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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/Ubotica/SegT
HRawsS_ext, https://zenodo.org/records/14741

The rapid spread and destructive nature of wildfires and volcanic activity have intensified the need for low
latency detection systems. The growing intensity and frequency of globally distributed thermal hotspots have

990 driven the development of satellite-based detection solutions. Conventional approaches rely on ground-based
Keywords: processing, which limits low latency capabilities due to revisit times over ground stations and data handling
Onboard Al requirements. This work proposes the first onboard payload processing pipeline for segmentation of thermal
Wildfire hotspots in raw multispectral satellite imagery. The pipeline leverages the Near InfraRed (NIR) and Short-

Volcanic eruption
Online processing
AI4EO

EO satellite

Edge computing

Wave InfraRed (SWIR) spectral bands, and the combination of onboard Artificial Intelligence (AI) and raw
imagery significantly reduces the delay between image acquisition and event detection. Furthermore, we
present Segmentation of Thermal Hotspots in Raw Sentinel-2 data (SegTHRaws), the first publicly available
dataset for thermal hotspot segmentation in raw multispectral satellite imagery. The segmentation model
employed is a Fully Convolutional Network (FCN) derived from U-Net, named ResUnet-S2, designed for fast
on-device inference. This model achieved an Intersection over Union (IoU) of 0.988 and an F-1 score of 0.986
on SegTHRaws$, with its detection and generalization capabilities validated using an external thermal hotspot
segmentation dataset. The proposed pipeline was verified on CubeSat-compatible hardware, achieving an end-
to-end execution, from image acquisition to event detection, in 1.45 s, faster than the image acquisition
process, and consuming a peak power of 4.05 W. These results demonstrate the potential of onboard
processing solutions for minimizing the detection latency of current approaches, particularly for thermal
hotspot segmentation, using edge computing satellite hardware.

1. Introduction to the harmful nature of wildfires and volcanic eruptions, these events

need to be precisely detected as soon as they occur before being beyond

Uncontrolled thermal hostpots or anomalies, such as wildfires and
volcanic activity, have substantial social, environmental, and economic
impacts on the environment and human welfare (Bowman et al., 2017;
Wooster et al., 2021). These events generate long-term consequences
that impact wildlife and vegetation, air pollution, weather patterns,
and global warming (Toan et al., 2019; Seydi et al., 2022). Longer
and more severe fire seasons and extreme volcanic activity in the
last decades show the importance of thermal hotspot detection and
monitoring (Tyukavina et al., 2022). For example, the 2018 Camp Fire
in California, known as the deadliest wildfire in California, burned over
60,000 hectares (600 km?) causing 85 civilian fatalities, and approxi-
mately $16.5 billion in property damage (Schulze et al., 2020). Due

control (Toan et al., 2019). The global distribution of thermal hotspots
has driven a shift towards Earth Observation (EO) satellite-based mon-
itoring solutions. These systems provide the necessary spatial coverage
for global monitoring and their extended mission lifetimes enable
operational capabilities for several years. Nevertheless, the temporal
resolution of current satellite systems, characterized by limited revisit
times, poses a significant challenge to the timely detection of thermal
events, thereby affecting the latency between image acquisition, event
detection, and communication to the emergency services.

Existing large-scale solutions, such as Fire Information for Resource
Management System (FIRMS) (Davies et al., 2008) for wildfires and
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Middle InfraRed Observation of Volcanic Activity (MIROVA) for vol-
canic activity (Coppola et al., 2016), try to provide Near Real-Time
(NRT) monitoring through a multi-sensor approach that combines im-
agery from multiple satellite missions. These systems offer varying la-
tencies: MIROVA provides NRT monitoring with a 1-3 h delay globally,
whereas FIRMS provides Ultra Real-Time (URT) 60-second monitoring
to limited areas in North America, NRT monitoring in North America,
and ~3-hour delay in the rest of the world. These solutions use contex-
tual and threshold detection methods that rely on the Thermal InfraRed
(TIR) spectral bands with spatial resolutions ranging from hundreds
to thousands of meters. These methods are based on manually crafted
features, typically defined by trial and error (Wright et al., 2002; Pu
et al., 2004). Their performance is highly dependent on factors such as
background geography, time of day, season, and varying environmental
conditions within the observed area (Wright et al., 2002), as radiance
is influenced by the observed material (Schroeder et al., 2014; Giglio
et al,, 2016). This dependency limits the applicability of threshold-
based methods, as specific thresholds must be defined for each unique
scenario (Seydi et al., 2022). As an example to overcome this chal-
lenge, Hu et al. (2021a) introduced a multi-criteria approach known
as AFD-S2, which employs statistical regression to determine dynamic
thresholds across different biomes for active fire detection. However,
this method lacks scalability, considers only a limited subset of biomes,
and is restricted to wildfires. Al-based methods present a promising
alternative to overcome these challenges (Seydi et al., 2022; Del Rosso
et al., 2021; de Almeida Pereira et al., 2021; Meoni et al., 2025). These
approaches enable the automatic extraction of image features, facilitat-
ing the identification of thermal events without requiring predefined
thresholds.

The passes over ground stations limit the real-time performance of
these solutions. The satellite is not always visible by a ground station,
which leads to longer times between image acquisition and event
detection. Additionally, current approaches require all information to
be communicated at each ground station pass, potentially requiring
more than one ground station pass, and then decompressing and pro-
cessing the data to detect the event. On-board approaches can reduce
the existing delay between image acquisition and even detection and
reduce the amount of data to be transmitted to the ground (Yu et al,,
2020; Giuffrida et al., 2020; Melega et al., 2023; Zhang et al., 2022).
These concepts can be seen in the CogniSAT-6 mission (Rijlaarsdam
et al., 2025), which proposed an innovative onboard solution capable of
detecting an event, communicating insights through an Inter-Satellite-
Link (ISL), and receiving them on Earth within minutes from image
acquisition. On-board event detection optimizes data transmission as
only extracted insights need to be communicated, reducing the required
time to download, decompress, and process the data.

