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Accurate almond yield prediction is essential for supporting decision-making
across multiple scales, from individual growers to international markets. This is
crucial in the Mediterranean region, where diminishing water resources pose
significant challenges to the almond industry. In this study, remote sensing-
based evapotranspiration estimates were evaluated for predicting almond yield
at the orchard scale using machine learning (ML) algorithms. The almond
prediction models were calibrated and validated using data provided by
commercial growers, along with meteorological reanalysis and remote sensing
products. The remote sensing products included: i) spectral indices, ii) vegetation
biophysical traits retrieved from Sentinel-2, and iii) actual evapotranspiration (ET,)
estimated using the Priestley-Taylor two-source energy balance (TSEB-PT) model
driven by Copernicus-based data. Almond yield data were collected from
commercial orchards located in Spain’s Ebro and Guadalquivir basins from 2017
to 2022. Data collected from growers enables the establishment of almond water
production functions at the orchard scale, yielding results comparable to those
reported in experimental study sites. Almond yield prediction models calibrated
with remote sensing data demonstrated predictive accuracy comparable to that of
models relying on ground-truth variables provided by farmers, such as irrigation,
orchard age, tree density, and cultivar. Among them, the PMcgrs model—which
integrates the fraction of absorbed photosynthetically active radiation (fAPAR), the
normalized difference moisture index (NDMI), canopy chlorophyll content (Cyp),
ETa, and meteorological data—achieved a RMSE of 399.1 kg ha™ in July. These
findings highlight the potential of remote sensing-based models for accurately
estimating almond yield. Furthermore, the PMcrs model proved scalable and
effective when applied across four almond-producing regions in the Ebro basin.
Future improvements may be realized through enhanced ET, retrieval using
upcoming thermal satellite missions, integration of irrigation estimates, and the
adoption of advanced machine learning and deep learning algorithms.
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01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fagro.2025.1667674/full
https://www.frontiersin.org/articles/10.3389/fagro.2025.1667674/full
https://www.frontiersin.org/articles/10.3389/fagro.2025.1667674/full
https://www.frontiersin.org/articles/10.3389/fagro.2025.1667674/full
https://www.frontiersin.org/articles/10.3389/fagro.2025.1667674/full
https://www.frontiersin.org/journals/agronomy
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fagro.2025.1667674&domain=pdf&date_stamp=2025-11-20
mailto:manuel.quintanilla@irta.cat
https://doi.org/10.3389/fagro.2025.1667674
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/agronomy#editorial-board
https://www.frontiersin.org/journals/agronomy#editorial-board
https://doi.org/10.3389/fagro.2025.1667674
https://www.frontiersin.org/journals/agronomy

Quintanilla-Albornoz et al.

1 Introduction

The global almond industry has experienced significant growth
over the past decade, with production increasing by 44% between
the 2012 and 2023 seasons (USDA, 2024). The economic
contribution of almond production has also grown exponentially,
reaching a worldwide Gross Production Value (GPV) of
approximately 12 billion USD in 2022 (FAOSTATS, 2024). In
this context, almond production has attracted considerable
attention within Spain’s almond industry, with the area dedicated
to almond cultivation expanding from 534,100 hectares in 2013 to
887,214 hectares in 2023, marking a 66.1% increase over the past
decade (MAPA, 2023). The increasing interest in almond
production in Spain is also evident in the shift toward more
intensive irrigated plantations. For instance, the percentage of
irrigated almond orchards has grown from 4.7% in 2005 to 26%
in 2023 (MAPA, 2023).

Accurate almond yield prediction is crucial for supporting
decision-making across multiple scales in the thriving almond
industry, from individual growers to international markets.
Reliable prediction offers several advantages, including stabilizing
market prices by aligning supply with demand expectations,
enhancing operational planning for processors, distributors, and
retailers, and assisting governments in formulating policies and
providing support. Additionally, growers and stakeholders can
benefit from almond yield predictions to mitigate risks associated
with environmental disturbances and identify key forcing traits in
almond yields. Furthermore, almond yield prediction is becoming
increasingly relevant due to the diminishing water resources causes
by drought and climate change in the Mediterranean region (Gaona
et al, 2022; Tramblay et al, 2020). The growing frequency of
extreme heat waves and more severe droughts could heighten the
vulnerability of almond production, especially within new intensive
orchards (Moldero et al., 2021; Quintanilla-Albornoz et al., 2024).

Accurately predicting yields in woody crops like almonds is
challenging due to the complex interactions of processes that can
fluctuate significantly from one year to the next. Factors such as
canopy vigor, crop load, orchard age, irrigation, evapotranspiration,
response to short-term environmental stress, climate, and bearing,
among others, play a crucial role in almond yields estimation. In
addition, soil type variability within orchards further contributes to
differences in yield responses. Two methodologies have been widely
used for crop yield estimation: “biophysical simulation models” and
“statistical approaches” (Hodges et al., 1987; Dzotsi et al., 2013;
Kang and Ozdogan, 2019; Ma et al, 2021; Tang et al, 2023).
Biophysical models are designed to determine the biophysical
drivers of physiological characteristics and assess various climate
scenarios to estimate yield (Archontoulis et al., 2020; Zhang et al.,
2019). Despite their effectiveness, biophysical models face
challenges in large-scale yield modeling due to the extensive
biotic and abiotic data required for calibration, along with the
complexity of biological processes in woody crops, which limits
their applicability across different sites (Keating et al., 2003;
Sakamoto et al, 2013; Zhang et al., 2019). On the other hand,
statistical models estimate yield establishing empirical relationships
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between yield driving factors with historical yield data, offering the
advantage of not relying on complex biophysical simulations or
crop-specific parameters (Zhang et al., 2019).

Additionally, remote sensing technologies enable radiometric
characterization of orchards across various spatial and temporal
resolutions in near real-time, allowing these observations to build
statistical models for spatially detailed crop yield predictions. In this
context, various statistical models have been used to predict yield in
both annual crops (Bolton and Friedl, 2013; Miao et al., 2024) and
woody crops (Guimardes et al., 2024; Suarez et al., 2023; Torgbor
et al,, 2023; Zhang et al., 2019) primarily relying on estimations of
biophysical traits derived from satellite-based vegetation indices.
For example, Zhang et al (2019) developed a machine learning
model to predict almond yield by incorporating spectral vegetation
indices from Landsat-8 satellite imagery, achieving a root mean
square error (RMSE) of 352 kg ha™ in yield prediction. However, it
is well-known that certain vegetation indices present challenges due
to saturation issues in moderate to dense canopy structures
(Delalieux et al., 2008; Haboudane et al., 2004; Pasqualotto et al.,
2019) and are ineffective in detecting crop water stress during peak
vegetative stages (Chandrasekar et al, 2024). Among different
biophysical traits, canopy light interception has been
demonstrated to be directly related to maximum potential yield of
almonds (Lampinen et al., 2012; Zarate-Valdez et al., 2015). This is
because yield is closely tied to the amount of water used, or plants
evapotranspiration (Steduto et al., 2012), which is correlated with
canopy light interception (Casadesus et al., 2011; Marsal et al., 2014;
Espadafor et al, 2015). On a regional scale, Jin et al. (2020)
identified canopy light interception as a key parameter for
predicting potential almond yield using a collection of 10-year
data from 33 locations across California. In this regard, the
biophysical processor available in the Sentinel Application
Platform (SNAP) enables the estimation of biophysical traits such
as the fraction of Absorbed Photosynthetically Active Radiation
(fAPAR) - as a proxy of canopy light interception-, using Sentinel-2
reflective bands (Weiss and Baret, 2016). This is obtained by
training a neuronal network algorithm with PROSAIL radiative
transfer models (RTM) and applying it to all Sentinel-2 bands.

