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Abstract. Detecting bare soil areas is an important step in the analysis of Earth observation data in a variety of
Precision Agriculture (PA) applications focused on quantifying soil properties and assessing soil quality. In this paper,5

we introduce the HyBEAR benchmark—a novel large-scale collection of high-resolution hyperspectral aerial images
(with 2 m ground sampling distance) accompanied with manual bare soil annotations verified with domain experts.
Usually, the bare soil detection problem is tackled at the pixel level, meaning that detection methods classify all
pixels as either bare soil or background. In contrast to this approach, we provide pixel-level annotations for the entire
agricultural parcels (if the parcel is labeled as bare soil, then all pixels within that parcel are labeled accordingly),10

and aim to support the development of methods that identify entire fields with no vegetation. Commonly, such
fields undergo further analysis to determine specific soil parameters and characteristics that are important while
planning various PA activities, such as fertilization. The HyBEAR benchmark includes (i) the largest-to-date
(108,064,591 pixels, corresponding to 43,225 hectares) and most heterogeneous dataset for bare soil detection, as
well as (ii) the validation procedure (training-test splits and quality metrics) and a set of baseline results, obtained15

for a set of machine learning bare soil detection models. From the FULL collection of 1954 images in HyBEAR,
which we divided into 5 spatially-disjoint folds, we additionally selected a random, stratified subset (MINI) of the
images which may be useful for designing and verifying bare soil detection algorithms. Overall, HyBEAR is a step
toward standardizing the way the community builds and confronts bare soil detection algorithms in a thorough,
reproducible, and unbiased way.20
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1 Introduction

Over the past decades, the agricultural sector has undergone significant transformations driven by human techno-
logical advancements aimed at meeting the escalating demands for food, fiber, and fuel from a rapidly expanding
global population (Sishodia et al., 2020; Aijaz et al., 2025). With arable land becoming increasingly scarce, en-
hancing crop productivity has become crucial for ensuring food security (Pingali, 2012; Roy et al., 2024). Precision25

Agriculture (PA), emerging from technological advancements in fields such as Earth observation, data analytics, and
in-situ field monitoring, plays a vital role in improving crop productivity. The global market for smart agriculture,
which includes PA, was valued at approximately 15 billion U.S. dollars in 2022 and is projected to grow to 30 billion
U.S. dollars by 2027 (Allied Market Research, 2023). This growth reflects the increasing adoption of PA, which is
important for producing essential human necessities (Sishodia et al., 2020; Song et al., 2018), especially given the30

limited availability of arable land (Song et al., 2018). PA aims to optimize agricultural practices by monitoring
various parameters spanning soil quality (Bünemann et al., 2018), soil composition (Chen et al., 2022; Nalepa et al.,
2024; Seu et al., 2025), and moisture levels (Nowak, 2021; Boguszewska-Mańkowska et al., 2022; Ruszczak and
Boguszewska-Mańkowska, 2022), and taking appropriate actions based on these insights, while also reducing the
environmental impact of agriculture (Misara et al., 2022). Indeed, sustainable food production necessitates a con-35

sideration of its environmental impact, especially in the face of climate change and pollution. PA offers a framework
for improving agricultural efficiency while accounting for environmental effects (Finger et al., 2019), emphasizing
the assessment and monitoring of soil characteristics, temperature, and seasonal ecosystem dynamics (Ponnusamy
and Natarajan, 2021; Sayão et al., 2020). Moreover, understanding the relationship between soil parameters and
crop yield in specific regions can provide valuable insights into the effectiveness of implemented agricultural prac-40

tices (Yue et al., 2021). Research has also highlighted the importance of soil class in influencing crop yields, further
emphasizing the need for accurate soil assessment (Tunçay et al., 2021). The evolution and future trajectory of PA
toward sustainable food systems are continuously being shaped by technological advancements (Xu et al., 2024), with
Artificial Intelligence (AI) playing a significant role in enhancing crop productivity and resource management (Aijaz
et al., 2025).45

1.1 Limitations of traditional soil assessment methods

Traditional methods for estimating soil parameters often rely on field-point sampling, involving the localized collec-
tion of soil or crop samples for subsequent laboratory analysis (Rutter et al., 2022). However, the inherent limitation
of these in-situ methods, which typically focus on a few selected locations, hinders the ability to map the spatial dis-
tribution of key indicators (Nalepa et al., 2022, 2024). Consequently, considerable research efforts have been recently50

directed toward establishing correlations between data acquired through field methods (serving as the ground-truth
information), and data obtained from satellite imagery (Meng et al., 2020; Hong et al., 2020; Lu and He, 2019)
or aerial platforms such as manned aircraft and drones (Zhang et al., 2021; Yue et al., 2021; Han et al., 2019; Ji
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et al., 2018). Recent reviews highlight the limitations of traditional soil sampling in capturing spatial variability.
Additionally, they are extremely difficult to scale to large regions, and thus developing the remote sensing tech-55

niques for high-resolution soil property mapping is the direct remedy to this challenge (Chen et al., 2022; Nalepa
et al., 2024). Drone-borne hyperspectral imagery, for instance, enables high-resolution mapping of crucial soil nu-
trients (Yan et al., 2023). Similarly, airborne and satellite imagery can be effectively used to estimate various soil
parameters at a (potentially global) scale, offering inherent spatial scalability (Nalepa et al., 2024).

