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Accurate large-scale orchard mapping is crucial for agricultural development and sustainable resource man-
agement. However, achieving this on a broad scale presents significant challenges, primarily due to the high costs
and complexities associated with in-situ sampling and georeferencing. Remote sensing is valuable for accurate
mapping of orchard, yet certain areas remain a challenge due to their heterogeneous spatial and temporal nature,
influenced by climate, soil, local management practices and other phenomena, that make each orchard unique,
especially in highly fragmented landscapes. In this study, we propose a method for large-scale crop mapping at
high spatial resolution, using Italy as a case study. We utilized a dense spectro-temporal cube of Sentinel-2 and
Sentinel-1 images with pyramidal-based sampling, employing available georeferenced polygons. A probabilistic
XGB classifier was applied, followed by a Bayesian approach using prior data from the national statistical system
to calibrate the final classification probabilities.

The final scope of this study is to enhance the specificity of certain subclasses within Corine Land Cover class 2
in Italy, with a particular focus on the most prevalent orchards. Our method, which combines machine learning
with Bayesian calibration, has proven effective in identifying more specific crops that are often present in
particular regions and therefore underrepresented at the national level. By increasing the granularity of these
subclasses in a LULC coarse dataset, this approach provides improved support for agricultural management,
landscape planning, and related sectors, benefiting agricultural authorities, research institutions, and farmers.
Additionally, the resulting mapped dataset is made publicly available, promoting broader applications and
facilitating further research in agricultural monitoring and management.

crop type, available at regional, national, continental, or global scales
(Wang et al., 2023). Remote sensing plays a pivotal role in developing
these products (Hiitt et al., 2016; Kumar et al., 2022), leveraging sat-
ellites equipped with sensors of varying spatial, spectral, temporal, and

1. Introduction

Accurate large-scale crop mapping is essential for global food secu-
rity, reliable supply chains, and effective monitoring of environmental

and economic changes (Tubiello et al., 2023; Teluguntla et al., 2015).
Identifying crop types at regional and global scales with high spatial
resolution reduces uncertainties in yield estimation and informs better
planting decisions (Chen et al., 2018). Various Land Use and Land Cover
(LULC) products currently provide detailed descriptions of land cover
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radiometric resolutions (Zhang et al., 2020a) to offer a comprehensive
and periodic view of the Earth’s surface (Wang et al., 2023). The
availability of vast amounts of geospatial data through cloud platforms
has significantly facilitated the creation of extensive LULC products
(Ahmed and N, 2023; Floreano and de Moraes, 2021; Tassi and Vizzari,
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2020). Developments in machine learning and deep learning techniques
have enhanced the accuracy of these products, allowing for results that
are tailored to specific applications and data types (Zhao et al., 2024;
Shafizadeh Moghadam and Weng, 2021; Nigar et al., 2024; Pluto Kos-
sakowska, 2021). Despite these advancements, many existing large scale
LULC products fall short in providing the level of detail needed for
identifying specific landscape elements (Xue et al., 2024), such as
particular types of orchards. This limitation is often due to the resolution
of the sensors used and the complexity of ground configurations, which
can vary significantly due to different management practices, pheno-
logical phases influenced by varying climates, and annual changes in
cloud cover (Wardlow et al., 2007; Wardlow and Egbert, 2008), more-
over the crop spectral signature is often similar to spontaneous vegeta-
tion (Roy et al., 2018). For example, the Crop Data Layer (CDL) in the
United States provides a high-resolution national scale crop mask at 30
m of resolution, reporting an accuracy exceeding 90 % for major crops,
though its accuracy is limited for minor crops such as certain types of
orchards (Boryan et al., 2011; Lark et al., 2021; Larsen et al., 2015).
Current efforts are focused on enhancing the accuracy and reliability of
this data (Lin et al., 2022; Maleki et al., 2024). In Europe, the
EUCROPMAP 2018 (d’Andrimont et al., 2021) offers a 10-m resolution
map of European crops, although it groups orchards with other perma-
nent vegetation cover classes. Another significant European product is
the CORINE Land Cover (CLC) program (Biittner et al., 2004), which
maps land cover with an emphasis on agricultural areas, including olive
groves and vineyards. However, the Corine Land Cover (CLC) minimum
mapping unit of 25 ha is often inadequate to accurately capture
important land uses at finer spatial resolutions, thereby limiting the
effectiveness of analyses for specific agricultural practices and local
management needs (Weissteiner et al., 2011), particularly in heteroge-
neous agricultural landscapes such as those found in Southern Europe
(Ioannidou et al., 2022b), or in areas with significant intercropping
(Mahlayeye et al., 2022). These limitations underscore the necessity for
high-resolution spatial satellite surveys to accurately detect and analyze
orchard presence. As previously discussed, sensor resolution remains a
critical challenge. Although high-resolution imagery combined with
Convolutional Neural Networks (CNNs) has shown promising results
(Bouguettaya et al., 2022), scaling these techniques to large areas is
often impractical due to the high cost of imagery and computational
resources required (Jiang et al., 2020). Moreover, high-resolution sat-
ellites frequently lack sufficient spectral information, making it chal-
lenging to differentiate between similar crops based solely on texture
(Fan et al., 2021). However, freely available satellite imagery, such as
Sentinel-2, provides a 10-m multi-spectral images with an acquisition
each 2-3 days at mid-latitudes with large-scale coverage. This includes
spectral information in the shortwave infrared (SWIR) and red edge
regions, which is critical for specific crop identification (Song et al.,
2021; Zhang et al., 2020b; Lodato et al., 2024; Sasso et al., 2024). We
can also leverage Sentinel-1’s radar capabilities, which provide back-
scattering and polarization feature helpful for distinguishing different
crops while avoiding cloud interference (Sahu et al., 2018). The data
fusion of optical and radar data provides better results on crop type
detection to a single source standalone (Sun et al., 2020; Ioannidou
et al., 2022a; Orynbaikyzy et al., 2020; Inglada et al., 2016). The entire
collections are now available on Google Earth Engine, a cloud-based
platform that provides access to thousands of images at various levels
of preprocessing (Gorelick et al., 2017). This platform enables efficient
management of large datasets, allowing for rapid spatial and temporal
analysis on a large scale. Such capabilities help to overcome traditional
challenges in detecting specific crops within orchards at a national scale
(Shelestov et al., 2017). By leveraging the spectral and temporal reso-
lutions of these satellite collections, substantial aggregated information
can be extracted (Carrasco et al., 2019). Applying machine learning and
deep learning techniques to this extensive geospatial data allows for
achieving accurate results (Yao et al., 2022). Numerous studies in the
literature have explored large-scale classification of specific tree crops
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using remote sensing techniques. For instance, Zhang et al. (2023)
mapped apple distributions across various regions of China by inte-
grating UAV and Sentinel-2 imagery through a deep learning and
transfer learning approach. This methodology has been extended by
other researchers to classify mango, tea, and rubber plantations in India,
leveraging the Random Forest algorithm and Sentinel-2A data (Pasha
et al., 2023). Further advancements have been made in the mapping of
tea plantations. Peng et al. (2024) proposed a method that incorporates
satellite imagery along with socioeconomic and topographic variables,
introducing a knowledge-based index sensitive to polyphenol content in
tea leaves. Similarly, Toosi et al. (2022) developed an automated system
for large-scale citrus detection in Iran, utilizing NDVI time series in
combination with satellite imagery. In the context of olive tree seg-
mentation, Abozeid et al. (2022) introduced a specialized architecture
tailored for high-resolution image analysis. For vineyard mapping,
Ozlem et al. (2024) applied a 3D convolutional neural network to
high-resolution imagery, successfully mapping vineyards across a vast
area of Turkey. Beyond specific crops, Nabil et al., 2022. focused on the
classification of multiple woody crops in the Nile Delta using a combi-
nation of optical and radar data, achieving high accuracy with the
Random Forest algorithm. In southern France, Abubakar et al. (2023)
delineated olive groves and vineyards by analyzing Sentinel-2 derived
products and phenological metrics, also employing the Random Forest
algorithm with good results. Currently, there is a lack of national-scale
classification of the primary cultivated tree species in Italy. Given the
significant economic impact of the fruit orchard sector, both productive
and landscape-oriented (Costantini and Barbetti, 2008; Corsi et al.,
2019; Stillitano et al., 2016), it is essential to develop a tool to monitor
and analyze the area covered by orchards. The aim of this study is to
develop an advanced pipeline for the precise mapping of Italy’s primary
cultivated orchards at a national scale, with a spatial resolution of 10 m.
This objective will be accomplished by reclassifying the CORINE Land
Cover agricultural classes (specifically the 2.x classes) through a inte-
gration of satellite imagery, machine learning algorithms, and statistical
modeling supported by data from the national statistical system. A
comparison between the efficacy of machine learning models alone
versus the combined approach incorporating statistical methods is
tested. The results demonstrate a marked improvement in accuracy
when statistical modeling is employed alongside machine learning. The
final, high-resolution dataset will be made available to stakeholders,
providing a critical resource for the ongoing monitoring and manage-
ment of Italy’s orchard landscapes.

