reality, given the
relatively favourable edaphoclimatic conditions for its cultivation. The climate is typically
Mediterranean with some continental influences, characterised by mild and wet winters
and warm and dry summers (Csb-type Koppen—Geiger climate classification) [54], espe-
cially at lower altitudes, where the land use is predominantly agricultural. Regarding
soils, structurally, these are quite diverse, influenced by the region’s complex geology and
topography. According to the soil map for the northeast Portugal [55], lithosols associated
with luvisols are prevalent. Luvisols are generally fertile soils suitable for agriculture and
are, therefore, recommended for growing almond trees.
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Figure 1. Geographic location of the study area and its experimental design. Eight distinct treatments,

.

combining three factorial variables: almond cultivar (Constanti—C; Vairo—V), irrigation regime
(full irrigation—100; regulated deficit irrigation—100/35), and kaolin (with application—K), were

delineated. Each treatment was replicated in two experimental plots.
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The on-farm experiment was designed for the 2019-2021 period, combining three
factors: cultivar, irrigation strategy, and foliar kaolin application. During that period,
a set of measurements was performed to evaluate the almond kernel composition (e.g.,
oleic acid content, total volatiles) [56], quality parameters (e.g., morphology, colour, and
nutritional value) [57], and physiological and agronomic parameters (e.g., leaf area, leaf
water potential, and water-use efficiency—WUE) [58]. To complement these assessments,
this work aimed to analyse the overall effect of various management practices on the crop’s
growth and productivity in the last year of the field trials (2021). To this end, eight groups
resulting from the combination of the three factors were delineated, hereinafter referred
to as treatments. Each treatment was randomly replicated in two experimental plots
(Figure 1 and Table 1), and 14 almond trees were assessed (seven in each plot) considering
the multifactorial analysis: cultivar (Constanti and Vairo), irrigation regime (FI and RDI),
and kaolin application (Yes or No). Full irrigation (FI) corresponded to 100% of crop
evapotranspiration (ETc) throughout the entire irrigation period (7 June to 6 September),
while the regulated deficit irrigation (RDI) treatment supplied 100% of ETc until the kernel-
filling stage (14 July) and 35% of ETc thereafter until the harvest. The ETc was estimated
using the FAO Penman-Monteith equation for reference evapotranspiration (ETo), adopting
a crop coefficient (Kc) of 0.9 for the mid-season stage [59]. In 2021, the total irrigation water
supplied was 2458.3 m3 /ha in FI and 1433.6 m3/ha in RDI. The kaolin was applied at a
rate of 2 L/tree of an aqueous kaolin suspension (4%) (BAS 24000 F, SURROUND®—95%)
at the onset of the kernel-filling stage, coinciding with the transition to deficit irrigation in
the corresponding treatments. Further details on the experimental design are provided in
Barreales et al. [58].

Table 1. Treatments implemented in experimental plots within an almond orchard.

Factors
Treatments 5 PR : Experimental Plots
Cultivar Irrigation Kaolin
C100 Constanti FI No T5, T8
C100+K Constanti FI Yes T5+ K, T8 + K
C100/35 Constanti RDI No T1, T4
C100/35+K Constanti RDI Yes T1+K, T4 +K
V100 Vairo FI No Te6, T7
V100+K Vairo FI Yes T6 + K, T7 + K
V100/35 Vairo RDI No T2, T3
V100/35+K Vairo RDI Yes T2+ K, T3+K

From the crop growth point of view, the use of UAV technology was the solution
adopted to cover the entire study area and spectral features, expressed through VI. Con-
cerning the productivity data, the weight of in-shell almonds and almond kernels extracted
from the monitored trees in each treatment was considered.

2.2. Remotely Sensed Image Acquisition and Processing

To capture vegetation features in a broad spatial and spectral range, a multirotor
drone (DJI Matrice 300 RTK [60]) coupled with a multispectral camera covering 5 high-
resolution narrow bands (RedEdge-MX [61]) was used, which includes the following centre
wavelengths: 475 nm (Blue), 560 nm (Green), 668 nm (Red), 717 nm (Red Edge), and 842 nm
(NIR—near infrared).

Two flights under clear sky conditions at 100 m altitude (above ground level) were
conducted on 3 and 30 August 2021. These dates were chosen given the biomass density
peak and the proximity of the harvesting season, so a closer relationship between VI and
crop yields is expected. This observation is corroborated in other studies [29,34,38], as
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spectral data resulting from UAV and satellite measurements in months close to the harvest
period showed a better correlation with crop yields and are, therefore, the most suitable for
developing predictive models.

The obtained aerial images, with around 7 cm per pixel, were then photogrammetri-
cally processed using the Agisoft software (Metashape Professional version 1.8.3) [62] to
build orthomosaics for each spectral band. Afterwards, the spectral bands were combined
to produce the VI analysed in this study (Table 2).

Table 2. Set of vegetation indices tested in the present study.

Vegetation Indices

Formula Description

Simple Ratio

It is used to estimate the relative biomass.
Higher values are associated with a large
LAI[63].

SR = NIR / Red

Normalised Difference
Vegetation Index

Classic and effective indicator in a first
crop physiological assessment, used for
monitoring the percentage of green cover
throughout the growth season. Values
close to 1 are indicative of healthier and
dense vegetation [64].

NDVI = (NIR — Red) / (NIR + Red)

Enhanced Vegetation Index

It was developed to optimise the
vegetation signal in areas with a high
LAI, where NDVI can be saturated [64].

(NIR—Red)

EVI = 2.5 X (NIRT6xRed—7.5x BluesT)

Green Normalised Difference
Vegetation Index

It is a chlorophyll index used in advanced
crop development stages, as it saturates
later than NDVI [65].