To further reduce detection latency, approaches leverage raw data
or data with minimal pre-processing. This study adopts the definition
of raw EO data from Meoni et al. (2024), encompassing decompressed
(Level-0) imagery and associated metadata, excluding radiometric and
geometric corrections. Removing computationally intensive image pre-
processing steps substantially reduces detection delays and enables
their implementation on resource-constrained space platforms, such as
CubeSats (Bretschneider et al., 2005). Prior to the Thermal Hotspots in
Raw Sentinel-2 data (THRawS) dataset (Meoni et al., 2024), research
on thermal hotspot detection in raw multispectral imagery was absent,
likely attributed to the lack of available datasets.

The complex nature of raw EO imagery poses substantial challenges
for EO applications development. Without radiometric calibration, im-
ages are represented in raw Digital Numbers (DN), which include
sensor-induced radiometric noise, rather than in reflectance values
necessary for accurate object identification. Multispectral push-broom
sensors measure a single band at a time per detector over a specific
area, leading to temporal misregistration among bands due to the
satellite’s orbital movement (Chen and Liu, 2021). This issue is par-
ticularly evident in the Sentinel-2 mission, where the specific detector
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arrangement caused additional along-track band displacements up to
17 km (Gascon et al., 2017), resulting in misalignments in the order of
hundreds of pixels within the image (Meoni et al., 2024).

To address these limitations, this study proposes the concept of
an onboard Al-based payload processing pipeline for thermal hotspot
segmentation using raw multispectral satellite imagery. By adopting
an onboard processing design, the pipeline extracts actionable insights
directly in-orbit, thereby minimizing the total time between image
acquisition and thermal hotspot detection. Developing such a system,
however, is hindered by the lack of public datasets for training the
Deep Learning (DL) segmentation model. To overcome this challenge,
another contribution of this work is the creation of the first publicly
available segmentation dataset for thermal hotspots in raw Sentinel-2
imagery.

The main contributions of this paper are as follows:

» Design the concept of a processing pipeline with on-orbit capabil-
ities for segmentation of thermal hotspots in satellites with lim-
ited power and processing capabilities. It was verified with edge
computing CubeSat-compatible hardware, being comprehensively
tested for processing time, power, and detection performance.
Creation, to the best of the authors’ knowledge, of the first
publicly available dataset for thermal hotspot segmentation in
raw multispectral satellite imagery, particularly for the Sentinel-2
mission.

Creation of a contextual algorithm for thermal hotspots segmen-
tation in multispectral imagery expressed in raw DNs.

The remainder of this article presents the following structure. Sec-
tion 2 describes the related work in current solutions for thermal
hotspot detection, and existing onboard approaches and concepts. Sec-
tion 3 presents the methodology which describes the proposed onboard
pipeline, the segmentation dataset creation process, the fast-inference
segmentation models proposed for onboard implementation, the train-
ing of the DL models, the validation of the designed networks in an
external dataset, and the experiment to verify the payload processing
pipeline in embedded CubeSat hardware. Section 4 presents the results
of the generated dataset, the trained models, and the experimental
results of the pipeline in the selected hardware. Section 5 analyses and
discusses the results, and Section 6 concludes the study.

2. Related work

Satellite imagery has been actively researched for the detection of
wildfires and volcanic activity over the past several decades. Despite
its extensive research, there remains a notable gap in the develop-
ment of solutions specifically designed for low latency detection of
such events. Existing approaches predominantly emphasize detection
methodologies, often neglecting critical factors such as processing time
requirements and the practical constraints associated with implement-
ing these solutions in satellite missions. Low latency detection solutions
can be broadly categorized into two approaches: (1) large-scale sys-
tems that integrate imagery from multiple missions to detect thermal
events in real time, and (2) end-to-end small-scale solutions specifically
designed for a particular satellite mission.

Large-scale solutions include systems like FIRMS (Davies et al.,
2008) and MIROVA (Coppola et al., 2016) that combine images from
several satellite missions to provide NRT global monitoring of thermal
hotspots. However, a key limitation of these methods lies in the limited
spatial resolution of their sensors: MODIS (1 km), VIIRS (375 m), and
Landsat 8 (100 m). Event detection delays are influenced by the time re-
quired to transmit the acquired images to ground stations. To mitigate
these delays, several end-to-end solutions have been developed, from
image acquisition to event detection, to reduce the overall detection
latency.

A pioneering end-to-end solution for thermal hotspot detection was
demonstrated by the Earth Observing-1 (EO-1) mission (Davies et al.,
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2006). As a technology demonstrator, the mission featured autonomous
onboard processing and achieved a latency of less than three hours from
image acquisition to the ground receipt of detected volcanic activity.
The detection algorithm performed a multi-threshold segmentation on
30 m resolution, 5-band SWIR (1.25-2.28 pum) imagery. This system
operated on minimally processed data, defined as Level 0.5, which
consisted of radiance values with brightness and dark signal corrections
applied. This mission is therefore recognized as a pioneer of an end-to-
end autonomous system that demonstrated the capability for onboard
detection of dynamic events, such as thermal hotspots.

More recent examples of end-to-end solutions include the onboard
processing pipeline for low latency fire segmentation proposed by
OroraTech (Schottl et al.,, 2024) and that proposed for the FireBird
mission (Lorenz et al., 2017). OroraTech’s approach employs a single-
band contextual algorithm (Wooster et al., 2012), utilizing the MIR and
TIR bands, with a spatial resolution of 200 m for fire detection. The on-
orbit pipeline performs radiometric and geometric corrections onboard,
achieving fire detection within less than three minutes. However, a key
limitation of this pipeline is the potential for small or early-stage fire
events to go undetected due to the 200 m spatial resolution, and the
imprecise location of events due to an on-orbit geolocation uncertainty
of approximately 1 km. The FireBird mission implemented a threshold
solution based on the MIR (3.4-4.2 pm) and LIR (8.5-9.3 pum) spectral
bands with a spatial resolution of 178 m. Nevertheless, there are no
available data regarding its low-latency capabilities despite its on-orbit
deployment.