2. Study area and data
2.1. Area of interest (AOI)

This study was conducted in Italy, a Mediterranean country known
for its elongated shape and a wide range of environments, microcli-
mates, agricultural systems, and local traditions, all of which contribute
to a high degree of diversity (Dal Ferro and Borin, 2017). For the pur-
poses of this research, all areas classified under class 2 (Agricultural
areas) from the CORINE Land Cover (CLC) 2018 dataset were extracted,
with the exclusion of subclasses 213 (rice fields), 231 (pastures), and
244 (agroforestry areas). The CORINE Land Cover layer was acquired
from Earth Engine with a resolution of 100 m and a Minimum Mapping
Unit (MMU) of 25 ha. This process resulted in an Area of Interest (AOI)
of approximately of 130,000 km?, entirely within Italian territory
(Fig. 1).

2.2. Statistical data

Prior the study, an investigation was conducted to identify the most
relevant orchards in terms of production area in Italy. This involved
consulting the national statistical system to extract data on production
areas for each crop in 2022 (Istat, 2022). This allowed us to identify the
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Fig. 1. Area of Interest (AOI), highlighting the areas extracted from the CLC.

most representative fruit tree species across the Italian territory,
including:

1. Olive (Olea europaea) (OLI): The olive tree, cultivated both for oil
production and as a table fruit, is the most widespread tree crop in
Italy, covering an estimated 1,120,000 ha nationwide. As a distinctly
Mediterranean species, it is predominantly found in the southern
regions of Italy, where it has traditionally been grown in hilly and
marginal areas due to its adaptability (Bartolini and Petruccelli,
2002). In recent years, however, its cultivation has expanded into
plain areas, often with intensive row planting systems (Stillitano
et al., 2017). It is important to note that olive groves, which have
been cultivated for centuries, often consist of large, irregularly
planted trees. These groves may sometimes appear only as perimeter
plantings or within polycultural systems, complicating their identi-
fication as discrete "olive groves." The species is evergreen, display-
ing a unique temporal growth pattern that distinguishes it from other
crops.

2. Vineyard (Vitis vinifera) (VIN): Vineyards play a crucial role in the
agro economic development and landscape of Italy (Torquati et al.,
2015). Grapes are cultivated across the entire country, from north to
south and from east to west, encompassing a wide range of varieties
and cultivars. The management of vineyards varies significantly
(Cogato et al., 2020), with traditional row plantings prevalent
throughout Italy and canopy arrangements (such as "pergola" or
"tendone") more common in southern regions. In some cases, vine-
yards in the south are covered with plastic fabrics to protect the
grapes. Vineyards, whether for wine production or table grapes,
represent the second most widespread tree crop in Italy, covering an
estimated area of 736,000 ha.

3. Stone Fruits (S.F.): This category includes all stone fruits such as
peaches (Prunus persica), apricots (Prunus armeniaca), plums (Pru-
nus domestica), cherries (Prunus avium), and almonds (Prunus dul-
cis). These crops follow a similar phenological phase, with a period of
vegetative rest, spring flowering, and a summer vegetative phase.
Collectively, they represent the third most extensive tree crop in Italy
(estimates 173,000 h), with some polarizations and districts of
excellence.
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4. Citrus (CIT): The citrus class encompasses all citrus fruits, including
oranges (Citrus sinensis), lemons (Citrus limon), mandarins (Citrus
reticulata), citrons (Citrus medica), bergamots (Citrus bergamia),
and a small percentage of less common citrus varieties. The culti-
vation of these CIT fruits is primarily concentrated in southern Italy.
All these species are evergreen, which results in a specific spectral
and temporal pattern. CIT fruits collectively rank as the forth most
widespread tree crop in Italy, with an estimated surface area of
120,000 ha.

5. Apples (Malus domestica) (APP): Apple cultivation in Italy is
highly polarized, primarily occurring in compact row systems often
covered with hail protection nets. Approximately 95 % of apples in
Italy are produced in the valleys of the Trentino-South Tyrol region,
where the apple finds its climatic optimum, leading to the develop-
ment of a true agro-industrial system. However, there are also spe-
cialty apples from typical regions, such as the Annurca apple, which
is cultivated in the Campania region using traditional planting sys-
tems rather than narrow, high rows. This results in a different tem-
poral pattern due to varying climatic conditions. The apple estimated
surface in Italy is 56,000 ha.

6. Pears (Pyrus) (PEA): Like apples, Pear cultivation in Italy is highly
polarized in a very restricted area in the Emilia Romagna region
where specific areas of vocation exist. Pears are grown in tall rows
suitable for collection via harvesting cart, with a smaller surface area
compared to other crops and a decreasing trend, with an estimate
surface of 26,000 ha.

7. Actinidia (Actinidia deliciosa) (ACT): Actinidia (Kiwifruit) culti-
vation is relatively recent in Italy and, like apples and pears, is highly
polarized in certain districts. In particular, a significant percentage of
kiwi production in Italy comes from the provinces of Latina and
Cuneo. The cultivation system is a standard canopy often covered
with protective plastic fabric. The estimates surfaces covered by
actinidia is 25,000 ha.

Once the classification classes were established, the original statis-
tical dataset was divided by province. For each province, the percentage
of coverage for each orchard class relative to the total agricultural area
was calculated.