GNDVI = (NIR — Green) / (NIR + Green)

Normalised Difference
Red Edge

Index similar to the NDVI, but more
sensitive to high canopy density and leaf
chlorophyll levels and in capturing soil
background effects [66].

NDRE = (NIR — RedEdge) / (NIR + RedEdge)

Optimised Soil-Adjusted
Vegetation Index

It is an extension of the Soil-Adjusted
Vegetation Index (SAVI), which includes
an optimised soil adjustment coefficient
(0.16) to minimise the NDVI sensitivity
due to variations in soil background
effects under a wide range of
environmental conditions [67,68].

OSAVI = (NIR — Red) / (NIR + Red +0.16)

Visible Atmospherically
Resistant Index

It is derived from visible spectral bands
to provide more accurate measurements
of the vegetation fraction by reducing
atmospheric scattering and absorption
effects [69].

VARI = (Green — Red) / (Green + Red — Blue)

SAVI-based Leaf Area Index !

SAVI used as a proxy to estimate LAI [70].
SAVI was developed to minimise the
influence of soil brightness on plant
monitoring, especially in areas with
sparse vegetation cover [71].

0.69-SAVI )

LAI SAvI = C55™)
SAVI =
[ (NIR = Red) / (NIR+ Red + L) ] x (1+L)

! Leaf Area Index (LAI) is not properly a VI, as it is not directly derived from spectral reflectance values. Its
specific measurement (usually in m? of leaf area per m? of ground area) or VI-based estimation is crucial for
understanding the vegetation’s structure and function, serving as an indicator of vegetation density and the plants’
photosynthetic and transpiration capacity. Therefore, it is deeply linked to the classic VI. In the SAVI formula, L is
a constant that serves as a surrogate for LAL Huete [71] defined the optimal adjustment factor of L = 0.25 for high
vegetation density, L = 0.5 for intermediate vegetation density, and L = 1 for very low vegetation density. Panda
et al. [27] verified that the SAVI (with L = 0.5) effectively minimised the effect of soil-induced variations on green
vegetation compared to NDVI.
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2.3. Multivariate Statistical Analysis

Based on field and UAV monitoring results, a comprehensive statistical analysis in
Python (version 3.12.4) relating management practices (treatments), almond yields (in
kg/tree), and spectral features (VI), was carried out as follows (Figure 2):

o  Treatments—descriptive statistics summarising their relationship with crop yields are
presented. Then, an analysis of variance (ANOVA) was performed to compare means
of the various treatments and assess significant differences among them, as well as
multiple comparisons between treatment pairs using the Tukey test.

e Predictions—this component was designed for developing a supervised machine
learning approach, when using the OLS and RF regression models to predict crop
yields in each treatment based on selected spectral features (VI).

e  Evaluation—the effectiveness of the crop yield predictive models was evaluated
through the following statistical metrics: coefficient of determination (R?), mean
absolute error (MAE), and root mean square error (RMSE).

UAV-based monitoring Multispectral aerial images Regression analysis

]

.|

[}

Agronomic treatments

Vegetatio‘n indices ,%i,,
o ]
L. 1

«
H

GREEN

BLUE

a
w
o

Almond yield predictions

Physiological status

Modelling evaluation

Figure 2. Methodological scheme followed to establish statistical relationships involving management
practices (treatments), vegetation indices, and almond yields.

2.3.1. Comparison of Treatments

In order to understand how each treatment influences the crop yield, expressed as the
weight of in-shell almonds and almond kernel per tree, some descriptive statistics were
reproduced in a boxplot, which provides a clear visual representation of the range of pro-
duction values, and their central tendency (median) and spread (25th and 75th percentiles).

Secondly, any statistically significant differences between the treatments were evalu-
ated by using the following:

e Analysis of variance (ANOVA)—one-way ANOVA was conducted to examine the
almond production means of all treatments. Significant differences (p-value < 0.05)
are found if at least one mean is statistically different. In that case, the influence of
the three targeted factors and their interactions (Table 1) on the almond production
was also explored (three-way ANOVA). This multifactorial analysis enables us to
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understand not only the individual effect of each factor, but also how these factors
interact with each other [72].

o  Tukey’s Honestly Significant Difference (HSD) test—after ANOVA application, as
there were significant overall differences among treatment means, multiple com-
parisons between pairs of treatments were performed to identify which pairs differ
statistically. For each pairwise comparison, this post hoc test also provides a 95%
confidence interval of the mean difference, representing the range within which the
true difference in means is likely to be found. When the confidence interval includes
zero, the difference between two treatments is not statistically significant [72].

2.3.2. Integration of Spectral Features to Predict Crop Yields

Once relationships between treatments and crop yields were established, the spectral
features (expressed through mean values of each VI per tree canopy) were incorporated to
assess their association with production data concerning the monitored almond trees, and
identify those that contribute to developing robust and accurate predictive models. To this
end, the following supervised learning methodology was outlined.

Feature selection

A machine learning technique for recursive feature elimination with 10-fold cross-
validation (RFECV) using the estimators “LinearRegression” (parametric) and “Random-
ForestRegressor” (nonparametric) was applied to find the optimal number and rank the
best features to be included in the final modelling. This technique starts with all features
tested in the present study (Table 2), recursively removing the least important ones and
evaluating the model performance at each step. Thereby, the overfitting is controlled by
eliminating non-informative or redundant features, helping to simplify the model and re-
duce computing costs, while maintaining or enhancing its predictive performance [73]. This
feature selection procedure is particularly useful in statistical analyses involving samples
or groups with few observations and too many features to be trained and tested.