1.2 Remote sensing for bare soil identification60

Remote Sensing (RS) has emerged as a powerful tool for the identification of bare soil (Campos et al., 2022), which
is a prerequisite for estimating soil parameters and crop monitoring, owing to its capacity to assess extensive areas
repeatedly over time (Yue et al., 2021; Ponnusamy and Natarajan, 2021). In the agricultural context, the methods
involving the acquisition of Multispectral (MSI) (Jin et al., 2020) and Hyperspectral (HSI) (Lu et al., 2020) Images
are prevalent. The multispectral data facilitate the straightforward estimation of chlorophyll content using green65

vegetation indices (Jin et al., 2020; Lu and He, 2019). However, the broad bandwidth of multispectral imaging can
limit the accuracy of early detection of subtle negative symptoms in PA, including nutrient deficiencies and plant
diseases (Adão et al., 2017). In contrast, HSIs, with their high spectral resolution (narrow and contiguous bands),
enable the acquisition of finer details in the spectral response of a given area. HSI-based techniques can potentially
detect various anomalies, such as the aforementioned plant diseases or soil features, earlier than MSI due to the70

richer spectral information contained within its narrower bands (Lu et al., 2020).

1.3 Bare soil detection as a necessary step in the data processing chain

Following the removal of images obscured by clouds to ensure data quality (Grabowski et al., 2022, 2024), the accurate
identification of bare soil areas becomes a crucial subsequent step in the RS data processing chain for agricultural
applications (Campos et al., 2022). Therefore, isolating the spectral response directly from the soil surface is a critical75

step in the data processing chain for various agricultural and environmental applications. By accurately detecting
and potentially masking out non-bare-soil pixels, researchers can enhance the reliability and accuracy of subsequent
analyses aimed at estimating crucial soil properties, including the moisture content, nutrient levels, organic matter,
and texture (Chen et al., 2022; Nalepa et al., 2024). Furthermore, the identification of bare soil is also essential for
monitoring agricultural practices, such as tillage, tracking fallow land, and assessing soil erosion risks (Yue et al.,80

2021; Zhao et al., 2024). Additionally, pruning non-soil areas can play a key role in on-board processing, where
MSIs/HSIs are analyzed on edge devices, e.g., satellites. In this scenario, removing the parts of the image that do
not contain the objects of interest (here, bare soil areas) will substantially accelerate the entire analysis process and
make it more memory-efficient (Wijata et al., 2023). Therefore, bare soil detection can be considered a “smart data
compression” step, in which areas of interest are determined to guide further analysis in a data-driven manner (note85

that extracting soil parameters from non-soil pixels would obviously lead to noisy, inherently incorrect estimates).
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Finally, as already mentioned, the spatial information derived from RS-based bare soil maps provides a significant
advantage over traditional point-based soil sampling methods, enabling a more comprehensive, spatially continuous
understanding of soil conditions across large areas.

1.4 Methods for bare soil detection90

Detecting bare soil areas is approached through various methodologies, categorized as (i) green vegetation index-
based methods and (ii) pixel-level machine learning classification techniques. The first group of algorithms ap-
plies vegetation indices originally designed for broader MSI bands, with the Normalized Difference Vegetation In-
dex (NDVI) being the most widely recognized (Zhang et al., 2021). Recent studies, such as the Intuition-1 satellite
mission (KP Labs, Gliwice, Poland), explore in-orbit bare-soil detection using spectral vegetation indices derived95

from hyperspectral imagery (Wijata et al., 2024a). By applying a threshold to the NDVI values, it is possible to
delineate areas with dense green vegetation, as well as regions with medium or no vegetation (Zhang et al., 2021;
Wang et al., 2020). In this context, areas lacking vegetation include bare soil, water bodies, and infrastructure, e.g.,
roads or buildings. The filtering of these non-bare soil objects is often achieved using various spectral indices, such as
the Visible, Green-Based Built-up Index (VGNIRBI) or Normalized Difference Built-up Index (NDBI) for buildings,100

and the Modified Normalized Difference Water Index (MNDWI) for water bodies (Kaur and Pandey, 2022). Other
examples of green vegetation indices used to estimate crop volume are the Enhanced Vegetation Index (EVI) and
the Optimized Soil Adjusted Vegetation Index (OSAVI) (Nejatian et al., 2022). Dedicated bare-soil indices, e.g., the
Bare Soil Index (BSI) (Nguyen et al., 2021; Liu et al., 2022), have also been investigated in the literature.

The pixel-level classification techniques (i.e., those that are not based on thresholding selected spectral indices)105

frequently implement Machine Learning (ML) algorithms, with Random Forests (RFs) being a popular choice (Vla-
chopoulos et al., 2020; Zhu et al., 2022; Saha et al., 2020), along with its variations, such as the Guided Regularized
RF (GRRF) (Izquierdo-Verdiguier and Zurita-Milla, 2020). Deep learning algorithms have been widely investigated
and have indeed established the state of the art in a multitude of fields. Some studies have explored deep learning
models of various architectures, such as detection models, Capsule Networks (CapsNets), and semantic segmen-110

tation models (Joshi et al., 2021), as well as the aggregation of results from different methods using ensemble
techniques (Saha et al., 2020), for bare soil identification. It is worth emphasizing that some deep learning methods,
e.g., convolutional neural networks, exploit contextual information while inferring a pixel-level prediction—this is in
contrast to the pure pixel-level algorithms, operating on the pixel-level information (e.g., a selected set of spectral
indices). Recent advancements in this area include the application of quantum-kernel support vector machines for115

the detection of bare soil in hyperspectral imagery (Wijata et al., 2024b; Miroszewski et al., 2026). To enhance the
accuracy of bare-soil pixel detection and mitigate potential error sources, researchers have used specific spectral
indices as features. For instance, a mask for distinguishing bare soil pixels in raster data has been effectively created
using NDVI and the Cellulose Absorption Index (CAI) (Pechanec et al., 2021).
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Building on these established methodologies, recent research continues to advance bare-soil detection. There is a120

growing interest in leveraging advanced deep learning architectures to improve the accuracy and robustness of these
techniques. For example, Zhao et al. (2024) introduced a novel Hybrid Attention Network (HA-Net) designed explic-
itly for bare soil extraction from optical RS images. This network incorporates attention mechanisms to effectively
distinguish bare soil from complex backgrounds, including urban and agricultural landscapes, and to enhance the
extraction of small bare soil areas. The significance of high-quality, diverse datasets remains a central theme, and125

the broader RS community recognizes the critical need for large-scale annotated datasets to train and evaluate the
algorithms effectively in a standardized way, as highlighted in the context of RS object recognition (Liu et al., 2025).
Furthermore, a review provides a comprehensive overview of the satellite RS techniques employed for identifying
bare soil, discussing the latest advancements, limitations, and challenges associated with various methodologies (De-
laney et al., 2025). We tackle the challenge of building a comprehensive and unbiased benchmark for confronting130

the known and emerging bare soil detection algorithms in a fully reproducible and fair way.