2.3. Ground truth

For the ground truth polygons, we relied on information from Timac
Agro Italia, which operates nationwide. Starting with the company
polygons and using the statistical dataset, we aimed to select a signifi-
cant number of polygons for each Italian province. For some provinces,
no polygons were available, which was due to a lack of fruit cultivation
in the area. A total of 3015 OLI polygons, 3232 VIN polygons, 633 CIT
polygons, 595 S.F. polygons, 390 APP polygons, 232 ACT polygons, and
247 PEA polygons were collected (Supplementary Fig. 1).

2.4. Satellite data

For the satellite data, a technique similar to that used in (Lodato
et al., 2024) was employed, which has proven effective in recognizing
specific perennial crop patterns by leveraging a large volume of infor-
mation from multiple satellite sources and aggregating the data
temporally. For the optical data, we utilized the S2_SR Harmonized
collection, which provides Sentinel-2 surface reflectance data available
on Google Earth Engine (GEE) (ESA, 2023a). This collection was clipped
to the area of interest (AOI) and a cloud mask was applied to remove
cloudy pixels. The collection includes various bands, such as RGB bands
(B2, B3, B4), Red-Edge/NIR bands (B5, B6, B7, B8, B8A), and SWIR
bands (B11, B12). Bands 1 (Aerosol) and 9 (water vapor) were excluded
due to their larger pixel sizes, which are less suitable for crop detection.
The dataset was filtered to include images from January 2021 to
December 2023 and divided into 12 collections, one for each month.
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Thus, each monthly median value for the bands is calculated based on
the reflectance data from all three years (2021, 2022, and 2023). For
example, the median value for Band 2 in January is derived from the
median of all Band 2 reflectance values collected over January 2021,
2022, 2023. This approach helps mitigate random factors due to local or
widespread conditions, such as drought or excessive pruning, ensuring
more robust data for modeling. This process yielded to 120 bands,
forming optical dataset. For Sentinel-1 radar data, we utilized the GEE
Copernicus S1_GRD dataset in Interferometric Wide-swath (IW) mode
(ESA, 2023b). We selected only images that partially or wholly inter-
sected the AOI for the year 2023, focusing specifically on ascending orbit
images and the VV and VH backscattering bands. To mitigate speckle
noise while retaining essential image features, a 3 x 3 pixel Lee Filter
was applied to the entire collection. To address variations in backscatter
caused by fluctuations in incidence angle, we implemented Square
Cosine Correction based on Lambert’s law. This correction used the
mean incidence angle of each image within the AOI as a standardizing
factor. Subsequent processing steps included conversion to linear units,
monthly averaging, and conversion back to decibels. This process yiel-
ded 24 images, forming the radar dataset. The bands from the optical
and radar collections were then stacked, resulting in a unified data cube
of 144 bands for the entire AOI (Fig. 2). This data is accessed via server
requests rather than being downloaded directly.

2.5. Sampling methods and points

After establishing the reference dataset for the entire AOI, sampling
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points were extracted (Fig. 3). A negative buffer of 20 m was applied to
each polygon to eliminate edge effects. Once buffering was complete, a
random number of points was generated within each polygon. This
number was determined by multiplying the specific rounded number of
hectares of each polygon by 5, with a minimum spacing of 30 m between
points. This method ensured approximately one sampling point for
every 2000 square meters of the field.

The sampling scale size was subsequently determined (Fig. 4). One-
third of the pixels were randomly selected to capture the spectral-
temporal signature at 10 m, another third at 20 m, and the final third
at 30 m. Referring to the Earth Engine documentation, the "scale"
parameter was used to set the sampling size. Earth Engine employs a
pyramidal system for data assembly. At 10 m, the pixel retrieves the
array of data from the pixel it falls within, being the resolution of the
reference dataset at 10 m. Using scales of 20 and 30 m, Earth Engine
performs an interpolation based on the nearest neighbour using
Euclidean distance, aggregating 4 and 9 pixels respectively for sampling
at 20 and 30 m.This provides a value calculated with the nearest
neighbour method. Consequently, at 20 and 30 m, the sampling point
does not simply retrieve the array of values from the pixel it falls within,
but rather from aggregated pixels within the field.

Sampling at different scales allows for more generalized spectral-
temporal signatures that account for significant intra-field variability.
For classification, an "Other" (OTH) class was added to differentiate
areas that are not orchards from the selected categories. This class serves
as a background category in the machine learning model, helping the
algorithm identify and filter out non-relevant areas. To define this class,

Collections Clotidibtasi Orbit: ASC
: : Lee Filter 3x3
Filtering B2, B3, B4, BS, B6, B7, B8, BEA, Square Cosine Correction
(GEE) B11,B12

/"S2 SR_HARMONIZED \

01/01/2020 - 31/12/2023

4 )

S1_GRD

01/01/2023 -31/12/2023

\ N\ Region : AO VAN Region: AOI 4
Aggregation MONTHLY MEDIAN MONTHLY MEAN
(G EE) (120 images) (24 images)
\ —

Stacking
(GEE)
REFERENCE DATASET 120 opticalbands
(144 BANDS) 24 radar bands
Reference Pixel scale _>| B2-jan I B3-jan | | | VV-dec | VH-dec |
data 10m/pixel
Pixel shape
(1,1,144)

Fig. 2. The two collections were processed with specific filtering in the Google Earth Engine platform. Preprocessing was applied, and the data was reduced to a
monthly resolution before performing a single stacking. By the end of the process, the datacube for the area of interest (AOI) comprises 144 bands, including 120

optical and 24 radar bands.
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Fig. 3. In step 1, an original VIN polygon is shown. In step 2, the polygon is subjected to a 20- meter negative buffer to address edge effects. In step 3, a number of
sampling points is generated, calculated as the number of hectares (in this case, 3) multiplied by 5, with a minimum spacing of 30 m. This results in a total of 15

sampling points for this example.

20 m/pixel

10 m/pixel

30 m/pixel

Fig. 4. In the first image, the sampling pixels are randomly divided into three subsets. The second image illustrates how sampling is conducted on a 10-m grid using a
scale factor of 10, which corresponds to the base resolution of the dataset. This is followed by sampling at 20 m using a scale factor of 20, and at 30 m using a scale

factor of 30.

spectral signatures were collected from various sources, including other
types of crops like arable land and chestnut trees, as well as urban and
aquatic environments using data from the CORINE Land Cover. Addi-
tionally, polygons from forested and riverine areas were included. This
process resulted in a total of 60,326 background training points. The
training dataset thus consists of a total of 169,836 (Table 1) sampling
points.