Other thermal hotspot detection approaches provide conceptual
frameworks that address only specific components within the process-
ing pipeline. Zhang et al. (2021) presented an active fire segmentation
method for Sentinel-2 using the Red, NIR and SWIR spectral bands.
This approach achieved an IoU ~0.70 with a detection time under
10 min, excluding image pre-processing steps, when tested on a NVIDIA
GeForce RTX 2080Ti GPU. Similarly, de Almeida Pereira et al. (2021)
proposed a DL-based segmentation solution using a simplified U-Net for
the Blue and SWIR bands of Landsat-8, achieving an IoU of 0.814, an
F-1 score of 0.897, and an inference time of 25.5 ms per 256 x 256 x 3
patch. Furthermore, Spiller et al. (2022) developed a hyperspectral
CNN-based approach for on-orbit wildfire segmentation, implemented
on the Movidius Myriad 2, the NVIDIA Jetson NX, and the NVIDIA
Jetson Nano. This solution demonstrated power consumptions below
5 W and inference times under 6 ms per pixel. Despite their promising
results, these approaches face several limitations. They rely on pro-
cessed imagery expressed in reflectance values, and their processing
times were not evaluated using CubeSat-compatible hardware. These
methods only discuss the DL model, overlooking the computationally
demanding image pre-processing steps, which impose constraints on
both hardware resources and the total detection delay. Moreover,
only Spiller et al. (2022) accounts for the inference time on edge
computing hardware.

The E2E pipeline, proposed by Meoni et al. (2025), is a more
comprehensive conceptual framework for onboard thermal hotspots
classification in raw multispectral imagery. The pipeline consists of
three main steps: (1) coarse co-registration of the NIR-SWIR spectral
bands, (2) tiling of the image into small patches, and (3) DL-based
classification of the generated patches. The use of raw imagery reduces
the total detection delay and enables the solution to be implemented
in less demanding hardware, as it does not require computationally
intensive processing steps. This solution was tested on edge computing
hardware, specifically the Raspberry Pi 4 and the CogniSAT-XE2 board,
achieving a total processing time of 1.8 s and a peak power of 6.4 W.
Nevertheless, the main limitation of this method lies in the size of the
output classification map, which identifies the occurrence of an event
within an approximate area of 25 km?. Additionally, this concept does
not account for the additional delay caused by image acquisition, com-
munications with mass storage, or the post-processing communications
required to receive the information on the ground.
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A comparative summary of the methods discussed is presented
in Table 1. Among them, a key challenge is the trade-off between
detection latency and processing complexity. Most methods rely on
ground-based analysis, which introduces significant delays as entire
images must be downlinked before analysis can begin. While onboard
processing can mitigate this latency, most solutions depend on pro-
cessed imagery, which in turn requires more powerful satellite hard-
ware. Furthermore, numerous solutions employ traditional contextual
or threshold-based algorithms, lacking the adaptability of modern Al-
based approaches to diverse environmental conditions. Finally, the
prevalent use of low spatial resolution imagery inherently limits the
detection of small or incipient events, a critical factor for effective early
warning.

3. Methodology

The framework of the onboard processing pipeline proposed in
this project is depicted in Fig. 1. It consists of four stages: (1) data
acquisition and storage, (2) coarse image co-registration, (3) image
tiling, and (4) Deep Learning (DL) segmentation inference. Stage 1
encompasses image acquisition, data transfer from sensor to mass stor-
age, and subsequent transfer to the Payload Data Handling Processor
(PDHP). The proposed concept excludes this stage from its scope,
assuming images are readily available for processing after acquisition,
thereby disregarding the expected additional delay. Stage 2 involves a
band misalignment correction process performed in the PDHP, ensuring
that each pixel corresponds to the same geographical area across the
spectral bands. Stage 3 divides the image into smaller tiles to fit the
hardware memory constraints on board. Finally, in stage four, the tiles
are sequentially transferred from the PDHP to the DL accelerator to
perform segmentation and obtain the output segmentation masks.

Its on-board design allows for on-orbit insights extraction, reduc-
ing the amount of transmitted data and the delay between image
acquisition and data communication with the ground station. Raw
multispectral imagery aims to reduce the complexity of the onboard
algorithms, reducing the detection delay and enabling the implementa-
tion in edge computing satellite hardware, compatible with CubeSats.
DL segmentation, pixel-level classification, provides a precise detec-
tion solution that addresses the limited generalization capabilities of
threshold and contextual methods (Seydi et al., 2022; Hu et al., 2021b).
This is obtained through a Fully Convolutional Network (FCN) model
specifically designed in this project for on-device implementation, as it
requires a fast inference and low power consumption design.

The remainder of this section describes the key elements required
for the development of the proposed pipeline. These encompass the
creation of the segmentation dataset, the design of the fast-inference
DL model, the procedures for model training and validation, and the
experimental deployment of the pipeline on representative CubeSat
hardware.

3.1. Segmentation dataset

There are no existing datasets for thermal hotspots segmentation
in raw multispectral imagery. This is attributed to the lack of available
datasets of raw multispectral images, as those are not made available by
the data provider. For instance, Sentinel-2 only provides access to level
1C or above, which are already expressed in orthorectified reflectances.
However, Meoni et al. (2024) have recently published the Thermal
Hotspots in Raw Sentinel-2 data (THRawS) dataset, the first dataset for
wildfire and volcanic activity monitoring in raw multispectral imagery.
They continued their work in Meoni et al. (2025), using the images
to create a classification dataset to detect fires, volcanic eruptions,
and non-events. Nevertheless, the precision obtained with classification
approaches is limited due to the dependency on the input image size,
and it can be further improved by using pixel-level classification.
Therefore, this project proposes Segmentation of Thermal Hotspots in
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Table 1
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Summary of existing thermal hotspot detection methods.

Method

Characteristics

EO-1 (Davies et al., 2006)

« Onboard processing with <3 h from image acquisition to ground receipt of detected thermal hotspots.

« Multi-threshold segmentation algorithm on minimally processed multispectral imagery (SWIR) with 30 m spatial
resolution.

« Pioneer mission for an autonomous onboard system for dynamic events detection in real time.

FIRMS/MIROVA (Davies et al., 2008;
Coppola et al., 2016)

« Multi-satellite solution with global NRT coverage (~3 h latency, 1-60 min in US/Canada).

« Contextual-based detection algorithms with low spatial resolution (100 m-1 km).

« No onboard processing or Inter-Satellite Links (ISL); requires full-image downlink and ground-based processing.
« Contextual-based detection algorithm may lack adaptability to diverse environmental conditions.

OroraTech (Schottl et al., 2024)

« End-to-end onboard solution for fire detection within minutes using thermal bands (MIR and TIR).

