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Abstract

Monitoring human activities in remote areas presents significant challenges due to lacking communication networks and
infrastructure. In this context, using publicly available satellite imagery offers a cost-effective solution, as it enables the
identification of changes in these areas. However, specific scenarios make detection more complicated. One such scenario
is detecting indoor activity within buildings in remote areas. Walls and roofs create barriers for most sensors. Nevertheless,
activities inside buildings can be associated with heat emissions, which specific remote sensors can detect. Unfortunately,
publicly available satellite data does not include information from such sensors. In light of this limitation, this study investigates
the opportunity of using machine learning models to interpret public-available data. Specifically, we trained four machine
learning models (XGBoost, LGBM, DNN, and CNN) using images from Sentinel-2 Band 12 (the sensor with the frequency
range closest to the heat emission peak) and meteorological data (temperature). Our results show that these models can
identify farm-building activity, with the XGBoost model achieving the highest accuracy of 0.96 by integrating satellite data
and temperature information; the findings suggest that leveraging public satellite sensors can effectively detect human heat
emissions and improve surveillance in remote areas, overcoming some limitations of traditional methods.

Keywords Machine learning - Neural networks - Satellite image - Remote sensing

Introduction

Human activities in remote areas are often challenging to
monitor and control due to the lack of infrastructure and com-
munication networks. For instance, a hut far from roads and
communication networks can be easily used without autho-
risation (even for illegal business). In this context, using
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publicly available satellite imagery offers a cost-effective
solution, as it enables the identification of changes in these
areas. However, there are many scenarios where detection
becomes more complex.

One such scenario involves detecting indoor activity
within buildings in remote areas. Human indoor activi-
ties in this context include any that can be associated
with variations in the temperature inside a building, which
may be linked to heat emissions from the building. These
activities might include using heaters, cooling systems, high-
temperature machinery, and agricultural operations such
as livestock housing or crop drying. Also, industrial pro-
cesses like metalworking, food processing, and storage of
temperature-sensitive materials can contribute to detectable
heat variations. The range of emissions (8000-14000 nm) is
important for such detections, and the challenge lies not in the
absence of sensors capable of detecting these wavelengths but
in the lack of sensors with sufficient resolution in this range.
Walls and roofs often obstruct sensors, and the available res-
olution limits the ability to pinpoint variations effectively;
this limitation complicates the detection of routine and poten-
tially illicit activities, such as unauthorized occupancy, drug
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Table 1 Sentinel-2 resolution and spectral bands

Spatial Resolution Spectral Resolution

Resolution Band Wavelength (nm)¢ Central Wavelength (S2A)* Bandwidth (S2A) Central Wavelength (S2B)? Bandwidth (S2B)

(Meters/Pixel)

10 B2 490 492.7 65 492.3 65
B3 560 559.8 35 558.9 35
B4 665 664.6 30 664.9 31
B8 842 832.8 105 832.9 104

20 B5 705 704.1 14 703.8 15
B6 740 740.5 14 739.1 13
B7 783 782.8 19 779.7 19
B8a 865 864.7 21 864 21
B11 1610 1613 90 1610.4 94
B12 2190 2202.4 174 2185.7 184

60 Bl 443 442.7 20 4422 20
B9 940 945.1 19 943.2 20
B10 1375 1373.5 29 1376.9 29

3 S2A: Refers to the first satellite of the Sentinel-2 mission.

b §2B: Refers to the second satellite of the Sentinel-2 mission, complementing S2A for higher temporal resolution.
¢ nm: Nanometers, a unit of measurement for wavelengths in the electromagnetic spectrum

production, human trafficking, illegal migration, or similar
activities (Sarrica 2022; Tellman et al. 2020; Avila-Zuniga-
Nordfjeld et al. 2023; Froehlich and Taiatu 2020).

In light of this limitation, this study investigates the fea-
sibility of using machine learning models to interpret the
current public-available data. Specifically, we analyse if
detecting the wavelengths of activity emissions outside the
emission peak that overlap with the satellite sensors range
is possible. We have focused on the Copernicus Sentinel-2
mission!, which provides frequent data updates and detects a
broad range of frequencies. It consists of two polar-orbiting
satellites placed in the same sun-synchronous orbit with a
revisit time between 2 and 5 days, depending on the latitude
and under cloud-free conditions. Each satellite has sensors
for the twelve bands shown in Table 1. Among these, the
B12 band is the closest to human heat emissions, operat-
ing at a central wavelength of 2202.4 nm for sensor S2A and
2185.7 nm for S2B (The-European-Space-Agency 2015) and
is used to identify snow, ice, and clouds (water absorption
emission). This band operates in the near-infrared spectrum
rather than the thermal infrared range (8000-14000 nm) typ-
ically associated with human heat emissions. In this study,
"heat signals" refer to patterns in the spectral response of the
B12 band that indirectly indicate variations in building condi-
tions, such as human activities or equipment usage, inferred
through machine learning models.

! https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-2,
Last visit October 2024
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Since the sensor data cannot be directly interpreted as heat
signals, we have trained different neuronal network models
to learn to interpret it. Specifically, we have compared the
performance of Dense Neural Networks (DNN), Convolu-
tional Neural Network (CNN), Extreme Gradient Boosting
(XGBoost) and Light Gradient Boosting Machine (LGBM)
models due to their suitability and accuracy in similar con-
texts (Bal and Kayaalp 2021; Tos et al. 2021). These models
have been trained with images of a selection of buildings
obtained from the Sentinel-2 B12 sensors taken at different
moments, information about the state of use of the building in
each image, and meteorological data with the daily tempera-
ture in each area used for training. The models infer activity
patterns that correlate with variations in the spectral response
of the B12 band. As a summary of the above, the most inno-
vative aspects that could be considered as contributions of
this work are:

e Innovative use of the B12 band (SWIR, ~textbf2200
nm): Utilized to indirectly detect human activity, beyond
its conventional application in snow, moisture, and cloud
detection.

e Off-peak thermal emission detection (outside 8000-
14000 nm): Explores alternative wavelengths where
traditional thermal sensors do not operate, enabling new
possibilities in remote sensing.

e Focus on remote sites and isolated buildings: Targets
infrastructure in rural, clandestine, or distant areas-
contexts rarely addressed in current literature.
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e Alternative to traditional thermal sensors: Addresses
challenges like low spatial resolution, persistent cloud
cover, or low temporal frequency of thermal satellites.

e None of the reviewed works detect human pres-
ence in remote facilities using B12 or SWIR, and
existing studies focus on environmental or agricul-
tural variables: No prior studies explore this possibility
explicitly, as most works apply Sentinel-2 to parame-
ters like geology, salinity, crop growth, or biomass-not to
activity-based detection.

e Unprecedented combination: off-peak thermal detec-
tion + ML + remote surveillance: No reviewed research
addresses the joint use of these three components with
Sentinel-2 B12.