3. Classification methods

For the classification of the entire Area of Interest (AOI), a two-step

Table 1

Number of sampling points for each class.
Class n
OLI 35,906
VIN 32,345
CIT 14,344
APP 12,302
S.F. 12,046
PEA 9638
ACT 5231
OTH 60,326

Total training points 169,836

approach was implemented (Fig. 5). In the first step, an XGB machine
learning model was trained using training points. This model classified
the entire AOI by generating a probability score for each pixel, rather
than making a definitive categorical prediction. The output is comprised
of eight layers, each representing the probability of individual pixel
belonging to specific classes. In the second step, a Bayesian approach
was employed to calibrate the predicted probabilities. This process
outputted probabilities from the XGB model as independent variables
and national statistical data as Bayesian priors. The Bayesian calibration
step biased the probabilities of each classification according to the
proportions of each crop type within each Italian province. Subse-
quently, an argmax operation was performed to assign each pixel to the
class with the highest probability, which is the final classification. For
provinces without polygons or with a negligible proportion of orchards
(less than 3 % of the total land cover), the argmax result from the XGB
model was applied directly. The rationale for using a two-step classifi-
cation approach lies in the inherent characteristics of discriminative
machine learning algorithms, which are fundamentally data-driven and
focus solely on mapping input features to classifications. Models such as
XGB are particularly adept at identifying patterns within data and
achieving high accuracy classification (Chen and Guestrin, 2016).
However, these models are limited in their ability to model the joint
probability distribution of input features and classifications (Ng and
Jordan, 2001). As a result, discriminative models may not capture the
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Fig. 5. Classification pipeline overview. Sampling points with labels are extracted from the polygons in the reference dataset. These are used to train an XGB model,
which, after hyperparameter optimization, classifies the entire AOI at a 10m/pixel resolution, generating eight layers representing the probability of each pixel

belonging to a specific class. In the second step, a hierarchical Bayesian model is ap;

plied to recalibrate these probabilities. This model uses national crop coverage

data to adjust the proportions and ensures the classification aligns with provincial distributions. The final classification is achieved by performing an argmax

operation on the recalibrated probabilities.

nuances of low-probability classifications under certain conditions as
effectively as generative models. To enhance the calibration of these
probabilities, techniques such as Platt scaling and isotonic regression are
commonly used. These methods have proven to be effective, especially
in bagging and ensemble algorithms (Sweidan and Johansson, 2021).
However, calibration techniques primarily focus on adjusting the
model’s output based on test data. A significant limitation is that the
available test data may be limited, and the calibration process relies on
the errors observed within this data. Incorporating a Bayesian classifier,
which integrates prior knowledge, can significantly improve the final
prediction. This integration allows for the consideration of additional
factors and reduces uncertainty in probability estimates, resulting in
more robust and accurate models. In Italy, crop distributions are heavily
influenced by agroecological and cultural farming factors, leading to
varying prevalences of specific crops across different regions. Due to the
challenges of integrating this information directly into the XGB algo-
rithm, we propose incorporating prior information within a hierarchical
Bayesian framework. This approach introduces probabilistic bias into
the classifications produced by the XGB model based on provincial
crop/tree proportions, providing an additional model layer that aligns
classification probabilities more closely with their true regional distri-
butions. To evaluate the performance of the classifiers, we use the
following metrics:

e Recall (or sensitivity) quantifies the model’s ability to correctly
identify positive instances of a class:

TP

Recall= m

A high recall indicates that the model successfully identifies most
true positive instances without missing any.

e Precision measures the accuracy of positive predictions:

TP

Precision = ———
recision TP + FP

High precision indicates that the model minimizes false positives,
accurately classifying the positive instances.

e Overall Accuracy represents the proportion of correctly classified
instances:

TP + FN

A= INTFPIIN

This metric reflects the overall correctness of the classification, but it
may be misleading in the presence of imbalanced data.

o F1 Score provides a balance between precision and recall:

.. Precision*Recall

Fl1=2*————
Precision + Recall

This metric offers a evaluation by considering both precision and
recall, useful for assessing the performance of a classifier on a specific
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class.
3.1. Probabilistic XGB (XGB)

For the first step of classification, we use the XGB classifier (Chen and
Guestrin, 2016). This algorithm falls under the supervised machine
learning category and can handle both classification and regression
tasks. XGB is an ensemble non parametric algorithm that relies on a
robust decision made by multiple "weak" classifiers, which in this case
are decision tree-based algorithms. Unlike other ensemble algorithms,
XGB utilizes gradient boosting (Friedman, 2001) to iteratively train a
series of decision trees. Each subsequent tree aims to correct the residual
errors of the previous models. This iterative approach makes XGB
extremely effective in reducing loss across iterations. In addition, XGB
offers several loss functions tailored to different types of objectives. It
features a comprehensive set of adjustable hyperparameters for miti-
gating overfitting through regularization. Moreover, its capability for
parallelization enhances its speed and usability. These features have
made it renowned across various ML contexts, delivering high perfor-
mance in benchmarks and finding extensive use in many remote sensing
applications such as urban impervious surface extraction (Shao et al.,
2024), land use and change (Bhagwat and Shankar, 2019; Arfah et al.,
2021), tree species classification (f.0s et al., 2021; Zhou et al., 2022),
crop type mapping (Prins and Van Niekerk, 2021) even in heterogeneous
agricultural environments (Saini and Ghosh, 2021). In our case, as
default, we opted to use the model with the "softprob" loss function,
which returns the predicted probability of each data point belonging to
each class. To evaluate accuracy during validation, we employed the
"mlogloss" metric (Multiclass Log Loss). This metric quantifies the ac-
curacy of multiclass classification models by assessing the logarithmic
discrepancy between predicted probabilities and actual class labels.
Training and Validation set was split in a stratify 80/20 set and to cor-
rect class imbalance, each sample in the training dataset was weighted
using a "balanced" function. This function automatically adjusts the
weights inversely proportional to class frequencies. This approach mit-
igates the imbalance among classes and ensures a more balanced output.
Subsequently, hyperparameter optimization of the model was conduct-
ed, with particular attention paid to constraining parameters during the
grid search to prevent overfitting:

e max_depth: maximum depth of a single tree, this parameter goes
from 1 to infinity. A lower depth can lead to underfitting, while
higher values lead to overfitting model. This parameter is related to
the number of predictors which in this case is high. To contain
overfitting, the parameter search was maintained low: [5, 10, 20,
30].

min_child_weight: specifies the minimum amount of observations
required in each leaf node of the tree, this parameter goes from 1 to
infinity. Higher values of this parameter can help to regularize the
model preventing overfitting [10, 20, 50, 100].

subsample: This parameter sets the fraction of observation in each
tree, this value ranges from 0 to 1. Setting this parameter high leads
to overfitting, so the data range was set to [0.4, 0.5, 0.6].
colsample_bytree: is the ratio of the predictor used when con-
structing each tree, with a range from 0 to 1. Setting this parameter
high leads to overfitting, parameter searched [0.4, 0.5, 0.6].

eta (learning rate, shrinkage): controls the step size at which the
optimizer makes updates to the weights. This value ranges from 0 to
1, lower values help the model to converge, but significantly slow
down the training time. In grid search we use [0.001, 0.01, 0.02,
0.05, 0.1, 0.2, 0.3].

num_estimators: this parameter sets the number of trees in the
model, can range from 1 to infinity. Higher values of trees increase
the complexity of the model leading to better prediction but can lead
to overfitting and harder computation. Range used [100, 200, 300,
400].
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Hyperparameter tuning was performed using 10-fold cross-
validation. After finding the best hyperparameters, the entire Area of
Interest (AOI) at 10m/pixel was classified. The hyperparameters for the
XGB model, optimized through cross-validation, are summarized in
Table 2.