« Contextual-based detection algorithm with low spatial resolution (200 m) and high geolocation uncertainty (1 km),
which limits precise location of small events.

« Solution reliant on radiometrically processed imagery, which impacts the overall end-to-end latency.

FireBird (Lorenz et al., 2017)

« Mission with onboard processing capabilities, but no published data on low-latency performance.
« Threshold-based detection algorithm with thermal bands (MIR and LIR) and low spatial resolution (178 m).

Zhang et al. (2021)

« High spatial resolution (10-20 m) multispectral Al-based segmentation solution.
« Solution focused solely on ground-based detection, not in the end-to-end process, with a detection time lower than 10
min for an entire S-2 scene.

de Almeida Pereira et al. (2021)

« High spatial resolution (30 m) multispectral Al-based segmentation solution compatible with onboard deployment.
« Inference time of 25.5 ms per 256 x 256 x 3 image measured on non-representative hardware, without including image

processing steps.

- Image processing steps are required and not accounted for the potential onboard deployment.

Spiller et al. (2022)
consumption lower than 5 W.

« Al segmentation tested on edge-computing hardware obtaining an inference time of 6 ms/pixel and a power

« Focuses solely on Al inference, neglecting the image pre-processing steps required for an onboard solution.

Meoni et al. (2025)

« End-to-end methodology using raw multispectral imagery to minimize latency.

« Adaptable Al-based classification solution verified on CubeSat-grade hardware.
« Methodology obtained an end-to-end time of 1.8 s and a peak power of 6.4 W on CubeSat-grade hardware.
« The classification output is an area of 5 x 5 km?, which limits the precise location of events.

oarse co-registration

C
Image )
acquisition + int16 ot-: fp16 B
o y nor lizati
storage

Image tiling

DL segmentation Binary segmentation
inference | mask

Fig. 1. Diagram of the proposed onboard processing pipeline for thermal hotspots segmentation.

Raw Sentinel-2 (SegTHRawS), the first dataset for thermal hotspots
segmentation in raw multispectral satellite imagery.

The raw multispectral satellite imagery is obtained from the
THRawsS dataset. THRawS contains 146 globally distributed Sentinel-2
raw multispectral images of wildfires and volcanic eruptions between
2016 and 2022 over the highlighted areas in Fig. 2. The images are
expressed in raw DN without radiometric processing, and they include
the 13 spectral bands of Sentinel-2 ranging from Coastal Aerosol
(~0.44 pm) to the Short-Wave InfraRed (SWIR) (~2.2 pm).

The dataset created in this project provides band-aligned images of
the entire THrawS dataset. The images have undergone a
co-registration process to correct the misalignment between spectral
bands. This step is required to align the pixels between bands so that
each pixel in the multi-band image contains information on the same
area of the Earth’s surface. The co-registration process corresponds
to the method described in Meoni et al. (2024) with the SuperGlue
matching network (Sarlin et al., 2020). In this process, a spectral band
acts as a reference band, and the rest are aligned with the reference.
The co-registration order for SegTHRawsS corresponds to the sequence
in which the spectral bands are acquired by the MSI sensor (Meoni
et al., 2024). Following this, the co-registered images are normalized
between 0-1 to correct the 12-bit radiometric resolution and cropped
into 256 x 256 patches with 25% overlap in every direction to include
potential events in the edges.

The segmentation masks are obtained through a strict majority
voting approach that performs automatic labeling to avoid manual
annotation based on visual inspection. The mask generation process is

based on the majority voting principle described in de Almeida Pereira
et al. (2021). This process combines the outputs of several state-of-the-
art detection methods and compares them to generate a segmentation
mask based on voting. For instance, the article employed three state-
of-the-art thermal hotspots segmentation threshold methods to create a
binary segmentation mask with a positive class on those pixels which
at least two methods, the majority, agreed. For this project, a stricter
majority voting with five methods is proposed, as there are no existing
methods for thermal hotspots detection in raw multispectral imagery.
The five methods correspond to four extracted from the literature
(Schroeder et al., 2016, Murphy et al., 2016, Kumar and Roy, 2018,
and Massimetti et al., 2020), and the novel Castro-Traba conditions
specifically designed in this project for raw multispectral imagery.
This new method was incorporated to minimize false detections and
eliminate reliance on subjective visual inspection.

The segmentation masks of the strict majority voting follow a
weakly-supervised segmentation approach to make the annotations
more robust (Schmitt et al., 2020). Weak supervision involves labeling
uncertain pixels separately, excluding them during model training.
With this solution, a pixel is categorized as an “event” if at least four
out of five methods classify it as such, as a “potential event” if only
two or three out of five methods agree, and as “notevent” otherwise.
This leads to masks with three possible classes (—1,0,1) for “notevent”,
“potential_event” and “event”, respectively.

Castro-Traba conditions correspond to the fifth method used for
automatic labeling. These conditions take inspiration from the four
previous methods and add new conditions directly derived from the raw
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Fig. 2. THRawS dataset global coverage.

imagery. The thresholds were determined through visual inspection of
the images with events in the THRawsS dataset. This involved extracting
pixel values in the NIR-SWIR bands, expressed in int8 format, and
identifying patterns associated with visually identified event pixels. In
the equations, DN; is the raw digital number (DN) of channel i, DN ;
the raw digital number of a 30 x 30 neighborhood of channel i, R,.I?jN
is the ratio between raw DN's in channels i and j, and R2Y is the ratio
between raw DN s of the pixels in a 30 x 30 neighborhoo& of channels
iandj.

The first set of conditions depicted in Eq. (1) is the same as the first
conditions from Murphy et al. (2016). The next condition, Eq. (2), aims
to reduce the number of false detections by adding stricter thresholds
to the SWIR2 band (B12) and the NIR2 band (B8A). Spectral bands near
higher wavelengths are more sensitive to thermal hotspots (Massimetti
et al., 2020), and SWIR bands have a peak of radiation for wildfires
according to Wien’s displacement law (Wooster et al., 2012). This effect
is seen in the raw images with high DN values for the SWIR2 band and
low DN values for the NIR2 band. This condition performs a logical
AND operation with Eq. (1).