1.5 Conclusion from state-of-the-art

The literature review reveals a critical gap in the availability of standardized, publicly accessible benchmark datasets
specifically tailored for bare-soil detection using hyperspectral imagery. While numerous studies explore the appli-
cation of remote sensing for soil assessment and analysis, the absence of such datasets significantly hinders objective135

algorithm comparison and limits the reproducibility of research findings (Kapoor and Narayanan, 2023). Notably, to
our knowledge, there are no datasets that would include the entire fields of bare soil, and would allow the community
to develop and validate the algorithms for identifying such fields that are free of vegetation. Indeed, the existing
methods and collections focus on pixel-level annotations (thus support building pixel-level classification algorithms),
which can be misleading for certain precision agriculture processes, especially those that relate to the whole-field140

procedures (e.g., fertilization). In this article, we address this research and development gap.

1.6 Contribution

We introduce HyBEAR : a comprehensive benchmark for bare soil detection in hyperspectral imagery. It is
composed of the following pivotal components:

– Data—We release a large-scale (1,954 hyperspectral patches, with approx. 108 million pixels), high-resolution,145

spatially-heterogeneous dataset of hyperspectral image patches accompanied with precise ground-truth delin-
eations of bare soil areas. The HyBEAR dataset is available at the following link: https://doi.org/10.5281/
zenodo.17607897.

– Validation procedure—We define the cross-validation procedures (applied to both the complete set of avail-
able hyperspectral patches and its reduced subset, referred to as the FULL and MINI versions, respectively),150
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accompanied by the quality metrics that shall always be calculated while confronting the emerging bare soil
detection techniques.

– Baseline results—We establish a set of baseline results obtained using an array of classic machine learning
models, strictly following the suggested validation procedures. These baseline results may become the point
of departure for further research in developing bare soil detection techniques, as they are directly comparable155

with the emerging results obtained for the HyBEAR validation procedures.

– Code—To ensure full reproducibility of the bare soil research, we release our code and the baseline machine
learning models. The code and models are available at the following link: https://doi.org/10.5281/zenodo.
17607897.

Our contributions not only fill a crucial gap in existing resources but also provide the research community with160

an essential tool for rigorously validating and advancing novel techniques in this domain, ultimately fostering more
reliable and impactful research in the application of hyperspectral remote sensing to precision agriculture.

1.7 Structure of the paper

The HyBEAR dataset, together with the procedures of (i) generating ground-truth delineations and (ii) extracting
the image patches, as well as the cross-validation settings and quality metrics, are discussed in Section 2. In Section 3,165

we report and discuss the experimental results constituting the baseline results of the HyBEAR benchmark. Section 4
concludes the paper.

2 Dataset

2.1 Hyperspectral data collection

The HSIs were acquired by QZ Solutions, a company based in Poland and focused on making farming more productive170

and sustainable with new technologies1, in the southern Poland on March 3, 2021. Data acquisition was carried out
using the HySpex VS-725 hyperspectral imaging system (Norsk Elektro Optikk AS), which consists of two sensors:
SWIR-384 (spectral range: 930-2500 [nm], number of bands: 288, spectral resolution: 5.45 [nm]) and VNIR-1800
(spectral range: 400-1000 [nm], number of bands: 186, spectral resolution: 3.26 [nm]). The system was placed on
the Piper PA-31 Navajo aircraft (flight altitude 2550-2700 [m], cruising speed 61.8 [m/s], ground sampling distance175

(GSD) 2 [m], cloudless and windless weather). Finally, for each pixel, we capture 430 spectral bands in the range
414.1–2357.4 [nm] (with the spectral resolution of 3.26 [nm] for the Visible Near-Infrared [VNIR] range, and of
5.45 [nm] for the Short-Wave Infrared [SWIR] range).

1For more details concerning QZ Solutions, we refer to the official webpage of the company: https://qzsolutions.eu/.
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Figure 1. The HyBEAR benchmark patches (grid) overlaid onto the two source orthophotomaps with indication of the

divisions into the images and the folds (separated on the maps with the green dashed lines). We depict areas labeled as SOIL

using the gray color, NON-SOIL with the white color, and for the regions where we have NO DATA, we use the black color.

Data were collected for two areas: the first one depicted with the (i) P1 orthophoto map covering 7,637 [ha],
that is 19,092,581 hyperspectral pixels, and the second one, referred to as (ii) P2, for which we provide imagery180

of 35,588 [ha] (88,972,010 pixels). These areas are presented in Figure 1. The maps match two different locations in
Poland: Lower Silesian Voivodeship (P1), where the map covers the fields in the vicinity of the village of Przeworno,
and Opolskie Voivodeship (P2), for which the map reveals hundreds of hilly fields in the area south of the town
of Głubczyce. Both locations are more than 60 km apart, and the images were acquired within an hour of each
other. Thus, due to the dynamic position of the sun and clouds, the lightning conditions differed, and the HyBEAR185

dataset is heterogeneous at the spatial and image acquisition levels, hence may be used to quantify the generalization
abilities of ML algorithms. Figure 2 displays the significant difference between patches – compare images a) and
b) with c) and d) to see how they differ in terms of reflectance levels. Finally, the collected data may be used
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for two purposes: (i) for a regression task aimed at estimating soil component levels, which was the goal of the
HYPERVIEW challenge (Nalepa et al., 2022, 2024), and (ii) for the bare soil detection, which conditions the190

accuracy of the estimated component levels. In this paper, we focus exclusively on the latter task.