Beyond canopy light interception, continuous monitoring of
actual evapotranspiration (ET,) and its water status can help
determine the productive response more accurately. Some authors
have developed the water production functions for almond trees by
relating yield either with ET, or water applied (as a proxy for the
actual water used) (Goldhamer and Fereres, 2017; Moldero et al.,
2021; Miras-Avalos et al., 2023). In this regard, the irrigation water
management, the seasonal water rights allocations and the type of
deficit irrigation strategies adopted at farm level could significantly
impact the final yield. Numerous studies have demonstrated the
impact of varying levels of water stress during specific periods of the
growing season on yield (Egea et al, 2010; Girona et al., 2005;
Lopez-Lopez et al., 2018; Moldero et al., 2021; Sperling et al., 2023).
In the most extreme cases, severe water deficits over consecutive
growing seasons have shown carry-over effects, resulting in yields
lower than those predicted by almond production functions
(Moldero et al., 2022). Therefore, continuously monitoring ET, —
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FIGURE 1

Location of almond orchards in the different study areas where yield data was collected (a). Figure (b-e) represent actual evapotranspiration (ET,)
maps estimated using the Two-Source Energy Balance model and Priestley-Taylor approach (TSEB-PT) for a single day in August 2021.

which offers valuable insights into the orchard’s water status—is
crucial for developing a predictive model for almond trees in the
context of water scarcity.

Surface energy balance (SEB) models have been developed to
retrieve ET, using satellite-based remote sensing images. Among the
varying SEB models, the two-source energy balance (TSEB) model
separately estimates canopy transpiration (T,,) and soil evaporation
(Es). By treating soil and vegetation components separately, these
models offer a more physically based representation of water and
energy fluxes, making them particularly suitable for landscapes with
partial canopy cover, such as row crops (Anderson et al, 2005;
Burchard-Levine et al., 2021, 2020; Kustas et al., 2019; Quintanilla-
Albornoz et al., 2025; Li et al.,, 2019b). In this regard, the combined
use of Sentinel-2 and Sentinel-3 satellite observations, along with
weather data from the Copernicus Climate Data Store (CDS) as input
for the Priestley-Taylor TSEB (TSEB-PT) model, has proven to be an
effective approach for estimating daily ET, at a 20-meter spatial
resolution in agricultural landscapes (Guzinski et al, 2020, 2021;
Bellvert et al., 2020; ]()fre-(vjekalovié et al., 2022; Sanchez et al., 2024;
Bellvert et al., 2024). Validations for agricultural fields showed a bias
of approximately 0.3 mm d™' and a root mean square error (RMSE)
lower than 1 mm d™ (Guzinski et al., 2020). A recent study conducted
over an almond orchard confirmed the feasibility of this approach
under different irrigation regimes, reporting root mean square
deviation (RMSD) values ranging from 0.6 to 2.5 mm d™ (Jofre-
Cekalovi¢ et al., 2022).

Numerous studies have explored the use of remote sensing ET,-
based estimations for crop yield predictions (Guan et al., 2017; Meitner
et al, 2023; Wang et al., 2023; Miao et al., 2024). Guan et al. (2017)
found that thermal-based ET, estimations provide unique insights into
environmental stresses which enhance the overall predictive accuracy
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of USDA county-level crop yield predictions. However, most existing
research has focused on extensive cropping systems, with only a limited
number of studies addressing woody crops. Of those, the findings
predominantly highlight similar spatial patterns between ET, and yield
(Knipper et al,, 2019). Specifically, in the case of almonds, to our
knowledge, no studies have evaluated the potential of using remote
sensing ET,-based models to predict almond yield. The aim of this
study is to develop a machine learning-based almond yield prediction
model at the orchard scale in two of Spain’s main almond-producing
regions, using actual evapotranspiration estimates derived from the
TSEB model in combination with Sentinel-2 and Sentinel-3 imagery.
Additionally, prediction models solely based on basic spectral
vegetation indices and biophysical traits were also developed
for comparison.

2 Materials and methods

2.1 Study area

The study was conducted in two of the most almond-producing
regions of Spain, which are the Ebro basin area in Catalonia-Aragon
and Guadalquivir basin in Andalusia (Figures la-c). Data from four
additional orchards located in Albacete (Castilla la Mancha) and
Badajoz (Extremadura) were also used (Figures 1d, ¢). In total, a 4-
year dataset of field measurements and yield records from 2017 to
2022 was compiled from 64 commercial orchards, resulting in a
total of 203 data points. The orchards are located in the
Mediterranean climate region of Spain, characterized by hot, dry
summers and mild, wet winters. Annual precipitation in the
orchards from 2017 to 2022 averages 505.01 mm, 431.27 mm,
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374.81 mm, and 467.36 mm in the Ebro basin area, Guadalquivir
basin, Albacete and Badajoz, respectively. During the same period,
the average annual reference evapotranspiration (ET,) was 928.83
mm, 1027.71 mm, 960.59 mm and 896.68 mm for the Ebro basin
area, Guadalquivir basin, Albacete and Badajoz, respectively.

The collected data in each orchard included information on
kernel yield, as well as ancillary features such as orchard cultivar,
orchard age, tree density, and the amount of irrigation applied
during each season (Figure 2). The orchards represented fourteen
different cultivars, with the majority corresponding to cv. Vairo,
which accounted for 26% of the total records (Figure 2a). The
average age of the orchards was 7 years old (Figure 2b). Of these,
61% were less than 6 years old, and 10% were more than 20 years
old. The data collected had 17 different levels of tree densities
(Figure 2c¢), ranging from traditional production systems (tree
density below 300 tree ha™) to high-density production systems
(tree density above 1000 tree ha™). The traditional system was the
most representative, accounting for 56.6% of the total data. Among
these traditional systems, 29 records correspond to orchards under
rainfed conditions. The almond orchards had significant variation
in irrigation practices, ranging from rainfed systems to fully
irrigated orchards with an irrigation to 1000 mm during the
season (Figure 2d). Specifically, 9.03% of the orchards were
rainfed or under supplemental irrigation systems with less than
230 mm of irrigation, and 69.5% were fully irrigated with more than
230 mm during the season.

10.3389/fagro.2025.1667674

2.2 Meteorological data

Meteorological data was obtained from open-access available
online climate reanalysis products. The ERA5-Land reanalysis
dataset provides surface weather parameters at hourly timescale,
with 0.1° x 0.1° spatial resolution, from January 1950 to the present
for the whole Earth. The retrieved meteorological parameters
included: incoming shortwave solar radiation (Ry), air
temperature (T,), dewpoint temperature (Ty), wind speed at 10 m
above the surface (ujp), and air pressure. Based on these data,
several indices were calculated, including chilling hour
accumulation (CH), growing degree hours of the current (GDH),
degree hours above 36°C of the current (DHj4), Freezing Degree
Hours (FDH), vapor pressure deficit (VPD), and ET,.