Regression models

Selected features through RFECV involving the tested parametric and nonparametric
estimators were then used to fit the corresponding regression models:

e  Parametric OLS model—This is employed in linear regression to estimate the rela-
tionship between explanatory variables (VI) and a dependent variable (crop yields)
by minimising the sum of squared errors. It provides regression coefficients, and
evaluates the statistical significance and model fit under linearity, independence, and
homoscedasticity assumptions, and normal error distribution [74].

e Nonparametric RF model—This is based on an ensemble learning algorithm that
builds multiple decision trees on different subsets (random samples) from the orig-
inal data and combines their outputs to obtain accurate predictions. In addition, it
reduces the risk of overfitting by averaging the results (regression) or by using major-
ity voting (feature importance ranking), effectively handling the non-linearity of the
predictors [75].

2.3.3. Modelling Evaluation

Lastly, crop yield predictions resulting from OLS and RF applications to the treatments
were statistically evaluated using the R?, MAE, and RMSE (Equations (1)—(3)). These metrics
provide a comprehensive understanding of the accuracy and reliability of the estimated
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results, measuring the variance explained by the models and the absolute and squared

N2
) ?—1<1/i—%‘>
R =1 —

mean magnitude of errors:

T (v 97 o
im1 | Yi— Y
MAE = - )
R 2
i1 ( Yi—Y; )
RMSE = " 3)

where yi is the observed yield per tree i in each treatment; i is the corresponding predicted
yield per tree i in each treatment; i is the mean of the observed yield in each treatment; # is
the number of trees in each treatment.

3. Results and Discussion
3.1. Influence of Treatments on Crop Yields

Starting with an analysis of how the treatments impact crop yields (Figure 3), it
is noteworthy that almond production values are substantially lower in the cv. Vairo,
especially for treatments with RDI (V100/35 and V100/35+k). This evidence could be
attributed to several factors related to the cultivar morphology (e.g., leaves, fruits, and
root), physiology (e.g., photosynthetic and transpiration rates, stomatal conductance, and
WUE), and its response to water stress, whose critical period is centred from June to
September, considering the almond tree’s vegetative cycle in the study region [58]. In
morphological terms, the worst performance in RDI for cv. Vairo compared to cv. Constanti
could be related to the leaf characteristics, as these have a direct effect on the canopy’s
resistance to drought. According to measurements previously carried out in this case
study for both cultivars [58], it should be noted that the cv. Vairo accounted for a larger
leaf area, making it more susceptible to water stress conditions. Physiologically, this
cultivar showed lower photosynthetic activity and WUE, leading to a more significant
reduction in vegetative growth and yield when irrigation is limited. Mirds-Avalos et al. [14]
attribute the yield loss to the severity of the water stress and, to a lesser extent, to the
DI strategy implemented. By adding kaolin, the response for the cv. Vairo was not
very conclusive, maintaining production levels very close to those observed in the base
treatments (V100 and V100/35). This outcome may be attributed to the complex interaction
between environmental conditions and the prevailing effects on the cultivar.

Concerning the cv. Constanti, minor crop yield differences between FI and RDI treat-
ments (C100 and C100/35) were found, indicating that a reduction in irrigation water up to
35% of ETc during the kernel-filling stage did not lead to a significant decrease in production
values. This supports the theory proposed by other studies [7,15], suggesting that certain
almond cultivars are less sensitive to water deficits during and after this phenological phase
due to their moderate or low evaporative demand. In turn, a relatively marked production
loss occurred in RDI with foliar kaolin application (C100/35+k), most likely due to the
combined effect of the plant hydration and thermal status and the kaolin efficiency in miti-
gating heat injury. Thus, the fact that this cultivar shows an inhibiting response to kaolin
under DI conditions can be largely attributed to the complex relationship between the
stem water potential (i.e., water status) and the gas exchange (i.e., photosynthetic activity).
Therefore, by reducing leaf temperature, the stomatal conductance and carbon dioxide
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(COy) assimilation rate can be affected, and hence, the slight decrease in almond yields. In
FI, the kaolin effect was barely noticeable. Such experimental inconsistencies involving
kaolin application have been reported in several studies [76-79], although it is recognised
that kaolin may improve tree health and yield. These studies indicate that potential benefits
on photosynthetic capacity occur when plants are under moderate or severe water stress;
however, they cannot take advantage of all the radiation that reaches the leaves. For these
reasons, the effects of kaolin application on almond orchards, particularly in combination
with other management practices, warrant further investigation.

Production
3 In-shell almonds

10/ =3 Almond kernel

Almond production (kg/tree)
(8] ()]

34 L

%%%%%é%%

€100 C100+K  C100/35 C100/35+K V100 V100+K  V100/35 V100/35+K
Treatments

N

Figure 3. Almond production (in-shell almonds and almond kernel in kg/tree) resulting from the
implemented treatments. Each box shows the 25th, 50th, and 75th percentiles, while the extremes
represent the minimum and maximum values.

Looking at the almond production data in each treatment, it is clear that the weight of
in-shell almonds is directly proportional to the almond kernel.

Once production differences between treatments were discussed, an analysis of vari-
ance to verify whether any of the treatments differ statistically (one-way ANOVA), as
well as to assess the influence of the targeted factors and their combinations (three-way
ANOVA), was carried out (Table 3). One-way ANOVA results revealed statistically signif-
icant differences among treatments, indicating that at least one treatment’s mean differs
from the others (p-value = 0.00). Analysing the influence of the factors, individually, sig-
nificant differences were found (p-value < 0.05). When combining them, it is perfectly
evident that in all interactions involving the kaolin factor, its effect is not significant to
change almond production (p-value > 0.05 in both production types). This corroborates
the previous analysis, where only the C100/35+K treatment differed considerably from the
base treatment (C100/35).
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Table 3. Analysis of variance on almond production (in-shell almonds and almond kernel in kg/tree)
considering all treatments (one-way ANOVA) and the effect of the analysed factors (C—Cultivar;
I—Irrigation; K—Kaolin) and their interactions (three-way ANOVA).