2.2 Ground truth preparation

High-quality Ground Truth (GT) is paramount for the validity and utility of any benchmark dataset, particularly
in remote sensing applications. Accurate GT labels are essential for training robust machine learning models and
for objectively evaluating their performance. The preparation of GT for bare soil detection in HSIs poses unique195

challenges, including spectral overlap between bare soil and other non-vegetated surfaces (e.g., roads and buildings),
as well as the potential for sparse or early-stage vegetation that may be difficult to discern.

In this benchmark, the GT was meticulously prepared through a combination of automated and manual inter-
pretation techniques to ensure high accuracy and reliability. While preparing the manual bare-soil outlines, we
considered information from vegetation indices, which are sensitive to chlorophyll and can effectively indicate the200

absence of mature vegetation. However, relying solely on vegetation indices has limitations. For instance, fresh or
very sparse vegetation might not yield a strong enough signal in vegetation indices to be reliably excluded as bare
soil. Conversely, non-vegetated areas such as roads, buildings, and artificial surfaces can exhibit low vegetation index
values, potentially leading to misclassifications if only this information source is used. Additionally, RGB channels
were insufficient for accurate bare soil mapping, primarily because the visual distinction between bare soil and other205

non-vegetated surfaces can be subtle and is dependent on flight altitude. Also, early or stressed vegetation might
not be visually apparent in RGB imagery, leading to errors in GT.

In Figure 2, several examples of patches are presented. We prepared two different views of the hyperspectral
patches: the RGB composition of the bands, and the CIR (Color Infrared using the near-infrared band) image.
As one can see, bare soil fields are not easily distinguishable using only RGB images (examples (a) through (e)).210

Relying solely on a CIR image can also be misleading (examples (b) and (e)). Objects present in the field of view,
such as dirt roads or tree shadows, can make identifying the precise borders of bare soil fields difficult, as seen in
(c) and (d) of the attached figure.

To overcome these limitations, a strategy combining the analysis of both vegetation indices and visual information
was applied. Initial outlines of potential bare-soil areas were informed by vegetation index analysis, helping identify215

regions where vegetation was likely absent. Subsequently, these outlines were carefully reviewed and refined by human
experts (with 10, 4, and 1 years of hands-on experience), who visually inspected the HSI data and potentially high-
resolution RGB imagery (if available). This manual refinement step was crucial for accurately delineating bare
soil areas and excluding non-vegetated areas, such as roads, buildings, and shadows, that vegetation indices might
have flagged. This iterative process of leveraging automated tools and expert knowledge ensures high accuracy and220

consistency in the GT labels.
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(a) IMG_1925_F4 (b) IMG_1902_F4 (c) IMG_1470_F3 (d) IMG_0829_F2 (e) IMG_1776_F4
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Figure 2. Examples of selected patches from the HyBEAR : (a) RGB images composed of bands 465.3, 532.4, and 628.3

[nm] of the source hyperspectral patches, (b) CIR images composed of bands 532.4, 628.3, 855.3 [nm], and (c) GT images.

We depict areas labeled as SOIL using the gray color, NON-SOIL with the white color, and for the regions where we have NO

DATA, we use the black color. The HyBEAR dataset provides original hyperspectral images, RGB, and CIR representations

that are composed of 3 bands only and normalized prior to display to enhance their contrast.

The careful preparation of the GT is a critical aspect that contributes to the remote sensing community. By
providing a reliable and accurate reference for bare soil, HyBEAR enables researchers to develop and evaluate
algorithms for HSI data analysis, ultimately advancing the field of bare soil detection.

2.2.1 Details of the Manual Labeling Process225

To facilitate the manual labeling process2, we worked on RGB, CIR, and NDVI compositions of bands derived from
the HSIs. The first image provided a natural view for the annotators, while the subsequent images emphasized
vegetation, including that just beginning to grow. Consequently, the vegetation, which exhibits a high degree of
reflectance in the infrared spectrum, was highlighted and rendered in vivid colors and pronounced contrast. The use

2The annotation process was performed manually in a Python application prepared for this activity, which was based on the LabelMe
library (https://pypi.org/project/labelme).
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of CIR proved particularly advantageous for analyzing fields where vegetation has already developed, enabling clear230

differentiation between young plants and other environmental components that could affect the manual delineation
process.

The annotations initially included two classes: SOIL and MAYBE-SOIL. The SOIL class was assigned in cases where
at least approx. 85% of the field surface constituted the visible soil, exhibiting no distinct indications of vegetation.
The MAYBE-SOIL label was assigned to ambiguous areas where young plants partially covered the soil or where visual235

evidence indicated that the vegetation process had already begun or was likely to start soon. All instances of the
MAYBE-SOIL class have been carefully analyzed and discussed with the domain experts, and subsequently converted
into either the SOIL or NON-SOIL class. During the annotation process, efforts were made to avoid terrain obstacles,
such as trees, bushes, or infrastructure. The factors influencing soil visibility were also considered, including terrain
topography, shading, moisture levels, and the presence of plant residues or harvest remnants.240

2.3 Extraction of image patches

To make the data analysis within HyBEAR more affordable and practical, the large source orthophotomaps were split
into smaller image patches. The HyBEAR dataset is composed of 1,954 square patches of size 250×250, that were
extracted from two different source othophotops (P1 and P2). We divided the images according to longitude into five
folds (F0, F1, F2, F3, and F4) (Figure 1). Since the second map is roughly four times larger, we assigned one fold to P1245

and four folds to the images extracted from P2 to evenly distribute the images among folds. For each of those patches,
in the dataset folder HyBEAR/images/, we store two files: an HSI with 430 spectral bands (IMG_****_F*.TIFF) and
the labels’ file (GT_****_F*.TIFF), each with its metadata and geospatial information encoded. The name of the
file is built using a consecutive file identifier (ID), and a fold number (e.g., IMG_0555_F1.TIFF). In addition to the
full version of the HyBEAR dataset, we offer a lighter version of our collection, referred to as the MINI subset of250

HyBEAR. We randomly selected a subset of 50 images from each fold, stratifying by the proportion of soil pixels in
each subset. The dataset statistics are summarized in Table 1.