CH was estimated using a dynamic model that accounts for
warm temperature interruptions, providing more accurate chill
accumulation estimates in warm climates (Diez-Palet et al., 2019;
Freitas et al., 2023; Luedeling and Brown, 2011). GDH was
calculated to measure heat forcing during the growing season,
assuming heat accumulates when hourly T, ranges between a base
T, of 4-°C and a maximum critical T, of 36-°C (Gu, 2016; Santos
etal, 2017). DH3¢ was used to detect possible detrimental effects on
almond yields due to increased T, extremes. FDH was calculated by
accumulating degree hours below 0 °C from February to August, the
period when almond trees are typically in flowering and production
stages. VPD was estimated using the Ty and T, values, both
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Description of distribution of (a) cultivar, (b) orchard age, (c) tree density, and (d) irrigation water applied in almond orchards where yield data were
collected. In (c), the production systems are categorized by the following tree densities: orchards with fewer than 300 trees ha™ are classified as
traditional, those with densities up to 1000 trees ha™* as intensive, and those with 1000 or more trees ha™ as high-density systems. In (d), orchards
are classified as irrigated or rainfed, with and without supplemental irrigation (SI).
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measured at 2 meters above the surface. Finally, ET,, was calculated
using the FAO-56 model (Allen et al., 1998), based on daily mean
values of T,, Ty, wind speed, surface pressure, and R;.

Precipitation (P) data was obtained from the global Multi-
Source Weighted-Ensemble Precipitation (MSWEP) product. This
product combines gauge, satellite, and reanalysis data, resulting in
one of the best-performing reanalysis P products available (Beck
etal., 2019). MSWEP offers a P product at a spatial resolution of 0.1°
x 0.1° and daily time scale from 1979 to the present (available
online: https://www.gloh20.0rg/mswep/). Effective precipitation
(P.g) was estimated as half of the precipitation for a single event-
day with more than 10 mm of precipitation, and otherwise was
considered to be zero (Olivo et al., 2009). Table 1 shows a summary
of the weather variables used in this study.

2.3 Copernicus Sentinel data

The top-of-canopy (TOC) reflectance Sentinel-2 (S2) MSI
Level-2A product was used to characterize the orchards
radiometrically and estimate the biophysical traits. The S2A and
S2B satellites acquire multispectral shortwave observations across
wavelengths from 443.9 nm to 2185.7 nm in 13 spectral bands, with
a revisit time at the equator of 5 days. Sentinel-2 provides a spatial
resolution of 10 m in visible and near infrared spectrum, and 20 m
in red-edge and short-wave infrared bands. Sentinel-2 imagery was
directly downloaded from CREODIAS (https://creodias.eu/). The
Sentinel-2 Cloud Probability product available on Google Earth
Engine platform was used to remove cloudy scenes. Scenes were
considered cloudy when the images contained more than 20% poor-
quality surface reflectance pixels in each orchard.

Subsequently, the following widely used spectral indices were
calculated: Normalized Difference Vegetation Index (NDVI), Soil-
Adjusted Vegetation Index (SAVI), Enhanced Vegetation Index
(EVI), Sentinel-2 LAI Index (SeLI), Normalized Difference

10.3389/fagro.2025.1667674

Moisture Index (NDMI), and Normalized Difference Water Index
(NDWI). Additionally, the Enhanced Bloom Index (EBI) was
calculated to quantify the spectral response during the flowering
stage of the almond orchards (Chen et al., 2019). Further details on
the calculation of spectral indices are given in Table 2.

The biophysical traits were estimated using the Biophysical
Processor available in the SNAP v8.0 software (https://step.esa.int/
main/). The processor uses the PROSPECT and SAIL radiative
transfer models to simulate Fractional Vegetation Cover (FVC),
fraction of Absorbed Photosynthetically Active Radiation (fAPAR),
Leaf Area Index (LAI), Canopy Chlorophyll Content (C,), and
Canopy Water Content (CWC) from Sentinel-2 and Landsat-8
associated TOC reflectance. The cloud-masked Sentinel-2 bands
were employed to estimate biophysical traits at 20-m spatial
resolution on clear sky conditions.

Thermal observations acquired by SLSTR sensors on Sentinel-3
were used as thermal inputs for the ET, model. Sentinel-3 consists
of two satellites, Sentinel-3A and Sentinel-3B, which capture
thermal-infrared observations at a spatial resolution of 1-km. The
two Sentinel-3 satellites have a daily revisit frequency at the equator.
A sharpening process was applied to downscale Sentinel-3 LST
images to the spatial resolution of the biophysical trait images. This
was done using the Data Mining Sharpener (DMS) approach (Gao
et al., 2012; Guzinski and Nieto, 2019; ]Ofre—éekalovié et al., 2022),
which uses a decision tree algorithm to model the relationship
between high-resolution shortwave bands and lower-resolution LST
data. The method first aggregates the high-resolution bands to
match the LST resolution, then trains a model to predict fine-scale
LST. The final disaggregated LST product is generated using this
model and the original high-resolution inputs. The DMS approach
is freely available online as an open-source Python application
(https://github.com/radosuav/pyDMS, last access: 14
November 2024)

ET, was estimated using the two-source energy balance model
with the Priestley-Taylor approach (TSEB-PT), based on

TABLE 1 Summary of the meteorological input variables included in each machine model tested in this study to predict almond kernel yield.

Source Variable Variable name Stats Period
MSWEP Effective precipitation Peg Cumulative _:l
o Wt
Reference Evapotranspiration ET, Cumulative :-]
o W S
Vapor pressure deficit VPD Average
o W o
Chilling Hour Accumulation CH Cumulative
oSN S
ERAS & r
Growing Degree Hours GDH Cumulative ‘
o Y&%QC:‘
Degree Hours above 36 DHse Cumulative _]
00\ a8 ?&%00\
Freezing Degree Hours FDH Cumulative
o @@‘ ?&% o
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TABLE 2 Vegetation indices used in almond yield prediction and their respective equations.

Index Equation Reference
Normalized difference NDVI = P ~ Pess (Jackson and Huete, 1991)
vegetation index T Psar + Pess
Soil-adjusted vegetation index SAVI = —Ps " Pess (1+0.5) (Qi et al., 1994)
(Psa2 + Pess + L)
Enhanced Vegetation Index EVI= 25 Psaz ~ Poss (Huete et al., 2002)

(Psa2+ 6 X Pess =7.5% pygo + 1)

Sentinel-2 LAI Index SeLl = Psss — Pros (Pasqualotto et al., 2019)
Pses + Pros
Normalized Difference Moisture Index NDMI = P82~ Piso (Gao, 1996)
Psaz + Pis1o
Normalized Difference Water Index NDWI = Psso ~ Psaz (McFeeters, 1996)
Psso + P4

Enhanced Bloom Index EBI =

Pa9o + Pseo — Pess

5 (Chen et al., 2019)
por X (Pess = Pson +1)

p490 = blue (B2), p560 = green (B3), p665 = red (B4), p705 = vegetation red-edge 1 (B5), p842 = near infrared (B8), p865 = vegetation red-edge 4 (B8A) and p1610 = short-wave infrared (B11). B-

represents the channels of Sentinel-2.

Copernicus-derived inputs (Guzinski et al., 2020). Potential
evapotranspiration (ET,) was calculated using the two-source
Shuttleworth—-Wallace model, which follows a similar series
resistance scheme as TSEB-PT. A detailed description of the ET,
and ET}, estimations using the TSEB-PT framework is provided in
the Supplementary File 1, Appendix 1.