3.2. Hierarchical Bayesian model (HB)

In this section, we explain our approach to improving the probabi-
listic classifications generated by the XGB algorithm using a hierarchical
Bayesian model. XGB produces predictions by summing the contribu-
tions of decision trees, each weighted by a learning rate, across multiple
iterations. These predictions result in a vector of class scores for each
crop type, which are then converted into probabilities using the SoftMax
function. To enhance these classifications, our hierarchical Bayesian
model incorporates provincial crop proportions as prior knowledge,
allowing for more accurate and region-specific predictions. Our hierar-
chical Bayesian model utilizes XGB-generated features to estimate both
global covariates and region-specific crop type intercepts. This model is
structured as a multinomial logistic regression, where the intercepts are
informed by the regional proportions of crop types. To formalize the
priors, we use a Dirichlet distribution for the regional crop proportions,
reflecting high confidence in the known distributions, while the cova-
riates’ priors are normally distributed with a moderate degree of
informativeness. Variational inference is applied to approximate the
posterior distributions of the model parameters, providing a more
tractable and computationally feasible solution for probabilistic crop
type classification, as often opposed to Markov Chain Monte Carlo
(MCMC) methods (Blei et al., 2017). The XGB algorithm generates
classifications of the form:

T

wi= > afi(x;) €3]

t=1

where w; is the predicted class category, « is the learning rate that
scales the contribution of each decision tree, and f,(x;) is a function at
the t-th iteration and x; is a vector of the input features at the i-th
instance. Each w; produces a vector of scores per class category as:

Wi = [Wip, Wia,..... Wy | 2

where k is the number of class categories. Finally, the vector of scores
is passed through a softmax function that converts the scores to proba-
bilities, giving:
P(w;= k|x;) 3

where the classification is decided based on which class category has
the highest probability. We designed a hierarchical Bayesian model to
make crop type classifications by taking the outputs from the XGB that
considers the crop-type labels given the inputs. we use 97 different
provinces, as some of the province was missing polygon ground truth
data or with very low coverage of orchard, thus we take a matrix of class
category proportions for each crop type with dimensions 97 x 8, where
k = 8, which defines the context of the model about how we can include
prior information to bias our classifications. The general form of the
hierarchical Bayesian model uses a feature matrix of the XGB outputs to
estimate global-level covariates and region-varying crop-type intercepts

Table 2

Hyperparameters used for the XGB model.
Parameter Value
Max Depth 20
Min Child Weight 50
Subsample 0.5
Colsample Bytree 0.6
Learning Rate (Eta) 0.005
Number of Estimators 200
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estimated from the regional crop proportions. The model form is a
multinomial logistic regression with region-varying intercepts and
global, crop-type varying covariates:

Vir = itk + X By = g + X1 By + Xofip + oo+ Xy @

where y; is the final prediction of pixel classification for pixel i in
region r, and o is a region-varying intercept that biases the classifi-
cation of the i pixel by setting its initial class logit of the crop-type k to
the proportion of its region r. The subscript r[i]k is meant to denote the i*"
observation in region r, where k refers to the logit for crop k. The matrix
X € R™* contains the features from the outputs of the XGB algorithm. To
incorporate our prior information about regional crop proportions and
the features generated from the XGB model, we define the prior distri-
butions as follows:

a, ~ Dirichlet(py,10) 5)

Bsx ~ Normal(0,0.1) (6)

We set informative priors on a, which uses a Dirichlet distribution
where the proportion of each crop k in region r is set to true proportions
of the region and with a concentration parameter equal to 10 to reflect
high confidence in this prior. For the global-level covariate weights, f;
where f represents the feature and k represents the crop type, we set the
prior mean equal to zero with a standard deviation of 0.1 to be a
moderately informative prior. Our justification for this is because the
XGB classifications are already generating high accuracy.

Finally, the likelihood function models the probability of observing a
particular crop type given the features and regionally varying crop type
proportions. Per observation i, we have k logits,

N
PylX,a,p) = H Multinomial(y;|softmax(logits;)) %)

where the logits for observation i in region r are defined as,
logits; = i + X Py (€)]

We use variational inference to approximate the posterior distribu-
tions of our parameters, p(a, fly,X) by maximizing the Evidence Lower
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Bound (ELBO) criterion to make probabilistic inferences on the classi-
fications. This approach provides a more flexible method for estimating
posterior distributions by approximating them with a simpler, tractable
distribution (Blei et al., 2017). Hence, the final classification is based on
the logit corresponding to crop type k for the given i-th observation.

3.3. Test areas

Upon completion of the model application, the entire Area of Interest
(AOI) was classified using the XGB + HB model. To validate the
approach, field surveys were conducted to obtain ground samples from
various locations. Each site was examined to identify the range of crops
present, with attention to areas containing multiple crop types. This was
done to assess the model’s capability to discriminate among different
crops and to determine if the two-stage classification approach was
consistent, or if the statistical method disproportionately favored the
dominant crop in the region. Additionally, a false positive test was
performed in a non-agricultural area within the AOI, including both
fallow and forested regions, to evaluate the occurrence of false positives
in the background class. The first test (Fig. 6A) was conducted in the
Trani-Barletta-Andria province (Puglia Region, Southern Italy). The
proportions in the national-level statistical dataset reveal an abundant
presence of olive groves, covering 39 % of the agricultural area in the
region. This is followed by 34 % of areas cultivated with other crops
(OTH), 22.5 % of VIN, 4.5 % of stone fruit. The test area presents ho-
mogeneous proportions of OLIL, VIN, and stone fruit, with a total of 0.50
km?, of which 19 % are represented by interstitial or uncultivated areas.
The aim of this test was to evaluate the ability of the two methods to
identify a crop underrepresented in the provincial proportions, as in the
case of stone fruit, while also assessing the effectiveness in discrimi-
nating the more dominant crops. For the second test area (Fig. 6B), a
region with two equally dominant crops in the territory was chosen, in
the province of Trento (North-Eastern Italy), which has 42 % apples and
42 % VIN, with a minimal area dedicated to other crops (about 3 %
distributed among the other classes and 12 % of OTH). The purpose of
this test is to evaluate the effectiveness of discrimination based on two
equally present crops in the territory, but not in the training data. The
ground-classified area is 0.5 km? and consists of 45 % apples, 25 % VIN,

Fig. 6. Test areas and corresponding ground truth masks. (A) Test Area 1, (B) Test Area 2, (C) Test Area 3, and (D) Test Area 4.
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and 30 % OTH. In the third test (Fig. 6C), the models’ ability to detect a
crop that is strongly underrepresented in the training dataset was
evaluated, in this case, ACT, which finds its maximum concentration in
the province of Latina (Lazio Region, Central Italy) with 10.7 % of
agricultural coverage, compared to 19 % of olive groves, 7 % of VIN,
about 1 % distributed among other orchards, and 62 % of OTH. The aim
of this test is to evaluate whether the model can effectively use the
probabilistic approach to improve the prediction of a class strongly
underrepresented in the training data. The area contains large quantities
of ACT, in various growth stages (young and mature plants), and some
covered with plastic roofing. The test area consists of 35 % ACT, 37 %
olive groves, 24 % OTH, and 4 % VIN, totaling approximately 0.5 km?.
Finally, a false positive test was conducted (Fig. 6D). Starting from a
province with an abundant presence of vineyards, an area covered pri-
marily by arable land and wooded areas was classified to evaluate the
HB classifier’s tendency to force classification toward a crop rather than
the background class. The province of Trapani (Sicily Region) was
chosen for this area, which stands out for its quantity of VIN (52 % of the
territory), 27 % OLL, and the remainder in the OTH category. The area
presents as a vast field of arable land with VIN on the sides. with some
interstitial areas featuring spontaneous vegetation.