(R{’z{‘{l > 1.4) & (R{’;}M > 1.4) & (DN, > 0.15) )
(oM, > %) & (DNyy < %) @

Eq. (3) is designed for thermal events with similarly high values
for both SWIR bands and relatively low values for the NIR2 band. This
condition aims to detect the core of thermal hotspots and performs a
logical OR operation with the output mask from Eq. (2). Eq. (4) detects
the hotter part of the thermal hotspots, where both SWIR bands present
the highest values. It performs a logical OR operation with the output
mask from Eq. (3).

(o, > g—g) or (DN, > ;—2)] & (DNgy < 265—05) 3
(DN12>%) & (DNHZ%) @

After the threshold conditions, Eq. (5), a contextual condition,
is applied to detect potential neighboring pixels affected by thermal
hotspots. The neighborhood selected is 30 x 30 centered for each of the
previously detected pixels, and those neighboring pixels that satisfy Eq.
(5) are classified as thermal hotspots. This condition performs a logical
OR with the output mask from Eq. (4). As a final postprocessing step,

Table 2
Pixel proportion statistics of the event images in SegTHRawsS.
Event Potential event Notevent
Total # of pixels 1.367 - 10° 1.261 - 10° 1.077 - 108
Mean # of pixels 83.01 76.58 6.538 - 10*
Std # of pixels 362.9 361.5 699.5
Total % 0.1270 0.1170 99.76

a non-event pixel is classified as a thermal hotspot if it is completely
surrounded by thermal hotspot pixels.
(RRY 24) & (DNysa<0.1) (5)
These conditions were verified by visual inspection, following the
same approach used in similar studies (Shirvani et al., 2023; Zhang
etal., 2021; Hu et al., 2021a; Massimetti et al., 2020; de Almeida Pereira
et al., 2021; Schroeder et al., 2016; Murphy et al., 2016). Fig. 3 shows
the detection performance compared to the remaining methods used
in the majority voting process, and the majority voting 4 (where 4/5
methods classify the pixel as an event). The performance is comparable
to that of the rest of the methods for raw imagery. Based on these
results, these conditions were included as an additional method in the
segmentation mask creation process.

The SegTHRawS dataset comprises co-registered raw multispectral
images stored in Planar binary format (.bin), totaling 17,817 images
categorized into 824 events, 14,099 non-events, and 2894 potential
events, with a combined data size of 50.4 GB. Each image has a
shape of 256 x 256 pixels and is normalized within the range of
0-1, encompassing the 13 spectral channels of Sentinel-2. Segmenta-
tion masks, generated through the weakly-supervised approach, are
available exclusively for event and potential event images. The dataset
exhibits a substantial imbalance, with non-event images considerably
outnumbering event images. This imbalance extends to the pixel level
within the segmentation masks, as illustrated in Table 2 for the masks of
the event images. This imbalance poses challenges for model training,
potentially biasing predictions towards the majority class, thus limiting
model detection performance (Cariello et al., 2023). This limitation is
examined and mitigated using the strategy discussed in Section 3.3.
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Fig. 3. Detection performance of the five contextual threshold approaches and the majority voting 4 for three cases, displayed in rows. (a) Fire event detected
in France. (b) Volcanic event detected in Mount Etna, Italy (c) Volcanic event detected in La Palma, Spain.

3.2. Onboard-tailored DL segmentation models

The requirement for onboard processing with low-latency signif-
icantly influences the selection of the segmentation architecture, re-
quiring a balance between inference time, complexity, and detection
performance. Several architectures combine a segmentation network
with an efficient backbone focused on on-device fast inference. Nev-
ertheless, smaller and simpler models, derived from existing architec-
tures, can potentially yield faster inference times while maintaining
comparable detection performance. Hardware considerations are also
crucial in architecture selection. This study employs the same hardware
platform as that used in Meoni et al. (2025), which demonstrated
the feasibility of in-orbit processing. Building upon the original U-
Net architecture (Ronneberger et al., 2015), optimized for the Myriad,
this work presents a modified version for fast inference and onboard
implementation. These modifications aim to reduce model complexity
and potentially improve inference times without sacrificing detection
performance. The specific modifications are as follows:

« Increase bottleneck size: Remove the deepest level of the origi-
nal U-Net architecture. U-Net was designed for 572 x 572 images,
whereas this project uses 256 x 256 images, less than half the
original. Since the image size is halved at each level, removing
the deepest level results in a network with an image resizing ratio
between the input and bottleneck comparable to that of UNet.
Reduce the number of filters per level: Reducing the number
of filters per level significantly decreases the number of model
parameters, reducing training and inference times at the potential
cost of detection performance.

Encoder residual connections: Adding residual connections in
the encoder to maintain the detection capability of the less com-
plex model. Residual blocks improve the detection capability of
a model, as they combine information from layers of different
levels, and address the problem of vanishing gradients present in
CNNs.

These modifications can be implemented in any Fully Convolutional
Network (FCN) for on-device implementation. In this project, U-Net,
Attention U-Net, and U-Net 3+ were considered to evaluate these mod-
ifications concerning detection performance and inference time. For
Attention U-Net and U-Net 3+, only the first and second modifications
were considered. The modified models are named by adding “-SX” to
the original model name, where X is an integer from 0 and 5 indicating
the model size based on the number of filters per level. The visual
representation of these modifications for the ResUNet-S2 are depicted
in Fig. 4

3.3. Model training

Only segmentation models designed for on-device implementation
are considered for training. These models include those outlined in
Section 3.2, as well as U-Net, U-Net++ and DeepLabV3+ architectures,
each paired with MobileOne-S0, EfficientNet-B0O, and MobileNetV2 en-
coders.

The SegTHRawS dataset is unsuitable for training a segmentation
model due to a pronounced class imbalance between images containing
thermal events and those without. The class imbalance problem was
discussed in Section 3.1, both at the image and pixel levels. Segmen-
tation models require a balanced training dataset between positive
(event) and negative (non-event) classes to mitigate the risk of bias
towards the majority class prediction (Cariello et al., 2023), even with
the application of specific loss functions designed to address class
imbalance.