2.4 Machine learning algorithms

Four ensemble machine learning algorithms were evaluated to
predict almond yield: Random Forest (RF), Stochastic Gradient
Boosting (SGB), eXtreme Gradient Boosting (XGBoost), and Light
Gradient Boosting Machine (LightGBM). The RF algorithm is a
bagging-based ensemble method that builds multiple independent
decision trees using random subsets of the data and features. Their
predictions are then averaged to obtain the final output (Ruppert,
2004). In contrast, SGB, XGBoost, and LightGBM are boosting
algorithms. These algorithms build decision trees sequentially,
where each new tree aims to correct the errors made by the
previous ensemble. The final prediction is a weighted combination
of all trees. SGB uses a traditional gradient boosting framework with
shallow decision trees to gradually improve model performance.
XGBoost extends this approach by incorporating second-order
gradient optimization, regularization, and parallel processing,
resulting in improved accuracy and speed. LightGBM further
enhances gradient boosting by using histogram-based decision trees
learning and a leaf-wise tree growth strategy, which tends to produce
deeper trees with better loss reduction, especially on large datasets.

Hyperparameter tuning of the machine learning algorithm was
performed using a grid search strategy implemented through
GridSearchCV, which exhaustively evaluates all specified
combinations of hyperparameters for a given estimator. A Group
K-fold cross-validation approach was used to train and evaluate the
models (Zhang et al., 2019; Lyons et al., 2018; Allgaier et al., 2024).
This method ensures that all samples from the data groups (in this
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case, orchard) are assigned to the same fold, preventing data leakage
and reducing the risk of overfitting due to group-related similarities.
The dataset was divided into five folds, using orchard as a grouping
variable. In addition, a leave-one-feature-out (LOFO) analysis was
conducted to evaluate the relative importance of each region and
year in the machine learning model. In this approach, the model
was repeatedly trained and tested while excluding one feature at a
time—specifically, the dataset corresponding to a given region or
year. The effect of this exclusion was quantified by measuring the
change in model performance, expressed as the percentage change
in RMSE compared with the baseline model trained on the full
dataset. Larger increases in RMSE indicated a higher importance of
the omitted feature. All algorithms were implemented using the
Python package scikit-learn (https://scikit-learn.org/stable/).

2.5 Almond yield prediction models

Five kernel yield prediction models were developed to predict
kernel yield: (1) contextual prediction model (PMcon), (2)
vegetation indices prediction model (PMyy), (3) biophysical traits
prediction model (PMgr), (4) ET-based prediction model (PMgr),
and (5) a combined remote sensing prediction model (PMcgs).
PMcon used grower-provided data, including orchard age, tree
density, cultivar, and irrigation. The remaining models relied on
distinct remote sensing datasets: PMy; used spectral indices
(Table 2), PMpr incorporated biophysical traits, and PMgr was
trained with estimates of ET, and ET},. PMcgs combined all these
remote sensing inputs. All models also included meteorological
variables listed in Table 1. Figure 3 presents a diagram outlining the
methodology used to develop almond yield prediction models.

The prediction models were first evaluated using seasonal
statistics, followed by an assessment of remote sensing models for
end-of-year yield prediction based on monthly statistics. Remote
sensing inputs were collected from the productive season, defined as
March to August. Monthly and seasonal averages of vegetation
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Flowchart of the methodology used to develop almond yield prediction models based on contextual data (PMcon), vegetation indices (PMy),
biophysical traits (PMgr), evapotranspiration estimates (PMgt), and combined remote sensing products (PMcrs), using different machine learning

algorithms.

indices and biophysical traits were used to train the models, with
monthly statistics representing averages from March up to each
respective month. The EBI index was averaged over February and
March to reflect the flowering period.

For the PMg and PMcgs models, ET, and ET, were included as
monthly and seasonal cumulative values, calculated from March to
each analysis month. Given the importance of previous canopy and
biomass conditions for yield prediction (Zhang et al., 2019), three
variables from the previous season were included: average EVI
(EVL y), average fAPAR (fAPAR ,v), and cumulative ETa (ET, ,v).
These variables were selected based on their relevance in a
permutation-based variable importance analysis, although the
selection process is not detailed in the results.

A final assessment was conducted to evaluate how adding
contextual information could improve the accuracy of remote
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sensing-based models. The impact of including contextual
information in satellite models was assessed by calculating the
change in root mean square error (ARMSE). Higher values of
ARMSE indicate greater importance of the input variable for yield
prediction (Jin et al., 2020). The model performance was evaluated
using the following metrics: correlation coefficient (Rz, Equation 1),
root mean square error (RMSE, Equation 2), Mean Absolute Error
(MAE, Equation 3), and bias (Equation 4).

S (E - E)O, - 0)
X0 = O[3 (B - B

R = (1)

RMSE = (2)
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2.6 Scalability of yield predictions and
comparison with administrative datasets

The Department of Agriculture, Livestock, Fisheries and Food
of the Government of Catalonia (DARP) reports annual statistics on
almond kernel yield at the county level, distinguishing between
rainfed and irrigated orchards. These values are based on
information provided by stakeholders, who supply representative
estimates of yield for each area. However, these figures do not reflect
actual measured yields and instead rely on stakeholders’
impressions. Consequently, there is increasing interest from
administrative agencies in comparing these estimates with the
results generated by the model developed in our study. Therefore,
the PMcgrs model was used for this case study. The model was
applied to all orchards within the following counties located in the
region of the Ebro basin, for the years 2018 to 2023: Garrigues,
Noguera, Segria and Urgell (Supplementary File 1, Appendix 2). In
each county, all almond orchards were selected using the open-
access tool DUN-SIGPAC (available online: https://
agricultura.gencat.cat/ca/ambits/desenvolupament-rural/sigpac/
mapa-cultius/, last access: 14 November 2024). DUN-SIGPAC
provides information on crop types for parcels in Spain, as
reported by farmers under the European crop subsidy program,
following the Single Agrarian Declaration (Declaraci6 Unica
Agraria, DUN). This data is updated annually through the
Spanish Agricultural Land Geographic Information System

10.3389/fagro.2025.1667674

(SIGPAC), a public administrative database. DUN-SIGPAC also
provides information on whether an orchard is irrigated or rainfed.
This study aims to serve as an example of the model’s potential
scalability for predicting almond yield at a regional level.

3 Results
3.1 Water production functions

Kernel yield showed a significant correlation with orchard age
(p < 0.0001), tree density (p = 0.0057), effective precipitation plus
irrigation (P.g + irrigation, p < 0.0001), and the interaction between
orchard age and tree density (p = 0.0003). Overall, almond yield was
strongly correlated with irrigation + P.g (R* = 0.56) (Figure 4a). Due
to the high variability in the kernel yield versus irrigation+ Pg
relationship, a boundary line was established to represent the
potential yield achievable with varying water inputs, defined by
the following equation: yield = -0.0031 x (irrigation + P.g)* +
6.486 x (irrigation + P.g) — 609.67. This boundary indicated a
maximum potential kernel yield of 2776 kg ha™ at 1000 mm of
water received throughout the growing season. Additionally, it was
noted that receiving more than 1000 mm of water did not further
increase kernel yield. Figures 4b, c respectively illustrate the yield
response to seasonal mean fAPAR, and cumulative ET,, estimated
from remote sensing. Boundary lines are also shown. The fAPAR
and ET, demonstrated a comparable correlation with almond
kernel yield to that of irrigation + P.g with R? of 0.59 and 0.52,
respectively. These water production functions also account for the
differing responses to Irrigation + P.s, fAPAR, and ET, in orchards
under rainfed and SI conditions, which resulted in lower yields, as
shown by the rainfed fit. Additionally, there is a positive trend in
increasing kernel yield as almond trees age.
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FIGURE 4