4. Results
4.1. Accuracy metrics for validation dataset

The XGB alone achieved an overall accuracy (OA) and a weighted F1
score of 0.90 in validation (Table 3). Overall, the model exhibits accu-
racy and a weighted F1 score of 0.9, with a balance between precision
and recall. The classifier achieved higher recall than precision for all
crops except for the OTH class. The best results were obtained for ACT,
apples, and pears. CIT, OLI, and VIN followed, maintaining an F1 score
above 0.9. The implementation of the statistical method XGB + HB has
produced excellent results in terms of accuracy metrics, almost always
reaching 0.99. The confusion matrix (Supplementary Fig. 2) reveals that
for XGB alone, except for the OTH class, misclassification among the
various crop types is relatively low. However, there is a significant
number of false positives where samples originally classified as OTH are
incorrectly categorized as S.F., OLIL, and VIN.

4.2. Test area 1

In Test Area 1, the model reported an overall accuracy of 0.76 for the
XGB model and 0.83 for the XGB + HB model. Table 4 shows that for the
OTH class, the XGB + HB model achieved a precision of 0.95 and a recall
of 0.57, with an F1 score of 0.71. In contrast, the XGB model exhibited
lower accuracy, with an F1 score of 0.51, a recall of 0.46, and a precision
of 0.57. Among the orchard classes, the OLI class stands out with an F1

Table 3
Models metrics for each crop on validation dataset.
XGB + HB XGB
Precision  Recall  F1- Precision  Recall  F1-
Score Score
ACT 0.98 0.97 0.97 0.96 0.99 0.97
APP 0.98 0.99 0.99 0.92 0.99 0.95
CIT 1.00 0.99 1.00 0.87 0.98 0.92
OLI 0.99 0.99 0.99 0.89 0.93 0.91
OTH 0.99 0.99 0.99 0.97 0.84 0.90
PEA 0.99 0.99 0.99 0.91 0.99 0.95
S.F. 1.00 0.98 0.99 0.69 0.94 0.80
VIN 0.99 0.99 0.99 0.88 0.92 0.90
Accuracy 0.99 0.99 0.99 0.90 0.90 0.90
Macro Avg 0.99 0.99 0.99 0.89 0.95 0.91
Weighted 0.99 0.99 0.99 0.91 0.90 0.90

Avg
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Table 4

Metrics for XGB + HB and XGB models in Test Area 1.
Model Class Precision Recall F1 Score
XGB + HB OTH 0.95 0.58 0.71
XGB + HB S.F. 0.61 0.89 0.72
XGB + HB OLI 0.88 0.95 0.91
XGB + HB VIN 0.85 0.85 0.85
XGB OTH 0.57 0.46 0.51
XGB S.F. 0.69 0.77 0.73
XGB OLI 0.78 0.92 0.84
XGB VIN 0.85 0.78 0.82

Table 5

Metrics for XGB + HB and XGB models in Test Area 2.
Model Class Precision Recall F1 Score
XGB + HB OTH 0.91 0.47 0.62
XGB + HB APP 0.83 0.93 0.88
XGB + HB VIN 0.53 0.90 0.67
XGB OTH 0.92 0.65 0.76
XGB APP 0.90 0.52 0.66
XGB VIN 0.37 0.93 0.53

score of 0.91 for the XGB + HB model and 0.84 for the XGB model, for
both models, recall was higher than precision. The VIN class follows in
accuracy, with an F1 score of 0.85 for the XGB model and 0.82 for the
XGB + HB model, showing similar values, and both models show a
comparable ratio between precision and recall. For the S.F. class, the F1
score does not differ between the two models. However, while the XGB
model alone shows a narrow gap between precision and recall, the gap is
wider for the XGB + HB model. The analysis of the confusion matrices
(Supplementary Fig. 3) show that both models achieve strong perfor-
mance. However, a common issue is the frequent misclassification of the
OTH class as an orchard by both models. Among the dominant crops, the
XGB + HB model shows a slight edge in overall accuracy. Some mis-
classifications were observed, particularly where OTH pixels were
incorrectly identified as VIN. Regarding the spatial distribution of mis-
classifications (Supplementary Fig. 4), both models frequently show
errors along the borders separating fields or between crops and the OTH
class. Notably, the XGB model exhibits a more concentrated spatial error
pattern, where entire parcels or sections are misclassified as OTH rather
than as crops (see Table 5).

4.3. Test area 2

In Test Area 2, the XGB model alone achieved an overall accuracy of
0.65, compared to 0.75 for the XGB + HB model. In terms of F1 score,
the XGB model performed better for the OTH class. However, it showed
poorer results for the VIN and APP crops, with lower F1 scores and low
precision for the VIN displaying a large gap between precision and recall
(Table 5). On the other hand, the XGB + HB model performed better
with higher F1 scores for the APP class and higher precision for the VIN
although precision remained generally low for this category. The
confusion matrix (Supplementary Fig. 5) analysis reveals that the XGB
model struggles to distinguish between APP and VIN with a high rate of
underclassification where apples are incorrectly classified as VIN.
Meanwhile, the XGB + HB model better discriminates these crops but
has a substantial amount of false positives for VIN where other classes
are overclassified as VIN. Notably, a small portion of VIN is misclassified
by XGB as ACT. The spatial error analysis (Supplementary Fig. 6) in-
dicates that a significant portion of the misclassifications by the XGB +
HB model arises from border effects. These errors are concentrated along
the boundaries of fields, creating a linear distribution pattern. In
contrast, the XGB model frequently misclassifies entire plots, often
substituting one crop type for another or misassigning them to the OTH
category.
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4.4. Test area 3

In Test Area 3, the performance evaluation revealed significant dif-
ferences in overall accuracy between the two methodologies. The XGB
-+ HB model demonstrated superior efficacy, attaining an overall accu-
racy of 0.79 compared to 0.44 achieved by the standalone XGB model.
The XGB + HB model excelled in accurately classifying the class ACT
and OLI (Table 6). However, its performance declined for the VIN class,
where it exhibited lower precision coupled with higher recall.
Conversely, for the OTH class, the model achieved substantially higher
precision than recall. The XGB model alone struggled to recognize VIN
and ACT, yet it discriminated OLI relatively well and demonstrated
higher recall than precision for the OTH class. The confusion matrix
(Supplementary Fig. 7) analysis reveals that the XGB + HB model per-
forms better across various crop types compared to the XGB model
alone. However, it exhibits more errors in the OTH class, which is
frequently misclassified as one of the other crops. In contrast, the
standalone XGB model fails entirely in identifying ACT, often mis-
classifying it as VIN or OTH. The spatial distribution of misclassifications
(Supplementary Fig. 8) highlights a significant border effect for the XGB
+ HB model, with errors occurring primarily along the field boundaries.
In contrast, the standalone XGB model frequently fails to accurately
classify entire fields.