Factors Production Type sst F2 p-Value 3
Treatments Shell 130.3610 17.1555 0.0000
Kernel 4.5904 9.3451 0.0000
C Shell 102.5307 94.4511 0.0000
Kernel 1.9477 27.7560 0.0000
I Shell 7.8195 7.2033 0.0085
Kernel 1.2244 17.4485 0.0001
K Shell 5.8215 5.3628 0.0225
Kernel 0.3034 4.3241 0.0400
C*1 Shell 10.0647 9.2716 0.0029
Kernel 1.0172 14.4960 0.0002
C*K Shell 0.5390 0.4965 0.4826
Kernel 0.0014 0.0204 0.8867
I1*K Shell 1.8218 1.6782 0.1980
Kernel 0.0287 0.4096 0.5236
C*I*K Shell 1.7638 1.6248 0.2053
Kernel 0.0674 0.9610 0.3292

1 SS—Sum of squares emphasises the variation due to each factor or interaction. A higher SS indicates greater
variation explained by that factor or interaction. 2 F statistic tests whether the variation between groups (due to
the factor or interaction) is greater than the variation within the groups. A higher F value represents a greater
likelihood that the factor or interaction has a significant effect. 3 p-value tests whether there are significant
differences due to the factor or interaction. A p-value < 0.05 typically reveals statistical significance (i.e., the factor
or interaction has an effect).

Crossing the p-value with other statistical scores (SS—Sum of squares and F-test), once
again, a smaller almond production variation is associated with the kaolin factor and its
interactions (lower SS and F values for both production types).

Additionally, mean production differences between all possible pairs of treatments
(28 combinations) were evaluated using the Tukey HSD test (Figure 4). The aim was to
determine which specific treatments are significantly different from each other. As a result,
the following aspects should be highlighted:

e  In most pairwise comparisons, the cultivar factor contributed incisively to significant
yield differences, as the mean difference did not contain zero;

e Differences tend to be negative, essentially due to the higher production records for
the cv. Constanti, and in V100 compared to V100/35;

e  The closest combinations to zero (central value) occurred mainly when the kaolin
application was the differentiating factor. Zero in the error bars (i.e., confidence
intervals) represents a probable absence of differences between the two treatments;

e In most cases, mean differences in in-shell almond production showed a relatively sim-
ilar pattern to that of kernel production, although with values differing in magnitude.

3.2. Crop Yield Predictions and Evaluation

Ultimately, VI that reflect the crop growth and vigour were also incorporated to
evaluate their relationship with the treatments and subsequent yields, thus providing a
solid basis for developing predictive models.
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(a)

Figure 4. Pairwise comparisons using Tukey’s HSD test. Each bar represents the mean production

difference between treatments (in kg/tree) and its 95% confidence interval for (a) in-shell almonds

and (b) almond kernel.

For this purpose, the OLS and RF regression models using RFECV on the selected VI
were applied to further refine the ideal number of variables, identifying those that accurately
and significantly describe crop yields, considering the analysed treatments (Table A1l in
Appendix A). OLS results for each treatment, UAV flight date, and production type are
expressed through linear regression equations, which translate real-world relationships
into quantifiable and actionable insights for prediction, decision-making support, and
understanding the influence of each variable. In turn, the RF model provided high-accuracy
predictions by selecting relevant features (VI) with reduced overfitting, ranking them
according to their importance. In the different treatments, this is particularly useful for
understanding which features have a greater influence on crop yields. Figure 5 presents
the selected features for each treatment on 3 and 30 August 2021 and their weighting to
predict in-shell almond yields. Similar results were achieved for almond kernel production
(Figure A1l in Appendix B), with the following key points standing out:

e  The UAV flight date, from which the analysed VI were produced, shows considerable
differences with regard to the selected features and their weight in estimating crop
yields for each treatment. This happens because distinct VI can respond differently
depending on the crop’s physiological and phenological conditions, thus altering their
relationship with the dependent variable (almond production);
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e  Within the treatments, reduced model complexity, i.e., with fewer explanatory vari-
ables (VI), was found in C100 + K and V100 for 3 August 2021, and in C100/35,
C100/35+K, V100, and V100/35 for 30 August 2021. Thereby, simpler and more
interpretable models were generated by reducing the risk of overfitting;

o  When relating the VI with the treatments, the results are not so conclusive, as the crop
response variability to the VI depends largely on how the dataset is trained (i.e., by
combining decision trees). However, there is a certain preponderance attributed to the
GNVI and NDRE, most likely due to the fact that these saturate later than NDVI and
are, therefore, more sensitive to canopy density and leaf chlorophyll variations. These
UAV-based VI were also emphasised by Killeen et al. and Ramos et al. [28,29] when
predicting maize yields using an RF ranking approach.
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Figure 5. Importance of selected features (in %), expressed through vegetation indices retrieved from
UAV aerial images on 3 August 2021 (plot (a)) and 30 August 2021 (plot (b)), for each treatment using
the RF regression model to predict in-shell almond productions.
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Analysing the final crop yield predictions for the treatments by using the RFECV-
selected features, overall, it should be emphasised that the individualised appraisal per
treatment contributed to a better fitting of the predicted values, noticeable through the
higher R? and the trendline closest to the reference (Figures 6 and 7). This is particularly
marked in the OLS regression applications, demonstrating that the selected VI effectively
reproduces the crop yields in each treatment, which, as previously analysed, differ statisti-
cally. For this reason, OLS results with all treatments (i.e., obtained without individualising
VI and yield scores by treatment) had a worse performance. In contrast, RF predictions
showed a better agreement with the observed values compared to OLS, even in the sce-
nario with all treatments (plot d), which could be justified due to the multiple random
interactions of the dataset, assuming non-linearity among the variables.