Relationship between reported almond yield and (a) seasonal amount of irrigation + effective precipitation (PPcg), (b) mean fraction of absorbed
photosynthetically active radiation (fAPAR) retrieved from Sentinel-2, and (c) actual crop evapotranspiration (ET,) estimated with TSEB-PT. Figures
were color-coded based on orchard age. The dotted line represents the function fitted by previous studies conducted in almond orchards. In
contrast, the solid and dashed lines correspond to the best-fit and boundary fit functions, respectively, using the almond yield data collected in the
current study. Additionally, the red solid line represents the relationship fitted with data from rainfed and supplemental irrigated orchards. The
equation added in each Figure corresponds to the boundary fit function (dashed lines).
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TABLE 3 Performance of random forest (RF) and stochastic gradient boosting (SGB), eXtreme gradient boosting (XGBoost) and light gradient boosting
machine (LightGBM) machine learning algorithms for predicting almond kernel yield, using contextual data (PMcoy). and the following remote sensing
data: vegetation indices (PMys), biophysical traits (PMg7), ET-based models (PMgt), and combined remote sensing models (PMcgs).

Prediction model Algorithm MAE (kg ha™) RMSE (kg ha™)
RE 0.57 (0.31 - 0.83) 347 (276 - 417) 450 (390 - 511)
SGB 0.61 (0.43 - 0.78) 341 (287 - 395) 439 (389 - 490)
PMcon
XGBoost 0.6 (0.4 - 0.8) 338 (280 - 396) 438 (387 - 489)
LightGBM 0.61 (0.48 - 0.74) 343 (312 - 374) 440 (404 - 476)
RE 0.62 (0.45 - 0.79) 324 (263 - 384) 432 (350 - 513)
SGB 0.62 (0.4 - 0.84) 317 (246 - 388) 428 (325 - 532)
PMy;
XGBoost 0.64 (0.5 - 0.78) 329 (273 - 384) 423 (343 - 504)
LightGBM 0.64 (0.5 - 0.79) 319 (235 - 402) 423 (326 - 520)
RF 0.63 (0.43 - 0.83) 315 (267 - 362) 424 (343 - 505)
SGB 0.61 (0.34 - 0.87) 312 (260 - 363) 429 (340 - 517)
PMyr
XGBoost 0.64 (0.44 - 0.84) 312 (258 - 365) 416 (337 - 495)
LightGBM 0.65 (0.46 - 0.84) 305 (274 - 336) 410 (347 - 473)
RE 0.58 (0.41 - 0.76) 339 (257 - 420) 456 (367 - 544)
SGB 0.59 (0.41 - 0.77) 349 (255 - 444) 451 (353 - 549)
PMpr
XGBoost 0.61 (0.47 - 0.75) 344 (259 - 429) 445 (357 - 533)
LightGBM 0.62 (0.45 - 0.78) 339 (252 - 427) 437 (343 - 530)
RE 0.63 (0.46 - 0.81) 324 (262 - 386) 426 (328 - 524)
SGB 0.63 (0.46 - 0.79) 333 (281 - 384) 428 (350 - 507)
PMCRS
XGBoost 0.64 (0.5 - 0.78) 331 (272 - 390) 424 (343 - 504)
LightGBM 0.66 (0.51 - 0.81) 311 (250 - 371) 411 (325 - 497)

Values in bold indicate the lowest RMSE for each model type.

3.2 Performance of the almond yield
prediction model

Table 3 presents the performance of the almond yield
prediction models. The LightGBM algorithm outperformed the
other machine learning algorithms for remote sensing-based
models, while no substantial differences were observed between
boosting methods in the PMcon model. Overall, PMy;, PMpr, and
PMcrs models outperformed the PMcon model, while the PMgr
model yielded comparable results. Among them, PMpr and PMcgs
achieved the best results, with average RMSE values of 419.7 kg ha™
(R? 0f 0.63) and 422.2 kg ha™ (R? of 0.64), respectively. When using
LightGBM, the accuracy of PMpr and PMcgs improved further,
reaching RMSE of 410 kg ha™' (R? of 0.65) and 411 kg ha™ (R2 of
0.66), respectively. Notably, the PMcon models had the narrowest
confidence intervals, ranging from 72 to 121 kg ha™'. Given its
superior performance, all subsequent analyses focus exclusively on
models trained with LightGBM algorithm.

Figure 5 illustrates the permutation feature importance for each
prediction model using LightGBM algorithm. In PMcoy; irrigation
and orchard age were the most important features, with
permutation importances of 266.5 kg ha™ and 70.5 kg ha,
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respectively (Figure 5a). In contrast, CDH and FDH had
negligible influence. For the remote sensing-based models,
previous season inputs — EVI ;y, fAPAR ;y, and ET, ;y— were
among the most influential features (Figures 5b-e), highlighting the
relevance of historical data in improving yield predictions. P.g
showed high importance in the almond yield prediction models,
except for PMcon and PMgr models, where it had only moderate
importance. ET, and VPD also demonstrated moderate relevance
across the models, while meteorological variables based on T,
consistently showed low importance.

In the PMy; model, NDMI, SELI, SAVI, and EBI were among
the most relevant indices. In the PMpt model, fAPAR was the
second most important feature, followed by C,, and CW, which also
had positive but lower importance. Notably, FVC showed no
importance, while LAI had negative permutation importance in
PMpgr. The PMgt models showed a strong dependence on ET, and
ET,, with a permutation importance of 134.6 kg ha™' and 107.7 kg
ha™, respectively. The PMcgs model showed a similar importance
ranking to PMpr but additionally highlighted NDMI and ET, as
features with moderate importance.

Finally, the PMgs was refined and trained using a reduced set

of variables — fAPAR ,y, PP fAPAR, NDMI, C,y, ETo, ET,, SAVI,
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FIGURE 5

Permutation feature importance of prediction models trained using the LightGBM algorithm, based on (a) contextual data (PMcon), and the following remote
sensing data: (b) vegetation indices (PMy), (c) biophysical traits (PMgt) and (d) ET-based (PMg7), and (e) combined remote sensing models (PMcgs).

VPD, NDWI, EBI, and ET, — by removing redundant and low-
importance features identified through permutation importance.
The refinement maintained similar performance, achieving a RMSE
of 407 kg ha™! (Figure 6e). However, model accuracy depended on
the irrigation strategy, with an RMSE of 433.80 kg ha™ for irrigated
orchards and 168.39 kg ha™' for rainfed orchards, and
corresponding biases of -12.56 kg ha™' and 82.62 kg ha™,
respectively. In the leave-one-year-out analysis, RMSE increased
in 44.77 kg ha™' (excluding 2019) and 49.13 kg ha™ (excluding
2020), with an average variation of 11% relative to the full model
(Figure 7a). In leave-one-region-out, RMSE varied only by
approximately +2% across regions (Figure 7b). The learning curve
of the best-performing model converged at approximately 407 kg
ha™ for the testing set and 176 kg ha™ for the training set, stabilizing
after about 130 training samples (Figure 7c).