It is worth noting that the primary reason we chose to use the TIFF file format for all images is that it allows us
to include geolocation information for each patch. Also, it preserves the full image encoding precision and supports
decent data compression. For HyBEAR, we selected a lossless deflate compression method that reduced the average255

patch size from approx. 215 [MB] per image to around 40-48 [MB].
The resulting image collection was tested using two different environments: QGIS (versions 3.28 and 3.40) and a

Python-based application (employing Rasterio, NumPy, and Scikit-Learn libraries—the configuration file of the
Python environment, as well as the code we use for testing, is delivered with this dataset to support reproducibility).

2.4 Cross-validation protocol260

The HyBEAR dataset consists of two independent aerial hyperspectral scenes, P1 and P2, which were carefully
selected to enable a comprehensive and rigorous evaluation of algorithms dedicated to bare soil detection. One of
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Figure 3. The HyBEAR dataset details summary. On the left: a) we depict the number of images for every fold and MINI

subsets. On the right: b) we visualize the proportion of the soil and non-soil classes across all folds and subsets (for the FULL

and MINI versions of the dataset).

the key aspects of HyBEAR is the evaluation protocol, based on the multi-fold cross-validation scenarios. To verify
the generalization capability of the bare soil detection methods, as well as their robustness to the variability of the
acquired data, we defined the experimental scenarios within a five-fold cross-validation framework:265

– Stage 1: training an algorithm on the folds F1 to F4 (T ) testing on the fold F0 ( ).

– Stage 2: training an algorithm on the folds F 6=1 (T ) testing on the fold F1 ( ).

– Stage 3: training an algorithm on the folds F6=2 (T ) testing on the fold F2 ( ).

– Stage 4: training an algorithm on the folds F 6=3 (T ) testing on the fold F3 ( ).

– Stage 5: training an algorithm on the folds F6=4 T ) testing on the fold F4 ( ).270

This evaluation protocol has been designed with several key objectives in mind, relevant to the evaluation of
algorithms in the context of real-world applications of bare soil detection from aerial data:

– Evaluation of generalization to spatially independent areas—the hyperspectral scenes P1 (F0) and P2

(F1:F4) represent data acquired from different geographical locations. Testing on one area after training on the
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other allows a direct assessment of the algorithm’s ability to generalize knowledge to new, previously unseen275

areas. This is crucial, as in practice, models are rarely applied to exactly the same areas where they were
trained.

– Verification of robustness to the variability of acquisition conditions—aerial data can exhibit sig-
nificant spectral and spatial variability depending on atmospheric conditions, illumination, season, or sensor
configuration. Our evaluation protocol, by testing on spatially-disjoint areas (P1 and P2, see Figure 1), enables280

the assessment of the algorithms’ robustness to such factors. An algorithm that performs well in both scenarios
demonstrates greater reliability.

– Preventing overfitting to the specifics of a single dataset—training and testing on the same dataset
can lead to inflated performance evaluations if the model learns specific characteristics of that dataset that
are not universal. Our cross-validation protocol minimizes this risk by forcing the model to learn more general285

and representative features of bare soil.

– Enabling comparability of results—defining clear data splitting scenarios as part of the benchmark ensures
that different bare soil detection methods can be evaluated in a consistent and comparable manner. This allows
researchers to objectively quantify and assess the progress in this field.

To facilitate a fair comparison of different bare soil detection methods, the following commonly adopted classifica-290

tion and segmentation metrics will be used to quantitatively evaluate the models within the presented evaluation
protocol—these metrics are presented in the next section.

2.5 Evaluation metrics

To evaluate the performance of the emerging ML models, a series of commonly adopted classification metrics is
used (Powers, 2011). This choice is motivated by the need for a comprehensive analysis of the models’ ability to295

correctly identify bare soil pixels.

– Accuracy (ACC) measures the overall percentage of correctly classified samples, and it is calculated as:

ACC =
TP+TN

TP+TN+FP+FN
, (1)

where TP, TN, FP, and FN represent true positives (correctly classified bare soil image pixels), true negatives
(correctly classified non-bare soil image pixels), false positives (the non-bare soil image pixels incorrectly300

classified as those containing bare soil), and false negatives (bare soil image pixels incorrectly classified as the
non-bare soil image pixels). Accuracy represents a fundamental measure of classification effectiveness.

– Sensitivity (SEN) determines the model’s ability to identify all actual positive cases (bare soil image pixels):

SEN =
TP

TP+FN
. (2)305
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High sensitivity is crucial for minimizing bare soil omissions (false negatives).

– Specificity (SPE) measures the model’s ability to correctly identify all actual negative cases (image pixels
not containing bare soil):

SPE =
TN

TN+FP
. (3)

High specificity ensures that the model rarely generates false positive detections.310

– F-score (F1) represents the harmonic mean of precision ( TP
TP+FP ) and sensitivity, providing a balanced measure

of performance, particularly important for potentially imbalanced datasets:

F1 = 2 · Precision ·Sensitivity
Precision+Sensitivity

=
2 ·TP

2 ·TP+FP+FN
. (4)

– Intersection over Union (IoU) measures the degree of overlap between the predicted and actual positive
outcomes. It is particularly useful for evaluating the quality of segmentation or object detection. It is calculated315

as the ratio of the intersection of the sets of predicted positives and actual positives to their union:

IoU =
TP

TP+FP+FN
. (5)

– Matthews Correlation Coefficient (MCC) is a measure of the correlation between observed and predicted
binary classifications, more robust to imbalanced data than ACC or F1 (Chicco et al., 2021). It is calculated
as:320

MCC =
TP ·TN−FP ·FN√

(TP+FP)(TP+FN)(TN+FP)(TN+FN
. (6)

– The Receiver Operating Characteristic (ROC) curve illustrates the relationship between SEN and (1−
SPE) for various classification thresholds (Powers, 2011). The Area Under this Curve (AUC) quantifies
the overall ability of the model to discriminate between classes, where higher AUC values indicate better
performance.325

Collectively, these metrics are crucial to provide a comprehensive, objective, and standardized way to assess and
compare the performance of various methods in the bare soil detection task.