Statistical inaccuracies are associated with the difficulty of capturing extreme values
in each treatment (plots a and c) and the heterogeneity of the dataset when integrating
all treatments into a single regression analysis (plots b and d). Focusing on the UAV
flight dates, from which the VI were derived, a slight improvement in the in-shell almond
production estimates is observed for the OLS scenarios (plots a and b) on 30 August
2021. This evidence might be linked to the approaching harvest date. Concerning the
almond kernel production, similar regression results were obtained (Figures A2 and A3 in
Appendix B).

Beyond the R? correlation coefficient, the MAE and RMSE statistical metrics were
also computed to evaluate the overall performance of the OLS and RF regression models
(Figure 8), considering applications by the following:

o  Treatment—the most significant deviations (higher MAE and RMSE) and lower R? are
associated with the C100/35, V100/35, and V100/35+K treatments, largely explained
by the high data dispersion. For C100/35, larger deviations are also in line with the
higher almond yields. By comparing the models, as previously mentioned, the RF
algorithm contributed greatly to improved predictions. The exception is the C100+K
treatment, where the OLS model generated more accurate results, indicating the
existence of a predominantly linear and simple relationship among the variables. In
the scenario with all treatments, the absolute and squared mean errors (MAE and
RMSE) tend to be higher, reducing the variance explained by the models (R?).

e UAV flight date—in most treatments, lower average errors and a better correlation
were found when dealing with special features (VI) from 30 August 2021. It therefore
means that the closest spectral signature to the harvest may be a decisive factor for
improving the performance of the regression models.

e  Production type—when crossing plots a and b, a similar statistical pattern is observed,
as the in-shell almond production is directly proportional to the extracted almond
kernel. For this reason, part of the statistical analysis for almond kernel production is
presented as auxiliary information (Appendix B).

This study demonstrated the importance of adopting sustainable management strate-
gies that ensure economically viable productions whilst minimising environmental risks,
as well as the potential of UAV-derived VI combined with machine learning approaches
for estimating almond yields. However, it should be noted that the predictive capacity can
be influenced by a series of factors, such as timing and frequency of flights, UAV camera
specifications, photogrammetric processing techniques, dataset characteristics, and models
and configurations adopted. This suggests that the optimal flight date should be selected
based on the phenological stage most strongly associated with the crop yield, which may
vary depending on plant species, local climate, and management practices. Such variabil-
ity underscores the need for site-specific calibration when applying this methodology in
different regions or growing conditions.
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Figure 6. Correlation between in-shell almond production (in kg/tree) observed and predicted
based on vegetation indices retrieved from UAV flight on 3 August 2021 (trendline is blue, while the
reference is dashed). Scenarios analysed: (a) OLS with individualised treatments; (b) OLS with all
treatments; (c¢) RF with individualised treatments; and (d) RF with all treatments.
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Figure 7. Correlation between in-shell almond production (in kg/tree) observed and predicted based

on vegetation indices retrieved from UAV flight on 30 August 2021 (trendline is blue, while the

reference is dashed). Scenarios analysed: (a) OLS with individualised treatments; (b) OLS with all

treatments; (c¢) RF with individualised treatments; and (d) RF with all treatments.
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Figure 8. Statistical metrics (MAE, RMSE, and Corr—correlation) resulting from regression analysis
applied to the almond production data (in kg/tree) recorded in each treatment. In-shell almond
production (plot (a)) and almond kernel (plot (b)) were estimated using the OLS and RF regression
models based on vegetation indices retrieved from UAV flights on 3 and 30 August 2021.

Regarding the modelling results, the regression analysis based on individualised
treatments contributed to improved predictions. Nevertheless, the model’s applicability
to other geographic contexts should be approached with caution, as local environmental
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and management variability may limit its generalisation beyond the training data. In
addition, the variability observed between treatments, particularly in those with high yield
dispersion, also affects the modelling accuracy and its ability to capture extreme values. To
minimise these effects and enhance the regression robustness, cross-validation techniques
were adopted to prevent overfitting and improve the generalisation process. By controlling
overfitting, the models rely less on random noise or context-specific patterns and instead
focus on the most consistent and influential predictors. This procedure naturally leads
to simpler and more interpretable models, as it highlights the variables that truly explain
yield variability, while discarding those with limited or unstable contributions.

Moreover, the possibility of integrating UAV technology with other earth observation
(EO) platforms and in situ measurements across different phenological stages would
support the development of a scalable and transferable modelling framework, applicable
to a wide range of crops, regions, and management strategies. However, the high spatial
resolution provided by UAV images offers a key advantage over satellite-based EO products,
enabling the detection of fine-scale variability, which is especially important for perennial
crops, like the almond tree. Thereby, subtle differences in canopy structure or vigour can
translate into considerable yield variations. For the almond crop, Guimaraes et al. [32]
demonstrated that high-resolution remote sensing data combined with irrigation and
climate information significantly enhance yield predictions.

4. Conclusions

This study explored possible relationships between UAV-derived VI and almond yields
under various management treatments, providing a sound understanding of how these
treatments impact almond production, and spectral VI can be used as reliable indicators
for predicting the crop performance.

