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Abstract Recent advances in solar physics increasingly rely on automated identification of coronal
structures using machine learning. Yet most studies emphasize scientific performance without evaluating
feasibility for onboard deployment to prioritize downlink observations. This work investigates the automated
identification of active regions and coronal holes by applying segmentation and detection techniques to Solar
Dynamics Observatory (SDO) data. We compare three approaches: SCSS-Net, a deep learning model for
semantic segmentation; YOLOv8n, a lightweight object detector; and a traditional pipeline based on basic
computer vision operations (BCVO). Each method is assessed for its scientific accuracy and its suitability for
deployment in future resource-limited missions. While no direct hardware benchmarking is performed in this
study, we assess the feasibility of onboard implementation based on the associated number of trainable
parameters, architecture and hardware requirements. Training and evaluation are first conducted on well-
calibrated SDO images. We then extend the evaluation to raw and uncalibrated SDO images affected by
instrumental artifacts. Performance is measured using the Intersection over Union (IoU) and Dice score. Results
show that while SCSS-Net achieves the highest segmentation quality, YOLOv8n offers a strong balance
between accuracy and efficiency. The BCVO pipeline remains viable under strict hardware limitations.
Interestingly, our models retain compatibility on Level-0 observations. This is the first study comparing these
widely used methods from the perspective of onboard deployment. Our findings provide a foundation for
designing frameworks tailored to onboard hardware configurations.

Plain Language Summary Solar physicists are increasingly using machine learning to automatically
identify features on the Sun. Most studies, however, only measure accuracy and do not consider whether these
methods could run on spacecraft with limited computing power. In this work, we investigate the detection of two
important solar features: active regions and coronal holes. We test three approaches: a deep learning model
(SCSS-Net), a lightweight object detector (YOLOv8n), and a simpler method based on basic computer vision
operations (BCVO). We compare them in terms of accuracy, efficiency, and suitability for future missions with
strict hardware limits, such as Field-Programmable Gate Array-based systems. Training and evaluation are first
performed on well-processed Solar Dynamics Observatory (SDO) data (Level-2). We then extend testing to
raw, uncalibrated images (Level-0) that include real instrument artifacts. Results show that SCSS-Net achieves
the highest accuracy, YOLOv8n provides a good balance between accuracy and speed, and BCVO remains
useful under the tightest hardware constraints. Importantly, models trained on Level-2 data also perform well on
Level-0 observations. While no direct hardware benchmarking is performed, this is the first study directly
comparing these methods for onboard use providing a foundation for designing frameworks tailored to onboard
hardware configurations.

1. Introduction

Spacecraft, both human-crewed and unmanned, play a central role in the exploration and utilization of space.
Unmanned missions, ranging from satellites and probes to robotic landers, are built to operate autonomously or be
remotely controlled, often enduring harsh environments for extended periods without direct human involvement.
The hardware and software onboard these systems are constrained by space restrictions, including limited
communication bandwidth, a limited power supply, and radiation-induced errors.
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The adoption of Artificial Intelligence (Al) in spacecraft onboard computing presents a promising solution to
challenges posed by rapid technological evolution and the vast, ever-growing volumes of data generated by
spaceborne sensors. Al can enable autonomous onboard decision-making, such as processing imagery to filter out
non-essential data. A practical example is CloudSatNet-1 (Pitonak et al., 2022), which reduces data transmission
load by automatically discarding images containing clouds, thereby improving the efficiency of satellite-to-
ground communication. Al can also support real-time diagnostics and responses to issues with spacecraft sys-
tems (Gallon et al., 2025; Ramachandran et al., 2020). Instruments can be intelligently activated thanks to
context-aware Al driver algorithms.

A step forward in autonomous spacecraft operations is the ability to closely monitor solar activity. Phenomena
such as solar flares and coronal mass ejections (CMEs) can pose significant risks to space missions (Schrijver &
Siscoe, 2010; Webb & Howard, 2012). Segmenting or detecting coronal structures onboard can help address these
challenges. Active regions (ARs), identified by enhanced extreme ultraviolet (EUV), X-ray emission and often
identified in magnetograms, are the primary sites for flare initiation due to their strong and complex magnetic
fields (Benz, 2017; Toriumi & Wang, 2019). Coronal holes (CHs), which appear as dark regions in EUV images
due to lower plasma density and temperature, are recognized as sources of high-speed solar wind streams that
contribute to recurrent geomagnetic disturbances (Cranmer, 2002). Both active regions and coronal holes are
phenomena occurring in the solar atmosphere, spanning through its layers (photosphere, chromosphere and
corona). Since they are both very prominent in the solar corona, for this study, we adopt the term ’solar coronal
structures'. The accurate segmentation and tracking of these structures allows us to monitor their evolution and
assess the likelihood of eruptive events.