The rest of the paper is structured as follows. The fol-
lowing section presents a state-of-the-art revision related to
the proposed hypothesis. Section‘“Materials and methods"
describes the experiment designed. After this, the results of
the investigation are discussed. The paper ends with a conclu-
sion and future applications and studies based on the results
of the experiment.

Related work

Recent technologies and advances in satellite imagery have
encouraged data classification initiatives using machine
learning techniques in multiple areas, such as agriculture,
environment, cartography, topography, and urban planning.

In the agriculture and environment field, Zhou et al. (2018)
implemented a CNN and SVM to classify different crop types
in satellite images; these techniques are more precise and effi-
cient crop management by distinguishing types such as rice,
peanuts, and corn. The research by Yan et al. (2021) proposed
a method based on discrete grids with machine learning to
integrate GaoFen-1 and Sentinel-2 imagery for large-scale
crop mapping. In Vasilakos et al. (2020), the researchers took
advantage of the high spectral and spatial resolution sensors
of sentinel-2 to monitor changes in the Mediterranean ecosys-
tem. They tested six traditional classifiers and nine ensemble
classifiers based on voting methods. Similarly, Alshari and
Gawali (2020) used Sentinel-2 images to identify vege-
tation cover and land use with different strategies based
on the analysis of pixels, objects, rules, distance, and the
use of neural networks. Concurrently, Kim et al. (2022)
utilised Sentinel-2 multispectral bands to detect chlorophyll
in optically complex inland and coastal waters, employing
machine-learning regression models. Liu et al. (2022) iden-
tified high-risk environments for disease transmission using
WorldView-2 satellite photos enhanced with semantic seg-
mentation techniques. In recent studies, Alberto Vavassori
and Brovelli (2023) compared the effectiveness of multi-

spectral (Sentinel-2) and hyperspectral (PRISMA) imagery
in Local Climate Zone (LCZ) classification. Their research
used seasonal imagery, the PRISMA mission, and Sentinel-2
images to capture and analyse vegetation variations. In the
study proposed by Zhang et al. (2021), and in the investi-
gations by Abdollahi et al. (2022); Dhedia et al. (2021), the
Random Forest algorithm was employed, fine-tuned through
Bayesian optimisation for land cover identification using
Sentinel-2 imagery. They used a deep learning model (U-
Net) in their solution to analyse the images and produce
segmentation maps for the aquatic vegetation where the snail
tends to have its habitat. Dhedia et al. (2021) studied the
characterisation of the terrain of the geographical area using
Sentinel-2 images and a Random Forest algorithm. This
approach emphasises the importance of accurate terrain map-
ping in understanding and managing the ecological footprint
of various landscapes. Moreover, Ge et al. (2022) pro-
posed a hybrid learning framework that combines Sentinel-2
data (except B1) and environmental covariates to identify
problems in soil salinisation. This methodology, employing
reinforced gradient regression trees, illustrates the integration
of environmental data with multispectral imaging for focused
ecological applications. In Suaza-Medina et al. (2024), a pre-
dictive model was developed to accurately determine the
optimal maise harvest date, ensuring sustainable food pro-
duction amid growing global demand. This model utilises
the Normalised Difference Vegetation Index (NDVI) and
climatological data, highlighting the significant impact of
atmospheric pressure, mean temperature, precipitation, and
NDVI on the prediction outcomes.

Satellite imagery is also broadly used for urban plan-
ning, monitoring, and identification of land use. Pati et al.
(2020) introduced a hybrid approach combining supervised
and unsupervised learning techniques to detect changes in
remote sensing images, enhancing the detection accuracy by
considering the spatial relationships of adjacent pixels. Dixit
et al. (2022) proposed a methodology for extracting build-
ings inimages obtained from Sentinel-2 and OpenStreetMap.
They use all Sentinel-2 high-resolution bands, including
the SWIR and enhanced multispectral satellite images with
information on impervious surfaces. The study by Mem-
duhoglu et al. (2024) proposed to classify urban building
functions by using large language models (LLMs) combined
with OpenStreetMap (OSM) labels and spatial and physical
data, and this approach highlights how LLMs improve the
interpretation of geospatial labels in urban environments, the
research shows how this integration can help improve fea-
ture classification in different areas of the city. Chen et al.
(2022) introduced a novel Res2-Unet framework for detect-
ing buildings in aerial images. This framework innovates
using a two-step process involving segmentation and con-
ditional random field (CRF) refinement to enhance building
boundary accuracy. Furthermore, Paul and Bhoumik (2022)
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Suggested the HyperUnet architecture, a novel approach for
hyperspectral image classification. This methodology incor-
porated spectral partitioning techniques, improving variance
in pixel values and limited labelled data. Wang and Hu (2022)
used machine learning to identify rural architecture for China
rural development. They introduced a new Recog-Net model.
This model incorporated the histogram of oriented gradients
(HOG), used for contour feature extraction and combined
with an SVM classifier for feature classification. Wahbi
et al. (2023) directed their attention towards detecting and
mapping settlements in rural regions of Morocco using deep
learning algorithms and Sentinel-2 satellite images. Their
study tests the performance of the UNet convolutional neural
network architecture and the deep Residual UNet (ResUNet)
model. In parallel, Chen et al. (2023) introduced an inno-
vative building extraction method for large-scale satellite
imagery. This method utilises super-resolution and instance
segmentation with a lower-resolution open dataset and an
advanced R-CNN with a Multi-Path Vision Transformer.
Meanwhile, Song and Lu (2024) developed a model that com-
bines ResNet and LSTM neural networks to analyse remotely
sensed images and temporal data, better capturing the evolu-
tion of urban landscapes; this method allows more accurate
classification of features within a city, like Nurkarim and
Wijayanto (2023) also investigated the use of neural networks
to interpret aerial imagery, using both visual and temporal
features to classify urban functions. Du et al. (2024) explored
urban satellite image segmentation using deep learning tech-
niques, focusing on urban landscape analysis, and Munyati
(2024) studied the effect of temperature on urban vegetation
using thermal imagery trying to understand how temperature
influences vegetation behaviour in cities, thus aiding in urban
green space conservation planning.