To address this issue, two strategies were considered: (1) reducing
the dataset to achieve a 50/50 balance between event and non-event
images (Cariello et al., 2023), and (2) augmenting event images until
their quantity matches that of no-event images (Del Rosso et al., 2021).
However, the second strategy is more effective in datasets with a lower
degree of imbalance, as excessive augmentation can lead to augmented
images that are highly similar to the originals, increasing the risk of
model overfitting. Therefore, we propose constructing a reduced train-
ing dataset derived from SegThRaw$, maintaining a balanced 50/50
proportion of event and non-event images to mitigate class imbalance.
This dataset employs a geographical split strategy, whereby specific
geographical areas are exclusively reserved for testing. This strategy
provides a rigorous evaluation of the model’s detection performance on
scenes not considered during training and validation, thereby assessing
its generalization capability on unseen data. In Fig. 5, the process for
generating the 50/50 balanced training dataset with a geographical
split is depicted.

The training dataset contains images and weakly labeled masks in
Planar binary format, with shapes [1,256,256,3] and [1,256,256,1],
respectively. This dataset comprises 1648 images, with 1320 images
allocated for training, 164 for validation, and 164 for testing, with a
total size of 1.7 GB.

Despite utilizing the 50/50 balanced dataset, a notable class im-
balance persists between event and non-event pixels. To address this
challenge, the Focal Loss is employed, which was specifically de-
signed to mitigate class imbalance and prioritize difficult-to-classify
instances (Lin, 2017). Model training was conducted using PyTorch
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Fig. 4. Visual representation of the ResUNet-S2 network proposed in this project.
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Fig. 5. Diagram of the process for creating the 50/50 balanced training dataset with a geographical split.

Lightning.! The Focal Loss function was applied with an « parameter
of 0.5, representing the class weighting factor, and a y value of 2 to
emphasize hard-to-segment cases. The learning rate was determined
using Pytorch Lightning’s learning rate finder for most models (Smith,
2017), except for the modified U-Net models, which employed a fixed
learning rate of 3e~*. The “ReduceLROnPlateau” scheduler was also ap-
plied to adjust the learning rate during training. Each model underwent
training over five random seeds (0,1,2,42,73) using mixed precision, a
batch size of 24, weak labeling, flip and rotation non-destructive image
augmentations, no pre-trained weights, and using the Adaptive Moment
Estimation (Adam) optimizer. The training procedures took place on an
NVIDIA A30 with 12 GB of Video Random-Access Memory (VRAM) and
an NVIDIA GeForce RTX 4060 Laptop with 8 GB VRAM. The code for
the training workflow is publicly accessible on the designated GitHub
repository, referenced in Data availability.

3.3.1. Metrics

Due to the significant class imbalance in the dataset, conventional
metrics such as accuracy and precision do not adequately reflect the
model’s detection performance. For instance, predicting all pixels in
the reduced training dataset as non-events would yield an accuracy
of approximately 99%, which is misleading. Therefore, segmentation
performance is evaluated using the IoU, also referred to as the Jaccard
index, and the F-1 score (Taha and Hanbury, 2015). To ensure robust-
ness, these metrics are calculated independently for each class, thereby
avoiding the occurrence of Not a Number (NaN) values in cases where
some masks may be empty.

For instance, if the model predicts all pixels in the small training
dataset as “notevent” the accuracy would be higher than 99%, which

1 https://lightning.ai/pytorch-lightning

is misleading. To evaluate segmentation performance, the key metrics
correspond to the F-score and the IoU, also known as the Jaccard
index (Taha and Hanbury, 2015). Both metrics are calculated separately
for each class to avoid NaN values in empty mask images.

3.4. DL model validation in an external dataset

The final segmentation model was tested on an independent ex-
ternal segmentation dataset for thermal hotspot detection to assess
its generalization capability and rule out overfitting. This evaluation
strategy, combined with the geographical split in the training dataset,
strengthens the evidence for the model’s robust segmentation perfor-
mance.

The external dataset utilized for this purpose corresponds to the de
Almeida Pereira et al. (2021) dataset, focused on thermal hotspots
segmentation in Landsat-8 L1C reflectance-based imagery. This dataset
was selected for its widespread availability, global coverage of thermal
events, and because the authors used a lightweight U-Net architecture
that can be implemented on-board. Given the extensive size of the
dataset, only 20% of the total images were allocated for training
and validation, while maintaining consistency with the same manually
annotated testing set. The training images were derived from Oceania,
North America, Europe, and Eastern Asia, and were gathered using
a 50/50 balanced split of events and non-events for each continent.
This approach follows the procedure illustrated in Fig. 5. Two test
configurations are considered for evaluation: (1) zero-shot segmenta-
tion, and (2) retraining the model on the new dataset. The retraining
procedure involves leveraging the model with pre-trained weights,
obtained from training on the training dataset of SegTHRawS, as a
foundational starting point for further training on the new dataset.
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3.5. Experiments

The proposed payload processing pipeline is validated on edge com-
puting CubeSat hardware to assess its expected on-orbit performance.
This experimental evaluation measures both the total processing time
per pipeline execution and the energy and power consumption profiles
of various onboard models tested within the operational hardware
environment. The models included in the evaluation are the U-Net+Mo-
bileNetV2 model from the literature, the ResUNet-S models introduced
in this work, and the Att-Unet-SO and Att-Unet-S4 models, also pro-
posed in this study. The objective is to quantify the inference time of
the proposed models and compare their performance with that of a
state-of-the-art on-device model.

The pipeline operates on a 12-bit binary input image captured in the
NIR-SWIR spectral bands, with a resolution of 1152 x 1296 x 3 pixels.
One execution of the pipeline comprises three primary steps: (1) coarse
co-registration of the three spectral bands, (2) tiling of the co-registered
image into 20 non-overlapping patches, each of size 256 x 256 x 3
patches, and (3) segmentation inference performed on the 20 patches.