4.5. Test area 4

In Test Area 4, the standalone XGB model outperformed the XGB +
HB model, with overall accuracies of 0.90 and 0.81, respectively. The
XGB model excelled in distinguishing the OTH class, whereas the XGB +
HB model struggled more with the background class. The metrics
(Table 7) show that the VIN class had a slightly higher F1 score in the
XGB + HB model, characterized by high recall but low precision. The
opposite pattern was observed in the standalone XGB model, where
precision was higher than recall. The confusion matrix (Supplementary
Fig. 9) analysis reveals that the XGB model misclassified a substantial
portion of VIN as OTH. In contrast, the XGB + HB model performed
better in identifying the VIN class, although it resulted in several false
positives. Additionally, a small proportion of misclassifications in the
XGB + HB model involved incorrectly labeling OTH areas as OLI The
spatial error analysis (Supplementary Fig. 10) indicates that the XGB +
HB model misclassification occurs, as previously observed, along the
boundary between two classes. However, in this case, there are multiple
misclassifications corresponding to different wooded areas or scattered
pixels within fields. The standalone XGB model often misclassifies more
compact sections, particularly with VIN areas being identified as the
OTH class.

4.6. Final classification

The final classification show (Fig. 7, Table 8) the distribution and the
extension of the orchards in the AOL

Olive groves and vineyards are the most widespread, with areas of
1.3 million hectares and 820 thousand hectares, respectively. Olive

Table 6

Metrics for XGB + HB and XGB models in Test Area 3.
Model Class Precision Recall F1 Score
XGB + HB ACT 0.87 0.81 0.84
XGB + HB OTH 0.88 0.54 0.67
XGB + HB OLI 0.79 0.94 0.86
XGB + HB VIN 0.35 0.68 0.47
XGB ACT 0.92 0.02 0.05
XGB OTH 0.41 0.62 0.50
XGB OLI 0.82 0.74 0.78
XGB VIN 0.05 0.37 0.09
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Table 7

Metrics for XGB + HB and XGB models in Test Area 4.
Model Class Precision Recall F1 Score
XGB + HB OTH 1.00 0.81 0.89
XGB + HB VIN 0.29 0.86 0.43
XGB OTH 0.97 0.93 0.95
XGB VIN 0.64 0.30 0.40

cultivation exhibits a compact distribution across coastal sectors in
central and southern Italy, with significant concentrations in Puglia and
Sicily, and fragmented presence along the coastal band. Noteworthy
extensions are also observed in the north around Lake Garda. Vineyards,
conversely, display dense clusters in Triveneto, Asti, Tuscany, and the
westernmost part of Sicily, with substantial extensions along the Adri-
atic coast. Citrus fruits account for 131 thousand hectares and stone
fruits for 150 thousand hectares. Citrus cultivation is primarily located
in southern Italy, extending into eastern Sicily, Calabria, and the Met-
aponto region, while stone fruits are more dispersed, with notable
clusters in the Ravenna, Forli, and Bologna areas, as well as in Campa-
nia, northern Puglia, and Metaponto. Pears and apples show strong
clustering, with apples concentrated in the Alpine valleys and pears in
the central Po Valley, appearing as numerous small-scale orchards.
Lastly, actinidia cultivation is heavily clustered in the provinces of
Latina, Ravenna, and Cuneo, with approximately 20 thousand hectares
classified.

5. Discussion and conclusion
5.1. Accuracy of the models

This study focused on a method for high-resolution mapping of or-
chards at a national scale in a heterogeneous context such as Italy. The
method involves a pyramid sampling approach of a multi-temporal cube
of Sentinel-1 and Sentinel-2 images. The process itself, using a single
classifier (XGB) is able to yield appreciable results with high accuracy.
However, the incorporation of probabilistic XGB and a Bayesian model
based on prior knowledge of regional crop distribution led to improved
discrimination of crops, particularly those underrepresented in the
dataset due to their lower abundance. The output metrics are consistent
with the findings of Campos-Taberner et al. (2020), who adopted a
similar classification scheme (CIT, OLI, VIN) and included mixed fruit
orchards, leveraging time-series data and LSTM-based algorithms for
analysis. Overall, the predictive performance is primarily driven by the
XGB model, although the Bayesian framework refines probability dis-
tributions, its corrective effect remains limited when the initial XGB
predictions are highly polarized. As evidenced in the misclassification
maps (Supplementary Figs. 4, 6, 8, 10), in Test 1 large, homogeneous
polygons of vineyards and olive groves are classified with high accuracy
using XGB alone. This suggests that for classes well represented in the
training dataset and in regions characterized by compact land cover, the
XGB model effectively captures distinct spectral-temporal patterns,
resulting in reliable classification outcomes. However, the dataset is
markedly imbalanced, with a strong predominance of OLI, VIN, and
OTH, while other crop classes are underrepresented. This imbalance
induces systematic misclassifications, particularly along field bound-
aries, where mixed pixels are preferentially assigned to the dominant
classes. The primary challenge thus lies in accurately classifying un-
derrepresented crops. In Test 1, even with the integration of the HB
model, no substantial improvement in the F1 score was observed for
stone fruits (S.F.), which are both locally scarce and underrepresented in
the training set. In this area, where statistical data also indicate a high
local prevalence of vineyards and olive groves, the classification of a
crop scarcely represented at both the training and territorial levels re-
mains suboptimal. Test 2 further illustrates the limitations of XGB in the
absence of territorial constraints, as the model exhibits a strong
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Fig. 7. Final classifications of various land cover classes within the area of interest (AOI).

Table 8
Total areas computed in hectares, with variations analyzed in
statistical reference data.

comparison to

Class ha Difference (%)
ACT 20614 -17
CIT 99876 -16
S.F. 105719 —-38
APP 40480 -28
OLI 1773700 58
PEA 20097 —22
VIN 892971 21

tendency to overestimate the vineyard (VIN) class at the expense of
apple orchards (APP), which are less represented in the training data,
leading to frequent misclassifications of border pixels as VIN or OTH.
However, in this province, where local statistics indicate a higher
prevalence of apples compared to vineyards, the uncertain pixels that
possessed a non-negligible probability of being APP during the Bayesian
phase were subsequently reclassified correctly. Test 3 underscores the
difficulty of accurately classifying severely underrepresented classes
such as actinidia (ACT). Despite its substantial presence within the test
area, ACT is predominantly misclassified as OTH or VIN, likely due to
the overwhelming representation of these classes in the training data.
The integration of HB, however, effectively leverages the weak but
non-zero initial ACT probabilities from XGB to reassign pixels more
accurately, resulting in a significant improvement in the F1 score for this
class. Test 4 reveals a potential drawback of the HB approach in regions
characterized by highly polarized crop distributions in the statistical
dataset. In areas with a high prevalence of vineyards, XGB already tends
to misclassify non-vineyard areas as VIN, likely owing to spectral and
phenological similarities of the local vegetation. The Bayesian compo-
nent further amplifies this misclassification by reinforcing the prior
probability distribution, leading to an overestimation of vineyard
coverage and an increased false positive rate. This also means that in
areas where a particular crop is statistically absent, misclassifications
involving less common crops are avoided. Indeed, in Test 4 no mis-
classifications from background to other crop types were reported,
including OLI, which is consistently the most represented class in the
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training set. In general, the proposed approach demonstrates high ac-
curacy for dominant crops in the training set and those with strong
regional prevalence. However, it exhibits limitations in classifying un-
derrepresented orchard classes due to the inherent data imbalance. This
constraint affects the detection of minor crops at a national scale and
those cultivated outside their typical ecological niche. Conversely,
overrepresented classes may be subject to overclassification, particu-
larly in regions where their presence is statistically dominant. The
likelihood of identifying a crop in an area where it is absent remains low
unless its spectral-temporal signature closely aligns with the training
data and is robustly detected by XGB.