Among the treatments, the cultivar selection and the irrigation strategy were the main
drivers of almond yield variability. The cv. Vairo showed yield reduction under regulated
deficit irrigation (35% of ETc), indicating higher sensitivity to water stress, while the cv.
Constanti maintained stable yields even under a limited water supply. Conversely, the
application of kaolin, although intended to mitigate plant heat stress, did not lead to any
significant change in crop yield and even resulted in a negative effect on the cv. Constanti
under deficit irrigation, likely due to its detrimental interference with plant physiological
processes. These evidences were statistically proven through variance analyses (ANOVA)
and paired treatment comparisons (Tukey test).

To better understand the influence of the applied treatments, spectral VI were cor-
related with almond yields using the OLS and RF regression models. Indices sensitive
to canopy structure and chlorophyll content, such as GNVI and NDRE, showed strong
correlations with the yield, particularly those retrieved closer to the harvest date (30 August
2021). Furthermore, the modelling performance improved when regression analyses were
conducted from individualised treatments, with the RF model providing more robust and re-
liable predictions than OLS by capturing non-linear relationships and reducing overfitting.

In conclusion, these findings emphasise the potential of spectral VI and machine learn-
ing techniques as powerful tools for precision agriculture, offering valuable insights for
estimating crop yields and outlining sustainable management strategies. Notwithstanding
their relevance, future research on agronomic treatments should include other environmen-
tal factors (e.g., meteorological variables, soil properties, and physiographic features) aimed
at further refining crop yield predictions and optimising orchard management practices.
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Appendix A

Detailed alphanumeric information derived from the development of crop yield
predictive models and their evaluation.

Table Al. OLS and RF regression results and statistical metrics for the treatments, considering vege-
tation indices retrieved from UAV images (3 and 30 August 2021) and the almond production type.

UAV Image

. Statistical Metrics
Production

Treatments Types Models Regression Results * R MAE RMSE
(kg/tree)  (kg/tree)
y = —10.57 + 126.44 GNDVI —
3 August 2021 Shell OLS 122,781.49 NDVI + 105,766.51 OSAVI 0.72 056 061
NDRE: 0.31, LAI_SAVT: 0.29, VART: 0.18,
L RF  0sAVE00§SR:008,GNDVLooe 0% 0% 04
y = 254+ 3041 GNDVI — 29,52922
Kernel OLS XIDVL + 25437 08 OSAVL 0.72 0.14 0.15
NDRE: 0.32, LAT_SAVT: 0.28, VART: 0.19,
RE GNDVI: 0.08, OSAVT: 0.08, SR: 0.05 088 008 0.10
C100 y = 4554 + 108.22 EVI — 202,075.03
30 August 2021 Shell OLS \DVI 4 17396457 OSAVI - 7441 VART 079 0.46 0.51
LAL SAVI: 0.38, SR: 0.33, NDRE: 0.16,
L R vaReos T 0B 08 0%
¥y =10.95 % 2602 EVI — 48,609.33 NDVI
Kernel OLS +41,847.35 OSAVI — 17.89 VARI 0.79 0.11 0.12
LAL SAVI: 0.35, SR: 0.27, NDRE: 0.16,
RF VART: 0.09, GNDVTI: 0.06, EVT: 0.04, 0.88 0.08 0.09
OSAVI: 0.03
y = —30.93 + 20.32 EVI + 116.74 GNDVI
3 August 2021 Shell OLS ~ 1.97 NDRE + 1798.08 NDVI — 1637.73  0.98 0.09 0.12
OSAVI + 1.62 SR — 84.25 VARI
RE NDRE: 0.55, SR: 0.45 0.87 0.23 0.27
77777777777777 y=-740+486EVI+2794GNDVI—-" ~ 7~
Kernel oLS 0.47 NDRE + 424.82 NDVI — 387.20 0.98 0.02 0.03
OSAVI + 0.39 SR — 20.17 VARI
RF NDRE: 0.50, GNDVI: 0.50 0.88 0.05 0.06
y =0.36 + 14.01 EVI — 64.50 GNDVI +
C1004K 30 August 2021 Shell OLS 107.17 NDRE + 347,395.55 NDVI — 0.94 0.15 0.19

299,485.12 OSAVI — 83.50 VARI
NDRE: 0.28, EVI: 0.20, GNDVI: 0.14,

RF VARLI: 0.11, LAI_SAVI: 0.09, NDVI: 0.07, 0.87 0.25 0.27
OSAVI: 0.06, SR: 0.05

S T 7 T y=009+335EVI-1544GNDVI+ T o
Kernel OLS 25.65 NDRE + 83,166.21 NDVI — 0.94 0.04 0.04

71,696.49 OSAVI — 19.98 VARI
NDRE: 0.27, EVI: 0.22, GNDVI: 0.14,

RF VARI: 0.11, LAI_SAVI: 0.09, NDVI: 0.07, 0.87 0.06 0.06
OSAVI: 0.06, SR: 0.04
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Table Al. Cont.