Regarding land use classification, Talukdar et al. (2020)
propose multiple land-use/land-cover (LULC) mapping mod-
els. These models cater to the nuanced demands of precise
land cover classification, which is critical for effective land
management and planning. The investigation by Rahman
etal. (2020) centred on the comparative assessment of diverse
machine learning algorithms for satellite image classifica-
tion, focusing explicitly on rural and urban areas. They aimed
to identify suitable algorithms for detecting land use and land
cover change (LULCC) in fragmented regions. Their work
aimed to fine-tune the accuracy of satellite-based classifi-
cations, which are essential for monitoring and managing
fragmented habitats and landscapes. A separate investiga-
tion by Abdollahi et al. (2022) applied a LeNet network
for high-resolution grassland mapping based on Sentinel-
2, Landsat and stationary time series imagery. The resulting
maps were compared with existing systems, such as the Aus-
tralian Land Use and Management and the Dynamic Land
Cover Dataset. Khurana et al. (2023) used multi-temporal
Sentinel-2 imagery to classify land cover in urbanised areas,
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employing support vector machines (SVMs) and testing dif-
ferent algorithms to improve accuracy. Sirous et al. (2023)
developed a generative adversarial network to classify urban
land uses using data from different sources, thus improving
the classification accuracy.

The thermal detection context studied in this paper has a
prominent area of focus. An illustrative example is the work
of Cho et al (2018). Utilising the Shortwave Infrared (SWIR)
band from Landsat-8, they developed a refined algorithm for
disaggregating Thermal infrared (TIR) images. Following
this line of research, Marchese et al. (2019) applied satel-
lite imagery from Sentinel-2 and Landsat-8 to map volcanic
thermal anomalies on a global scale. They integrated TIR
and SWIR sensor data to identify volcanic hot pixels in
daylight. In the study by Kato et al. (2021), they use Convo-
lIutional Neural Networks (CNNs) combined with decision
trees to effectively classify high-temperature heat sources
from Landsat and Sentinel-2 images. dos Santos (2020)
produced a parsimonious model to retrieve maximum air
temperature (Tmax) at high spatiotemporal resolution using
Earth Observation (EO) satellite data for London over eleven
years; they employed six different machine learning algo-
rithms to estimate Tmax within an urban context. Garzén
et al. (2021) developed models using a combination of
Sentinel-2 and Landsat imagery to study heat islands in urban
areas, and Liu et al. (2021) studied how factory characteris-
tics such as scale and structure impact local temperatures,
providing insights to improve environmental management
practices. Another example is in Hrisko et al. (2021), which
utilised a gradient-boosted regression model alongside a hys-
teresis model derived from satellite data to estimate urban
heat storage. Kafy et al. (2021) examined the effects of
rapid urbanisation on changes in land use/land cover (LULC)
and land surface temperature (LST); the research provided
detailed insights into pattern recognition and temperature
fluctuations resulting from urban sprawl. In addition, Lyu
et al. (2022) proposed a cyberGIS framework that inte-
grates multiple machine learning models to predict Urban
Heat Island effects with fine spatiotemporal granularity.
Finally, Natale et al. (2023) introduced Physically Consistent
Neural Networks (PCNNSs), which were extended to multi-
zone building thermal models. These networks maintain
physical compliance and capture unknown nonlinear dynam-
ics. Their study’s results demonstrated significant accuracy
improvements over linear and residual models.

Recent Research in supplemental thermal radiation detec-
tion using satellite data has advanced due to its accessibility,
high spatial and temporal resolution, and suitable spectral
capability. Recent studies have explored the indirect use of
the Sentinel-2 B12 band for thermal monitoring, highlighting
its utility in soil type discrimination, mineral identification,
and soil moisture analysis (Thomas et al., 2022). Specifi-
cally, spectral combinations that include the B12 band have
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proven effective for discriminating minerals with differenti-
ated thermal properties, thus facilitating the indirect detection
of thermal anomalies on terrestrial surfaces (Anifadi et al.,
2024). However, despite these advancements, there is a
gap in the current scientific literature regarding the specific
utilization of Sentinel-2’s B12 band for indirect or direct ther-
mal detection, especially concerning precise estimation of
supplemental thermal radiation in complex environmental
scenarios such as remote sites, isolated buildings, and areas
distant from urban settings. Although novel approaches com-
bining multispectral images with advanced machine learning
techniques for mapping properties like aboveground biomass
and soil salinity exist (Sirpa-Poma et al., 2023; Wang et
al., 2024), these studies have not adequately delved into
the specific exploitation of the B12 band for indirect ther-
mal inference in remote and isolated environments. This gap
highlights the need to expand Research in this area, eval-
uating this band’s capability and practical limitations for
indirect or direct thermal applications. Furthermore, current
methodologies focus on direct thermal sensing using infrared
bands from specialized satellites like Landsat and MODIS;
although widely validated, these methods encounter reso-
lution and temporal frequency limitations. Recent studies
suggest that indirect detection methods using Sentinel-2’s
with higher spatial and temporal resolution could signifi-
cantly overcome these constraints, particularly by exploiting
shortwave infrared bands such as B12, which can indirectly
indicate temperature variations through spectral response
changes linked to surface moisture and vegetation stress
(Heath et al., 2024). Moreover, using Sentinel-2 B12 for
indirect thermal monitoring is advantageous and novel in
monitoring isolated and remote buildings or facilities. This
application has been preliminarily explored with promis-
ing results, showing significant correlations between B12
reflectance values and indicators of human activity or struc-
tural integrity changes in isolated areas (Comparetti and
Marques da Silva, 2022).