2.6 Dataset organization

The data is organized in the following directory structure:

– HyBEAR/—the main directory serving as the root for the entire dataset. It contains all the necessary files and330

subdirectories to organize the hyperspectral patches and their corresponding GTs for both P1 and P2.
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– HyBEAR/images/—this directory is the core of the dataset, containing the extracted hyperspectral patches and
their associated GTs. This organization allows for direct access to the data for training and testing purposes:

– HyBEAR/images/F0_FULL/, …, HyBEAR/images/F4_FULL/,
HyBEAR/images/F0_MINI/, …, HyBEAR/images/F4_MINI/—these directories contain the TIFF image patches335

and the GT patches for folds F0:F4, and for MINI or FULL subset.

– HyBEAR/code/—this directory stores several Python Jupyter Notebook files: for the initial dataset presenta-
tion, for displaying the hyperspectral patches and their associated GTs, for the reproduction of the reported
benchmark results of the best-performing machine learning models, as well as the configuration file allowing
the installation of the Python open-source libraries that are necessary to process the dataset.340

– HyBEAR/models/—this directory contains the models trained using HyBEAR under the suggested 5-fold cross-
validation regime. We deliver models for each validation phase and for two different machine learning algorithms
(Logistic Regression and Support Vector Machines). Therefore, this folder contains 10 files. These models can
be verified using the HyBEAR/code/model_evaluation.ipynb that was developed to support the classification
of each hyperspectral image and pixel.345

The hyperspectral image patches (files from IMG_0000_F0.tiff to IMG_1953_F4.tiff) contain information about
the light reflectance values in different spectral ranges for each pixel. The GT patches (files from GT_0000_F0.tiff

to GT_1953_F4.tiff) store binary information and indicate which pixels in the hyperspectral patch belong to:

– the SOIL class—encoded as (1),

– and which do not depict SOIL (hence, are NON-SOIL)—encoded as (0),350

– additionally, for the pixels extracted from the edges of the main hyperspectral scene that do not contain data
in the image, we use the code (-9999) and encode them in the GT images as background, thereby supporting
their automated filtration.

The patches have fixed dimensions of 250×250 pixels and were generated using a grid-based method from the
original hyperspectral scenes P1 and P2. The dataset (consisting of these patches) is available at https://doi.org/355

10.5281/zenodo.17607897. The entire dataset comprises 1,954 data tuples and has a total size of 96 [GB] (for the
compressed files, with the average size of a single tuple being 48 [MB]).

3 Experiments and baseline results

3.1 Methods

In addition to the dataset, several machine learning models were evaluated under the introduced cross-validation360

regime. We trained models on the hyperspectral pixels extracted separately from each image, and we employed
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Table 1. The HyBEAR dataset structure and descriptive statistics.

Fold Source Number of Number of Number of Soil / Non-Soil Background Size
Map Id Images Soil Pixels Non-Soil Pixels Pixel Ratio [%] Pixel Ratio [%] [MB]

FULL dataset

F0 P1 360 5,407,227 13,685,354 28.3 15.1 17785.35
F1 P2 389 8,079,009 13,469,713 37.5 11.4 19398.19
F2 P2 394 11,377,235 11,696,924 49.3 6.3 20196.45
F3 P2 400 8,557,984 13,012,410 39.7 13.7 18807.78
F4 P2 411 9,058,907 13,719,828 39.8 11.3 19837.53

Σ P1 ∪ P2 1,954 42,480,362 65,584,229 39.3 11.5 96025.30

MINI dataset

F0 P1 50 700,992 2,040,112 25.6 12.3 2559.51
F1 P2 50 998,715 1,690,212 37.1 14.0 2429.20
F2 P2 50 1,397,507 1,410,897 49.8 10.1 2449.66
F3 P2 50 990,808 1,753,872 36.1 12.2 2394.34
F4 P2 50 1,250,892 1,680,835 42.7 6.2 2549.96

Σ P1 ∪ P2 250 5,338,914 8,575,928 38.4 10.9 12382.67

the standard machine learning model architectures: Logistic Regression (later denoted as LR), Linear models with
L2 Regularization (L2), Adaptive Boosting (AB), Support Vector Machines with a linear kernel (SVM), Decision
Trees (DT), and Random Forest (RF). All models operate on feature vectors of size 430, which are the values of
all spectral bands captured within a particular pixel. The selected models enable the efficient processing of the365

extensive HyBEAR dataset, for which the number of pixels for an image could reach 62,500. Since the number of
images in each fold varies, and as we exclude the background pixels that do not contain any data, the overall number
of training samples varies accordingly. The ratio of “useful” pixels (excluding background) regarding every fold is
reported in Table 1.