3.3 Enhancement of satellite-based models
through inclusion of contextual
information

Table 4 shows the effect of adding contextual information to
remote sensing-based models. Including irrigation data significantly
improved model performance, reducing RMSE by 2.85% for PMy,
6.05% for PMgr, 6.11% for PMgr, and 6.32% for PMcgs. In
contrast, tree density and cultivar had little to no impact on
model accuracy. Greater improvements were achieved by
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combining irrigation data with orchard age, resulting in RMSE
reductions of 4.93, 8.51, 8.36, and 10.25% for PMyy, PMgr, PMgT,
and PMcgs, respectively. Adding cultivar data to this combination
led to marginal further improvements in PMyy, PMpr, and PMgr.
Incorporating irrigation and orchard age, the prediction models
achieved RMSE values of 404 kg ha™ for PMyy, 384 kg ha™ for
PMpr, 398 kg ha™ for PMgr, and 389 kg ha™ for PMcgs (Figure 6).

3.4 Evaluation of satellite-based models’
performance on a monthly time scale

Figure 8 shows the end-of-season almond yield predictions
using satellite-derived monthly statistics throughout the productive
season. The PMpr model slightly outperformed the others,
achieving a mean RMSE of 422.1 kg ha™, compared to 451.0 kg
ha™ for PMyy, 435.1 kg ha™ for PMgr, and 427.4 kg ha™ for PMcgs
(Figure 8a). Both PMy; and PMpr models exhibited a steady
decrease in prediction error over the season, reaching their
minimum RMSE values at the end of the growing season. In
contrast, PMgr and PMcrs models showed decreasing errors until
July, when they reached their lowest RMSE values of 405.4 kg ha™
and 399.1 kg ha™', respectively. However, PMgr experienced a
notable increase in error during August, with a RMSE rise of 21.4
kg ha™, while PMcgs saw a smaller increase of 7.0 kg ha™. The
incorporation of contextual data—irrigation and orchard age—led
to further reductions in RMSE, averaging 5.15% for PMyy, 5.69% for
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FIGURE 6

Comparison of reported almond kernel yield vs. predictions obtained with the LightGBM using (a) contextual inputs (PMcon), and the following remote
sensing models: (b) vegetation indices (PMy)), (c) biophysical traits (PMgr), (d) ET-based (PMgq), and (e) combined remote sensing (PMcgrs) models. The
orange scatters illustrate the improvement in predictions when irrigation and orchard age are added as contextual data inputs to the models.

PMgr, 8.07% for PMgr, and 4.47% for PMcgs over the course of the
production season (Figure 8b).

3.5 Comparison of yield predictions and
datasets reported by DARP

Table 5 presents the estimated average of cumulative P.g
Sentinel-2 fAPAR, the cumulative TSEB-PT ET,, along with yield
predictions from the PMcrs model and yield data reported by
DARP for the four counties assessed. The PMcrg models were
trained using data up to July to avoid potential increases in error
associated where including August statistics. PMcgs overestimated
almond yield compared to reported DARP vyield data (Figure 9).
Overall, the PMcrs model predicted an average kernel yield of 746.3
kg ha™ for irrigated orchards and 446.9 kg ha™ for rainfed orchards.
In contrast, DARP reported average almond yields of 364.9 kg ha™
for irrigated orchards and 136.0 kg ha™ for rainfed orchards. This
discrepancy reflects differences of 381.3 kg ha™ and 310.9 kg ha™ for
irrigated and rainfed orchards, respectively, indicating that the
PMcrs model predictions were 2.05 to 3.28 times higher than the
yields reported by DARP. Figure 9 shows a comparison of the yield
data time series from PMcgg and DARP for the years 2018 to 2023,
distinguishing between rainfed and irrigated orchards within each
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county. According to DARP, a significant reduction in almond yield
was observed in 2022, attributed to a severe frost that impacted the
entire region. However, the PMcrs model did not capture this
severe reduction resulting from the frost event.

4 Discussion

Defining actual crop water production functions at the orchard
level is essential for assessing the impacts of water scarcity and climate
change on agricultural productivity. In the case of almond orchards,
most studies have been conducted in experimental plots—typically
small—where water production functions were commonly derived
from tree-level measurements using soil water balance methods or
sap-flow sensors (Girona et al., 2005; Egea et al., 2010; Goldhamer
and Fereres, 2017; Lopez-Lopez et al., 2018; Moldero et al.,, 2021).
These earlier studies focused exclusively on traditional orchards,
mainly characterized by planting distances greater than 7 x 6 m.
This work represents a novel contribution by presenting, for the first
time, almond water production functions at the orchard scale using
actual data from commercial orchards and satellite-derived estimates
of fAPAR and ET,. Our dataset encompasses diverse orchard
characteristics, with contrasts in tree density, age, irrigation
practices, and cultivar, across two principal almond-growing
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Leave-one-feature-out (LOFO) analysis by year (a) and by region (b). Panel (c) shows the learning curve of the PMcrs model for training and

validation sets.

regions in Spain. Despite the heterogeneous orchard conditions and
the innovative use of remote sensing-based fAPAR and ET, estimates,
our results yielded water production functions that closely aligned
with those reported in experimental studies (Figure 3; Miras-Avalos
et al, 2023; Jin et al, 2020; Moldero et al., 2021). This broader
approach provides more comprehensive insights for improving water
productivity and highlights the utility of remote sensing-based
estimates of fAPAR and ET, for monitoring orchard performance
under diverse management conditions in Spain.

Regarding almond yield predictions, the advanced boosting
models—XGBoost and LightGBM—outperformed SGB and RF
models, with LightGBM achieving the best results (Table 3). Both
XGBoost and LightGBM benefit from sequential learning and
gradient-based optimization, enabling them to capture complex
interactions among predictors. Similar findings were reported by
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Zhang et al. (2019), Li et al. (2023), and Guimaries et al. (2024),
who also obtained better performance using boosting algorithms
such as SGB and XGBoost. In this study, the superior performance
of LightGBM can be attributed in part to its leaf-wise tree growth
strategy, which improves upon the level-wise approach used by SGB
and XGBoost by more effectively reducing the loss function—
particularly beneficial in complex datasets. In addition, LightGBM
use of histogram-based algorithms accelerates training and lowers
memory usage, allowing it to efficiently handle large datasets and
high-dimensional feature spaces (Kumar et al., 2024).

However, Zhang et al. (2019) and Guimarées et al. (2024)
achieved even lower RMSE values—352 kg ha and 214 kg ha™,
respectively—when estimating almond yield using open-access
remote sensing imagery. The better performance in those studies
may be attributed to the use of larger training datasets and/or lower

frontiersin.org


https://doi.org/10.3389/fagro.2025.1667674
https://www.frontiersin.org/journals/agronomy
https://www.frontiersin.org

Quintanilla-Albornoz et al.

TABLE 4 Percentage change in root mean square error (ARMSE) after
incorporating orchard contextual data—including tree density, orchard
age, irrigation, and cultivar—into remote sensing-based yield prediction
models.