Algorithms such as Random Forest (RF) and Support Vec-
tor Machines (SVM) have demonstrated efficacy in related
applications (Anifadi et al., 2024; Sirpa-Poma et al., 2023);
this study aims to contribute new results that enhance pre-
cision in identifying and monitoring supplemental thermal
radiation. New advancements in deep learning techniques
can offer new pathways to enhance the usability of Sentinel-
2 data. These techniques have successfully improved spatial
resolutions, allowing even finer indirect thermal phenom-
ena detection in remote and sparsely populated areas. This
enables more precise analyses of subtle temperature-related
changes indicative of human or natural activities in remote
locations (Lac et al., 2023). Despite these developments, sig-
nificant methodological challenges remain. Most notably, the
calibration of Sentinel-2 data for thermal inference requires
extensive and expensive ground truthing, which is limited

by logistical and financial constraints. Integrating Sentinel-2
data, especially the B12 band, with computational methods
and field validation improves environmental monitoring and
remote site surveillance; this research approach addresses
current methodological gaps and can expand the scope of
applications for Sentinel-2’s indirect thermal sensing capa-
bilities, which can facilitate managing remote and isolated
environments and for instance, improving the detection and
monitoring of unauthorized activities, isolated industrial
operations, and environmental disturbances in remote areas
through enhanced thermal detection methods. Thus under-
pinning the broader significance of advancing this research
domain.

Previous studies have demonstrated using multispectral
and thermal imagery for vegetation analysis, land use clas-
sification, and urban planning. However, it faces limitations
in detecting remote area occupancies based on heat emis-
sions. Thermal infrared (TIR) bands often lack the spatial
resolution required for detailed occupancy assessments and
are not always available in publicly accessible datasets. Mul-
tispectral bands like SWIR (Shortwave Infrared) remain
underutilised for such purposes despite their ability to pen-
etrate environmental obstructions such as haze, smoke, and
thin clouds. This study leverages the Sentinel-2 SWIR band
(Band 12) and machine learning techniques, improving the
accuracy of detecting human activity under challenging envi-
ronmental conditions, providing a robust solution for:

e Governmental Monitoring and Control: This method-
ology facilitates governmental bodies’ monitoring of
agricultural facilities, enabling enhanced oversight in
subsidies, taxation, and product traceability. By provid-
ing accurate occupancy data, authorities can cross-verify
farmer declarations and ensure compliance with regula-
tions. This capability is especially relevant in regions like
the Ebro Valley, where agricultural activities play a cru-
cial role in the economy and require effective monitoring
to ensure compliance and support governmental planning
efforts.

e Detection of unauthorized use: This approach identi-
fies unauthorised building usage in remote or sparsely
monitored areas. This capability is valuable for detecting
illicit activities or ensuring facilities comply with their
declared purpose.

e Animal rescue and disaster preparedness: While not
directly prioritizing rescue efforts, this methodology can
support animal welfare during natural disasters by iden-
tifying the occupancy status of remote facilities.

e Resource management for governments: Supports
broader resource management by providing reliable data
on facility usage patterns. This can inform decisions
about infrastructure development, resource allocation,
and regional planning in agricultural zones.

@ Springer
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Materials and methods

The workflow for the machine learning pipeline, depicted in
Fig. 1, outlines the sequential steps undertaken in this study
to classify farm occupancy using Sentinel-2 satellite data
and external temperature information. Given the importance
of monitoring agricultural operations, especially in regions
with high agricultural productivity, this study focuses on data
collected from buildings in four pig farms in Spain in the Ebro
Valley.

We have used data from buildings in four pig farms in
Spain in the Ebro Valley (municipalities of Albalate, Bal-
lobar, Granen and Tamarite). This is a large geographical
region in the northeast of the Iberian Peninsula, identified by
the Ebro River basin. It is bounded by the Pyrenees moun-
tain range to the north, the Iberian system to the south and
the Catalan Coastal mountain ranges to the east (see ). Its
climate is continental Mediterranean with wide temperature
variations. Winters have temperatures from -1°C to 12°C.
Summers are hot and dry, ranging from 18°C to 40°C. This
region includes most of the pig production in Spain.

These buildings have been selected as they offer the fol-
lowing features:

e They are located in isolated areas with a minimum of
1000 metres from urban environments (for sanitary rea-
sons). This distance ensures that there is no thermal
influence.

e They allocate the animals in a limited space, with a con-
stant temperature when the building is being used. This
implies a clear difference in the heat emission according
to the occupancy state.

e The buildings are large enough to provide representa-
tive data coverage within the 20 m/pixel resolution of
Sentinel-2 sensors.

e We have a complete schedule provided by the owners
indicating when the buildings are in use and when not.
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The information related to these farms consisted of a
collection of satellite images covering these farms on dif-
ferent dates, the outdoor temperature at each farm in the
image dates, and a report provided by the farm owners of the
occupancy of the farms on each date. Specifically, we have
downloaded from the Copernicus Open Access Hub 2 the 72
satellite images available in 2021 from the Sentinel-2 B12 tile
T30TYM/EPSG:32630 (see Fig. 2). The Albalate, Ballobar,
and Granen farms are correctly visible in these images, but
only 65 of them properly show Tamarite due to cloud cover-
age. Each tile was cropped to select the area covered by the
farms. To do this, we have manually generated vector files
with the geometry of the farm buildings from orthophotos
of the year 2021 using QGIS (see Fig. 3) and use them as
template to perform the cropping with GDAL? (see Fig. 4),

Data processing

This has left us with 281 images (7234 65) that were classi-
fied into occupied and unoccupied farms using the occupancy
data provided by the farm owners. Based on the provided
occupancy data, the classification task focuses on determin-
ing whether a farm is occupied or unoccupied. Occupied
farms correspond to periods when animals are housed in
the facilities, while unoccupied farms refer to periods with-
out animal presence. During fattening periods, animals are
brought onto the farm, beginning a period of occupancy that
ends when the animals are removed. The farmers document
these dates, allowing accurate knowledge of when the farms
are in use. The result is 206 images with the farms in an
occupied state and 75 in an unoccupied one. However, the
occupation is not homogeneous in all farms. Albalate has the
most images in an occupied state (95.83%), Ballobar (80%),
Granen (65%) and Tamarite the least (40.00%). This vari-
ability and the limited number of images have forced us to