3.2 Baseline results370

In the experiments, we exploit both versions of the HyBEAR benchmark, with all the images (FULL), and using
only a subset of 50 images from each fold (MINI). Table 2 provides the aggregated metrics, together with their
standard deviation. The detailed results of every fold are gathered in the appendix (Table A1). Additionally, the
results are depicted in Figure 4. Here, in addition to the metrics computed for every fold (points on the dashed
lines), we plotted the average metric levels (dotted lines). Following this visualization should allow for spotting the375

models that are more consistent across the folds, and therefore, would return a more robust and universal classifier.
The highest performance scores were obtained for the LR-based models for the majority of metrics, with the

SVM-based models reaching nearly the same performance, both for the FULL and MINI versions of HyBEAR. In
Figure 5, we present three example patches, with the GT labels, and the corresponding predictions elaborated using
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the investigated machine learning models. Here, the red areas show the false positive bare soil detections, whereas380

the yellow areas correspond to the false negative detections. The average accuracy for some models reached a decent
level of 0.926–0.927 (for SVM and LR, respectively), and the F-score was almost 0.9 (0.898 for the best-performing
LR model). When previewing the predictions for these models over the example test patches (Figure 5), we can
observe that there is still significant room for improvement for most of the models. For some less challenging patches
(i.e., IMG_0717_F1), the results are satisfactory, but for some others (i.e., IMG_0022_F0), most of the models385

perform poorly. For this image, only L2, LR, and SVM work reasonably well. One could notice that, on average, the
less complicated linear models allow for better solutions, less prone to noise, and more universal for the new data
(Table A1). However, capturing intrinsic bare soil features, through e.g., automated representation learning in deep
learning models, may help boost the capabilities of the detectors—this should be further researched.

Table 2. The HyBEAR benchmark baseline results (the average and standard deviation, µ±σ) averaged after the 5-fold

cross-validation procedure. The best results for each metric are boldfaced.

Model ACC SEN SPE F1 IoU MCC ROC
µ±σ µ±σ µ±σ µ±σ µ±σ µ±σ µ±σ

Evaluation using all images from each fold – FULL dataset

AdaBoost 0.857 ± 0.025 0.825 ± 0.158 0.865 ± 0.044 0.804 ± 0.098 0.680 ± 0.125 0.691 ± 0.096 0.845 ± 0.062
Decision Trees 0.881 ± 0.033 0.776 ± 0.170 0.934 ± 0.017 0.817 ± 0.121 0.703 ± 0.153 0.733 ± 0.113 0.855 ± 0.077
Linear w L2 regularization 0.916 ± 0.013 0.965 ± 0.028 0.882 ± 0.029 0.897 ± 0.023 0.814 ± 0.039 0.831 ± 0.024 0.923 ± 0.008
Logistic Regression 0.927 ± 0.016 0.910 ± 0.099 0.928 ± 0.025 0.898 ± 0.051 0.819 ± 0.080 0.841 ± 0.052 0.919 ± 0.038
Random Forest 0.919 ± 0.038 0.840 ± 0.182 0.953 ± 0.019 0.869 ± 0.117 0.782 ± 0.162 0.816 ± 0.112 0.897 ± 0.083
Support Vector Machines 0.926 ± 0.016 0.909 ± 0.108 0.927 ± 0.027 0.897 ± 0.054 0.817 ± 0.084 0.841 ± 0.053 0.918 ± 0.041

Evaluation using 50 selected images from each fold – MINI dataset

AdaBoost 0.823 ± 0.024 0.813 ± 0.133 0.822 ± 0.064 0.776 ± 0.074 0.638 ± 0.095 0.634 ± 0.070 0.818 ± 0.045
Decision Trees 0.866 ± 0.042 0.777 ± 0.173 0.913 ± 0.028 0.804 ± 0.118 0.684 ± 0.150 0.707 ± 0.116 0.845 ± 0.077
Linear w L2 regularization 0.890 ± 0.026 0.970 ± 0.022 0.836 ± 0.042 0.872 ± 0.034 0.774 ± 0.055 0.789 ± 0.044 0.903 ± 0.018
Logistic Regression 0.907 ± 0.019 0.923 ± 0.072 0.891 ± 0.047 0.884 ± 0.034 0.793 ± 0.055 0.810 ± 0.039 0.907 ± 0.022
Random Forest 0.906 ± 0.044 0.846 ± 0.183 0.934 ± 0.032 0.860 ± 0.112 0.766 ± 0.155 0.797 ± 0.112 0.890 ± 0.080
Support Vector Machines 0.906 ± 0.018 0.922 ± 0.079 0.890 ± 0.041 0.882 ± 0.037 0.791 ± 0.060 0.808 ± 0.041 0.906 ± 0.025

4 Conclusions390

Bare soil detection is an important task in precision agriculture, as it allows for determining the areas in Earth
observation imagery that shall be further analyzed while estimating specific soil parameters and features. In this
paper, we introduced HyBEAR —a comprehensive hyperspectral benchmark dataset, accompanied by the baseline
results for automated bare soil detection from HSIs. The provided large-scale data collection delivers high-resolution
hyperspectral imagery (with the 2 m GSD), together with the carefully prepared ground-truth delineations of bare395

soil areas. These annotations were meticulously verified in collaboration with domain experts who routinely analyze
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Figure 4. The benchmarking results for the investigated machine learning models. We present the results for each fold

separately, along with the average result for each metric (dotted line).

soil samples. Finally, the provided airborne imagery is free of disturbances, with no cloud cover or dust in the camera’s
field of view. To our knowledge, the HyBEAR dataset is the first in the literature that offers bare soil pixels captured
for specific agricultural parcels (i.e., it is not a set of spatially unaware multi/hyperspectral pixels). Therefore, it
may be utilized in practical examples, where delineating the field boundaries is key. HyBEAR defines the five-fold400

cross-validation procedure and is accompanied by the baseline results. We strive to ensure full reproducibility of any
research that will emerge based on the provided benchmark, and thus made our implementations and code examples
publicly available.

17

https://doi.org/10.5194/essd-2026-64
Preprint. Discussion started: 22 April 2026
c© Author(s) 2026. CC BY 4.0 License.



IMG_0022_F0 IMG_0717_F1 IMG_1210_F3
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Figure 5. Example bare soil detection results with the quantitative metrics: (a) RGB images with (b) GT marked in white,

(c-h) various prediction methods (TP—green, FP—yellow, FN—red, TN—black, missing data/background—gray).