5.2. AOI classification

The final analysis (Table 8) provides a comprehensive and reliable
overview of the Italian orchard system, highlighting regional trends and
crop concentrations (Fig. 7). Vineyards emerge as the most spatially
widespread crop, with a significant presence from north to south. Olive
cultivation dominates in the central and southern regions, particularly
in Puglia, while citrus (CIT) is primarily concentrated in the southern-
most areas, with extensive coverage in eastern Sicily, Calabria, and
Metaponto. Stone fruits show a more fragmented distribution, concen-
trated in specific districts such as the coastal areas of Emilia-Romagna,
Campania, and Puglia. Apples (APP) are predominantly found in the
alpine valleys of Trentino and South Tyrol, with some presence in the
Cuneo province. Pears (PEA) are strongly concentrated in the central Po
plain, particularly around Ferrara, while ACT are cultivated almost
exclusively in Latina, Cuneo, and Emilia-Romagna.

From a quantitative perspective, some limitations of pixel-based
classification must be considered. As noted in previous studies
(Carfagna and Gallego, 2005), summing pixel data to determine the
actual crop extent can introduce biases. In this case a significant issue is
the misclassification of certain crops, particularly olives and vineyards,
which dominate national agricultural statistics and the training dataset.
This leads to an overestimation of these crops, with olive groves over-
estimated by 58 % and vineyards by 21 %. Olive groves present specific
challenges due to their irregular planting patterns, with trees often
widely spaced and scattered over large areas. Moreover, olive trees are
frequently found in mixed environments, such as polyculture systems or
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private gardens, complicating their classification further. This issue of
irregular olive grove layouts has been highlighted by other authors, who
report challenges in extracting specific textures even at high resolution.
Despite this, overall accuracy (OA) values of up to 0.94 have been
achieved for olive detection in specific test areas (Lin et al., 2021).
Vineyards class had misclassifications involving green areas that share
similar phenology, particularly in regions with high concentrations of
vineyards. Other studies support a higher recall in vineyard detection,
indicating that non-vineyard areas are more frequently misclassified as
vineyards when using medium-resolution satellite images (Lopez et al.,
2008; Campos-Taberner et al., 2020). The other crops were generally
underestimated, with the largest discrepancy noted for stone fruits,
which were underestimated by 38 %. Citrus crops were slightly under-
estimated by 16 %, while pears, apples, and actinidia were under-
estimated by 22 %, 26 %, and 17 %, respectively. These crops are
typically distributed across all provinces, yet they occur in very low
concentrations. As a result, the Bayesian approach may struggle to
accurately capture their overall presence, particularly in regions where
their occurrence is minimal. Accuracy tends to be higher in major
growing areas, however, this is contingent upon the confidence levels of
the XGB model. Therefore, the predominant source of misclassification
in these classes can be attributed to the limited predictive capability of
the XGB model. This issue is to be expected, as the scarcity of training
samples leads to underrepresented classes, which inherently exhibit
lower classification accuracies (Valero et al., 2021; Chabalala et al.,
2023). This is especially evident in scenarios where the classes encom-
pass multiple crop types and various plastic-covered surfaces (Castellano
et al., 2008) over a large and heterogeneous area (Defourny et al., 2019,
Pelletier et al., 2016). As observed in the Supplementary Material, a
significant portion of misclassifications arises from an edge effect, where
XGB misclassifies minor crops as dominant ones, primarily olive groves
and vineyards. This effect must not be overlooked, as it may introduce a
substantial surface-area bias (Li et al., 2023; Gallego, 2004).

5.3. Limitation and future perspectives

Despite achieving high classification accuracy, this study exhibits
inherent limitations. The methodology relies on ground sampling and
statistical datasets, which may be incomplete or inconsistent across re-
gions and nation, potentially affecting approach performance and
generalizability. The classifier demonstrates optimal performance in
regions where crops are well-established due to extensive data avail-
ability but encounters limitations in non-traditional cultivation areas
due to sparse observations and temporal-spectral variability driven by
differing management practices and phenological cycles. While the
primary focus remains on major crop regions, secondary cultivation
areas warrant further investigation (Weikmann et al., 2021). Never-
theless, transferability the models could be viable in agroecologically
analogous regions (e.g., Mediterranean zones), extending beyond na-
tional boundaries. The statistical model facilitates the detection of un-
derrepresented crops while maintaining low computational costs,
however, its efficacy is maximized in highly polarized agricultural
landscapes, such as Italy. In homogeneous agricultural systems charac-
terized by low variability, its applicability may be constrained. A sub-
stantial proportion of classification errors originates from edge effects,
particularly at field boundaries. This issue is inherently linked to sensor
resolution and can be exacerbated in highly fragmented agricultural
landscapes. The integration of object-based classification methods or
convolutional neural networks (CNNs) could mitigate these inaccuracies
by refining field delineation and incorporating prior spatial information
into the classification process (Lu et al., 2024; Song et al., 2023).
Methodological enhancements could involve the implementation of data
augmentation strategies to improve class balance (Sharma and Gosain,
2025) and the refinement of the area of interest (AOI) definition,
reducing background classification noise. This could be achieved by
integrating supplementary LULC layers, which can provide
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high-resolution and context information on settlements or forested areas
(Karra et al., 2021; Yu et al., 2018). Furthermore, spectral indices could
be leveraged to pre-classify orchard and non-orchard areas (Chen et al.,
2024), facilitating the generation of a targeted mask that isolates fruit
cultivation zones (Valero et al., 2016). The adoption of such approaches
could enhance classification accuracy and overall model robustness.

5.4. Conclusion

This study presents a nationwide 10-m resolution mapping of Italy’s
major woody crops. By delineating the agricultural domain using
CORINE Land Cover and implementing a pyramidal sampling strategy
for key orchard classes, a Sentinel-1 and Sentinel-2 spectro-temporal
data cube was leveraged to generate a high-resolution crop distribution
layer, currently unavailable at this scale and detail. An XGB classifier
was implemented, leveraging a probabilistic output rather than a
deterministic class assignment, thereby enabling a soft classification
approach. While the XGB model achieved high overall accuracy, it
exhibited limitations in predicting underrepresented crops due to
dataset imbalance. To further refine class probabilities, a hierarchical
Bayesian model was integrated, incorporating national crop coverage
statistics as priors. This approach improved the representation of minor
crops by leveraging prior knowledge, mitigating the constraints of
traditional hard classification. While this Bayesian framework enhanced
minor crop detection, it introduced a trade-off, particularly in regions
dominated by major crops at the national scale. In boundary and mar-
ginal areas, the model tended to overestimate primary classes,
increasing false positives.

The resulting dataset establishes a foundation for large-scale, cycle-
based agricultural monitoring using freely available satellite imagery.
Future advancements may further refine this approach, enhancing its
applicability in precision agriculture and policy development.
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