2 https://scihub.copernicus.eu, last visit December 2024
3 https://gdal.org, last visit October 2024
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Fig.2 Tile used over the
reference map

balance the training categories and use data augmentation
techniques since some of the used models benefit from it
(e.g., convolutional neuronal networks). For the others, they
can be seen as neutral, being not relevant or detrimental.
Specifically, we have increased the number of images to 3866
and balanced the categories with the following approaches:

e Rotate the images in a random range of 359°: It allows
some models to learn to recognize objects from multiple
orientations, improving its ability to generalize from new
images in practical applications.

e Horizontal/Vertical movement in the image: Image
translation helps some models to improve generalization
by introducing variability in the position of objects within
the images. This technique simulates actual conditions,
making them more robust to perturbations and displace-
ment.

e Image zoom: Using images with different zoom levels
can help some models recognize and process objects and
patterns at various scales, increasing their usefulness and
accuracy in real-world applications where objects may
appear at different sizes or resolutions.

Regarding the farms analyzed, the external temperature
influences the thermal values obtained from the farm build-
ings, becoming an important factor in the classification
process. Specifically, we have employed the maximum, min-
imum and average temperatures recorded by the nearest
weather station on the dates corresponding to the Sentinel-
2 images to ensure that the temperature data reflect the
local climatic conditions of the farm areas. This informa-
tion was obtained from the Open Data portal of the Spanish
Meteorological Agency (AEMET)*. We used the linear
distance-based search system provided by that agency. The

4 https://www.aemet.es/es/datos_abiertos/ AEMET_OpenData, last
visit December 2024

distance between each farm and its nearest station varies
between 32 and 50 km. Since they are all located in the same
climatic zone (delimited by the Ebro Valley), we consider
that the precision of the measurements of these stations is
adequate for the experiment. Combining these temperature
measurements with spectral data from Sentinel-2 provides
the basis for analyzing the thermal signals from the farm
buildings.

Building on this foundation, the study incorporates data
from the Shortwave Infrared (SWIR) Band 12 of Sentinel-
2, which operates outside the visible RGB spectrum. While
not direct temperature readings, the thermal signals from this
band serve as proxies for the spectral responses associated
with the conditions of the farm buildings. By integrating these
spectral signals with external temperature data, the study
ensures robust inputs for the classification models. Finally,
the dataset was split into 70% for training, 15% for valida-
tion, and 15% for testing, facilitating the evaluation of the
model of the performance on unseen data.

In the visual correlation between average temperature and
B12 band reflectance (Fig. 5) each farm has a pattern where
reflectance values change with temperature variations. This
justifies the data fusion strategy used in this study, as these
temperature-related spectral variations can indirectly reflect
the thermal behaviour of the farm buildings and, thus, the pos-
sible human activity inside them. The correlation across the
farms demonstrates varying patterns of relationships. These
plots show how B12 reflectance varies with changes in aver-
age temperature at each studied farm. At some farms, such
as ’Albalate’ and *Ballobar,” data points tend to cluster more
distinctly or show a pattern that might indicate an underly-
ing relationship between these two variables. While this does
not necessarily indicate a strong linear correlation, it suggests
that temperature changes may be associated with variations
in B12 reflectance. In others, like *Tamarite,” the dispersion is
less clear but still presents a distribution that could be further
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Fig.3 Creation of farm shapefiles

Fig.4 Pixels selection
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investigated to understand these dynamics better. This visual-
ization supports the notion that fusing temperature data with
B12reflectance is logical and potentially practical. Both vari-
ables interact in a way that could be relevant for modelling
and predicting phenomena related to environmental condi-
tions and their effects on satellite-detected reflectance. Data
fusion allows for a more holistic and detailed understanding
of ground conditions, facilitating more robust and potentially
more accurate analyses.

Experiments and model descriptions

To evaluate the ability of machine learning models to classify
farm occupancy based on remote sensing data, we designed
a series of experiments. These experiments leverage diverse
input features derived from Sentinel-2 satellite images and
complementary external data. By integrating spatial, spec-
tral, and temperature information, we aim to develop robust
models capable of accurately predicting occupancy under
varying conditions.
The features used as model inputs include:

e SWIR Band-12 images: Sentinel-2 data cropped to the
area of interest, with a spatial resolution of 20 m/pixel.
The image dimensions are 29 rows by 28 columns, rep-
resenting a pixel resolution 29x28.

e External temperature data: Maximum, minimum, and
average daily temperatures recorded at nearby weather
stations on the corresponding image dates.

Additionally, we have used augmented images generated
through rotation, translation, and zoom to increase dataset
size and improve model generalization.

To assess the complexity of identifying the use of the
buildings in the selected farms, we first applied Principal
Component Analysis (PCA) to all features in the dataset to
determine whether images depicting occupied buildings can
be directly distinguished from those showing vacant build-
ings. In Fig. 6, we can observe that the data is entirely split by
farm, not by occupancy. The data from each farm forms a sep-
arate data cluster in which the images with used buildings are
mixed with the empty ones. Additionally, each farm behaves
thermally differently; therefore, more data from additional
buildings in different places and climates will be needed to
generalize the results outside the experiment data.

We have performed the following experiments to identify
more useful data for detecting human activity from satel-
lite images. In the first analysis, we have aimed to detect
human activity using only the original Sentinel-2 images.
In a second approach, we have included the exterior tem-
perature (maximum, minimum, and average temperatures of
the farm corresponding to the satellite images on the day
they were taken). The temperature information is added to
the Sentinel-2 images as new pixels in the image, as shown
in Fig. 7. The following approach has been to extend the
input data used in the second approach using the previously
indicated data augmentation techniques to determine if it is
helpful for the models that theoretically can take advantage
of it to learn more diverse patrons in the images. Finally, we
investigated the influence on the prediction of the specific
farms in the training data. To do that, we use the input data of
the second approach, make four different predictions, each
removing one farm from the data, and calculate the average

0.6
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Second principal component
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Occupied
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Fig.6 PCA Analysis of the four agricultural units data
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Fig.7 Integration of temperatures as pixels and channels

of the results. This allows an understanding of how sensitive
the performance of the model is to the training data and if
the model learns to classify the data or if it only leans to the
features of each farm individually.