Statistical Metrics

UAV Image Production .
Treatments Dates & Types Models Regression Results * R MAE RMSE
(kg/tree)  (kg/tree)
y = —6.47 + 26.41 GNDVI — 1,267,243.94
3 August 2021 Shell OLS YDV + 1092 458,64 OSAVI 0.25 0.87 0.97
LAI_SAVI: 0.24, NDRE: 0.18, VARTI: 0.18,
. M _smodeGNDVROa4EVEOl0 o 0P M2 T
y = =150 + 6.12 GNDVI = 293,566.27
Kernel OLS NDVI + 253,075.99 OSAVI 025 020 022
LAI_SAVI: 0.24, VARI: 0.17, NDRE: 0.15,
RF OSAVI: 0.10, GNDVT: 0.10, EVI: 0.08, 0.80 0.09 0.12
C100/35 NDVT: 0.08, SR: 0.08
y = 14.96 + 387.99 GNDVI + 1,749,627.25
30 August 2021 Shell OLS NDVI — 1,508,663.44 OSAVI + 194.07 0.38 0.72 0.85
VARI
e ___ RF_ _ _ LALSAVL 045 NDRE: 035 VARL: 020 _ 087_ _ 031 _ _ _ 039 _
y = 346 +89.88 GNDVI + 405,305.82
Kernel OLS NDVI — 349,485.91 OSAVI + 44.96 VARl 02 017 020
RF LAI_SAVI: 0.48, NDRE: 0.35, VARL: 0.17  0.87 0.07 0.09
y =5.29 — 79.55 GNDVI — 1,493,934.44
3 August 2021 Shell OLS XDV + 1287 950,71 OSAVI 0.30 0.57 0.76
LAI_SAVI: 0.25, VART: 0.24, EVI: 0.14,
RF GNDVI: 0.09, OSAVT: 0.09, SR: 0.08, 0.80 0.32 0.41
,,,,,,,,,,,,,, NDVL: 006, NDRE: 005 _  _  _ __ _ _ _ _ _ _ _ ________.
y =127 = 19.09 GNDVI = 358,50235
Kernel OLS NDVI + 309,072.51 OSAVI 0-30 0.14 0.18
C100/35+K LAI_SAVI: 0.26, VART: 0.24, SR: 0.14,
RE EVI: 0.13, OSAVI: 0.12, GNDVI: 0.11 079 0.08 0.10
y = 152 + 69.10 NDRE + 1,233,352.10
30 August 2021 Shell OLS NDVI - 106326357 OSAVI - 4616 VART 073 0.38 0.47
e ___ RF__ _EVL038SR:036 VARLO026 08 _ 035 038
¥ =037+ 1658 NDRE +295,951.23 NDVI
Kernel OLS T 25513733 OSAVI — 11.08 VARI 073 009 011
RF EVI: 0.37, SR: 0.36, VARI: 0.27 0.83 0.08 0.09
y = —49.88 + 117.80 GNDVI + 335,659.77
3 August 2021 Shell OLS NDVI — 289,393.31 OSAVI 0.81 0.42 0.48
e ____ RF_ _ _ GNDVL053, NDRE:047 091 _ 027 034 _
y = ~13.87 ¥ 32.75 GNDVI + 93,320 44
Kernel OLS XDVI - 8045740 OSAVI 0.81 0.12 0.13
GNDVI: 0.46, NDRE: 0.31,
y =3.25 + 107.75 NDRE — 447,275.43
30 August 2021 Shell OLS XDV1 4 385,542.81 OSAVI 0.78 0.37 0.52
e ___ RF_ _ _ NDRE:0.56, GNDVL.044 092 _ 026 032 _
y = 0.90 +29.96 NDRE — 124,364.64
Kernel OLS NDVI + 107,199.92 OSAVI 0.92 0.07 0.09
RF NDRE: 0.56, GNDVI: 0.4 0.92 0.07 0.09
y = —8.22 — 54.82 GNDVI + 405,592.38
3 August 2021 Shell OLS VI — 349.590,51 OSAVI 0.53 0.52 0.63
EVI: 051, LAI_SAVI: 0.16, SR: 0.11,
RF VART: 0.09, OSAVI: 0.05, GNDVI: 0.05, 0.90 0.21 0.28
NDRE: 0.03
vioo+x T T T T Ty =-225-1502GNDVI+111,00030 " ~ ..~ ~ ., .,
y ,
Kernel OLS X DVI - 95.751.59 OSAVI 0.53 0.14 0.17
EVI: 051, LAI_SAVI: 0.16, SR: 0.11,
RF VART: 0.09, OSAVI: 0.05, GNDVI: 0.04, 0.90 0.06 0.08

NDRE: 0.04
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Table Al. Cont.