ARMSE (%)

Contextual Information = PM,;, PMgt PMgr  PMcgs
Tree Density -0.41 0.79 -0.56 0.19
Orchard Age -1.82 -5.08 32 -1.35

Irrigation -2.85 -6.05 -6.11 -6.32
Cultivar 0.14 -1.55 -1.39 0.47
Tree Density 174 343 363 0.35
Orchard Age ' ’ ’ ’
Tree Densi
ree Density 215 384 | 64 7.49
Irrigation
Tree Density 103 101 161 0.81
Cultivar ' ' ’ ’
Orchard Age
L. -4.93 -8.51 -8.36 -10.25
Irrigation
Orchard Age
. -1.66 -4.51 0.03 -2.43
Cultivar
Irrigation
. -2.36 -4.83 -5.04 -5.93
Cultivar
Tree Density
Orchard Age -1.74 -8.33 -5.99 -7.42
Irrigation
Tree Density
Irrigation -2 -4.43 -8.48 -5.49
Cultivar
Tree Density
Orchard Age 0.79 -1.59 2.73 0.12
Cultivar
Orchard Age
Irrigation -5.09 -8.73 -9.52 -8.22
Cultivar
Tree Density
hard A,
Orchard Age 175 721 864 782
Irrigation
Cultivar

variability in climate and orchard management practices. In
contrast, the relatively smaller training dataset used in our study
may have limited further improvements in prediction accuracy. As
larger and more diverse datasets become available, more advanced
algorithms—such as deep learning models for sequential data (e.g.,
recurrent neural networks, CNN-Transformer architectures),
Long Short-Term Memory (LSTM), Bayesian Neural Networks
(BNN), and convolutional neural networks (CNN)—could offer
additional gains in almond yield prediction (RufSwurm and Kérner,
2020; Tang et al., 2023; Thorp and Drajat, 2021; Xu et al., 2020; Ma
et al., 2021). Whereas expanding the dataset would likely reduce
overall RMSE, adopting more advanced modeling approaches could
address the discrepancy observed between training and validation
learning curves.
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Remote sensing-based models achieved predictive accuracy
similar to that of models relying solely on contextual data. This is
particularly relevant for developing yield estimation methodologies
at the regional scale, as the required information is open-access and
thus relatively easy to operationalize and scale to other regions. In
contrast, collecting contextual data at large scales is often
challenging, making remote sensing a practical solution for
broad-scale yield prediction. Nevertheless, combining remote
sensing with selected contextual variables—primarily irrigation
amounts and orchard age—can further enhance model accuracy
by up to 9% (Table 4) and improve early-season predictions
(Figure 8). In this context, incorporating irrigation data, either
measured by digital water meters or estimated through water
balance approaches, can substantially improve yield prediction
models. For instance, previous studies have demonstrated
promising results in estimating irrigation at the district scale
using the FAO-56 method combined with Sentinel-1 synthetic
aperture radar imagery, enabling effective tracking of irrigation
across diverse regimes and large areas (Olivera-Guerra et al., 2023;
Laluet et al., 2024). Similarly, models that incorporate ET, estimates
from thermal imagery into the water balance equation have shown
strong potential for quantifying irrigation needs (Brombacher et al.,
20225 Knipper et al., 2024). Additionally, orchard age served as a
useful proxy for tree maturity, which is directly linked to maximum
yield potential (Kendall et al., 2015). This variable was particularly
relevant given the wide age range of almond orchards included in
this study (Figure 2b).

Our results indicate that the most important remote sensing
variables for predicting almond yield were fAPAR, NDMI, C,,, and
ET,. The use of fAPAR and C,}, from Sentinel-2 and the biophysical
processor proved particularly valuable for almond yield prediction,
outperforming simpler vegetation indices. Vegetation indices often
saturate under moderate to dense canopies—especially in crops
with clustered structures—limiting their effectiveness in monitoring
vegetation status and, consequently, in estimating yield
(Haboudane et al., 2004; Delalieux et al., 2008; Gabaldon-Leal
et al, 2024). In this context, the biophysical processor offers a
robust alternative for assessing canopy conditions, particularly
through the estimation of fAPAR and C,,—variables that showed
strong influence on almond yield prediction models. This is
supported by previous studies highlighting the close relationship
between intercepted or absorbed photosynthetically active radiation
and maximum almond yield (Casadests et al., 2011; Zarate-Valdez
et al,, 2015; Lampinen et al,, 2012; Jin et al,, 2020). Additionally,
Bellvert et al. (2023) demonstrated the strong performance of
biophysical processors for monitoring fAPAR in woody crops
such as vineyards. To our knowledge, this study is the first to
demonstrate the utility of Sentinel-2-derived fAPAR from the
biophysical processor for estimating yield in almond orchards.

The C,;, also emerged as an important indicator of almond
yield. Given its role as a key determinant of photosynthetic capacity,
C,p is particularly relevant for assessing primary production and
yield potential (Green et al, 2003; Li et al, 2018). Since C,, is
calculated as the product of leaf-level chlorophyll content and LAI,
it likely provides a more integrative representation of vegetation
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TABLE 5 The averages of seasonal effective precipitation (Peg), fraction of absorbed photosynthetically active radiation (fAPAR), cumulative TSEB-PT
actual crop evapotranspiration (ETa), and almond yield estimated with the PMcrs model, along with the yield reported by DARP from 2018 to 2023 in
the following four counties within the Ebro basin: Garrigues, Noguera, Segria and Urgell.

PMcgs Prediction

DARP Report

County Irrigation system Pt (mm) Sentinel-2 fAPAR TSEB-PT ET, (mm : i
y g y eff( ) a( ) (kg ha 1) (kg ha 1)
Irrigated 87.6 0.229 402.7 476.33 306.7
Garrigues
Rainfed 934 0.162 369.9 366.02 108.1
Irrigated 94.6 0.343 517.6 927.1 364.8
Noguera
Rainfed 103.5 0.254 466.3 615.85 143.5
Irrigated 69.6 0.354 501.8 830.33 3929
Segria
Rainfed 68.2 0.207 4243 395.97 142.0
Irrigated 111.8 0.282 465.8 751.59 395.5
Urgell
Rainfed 112.1 0.177 429.8 410.04 150.5

status than LAI alone (Weiss et al., 2000). This may explain the
consistently lower importance of LAI observed across prediction
models. Consequently, both fAPAR and C,, appear to be more
comprehensive indicators of vegetation status in almond orchards,
while LAI and FVC may have introduced redundant information
and noise, limiting their utility in yield prediction.

On the other hand, the models particularly benefited from the
use of the SWIR band to detect vegetation water content through
indices such as NDMI and CW. Indices derived from the
combination of NIR and SWIR bands have proven effective for
assessing crop water stress levels (Gao, 1996; Ghazaryan et al., 20205
Berca and Horoias, 2019; 2022). However, these spectral indices are
complementary to thermal-derived data, which provide additional
insights into heat emission and surface energy fluxes. Overall,
integrating multiple remote sensing sources may offer a more

robust approach for monitoring vegetation status and improving
yield predictions (Guan et al., 2017; Ghazaryan et al., 2020).
However, the spatial resolution of Sentinel-2 images presents
specific challenges. The 10-to-60-meter resolution of Sentinel-2
captures a composite of radiometric data that includes both the
canopy and the inter-row areas, preventing accurate characterization
of the almond canopy biophysical traits alone. The presence of cover
crops in the inter-row often introduces noise in the accurate
estimation of biophysical traits. For example, in the water
production functions obtained in this study, we can find orchards
with low yields but high fAPAR and ET, values (Figure 4). This could
be explained by the fact that they are young plantations with cover
crops in the inter-row. In that sense, exploring alternative satellite
imagery at higher resolutions or the adoption of data fusion
approaches could be an option (W. Li et al., 2019a; Sadeh et al.,, 2021).
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FIGURE 8

Evolution of root means square error (RMSE) throughout the almond season for kernel yield prediction using the following remote sensing models:
vegetation indices (PM,,), biophysical traits (PMgt), ET-based (PMgy), and combined remote sensing (PMcgs) models. Figure (a) shows models trained
solely on remote sensing data, while (b) includes contextual data (irrigation and orchard age) in addition to remote sensing data.
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Time series comparing the average annual almond yield estimated by the Catalan administration (DARP) with the predictions of the PMcgrs model
developed in this study for four Catalan counties: (a) Garrigues, (b) Noguera, (c) Segria, and (d) Urgell. Each figures distinguish between irrigated and
rainfed orchards and indicates the total cultivated area for each irrigation type.