In this study, we evaluate four models, Dense Neural Net-
works (DNN), Convolutional Neural Networks CNN, Light
Gradient Boosting Machine (LGBM) and eXtreme Gradient
Boosting (XGBoost), based on their proven effectiveness in
similar remote sensing contexts and their suitability for han-
dling the complexity of Sentinel-2 data, particularly for tasks
involving indirect thermal detection. This study’s selection
of these models is based on theoretical reasoning and empir-
ical evidence derived from recent literature, particularly
in applications involving Sentinel-2 data for environmen-
tal inference. These models have consistently demonstrated
their effectiveness in remote sensing, especially in scenarios
involving spectral, complex spatial and temporal patterns.
DNNs comprise layers of interconnected nodes capable of
modelling non-linear relationships in high-dimensional data.
DNNs are especially useful for learning intricate depen-
dencies between spectral bands, such as those needed for
indirect thermal inference when working with reflectance
in the SWIR range. Previous studies have shown their suc-
cessful application in vegetation index analysis (Liu et al.
2022; Budi Cahyo Suryo et al. 2019; Saini et al. 2020;
Dorffner et al. 2001; Bal and Kayaalp 2021; Tos et al. 2021),
soil salinity mapping (Sirpa-Poma et al. 2023), and yield
prediction (Aslan et al. 2024). CNN, being multilayer neu-
ral networks with convolutional operations, are well-suited
for spatial pattern recognition and feature extraction from
image data (Chien 2019). Their ability to extract translation-
invariant features makes them ideal for applications such
as land cover classification (Zhou et al. 2018; Nazari and
Yan 2021; Kato et al. 2021), and object detection in het-
erogeneous environments (Nazari and Yan 2021). In remote
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sensing, CNNs are frequently used to analyze Sentinel-2
data for crop type mapping (Wang et al. 2024) and vegeta-
tion condition assessment. LGBM is a tree-based model that
constructs trees vertically, which improves computational
efficiency and scalability in high-dimensional datasets (Ke
et al. 2017). LGBM has been successfully applied in remote
sensing tasks such as satellite image classification (Bhag-
wat and Shankar 2019; Jin et al. 2020; Samat et al. 2020;
Ha et al. 2021; Tian et al. 2022; Colkesen and Ozturk 2022;
Abdikan et al. 2023) and soil salinity modelling (Sirpa-Poma
et al. 2023), proving especially effective in structured tabu-
lar data derived from spectral indices. XGBoost is another
gradient-boosting technique recognized for its robustness
and scalability in high-dimensional settings. It builds an
ensemble of weak learners (decision trees), optimized itera-
tively to reduce error (Chen and Guestrin 2016). It has been
used effectively in remote sensing for vegetation monitor-
ing, land cover classification, and mineral mapping (Anifadi
et al. 2024; Wang et al. 2024). Combining use of these
models offers complementary strengths: DNN and CNN pro-
vide deep representation learning from raw and spatial data,
while XGBoost and LGBM handle feature-based tabular
data efficiently. This is particularly useful when working
with Sentinel-2 data, where pixel-based (e.g., spatial tex-
tures from CNN) and feature-based (e.g., vegetation indices
for XGBoost/LGBM) information is available. In this study,
their use is further justified by the need to capture subtle
patterns associated with indirect thermal activity through the
B12 band, a use case not addressed in prior studies (Thomas
etal. 2022; Anifadi et al. 2024; Sirpa-Poma et al. 2023; Wang
et al. 2024).

The input data is randomly mixed to ensure that the images
of occupied and unoccupied farms are randomly separated
and do not generate biases. To assess the efficacy of our clas-
sification models, We have employed the correlation matrix
proposed by Provost and Kohavi (1998) and the associated
metrics it provides. The following equations describe the
measures used to calculate the quality of the models (Accu-
racy, Precision, Recall, F1 Score and FPR). In the equations,
TP means True Positive, FP means False Positive, FN is False
Negative, and TN is True Negative. The accuracy indicates
the proportion of correct predictions to the total number of
predictions. The precision measures the ability of the model
to correctly identify positive cases among all the instances it
predicted as positive. The recall evaluates the model’s abil-
ity to identify all positive cases among all actual positive
cases correctly. The F1 Score balances Precision and Recall,
which is very useful when there is a mismatch between the
classes. Finally, the FPR and TPR show the proportion of
negative cases the model incorrectly classified as positive
(FPR) and the ratio of positive cases classified as negative
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(TPR). Finally, we used the area under the curve (AUC) to
quantify class separability. A value of AUC close to 1 indi-
cates that the model can effectively separate classes, while
a low value indicates the opposite (Fawcett 2006; Bradley
1997; Hanley and McNeil 1982).

TP+TN
Accuracy = ()
TP+TN+FP+FN
TP
Recall = ——— )
TP+ FN
FP
FPR = ———— 3)
FP+TN
o TP
Precision = ————— 4)
TP+ FP
Precision - Recall
Fl-score = 2 - — ©)
Precision + Recall
TP
TPR = ——— 6)
TP+ FN

Experimental results

This section describes the results obtained by the previ-
ously described models according to the best configurations
obtained by a hyperparameter search using OPTUNA (Akiba
et al. 2019), an automated hyperparameter framework.

Table 2 shows the performance of each model in all
the experiments proposed using the best hyperparameters
using Optuna; a Cross-validation was implemented across
all models to reduce the risk of overfitting and ensure more
generalizable results, using a 70:15:15 ratio for training, test-
ing, and validation.