The experimental results reported in this work will serve as the point of departure for future work, potentially in
a multitude of use cases related to hyperspectral data analysis. The quantitative and qualitative results showed that405

there are areas where classic machine learning models (operating on spectral curves for each hyperspectral pixel)
fail to appropriately identify bare soil. Thus, extracting more discriminative features and leveraging automated
representation learning offered by deep learning (Guerri et al., 2024) would likely lead to higher-quality bare soil
detection. It is important to emphasize that the HyBEAR dataset may be exploited for other tasks, such as feature
extraction (Zhang et al., 2024), feature selection (Tan et al., 2025), unsupervised clustering/domain adaptation (Cai410

et al., 2024), and many more.
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5 Code and data availability

We published HyBEAR – Wijata et al. (2025) on Zenodo: https://doi.org/10.5281/zenodo.17607897. In addition
to the images and data, this package includes the Python code for evaluating the machine learning models with
HyBEAR, as well as other code examples.415

Appendix A: Detailed experimental results

Table A1: The detailed results for all evaluated algorithms, computed under a 5-fold cross-validation regime in two
variants: using all available images (FULL) and the MINI subset.

Model Fold Performance Metrics

ACC SEN SPE F1 IoU MCC AUC

Evaluation using all images from each fold – FULL dataset

AdaBoost 0 0.817 0.546 0.925 0.629 0.458 0.522 0.735
1 0.880 0.904 0.866 0.850 0.739 0.755 0.885
2 0.865 0.852 0.878 0.861 0.756 0.730 0.865
3 0.850 0.921 0.803 0.829 0.709 0.709 0.862
4 0.872 0.902 0.852 0.848 0.737 0.742 0.877

Decision Trees 0 0.823 0.473 0.961 0.602 0.431 0.531 0.717
1 0.901 0.860 0.926 0.867 0.766 0.789 0.893
2 0.895 0.858 0.932 0.890 0.802 0.793 0.895
3 0.890 0.851 0.916 0.860 0.754 0.770 0.883
4 0.896 0.839 0.933 0.865 0.762 0.782 0.886

Linear w L2 regularization 0 0.925 0.917 0.928 0.874 0.777 0.823 0.923
1 0.908 0.989 0.860 0.890 0.802 0.825 0.925
2 0.931 0.982 0.881 0.933 0.875 0.866 0.931
3 0.898 0.964 0.854 0.882 0.789 0.802 0.909
4 0.918 0.971 0.884 0.904 0.825 0.839 0.927

Logistic Regression 0 0.904 0.734 0.971 0.812 0.684 0.756 0.853
1 0.930 0.946 0.921 0.911 0.836 0.855 0.933
2 0.944 0.967 0.922 0.945 0.896 0.890 0.945
3 0.919 0.939 0.905 0.902 0.821 0.834 0.922
4 0.936 0.962 0.919 0.923 0.857 0.870 0.940

Random Forest 0 0.851 0.514 0.984 0.662 0.494 0.617 0.749
1 0.933 0.920 0.941 0.912 0.838 0.858 0.931
2 0.938 0.924 0.952 0.936 0.880 0.876 0.938
3 0.931 0.924 0.936 0.914 0.842 0.857 0.930

Continued on next page...
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Table A1 – continued from previous page

Model Fold ACC SEN SPE F1 IoU MCC ROC

4 0.939 0.919 0.953 0.923 0.858 0.873 0.936

Support Vector Machines 0 0.902 0.718 0.975 0.806 0.675 0.752 0.846
1 0.931 0.967 0.909 0.913 0.840 0.859 0.938
2 0.945 0.971 0.920 0.946 0.897 0.891 0.945
3 0.921 0.935 0.912 0.903 0.824 0.838 0.923
4 0.933 0.956 0.918 0.920 0.851 0.865 0.937

Evaluation using 50 selected images from each fold – MINI dataset

AdaBoost 0 0.801 0.577 0.908 0.652 0.484 0.524 0.742
1 0.841 0.880 0.820 0.798 0.663 0.677 0.850
2 0.854 0.851 0.857 0.853 0.743 0.708 0.854
3 0.804 0.894 0.743 0.786 0.648 0.625 0.818
4 0.816 0.866 0.782 0.790 0.653 0.636 0.824

Decision Trees 0 0.796 0.471 0.951 0.599 0.427 0.508 0.711
1 0.886 0.870 0.894 0.844 0.730 0.754 0.882
2 0.904 0.880 0.927 0.901 0.819 0.808 0.903
3 0.864 0.843 0.878 0.834 0.715 0.719 0.861
4 0.878 0.824 0.915 0.845 0.731 0.746 0.869

Linear w L2 regularization 0 0.905 0.935 0.891 0.864 0.761 0.797 0.913
1 0.873 0.992 0.808 0.847 0.735 0.766 0.900
2 0.928 0.984 0.873 0.931 0.871 0.861 0.928
3 0.866 0.968 0.797 0.853 0.744 0.750 0.882
4 0.877 0.971 0.814 0.863 0.760 0.769 0.892

Logistic Regression 0 0.909 0.795 0.964 0.850 0.739 0.789 0.879
1 0.904 0.942 0.883 0.875 0.777 0.803 0.913
2 0.938 0.972 0.904 0.940 0.886 0.878 0.938
3 0.888 0.948 0.847 0.872 0.773 0.781 0.897
4 0.897 0.957 0.857 0.881 0.788 0.799 0.907

Random Forest 0 0.830 0.520 0.978 0.664 0.497 0.603 0.749
1 0.916 0.924 0.912 0.887 0.797 0.822 0.918
2 0.943 0.945 0.941 0.943 0.892 0.886 0.943
3 0.911 0.932 0.896 0.894 0.808 0.819 0.914
4 0.930 0.910 0.943 0.912 0.838 0.853 0.926

Support Vector Machines 0 0.902 0.785 0.958 0.838 0.721 0.772 0.871
1 0.904 0.971 0.866 0.877 0.781 0.809 0.919
2 0.938 0.975 0.902 0.940 0.886 0.878 0.938
3 0.895 0.938 0.866 0.878 0.783 0.791 0.902
4 0.894 0.944 0.860 0.877 0.781 0.790 0.902
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