It appears that incorporating ET, from remote sensing had
little impact on improving almond yield predictions. In fact, it
may have introduced additional error when monthly ET, from
August was included in the models. This could be attributed to
the likelihood that almond yield was largely determined by ET,
accumulated before July, while ET, in August had little influence
on final yield and may have added noise to the predictions in our
study sites. Furthermore, the similar performance of the PMgr,
PMgt, and PMcrs models may be explained by the fact that
orchards were irrigated throughout the season, without
significant water stress that could have affected the final yield.
As a result, almond orchards tended to reach their potential yield,
which is more closely associated with biophysical traits. Thermal-
based ET, estimates provide valuable insights into plant water
stress (Guan et al., 2017; Quintanilla-Albornoz et al., 2024;
Quintanilla-Albornoz et al., 2025; Sanchez-Virosta et al., 2025)
and may be particularly useful for yield prediction under
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conditions of severe water shortage. Another possible
explanation for the lack of significant improvement in almond
yield prediction models when using ET, estimates may lie in the
limitations of disaggregating land surface temperature (LST) by
sharpening Sentinel-2 and Sentinel-3 images. Studies have
indicated that this approach has certain limitations in capturing
the full range of temperatures and detecting short-term water
stress events, particularly when there is stomatal closure without
a significant reduction in biomass (Bellvert et al., 2020; Guzinski
etal., 2023,2021). However, the upcoming launch of new thermal
missions, such as TRISHNA (Lagouarde et al., 2018) and SBG
(Stavros et al.,, 2023), alongside advancements in Landsat
missions (Wu et al., 2019), is expected to address these
challenges. These missions will provide enhanced access to
thermal imagery with spatial resolutions of approximately 60
m, 60-90 m, and 100 m, respectively. Therefore, improved
models using new thermal missions should be tested to
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enhance ET, estimation from remote sensing in woody crops.
This will be particularly relevant under increasingly frequent
drought conditions, where water stress is expected to significantly
affect yield in woody crops.

This study also revealed that almond yield predictions are
subject to high levels of uncertainty. The variability in production
systems — such as cultivar, training systems, rootstock— combined
with differences in grower practices such as soil characteristics,
canopy management, nutrient applications, and irrigation systems,
introduces further complexity into the almond yield prediction
models (Reig et al., 2022; Montoya et al,, 2022; Quintanilla-
Albornoz et al, 2024). This is particularly evident in Figure 4,
which illustrates the high variability in almond yield response to the
water available (irrigation + P.q). Discrepancies between yield and
forcing variables such as irrigation, fAPAR, and ET, are also
frequently observed due to the interannual fluctuations in almond
production, even in mature orchards (Quintanilla-Albornoz et al.,
2024; Zhang et al,, 2019). To address this complexity, some studies
have suggested incorporating yield data records from previous
years, which could help mitigate the variability due to orchard-
specific characteristics (Tang et al., 2023; Zhang et al,, 2019).

The PMcrs model was employed to estimate almond yield of
some counties within the Ebro basin, demonstrating its scalability for
yield prediction at both orchard and regional scale. The PMcgs model
significantly overestimated yields compared to DARP reports, possibly
due to DARP underestimations or differences in orchard management
between datasets. Concerns have been raised regarding DARP’s yield
estimates, as its methodology is ambiguous and relies on numerous
assumptions. Evidence of this may be seen in the extremely low yields
reported by DARP in comparison to the fAPAR and ET, estimates for
the almond orchards in the sector (Table 5 and Figure 4). The PMcgs
model may also overestimate yields due to the use of training data sets
from growers with superior management, more modern almond
production models, and the underrepresentation of rainfed
orchards. Moving forward, it’s essential to validate the model using
actual yield data from other growers in the region, and to continuously
incorporate yield data into the training and testing sets.

4.1 Limitations and future works

This study presents a promising approach for estimating
almond yield from the orchard to the regional scale using remote
sensing data. However, some limitations should be acknowledged,
which also suggest avenues for future work:

* Geographical and orchard generalization: Our models were
trained and validated mainly in two Spanish regions. Future
work should increase the representation of orchards,
cultivars, and age ranges, and recalibrate the models when
extending to other regions both within and outside Spain.
Transferability to areas beyond Spain may require
recalibration to account for different climates and cultivars.

* Extreme weather events or disease outbreaks: The current
models do not explicitly account for unpredictable yield-
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affecting events such as frost, hail, or pest/disease outbreaks.
For instance, the severe frost in 2022 caused yield reductions
that the model could not capture. It is therefore important to
analyze how regional-scale models (such as remote sensing
approaches) might incorporate these events. Incorporating
short-window weather risk features aligned with phenology,
or integrating complementary data sources, could help
address these limitations.

* Remote sensing and ET-based models: The upcoming
launch of new thermal missions and the development of
improved modeling frameworks offer opportunities to
refine ET estimations.

 Dataset availability and representativeness: A key limitation
is the restricted access to grower-reported yield data, which
constrains sample size and diversity. Expanding collaborative
datasets would not only enhance representativeness but also
improve the robustness of the models.

5 Conclusion

This study aimed to develop yield prediction models and, for
the first time, establish water production functions for almond trees
at the orchard level in Spain, using actual commercial orchards data
combined with remote sensing-derived products. The water
production functions derived from commercial orchards closely
aligned with those reported in previous experimental studies,
offering a complementary and broader perspective for enhancing
water productivity and yield prediction in almond orchards.

Remote sensing-based prediction models demonstrated strong
potential, outperforming those based solely on contextual data
provided by growers. Notably, the PMcgrs model—which integrates
variables such as fAPAR, NDMI, C,, ET,, and meteorological data—
achieved an RMSE of 399.1 kg ha™ in July. Among these variables,
fAPAR and C,}, derived from Sentinel-2 and the biophysical processor
proved particularly robust for assessing vegetative status and showed a
strong influence on almond yield prediction. NDMI also exhibited high
importance, likely due to its effectiveness in monitoring vegetation’s
water content. Although ET, showed moderate importance, thermal-
based estimates offer valuable insights into plant water stress and may
be especially useful under conditions of severe water scarcity—an
increasingly relevant factor given the rising frequency of droughts in
woody crops. The integration of multiple remote sensing sources
appears to be a promising strategy for enhancing yield prediction
accuracy. Further improvements could be achieved by incorporating
irrigation estimates, refining ET, retrievals through upcoming thermal
missions, and applying more advanced machine learning and deep
learning algorithms.

The modeling framework developed in this study was also
applied to estimate almond yields at the county scale in the Ebro
basin (Catalonia, Spain). The results suggest a potential
overestimation by the Catalan Administration, possible due to
lack of consistency in its yield estimation method. This example
underscores the potential of remote sensing-based models,
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demonstrating their scalability and utility for yield prediction at
both the orchard and regional levels.
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