The results demonstrate that integrating temperature data
significantly enhances the detection accuracy across most
models. XGBoost is the best model when temperature data
isincluded, achieving a 96% accuracy and a 0.94 Area Under
the Curve (AUC). This accuracy is high compared to many
classification tasks reported in the provided literature using
Sentinel-2 data, such as crop type mapping (often achieving

Table 2 Comparative results in the testing dataset

85-90% with methods like U-Net (Li et al. 2022)), land cover
classification (76-96% for specific classes like arable land vs.
pastures (Stara and Halounova 2022)), water quality parame-
ter estimation (where R? values are often the primary metric,
e.g., Chl-a inversion with CNN achieving R> = 0.81 (Zhu
et al. 2024) or turbidity prediction with GBDT achieving
R? = 0.88 (Maetal. 2021)), or burned area/severity mapping
(Kappa often around 0.8-0.9 (Sobrino et al. 2024; Farhadi
et al. 2023)). While the direct comparison is complex due to
differing tasks and metrics, the 96% accuracy suggests that
the inclusion of explicit temperature data makes the detection
task relatively separable for the XGBoost model in this spe-
cific experimental setup. The consistent high performance
of XGBoost aligns with findings in several shared papers
where gradient boosting variants (XGBoost, GBDT, LGBM)
or Random Forest often yielded top results for various remote
sensing prediction and classification tasks (Chen et al. 2023;
Liu et al. 2024; Zoratipour et al. 2024; Ma et al. 2021; Li
et al. 2025; Yao et al. 2024). Conversely, the DNN showed
the relatively lowest performance in most scenarios here.
The substantial boost in accuracy and AUC, when tem-
perature data is added (e.g., XGBoost accuracy jumps from
85% to 96%, CNN from 76% to 88%), underscores the criti-
cal value of thermal information for this detection task. This
is shown with numerous studies that leverage thermal data or
Sentinel-2’s Short-Wave Infrared (SWIR) bands (B11, B12),
which are sensitive to temperature and moisture variations.
For instance, Land Surface Temperature (LST) retrieval stud-
ies explicitly use thermal bands or ML models incorporating
atmospheric parameters alongside Sentinel-2 data (Zegaara
etal. 2024). Similarly, effective drought monitoring relies on
indices combining vegetation state with temperature (e.g.,
VTCI derived from LST and NDVI) (Li et al. 2025). Active
fire detection and severity assessment frequently utilize
SWIR bands (B11, B12) or derived indices like NBR, which
capture thermal emissions and post-fire effects (Hu et al.
2021; Guler and Kalkan 2022; Rana et al. 2024; Farhadi et al.
2023; Prodromou et al. 2023; Al-hasn and Almuhammad
2022; Sobrino et al. 2024). Furthermore, detecting methane

Model Images w/o Temp.? Images w/ Temp.P Img. Aug. w/ Temp.© -1 Farm w/ Temp.¢
Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC
DNN 0.78 0.75 0.82 0.80 0.83 0.81 0.76 0.74
CNN 0.76 0.73 0.88 0.86 0.88 0.87 0.76 0.74
XGBoost 0.85 0.88 0.96 0.94 0.83 0.85 0.92 0.90
LGBM 0.81 0.80 0.81 0.80 0.84 0.83 0.81 0.80

4 Images without Temperature.

b Images with Temperature.

¢ Image Augmentation and Temperature.
d Removing one Farm with Temperature
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plumes or gas flaring often involves algorithms sensitive to
SWIR bands where methane absorbs or where high tempera-
tures create distinct spectral signatures (Gorrofio et al. 2023;
Ehretetal. 2022; Kingwill et al. 2022; Turon et al. 2023). The
proposed DBB index for dust/biomass burning also lever-
ages SWIR bands (B11, B12) alongside visible bands (Lolli
et al. 2024). The effectiveness of the £ O M I, index (using
B12 and B4) for detecting manure applications (Marzi et al.
2023) and the importance of SWIR bands in discriminating
Fe-Ni laterites from bauxites (Anifadi et al. 2024) further
highlight the utility of these spectral regions, likely linked to
moisture and mineral composition affecting thermal proper-
ties. Therefore, the observed performance gain upon adding
temperature data aligns well with the established importance
of thermal or SWIR information in related remote sensing
applications.

The CNN model demonstrated a significant performance
increase with the inclusion of temperature data (Accuracy:
0.76 to 0.88; AUC: 0.73 to 0.86), benefiting slightly more
from image augmentation (AUC reaching 0.87). This aligns
with CNN’s inherent strength in processing image-based
spatial and spectral features, as supported by Zhou et al.
(2018); Nazari and Yan (2021); Kato et al. (2021). How-
ever, it was surpassed by XGBoost here, consistent with
findings in some reviewed papers where tree-based ensem-
bles outperformed CNNs for specific tabular/spectral data
tasks (Chen et al. 2023; Liu et al. 2024; Ma et al. 2021)
(though Zhu et al. (2024) shows CNN superior for Chl-a, con-
trasting this finding). Other studies also confirm XGBoost’s
good performance (Bhagwat and Shankar 2019; Jin et al.
2020; Ha et al. 2021; Tos et al. 2021). One possible reason
XGBoost outperform CNN is that its decision-tree structure
excels on tabular spectral inputs, modelling nonlinear inter-
actions without extensive hyperparameter tuning or large
datasets. Its built-in regularization and pruning also make it
resilient to missing values, outliers, noise, and minor thermal
variations, so it generalizes better in small-sample detection
tasks. In contrast, CNNs typically require more detailed data
cleaning and more examples to learn subtle pixel-level pat-
terns, causing them to lag on limited-sized spectral datasets.
The relative performance can depend highly on the dataset
characteristics, feature engineering, and the specific network
architecture. The finding that image augmentation provided
only marginal benefits, primarily for DNN and LGBM, is
noteworthy. This suggests that the augmentation techniques
used were not optimal for capturing the features of heat emis-
sions or that the original dataset was sufficiently varied for
models like XGBoost and CNN. This tends to appear with
the study on soil salinity mapping in Bolivia (Sirpa-Poma
et al. 2023), where augmenting a scarce dataset by assign-
ing neighbour pixel values significantly improved Random
Forest model accuracy (0.25 to 0.77), demonstrating aug-
mentation’s potential in data-limited scenarios. The limited
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impact here might imply that the core signal related to tem-
perature is strong enough that artificial data adds little new
information or that the augmentation method failed to repli-
cate the heat emission patterns realistically.

The “leave-one-farm-out" experiment provides valuable
insight into model generalization. The significant perfor-
mance drop observed for DNN, CNN, and particularly
XGBoost (Accuracy: 96% to 92%; AUC: 0.94 to 0.90) when
one farm’s data was excluded suggests these models might
have learned characteristics specific to the individual farms
present in the training set. In contrast, LGBM maintained
relatively stable accuracy and AUC (around 0.80-0.83 across
scenarios), hinting at potentially better generalization capa-
bilities in this context or perhaps an inability to capture the
finer details that led to higher performance for XGBoost
when all data was present. Assessing model transferability
and robustness across different geographical sites or condi-
tions is a common challenge highlighted in several reviewed
papers, such as the difficulties in directly transferring OBIA
landslide detection methods in Pakistan (Bacha et al. 2020)
or the variable influence of soil texture on SOC prediction
across diverse European sites (Wetterlind et al. 2025), which
often highlight challenges in generalization. The observed
sensitivity to removing one farm highlights the importance
of diverse training data and robust validation strategies to
ensure model generalization.