Treatments UAV Image Production

Models

Statistical Metrics

; *
Dates Types Regression Results R MAE RMSE
(kg/tree)  (kg/tree)
y = —64.11 + 21.82 EVI + 349.00 GNDVI
— 248.17 NDRE + 1,747,987.09 NDVI —
30 August 2021 Shell OLS 1,506,988.99 OSAVI — 581 SR + 58.25 0.86 0.28 0.34
VARI
EVI: 0.35, LAL_SAVI: 0.30, SR: 0.13,
VI004K RE VART: 013, OSAVT: 0.09 088 022 0.32
s Tt TTTTTT oo y=-1756 +598 EVI+95.59 GNDVI— ~ 7~
67.97 NDRE + 478,770.09 NDVI —
Kernel OLS 412,761.20 OSAVI — 1.59 SR + 15.96 0.86 0.08 0.09
VARI
EVI: 0.38, LAI_SAVT: 0.28, VARI: 0.13,
RF SR: 0.13, OSAVI: 0.08 088 006 0.09
y =11.14 — 21.55 GNDVI — 801,428.62
3 August 2021 Shell OLS NDVI 4 690,903.93 OSAVI 0.39 0.61 0.80
VARTI: 0.22, EVI: 0.20, NDRE: 0.20,
RF LAI SAVT: 0.14, OSAVT: 0.09, GNDVTI: 0.87 0.32 0.38
o __________boNDVEOO7
y =2.90 = 5.60 GNDVI — 208,256.50
Kernel OLS NDVI + 179,535.93 OSAVI 0.39 0.16 0.21
VARTI: 0.22, EVI: 0.20, NDRE: 0.19,
RF LAL SAVI: 0.15, OSAVI: 0.09, GNDVI: 0.87 0.08 0.10
V100/35 0.08, NDVI: 0.07
y = —13.91 +93.55 EVI — 178.85 GNDVI
30 August 2021 Shell OLS — 2,348,816.12 NDVI + 2,024,391.02 0.64 0.48 0.60
OSAVI — 193.23 VARI
RF LAL SAVI: 0.58, GNDVI: 0.42 0.84 0.33 0.40
77777777777777 y=-362+2431EVI-4648GNDVI— ~
Kernel OLS 610,350.63 NDVI + 526,177.21 OSAVI —  0.64 0.13 0.16
50.21 VARI
RF LAI SAVI: 0.58, GNDVI: 0.42 0.84 0.08 0.10
y = 6.89 + 17.94 GNDVI + 848,857.17
3 August 2021 Shell OLS NDVI - 731.796.22 OSAVI 0.14 0.76 1.01
NDRE: 0.21, SR: 0.21, EVI: 0.17,
RF LAI SAVI: 0.12, GNDVI: 0.12, OSAVI: 0.84 0.36 0.43
o __________booNDVLOOS
y = 1.79 + 467 GNDVI + 221,130.09
Kernel OLS NDVI — 190,635.33 OSAVI 0.14 0.20 0.26
NDRE: 0.22, EVI: 0.20, SR: 0.19, OSAVI:
RE 0.15, GNDVI: 0.14, LAI_SAVT: 0.10 0.83 0.10 0.12
V100/35+K = —0.79 + 28.18 GNDVI + 810,480.85
y : : ,480.
30 August 2021 Shell OLS NDVI - 698,711.90 OSAVI 0.06 0.81 1.06
SR: 0.24, EVI: 0.19, VARL: 0.18, NDVI:
RF 0.15, OSAVI: 0.10, GNDVI: 0.07, 0.81 0.41 0.47
o _________WasAarvoeor
¥ = 2021 +7.34GNDVI + 211,147.69
Kernel OLS NDVI — 182,029.47 OSAVI 0.06 0.21 0.28
SR: 0.23, EVI: 0.20, VARI: 0.17, NDVL:
RF 0.14, OSAVI: 0.10, GNDVI: 0.08, 0.80 0.11 0.13
LAI SAVT: 0.08
y = —35.89 +12.25 EVI + 115.74 GNDVI
3 August 2021 Shell OLS — 71.92 NDRE — 532,134.94 NDVI + 0.41 0.89 1.14
458,715.31 OSAVI — 35.65 VARI
GNDVI: 0.24, VART: 0.19, LAL_SAVL:
RF 0.14, NDRE: 0.11, EVI: 0.11, SR: 0.10, 0.67 0.70 0.85
All NDVT: 0.06, OSAVT: 0.05
treatments - -7 y=—-648+223EVI+2015GNDVI—- ~ ~ ~ ~ ~
Kernel OLS 9.67 NDRE — 80,420.58 NDVI + 0.33 0.21 0.27
69,323.63 OSAVI — 6.59 VARI
GNDVI: 0.25, NDRE: 0.17, LAL_SAVI:
RF 0.17, VART: 0.13, SR: 0.12, EVT: 0.09, 0.67 0.15 0.19

OSAVI: 0.07




AgriEngineering 2025, 7, 395 22 of 28

Table Al. Cont.

Producti Statistical Metrics
UAV Image roduction

Treatments Dates Types Models Regression Results * R MAE RMSE
(kg/tree)  (kg/tree)
y =—17.01 + 12.33 EVI + 109.79 GNDVI
30 August 2021 Shell OLS — 21.26 NDRE + 76,670.78 NDVI — 0.47 0.82 1.08
66,166.38 OSAVI — 18.71 VARI
VARI: 0.50, EVI: 0.14, GNDVI: 0.13,
All RE NDRE: 0.12, LAI_SAVI: 0.11 079 036 068
treatments -0 7 y=-287+212EVI+2406GNDVI+  ~ ~~~ "~ """~
Kernel OLS 0.72 NDRE — 11,190.95 NDVI + 9629.70 0.40 0.19 0.25
OSAVI — 1.27 VARI
RF VARI: 0.37, GNDVI: 0.20, NDRE: 0.18, 0.77 013 016

EVI: 0.16, LAI_SAVI: 0.09

* OLS model—Linear regression equations; RF model—Importance of selected features.

Appendix B
Auxiliary graphical information based on the multivariate statistical analysis.
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Figure A1. Importance of selected features (in %), expressed through vegetation indices retrieved
from UAV aerial images on 3 August 2021 (plot (a)) and 30 August 2021 (plot (b)), for each treatment
using the RF regression model to predict almond kernel productions.
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Figure A2. Correlation between almond kernel production (in kg/tree) observed and predicted

based on vegetation indices retrieved from UAV flight on 3 August 2021 (trendline is blue, while the

reference is dashed). Scenarios analysed: (a) OLS with individualised treatments; (b) OLS with all

treatments; (c¢) RF with individualised treatments; and (d) RF with all treatments.
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Kernel — 30 August
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Figure A3. Correlation between almond kernel production (in kg/tree) observed and predicted
based on vegetation indices retrieved from UAV flight on 30 August 2021 (trendline is blue, while the
reference is dashed). Scenarios analysed: (a) OLS with individualised treatments; (b) OLS with all
treatments; (c¢) RF with individualised treatments; and (d) RF with all treatments.
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