The selected hardware configuration consists of the Raspberry Pi
3B+ as the PDHP and the Intel Movidius Myriad X VPU serving as an Al
accelerator. The Raspberry Pi 3B+ handles the pre- and post-processing
stages of the pipeline and was chosen due to its easy availability
and its ARM processor, which makes it a Commercially Off-The-Shelf
(COTS) PDHP suitable for low-power space applications. This processor
has been considered in several SmallSats and CubeSats designs (Yang
et al., 2017; Mohd-Isah et al., 2020). The Myriad X, responsible for the
Al segmentation inference within the pipeline, leverages two LEON4
cores as Central Processing Units, 4 Gbit of Dynamic Random Ac-
cess Memory, and the Neural Compute Engine, a dedicated hardware
accelerator designed for on-device, high-speed, and low-power AI in-
ference (Dunkel et al., 2022). It represents the next generation of the
Myriad 2, previously deployed in the @-sat 1 (Giuffrida et al., 2021) and
the @-sat 2 (Longepé et al., 2023) missions. In this study, the Myriad
X is presented within the CogniSAT-XE2? board developed by Ubotica
Technologies. This board is built around the Myriad X VPU to provide a
low-power high-speed solution for Al inference onboard SmallSats and
CubeSats. It has been deployed and verified in the space environment
in the CogniSAT-6 mission (Rijlaarsdam et al., 2025).

The experimental setup, depicted in Fig. 6, illustrates the configu-
ration, comprising the Siglent SPD3000X power supply, the Raspberry
Pi 3B+, and the CogniSAT-XE2, arranged from top to bottom.

4. Results
4.1. Model validation in an external dataset

The model selected for evaluation in the external dataset was the
ResUNet-S2 model proposed in this project. Table 3 reports the seg-
mentation results of the ResUNet-S2 model evaluated on the external
dataset from de Almeida Pereira et al. (2021). The retrained ResUNet-
S2 model, proposed in this study, achieves an IoU of 0.835 and an F-1
score of 0.909, outperforming the U-Net-Light (3c) used in the original
article. It should be noted that the ResUnet-S2 model was trained using
only 20% of the total available training data, employing the 50/50
balanced dataset approach outlined in Section 3.3. Fig. 7 illustrates a
comparative analysis of detection performance between the proposed
segmentation model and the network described in the original study
across three distinct cases. These results demonstrate the detection
and generalization capabilities of the ResUNet-S2 model in a different
dataset, which provide evidence on the absence of overfitting of the
model in the SegTHRawsS dataset.

2 https://ubotica.com/ubotica-cognisat-xe2/
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Fig. 6. Experimental setup of the Raspberry Pi 3B+ and CogniSAT-XE2 board
experiment.

Table 3

ResUNet-S2 detection performance in de Almeida Pereira et al. (2021) dataset.
Method IoU F-1
Zero-shot ResUNet-S2 0.6944 0.816
Retrained ResUNet-S2 0.835 0.909
U-Net-Light (3c) (de Almeida Pereira et al., 2021) 0.814 0.897

4.2. Experiment results

Table 4 presents the results of a single pipeline execution on the
Raspberry PI 3B+ and the CogniSAT-XE2 for the selected models. This
table includes the model size and the inference time measured in
the CogniSAT-XE2 board per 256 x 256 x 3 image patch for each
tested model. The total processing time and energy correspond to the
complete execution of the pipeline, from the input image to the output
segmentation mask. The total energy is represented by two values:
(1) the energy calculated by multiplying the processing time and the
peak power of each pipeline stage, and (2) the measured energy,
which accounts for the additional energy consumption associated with
hardware initialization. Additionally, Fig. 8 illustrates the power profile
for a single pipeline execution using the ResUNet-S2 model.

Fig. 9 displays the output segmentation masks produced by the
ResUNet-S2 in the CogniSAT-XE2 experiment for 5 images from the test
dataset. The second and fourth rows exemplify the model’s performance
under nominal conditions, showing the accurately segmented, clearly
visible volcanic eruptions of the Mayon and the Piton de la Fournaise
volcanoes, respectively.

In contrast, the first and third rows demonstrate cases where the
model’s performance is degraded, but still relatively high IoU, by the
presence of clouds near or over the event. The first row, however,
also highlights the importance of weak labeling, as the model segments
pixels that were only considered potential events in the initial dataset.
The third row shows an instance where the model fails to properly
segment low-intensity events obscured by clouds, generating larger
segmentation regions than expected based on visual verification. This
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Fig. 7. Comparative analysis of the segmentation outputs in the de Almeida Pereira et al. (2021) dataset of the ResUNet-S2 model and the network of the original

article.

Table 4

Detection and time performance of the tested models in the Raspberry Pi 3B+ and CogniSAT-XE2.

Model Model size [MB] IoU F-1 Inference time [ms] Time [s] Total energy [J] Peak power [W]
Unet MobileNetV2 25.43 0.977 0.988 69.89 1.913 7.954 4.470
ResUNet-S0 0.031 0.945 0.974 28.75 1.022 3.946 4.190
ResUNet-S1 0.121 0.938 0.967 37.47 1.191 4.691 4.265
ResUNet-S2 0.477 0.988 0.986 50.28 1.452 5.833 4.062
ResUNet-S3 1.891 0.973 0.986 76.24 1.976 8.140 4.430
ResUNet-S4 7.533 0.981 0.991 131.5 3.085 11.64 4.060
Att-UNet-SO 0.037 0.945 0.971 42.32 1.283 4.953 4.175
Att-UNet-S4 8.282 0.981 0.991 153.2 3.517 16.38 4.960

discrepancy could be attributed to two potential causes. First, radiation
from the event could be reflecting off the clouds, creating intensity
values that the model wrongly segments as low-intensity events. Al-
ternatively, the issue may come from the dataset creation process
itself, where the majority-voting strategy could have mislabeled pixels
surrounding cloudy events, thereby causing the model to incorrectly
learn to segment these areas as part of the event.

Finally, the fifth row illustrates the model’s performance on a small,
subtle volcanic event at Piton de la Fournaise. This case highlights the
importance of the proposed solution for detecting small-scale events
(<50 m), which higher-resolution approaches might otherwise fail to
detect.

5. Discussion

This study introduces the concept of a novel onboard payload
processing pipeline for low-latency segmentation of thermal hotspots
using raw multispectral imagery. This solution aims to reduce the time
delay in conventional approaches, where “real-time” performance is

based solely on post-downlink processing, thus neglecting the latency
associated with data transmission and the advantages of onboard pro-
cessing. The onboard capabilities of the pipeline enable insights to
be extracted on-orbit, which reduces the data to be transmitted, and
consequently, the existing delay until the detected event is seen on the
ground. As can be seen from Table 4, one execution of the pipeline
from the input image to the output segmentation masks takes 1.452 s.
This time is lower than the 3.6 s that Sentinel-2 requires to capture
a granule (European Space Agency - ESA, 2018), demonstrating that
this solution can potentially detect thermal events in all the acquired
images.