This analysis strongly indicates that incorporating tem-
perature data is highly beneficial for the detection task
using Sentinel-2 imagery, with XGBoost delivering the
best performance (96% accuracy, 0.94 AUC). This aligns
with findings across the provided literature emphasizing
the importance of thermal information and SWIR bands in
diverse environmental monitoring applications. While CNNs
also leverage temperature data effectively, tree-based ensem-
bles like XGBoost often prove highly competitive or superior
for many remote sensing tasks involving spectral and ancil-
lary data. The limited effect of image augmentation contrasts
with its potential benefits in data-scarce situations, as shown
elsewhere.

Conclusions and future work

The primary objective of this study was to investigate the
feasibility of utilizing Sentinel-2 satellite data to predict the
occupancy of isolated buildings in remote areas, aiming to
detect activity indoors by correlating heat emissions with
external meteorological data, given the limitations of publicly
available satellite data and the notable absence of specific
sensors capable of detecting direct heat emissions from inside
buildings, this research explored whether machine learn-
ing models could be trained to interpret the available data
effectively. For this task, we evaluated the performance of
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four machine learning models (DNN, CNN, XGBoost, and
LGBM) using satellite imagery and meteorological infor-
mation as input data. This approach aligns with the work
of Khurana et al. (2023); Song and Lu (2024); Du et al.
(2024), who also used Sentinel-2 imagery and neural net-
works for similar predictive tasks, Khurana et al. (2023)
employed multi-temporal imagery and SVM. While Song
and Lu (2024) applied ResNet and LSTM networks to model
urban landscapes, this demonstrated the effectiveness of neu-
ral networks and Du et al. (2024) used CNN and LSTMs,
focusing on the importance of integrating additional data,
such as meteorology, to improve accuracy.

The experimental findings show the suitability of our pro-
posal; among the evaluated models, XGBoost achieved the
best results with an accuracy of 96% and the highest AUC
values, indicating its robustness and effectiveness in utilizing
additional features such as temperature data. The CNN model
significantly improved AUC when incorporating temperature
data, suggesting its potential to extract valuable insights from
complex input data. The DNN model, while benefiting from
data augmentation, indicated a sensitivity to data variability,
which could be a consideration for real-world applications
where data inconsistency is common. The LGBM model con-
sistent AUC performance across various scenarios suggests
its reliability and stability, making it a potentially valuable
model for continuous monitoring with varying data inputs;
these insights into model performance, particularly the AUC
metric, reinforce the potential of integrating meteorological
data to enhance predictive accuracy.

The main limitation identified in the research is external.
First, the five-day revisit interval of Sentinel-2 satellites may
be long for specific applications, making it less suitable for
specific scenarios that require more frequent observations; in
the same way, other satellites with shorter revisit times usu-
ally come with the trade-off of larger pixel sizes, which is
not suitable for the precision of the data. Another important
challenge is the limited availability of public datasets for
training the models, which limits the overall performance
and generalizability of the models, the use of Data aug-
mentation has proven to be partially helpful in some tested
models. However, these methods are not effective across all
cases. The experiment shows that removing one farm reduces
XGBoost’s accuracy from 96% to 92%, indicating sensitivity
to training data. Future work should increase data diver-
sity. As a result, the reliance on publicly accessible satellite
imagery generates issues related to the quality and resolution
of data, impacting the overall accuracy and applicability of
the proposed solutions.

The B12 band has a 20 square meters resolution. This
is a limitation that has to be considered when application
scenarios are selected. In the experiment, big buildings (more
than 1.000 square meters) have been used. Nevertheless, the
key point of the detection is to have at least one pixel inside

the building. Depending on the correspondence with the grid
of satellite data, the best case would be to have the perfect
coincidence between a pixel and a 20-square-meter building.
To guarantee at least one pixel with information from the
building, it is necessary to have at least around 15x 15 meters
of buildings (considering the 45°rotation of the building in
correspondence with the grid).

As future work to improve the results obtained and reduce
the limitations, the authors are exploring ways to combine
Sentinel-2 and Sentinel-3 data to enhance image resolution.
Additionally, the authors plan to increase the volume of
training data and consider additional inputs into the mod-
els. Specifically, they aim to reach collaboration agreements
with additional farm owners to gather data from their estates,
extend the years we consider, and use more information from
meteorological data beyond temperature. By pursuing these
strategies, the authors hope to develop models that are even
more accurate and valuable for stakeholders in the agricul-
tural industry.

One of this study’s current limitations is that it relies on
a small dataset with specific climatic conditions characteris-
tic of the Mediterranean climate. This climate is defined by
well-marked seasons, hot and dry summers, and wet winters,
which can influence the environment’s spectral response and
the accuracy of indirect thermal signal detection. Therefore,
extending this methodology to other climatic zones, such
as tropical regions, would be particularly valuable, as these
areas exhibit distinct atmospheric behaviours, persistent veg-
etation cover, and high humidity levels.

Applying the approach in tropical climates would help
assess its robustness under varying environmental condi-
tions and provide insight into human activity patterns and
population dispersion in contexts where many buildings
remain unoccupied, unused, or disconnected from service
networks. These scenarios pose a challenge for remote sens-
ing of human presence through indirect thermal signals but
also represent an opportunity to validate the potential of the
Sentinel-2 B12 band under more complex conditions.

It is important to highlight that the data used in this
study are private and have been obtained through requests
to private sector companies. This collaboration has enabled
access to datasets that would otherwise not be available for
study. The dependence on externally provided datasets or
infrequent ground-truthing campaigns continues to limit the
generalizability of the models. Overcoming this limitation
will require complementary strategies such as using synthetic
data, integrating additional sensors, or developing collabora-
tive networks for real-time information gathering.
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