For comparison, FIRMS (Davies et al., 2008) provides 1-60 min
detections, after a satellite pass over a ground station, in specific areas
of North America and ~3 h globally, with 375-1 km spatial resolution.
On the other hand, the proposed onboard pipeline detects the thermal
event directly onboard in less than 2 s after image acquisition, with
a spatial resolution of 20 m. While the proposed concept focuses on
the core processing pipeline, it is crucial to note that additional delays
arise from image readout, mass-memory communications, and post-
processing communications. This solution can be combined with an
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Fig. 8. Power measurement of the ResUNet-S2 model for the Raspberry Pi 3B+ and CogniSAT-XE2 experiment.

ISL to directly communicate the location of events independently of
the satellite’s orbital position, removing the need to wait for a ground
station pass.

The pipeline was tested on CubeSat-compatible edge computing
hardware to demonstrate its suitability for energy-constrained environ-
ments. One execution consumes less than 16 J, and obtains a peak
power of 4.062 W, an IoU of 0.988, and an F-1 score of 0.986.
These results demonstrate the energy efficiency of the pipeline while
maintaining state-of-the-art detection performance. The detection per-
formance improvement in the CogniSAT-XE2 compared with PyTorch
can be attributed to the quantization between float32 and floatl6
which may have reduced the existing overfitting in the model, or to
some batch normalization layers that were modified during the ONNX
conversion of the model.

The results from Table 4 provide interesting insights into the re-
lationship between inference time and model size of the proposed
models in this project. From the ResUNet models, it can be inferred
that for the same type of architecture, the smaller the model the lower
the inference time. Nevertheless, when changing the network more
factors come into action, as can be seen from the higher inference
time of Att-UNet-SO compared to ResUNet-SO despite being smaller.
The increase in inference time is attributed to the complexity of the
attention layers, which corroborates the results from the original article
of the Attention-UNet (Oktay, 2018).

Fig. 10 illustrates three 2D analyses of the false detections of the
ResUNet-S2 model concerning the intensity values of the NIR-SWIR
images in the training dataset. False detections occur mainly when the
three spectral bands have relatively similar values, with the NIR band
the lowest among the three. This can be attributed to the fact that ther-
mal hotspots are typically associated with high contrast between NIR
and SWIR bands. False detection in low-intensity values is expected, as
they are not typically associated with thermal hotspots.

The potential origin of these false detections might be attributed to
the quality of the segmentation masks. The masks were created through
an automatic majority voting labeling approach with four reflectance-
based methods without perfect detection performance. As a result, some
pixels may have been misclassified as events. These pixels may include
the cases of reflective clouds and moderate B11 and B12 values, which
may be detrimental to model training.

Based on the results of the detection performance depicted in Table
4, one can assume that the ResUNet-S2 model may suffer from over-
fitting. However, a geographical split was used during model training

to improve the model’s generalization capability in unseen data. In
addition to this, the ResUnet-S2 model has been validated in the
Almeida et al. (de Almeida Pereira et al., 2021) thermal hotspots
segmentation dataset, to ensure that the model detection performance
was not caused by overfitting. Due to its large size, only 20% of the
total images were used for training and validation, while maintaining
the same manually annotated testing dataset. Through this approach,
the re-trained ResUnet-S2 model has obtained detection metrics that
are superior to the model proposed in the original article. The zero-
shot segmentation performance and the geographical split used model
training in the SegTHRawS dataset indicate the good generalization
capabilities of the trained ResUNet-S2 model. Moreover, the detection
performance after retraining in the new dataset proves the detection
capabilities of the modified models generated in this project. These
three reasons provide compelling evidence to infer that the model has
not overfitted.

6. Conclusion

This study has proposed the first payload processing pipeline for
onboard segmentation of thermal hotspots using raw multispectral
satellite imagery. The pipeline was tested using edge computing Cube-
Sat hardware, the Raspberry PI 3B+ and the CogniSAT-XE2 board, to
demonstrate its low latency and low power consumption performance.
Segmentation is performed through a modified U-Net, ResUNet-S2,
proposed in this project for on-device fast inference applications. The
model was trained using the SegTHRawsS dataset, the first segmentation
dataset for thermal hotspot detection in raw multispectral satellite
imagery. The segmentation masks were generated following a weak
labeling and strict majority voting process among four contextual meth-
ods from the literature and one contextual method proposed in this
study. The trained ResUNet-S2 implemented in the CogniSAT-XE2 ob-
tained an IoU of 0.988 and an F-1 score of 0.986 in the SegTHRaw$S
dataset. To demonstrate the absence of overfitting and the generaliza-
tion capabilities of ResUNet-S2, this model was validated in an external
dataset for thermal hotspot segmentation with a different satellite
sensor, obtaining better detection performance than the original article.
A limitation of this project is the majority voting method used for
the mask generation process of SegTHRawS, which is mostly based
on algorithms that rely on TOA reflectance and not on raw DNs. The
Castro-Traba conditions proposed, weakly labeled masks, and the strict
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Fig. 9. Segmentation performance of the ResUNet-2 model in the CogniSAT-XE2 for five particular cases of the test dataset. The columns present the NIR-SWIR

image, the ground truth mask, the predicted mask obtained in the CogniSAT-XE2, and the combined mask between ground-truth and prediction, where the FP
and FN are highlighted, in blue and red, respectively.
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Fig. 10. FP and FN 2D analyses of the NIR-SWIR band values. From left to right: B12 vs B11, B12 vs B8 A, and B11 vs B8A.

majority voting with 4/5 methods tried to address this limitation. from the sensor to mass storage, and (2) it does not account for the
Furthermore, the proposed concept works under two assumptions: (1) communication time required to downlink the segmentation results to
it assumes the immediate availability of imagery for processing after ground stations. Further work will study the use of different spectral
acquisition, neglecting potential delays associated with data transfer band combinations to detect thermal events, the addition of new images
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into the SegTHRawsS dataset, and the development of a sensor-agnostic
thermal hotspots segmentation pipeline.
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