Beyond scientific motivations, there are also practical motivations for integrating such capabilities. Onboard data
storage and downlink bandwidth limitations often necessitate the selective discarding of data. Intelligent algo-
rithms could prioritize samples based on their scientific relevance. Moreover, due to power constraints and
operational considerations, high-resolution telescopes, such as the Extreme Ultraviolet Imager (EUI)/High
Resolution Imager (HRI) onboard the Solar Orbiter mission (Auchere et al., 2020), must often remain idle or point
away from target regions. In contrast with the SDO mission, where continuous data downlink is always possible,
the Solar Orbiter mission could benefit from such capabilities. Enabling autonomous activation and targeting of
such instruments is therefore of great importance.

Tracking filaments is also important due to their connection with CMEs and solar eruptions (Schmieder
et al., 2013). However, for simplicity in this work, we only focus on active regions and coronal holes since
filament identification typically requires information from different wavelengths than ARs and CHs (304 A).

Numerous automated approaches for segmenting active regions and coronal holes have been proposed to detect
solar activity, with significant advancements over time. Early methods relied on predefined rule-based systems
(Henney & Harvey, 2005; Krista & Gallagher, 2009; Pérez-Suérez et al., 2013), followed by more sophisticated
mathematical algorithms (Verbeeck et al., 2014). These were later complemented by computer vision techniques
and traditional machine learning models (Delouille et al., 2018; Reiss et al., 2015), and more recently, by the
adoption of large deep learning models with convolutional architectures comprising millions of parameters
(Mackovjak et al., 2021). Various methods are also developed by extracting features from Active Region patches
from magnetograms (Bobra et al., 2014, 2021). In general, Asensio Ramos et al. (2023) provides an extensive
review of recent developments of machine learning in solar physics, including coronal hole segmentation.

It is important to note that large deep learning architectures typically require substantial amounts of data. A
variety of high-quality data sets are available for the observation and analysis of solar coronal structures, such as
active regions, coronal holes, and bright points, with observations from the Solar Dynamics Observatory (SDO) at
the forefront (Pesnell et al., 2012). Additional resources include legacy data sets from missions, such as SOHO/
EIT (Delaboudiniere et al., 1995; Domingo et al., 1995), which offer long-term coronal imaging from 1996 to
2010, and STEREO/EUVI (Howard et al., 2008), which provide stereoscopic views of the Sun for 3D analysis of
coronal structures. More recently, Solar Orbiter's EUI (Miiller et al., 2020; Rochus et al., 2020) has begun
delivering extremely high-resolution EUV images from unique vantage points in the inner heliosphere, ideal for
focused studies of fine-scale coronal dynamics.

A key challenge arises when considering the execution of such algorithms onboard spacecraft systems, where the
available input is raw data, which is typically noisy and uncalibrated, often referred to as Level-0 data. In contrast,
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machine learning models are usually trained on Level-2 data, which is fully calibrated, ready for scientific
analysis, and provides a standardized, high-quality representation of the phenomena under investigation (Boerner
etal., 2012). In principle, Level-0 data consist of raw pixel values with no corrections applied, while Level-1 data
includes basic corrections for instrument effects but may still lack full alignment or calibration. The trans-
formation from Level-0 to Level-2 can be computationally expensive, often requiring the data to be processed in
chunks and handled differently depending on the specific characteristics of each sample. Despite these limitations
and challenges, several prototype systems have already demonstrated the potential of onboard Al, particularly for
tasks such as image encoding and compression (Guerrisi et al., 2023; RZi¢ka et al., 2023).

Deploying Al in space is challenging due to high computational demands and the unsuitability of conventional
processors, such as CPUs and GPUs, which are not designed for radiation-prone environments (Ghiglione &
Serra, 2022). Field-Programmable Gate Arrays (FPGAs) offer a compelling alternative. As integrated circuits that
can be programmed and reprogrammed after manufacture, FPGAs enable adaptable and efficient Al acceleration.
This reconfigurability is particularly valuable for space missions, allowing for in-flight updates, corrections, or
even complete hardware logic changes as mission requirements evolve. In addition to FPGAs, embedded edge-Al
platforms such as NVIDIA Jetson (NVIDIA Corporation, 2023) and Intel Movidius (Myriad) (Intel Corpora-
tion, 2023) processors have been widely adopted for terrestrial and near-space applications, offering a balance
between computational performance, power efficiency, and software maturity for deep learning inference.
However, their use in long-duration space missions remains limited by radiation tolerance and qualification
constraints, making FPGAs and radiation-hardened accelerators more suitable for fully onboard deployment.

This flexibility gives FPGAs a distinct advantage over Application-Specific Integrated Circuits (ASICs), which
are fixed after production and cannot be modified once a satellite is launched. The design and production of an
ASIC is also more time-consuming and expensive, making it less suitable for space applications that rarely
require mass production and often have tight development schedules (Boada Gardenyes, 2011). Although FPGAs
are generally more complex to program, their unique benefits have led vendors like Xilinx, Microchip, and
NanoXplore to offer radiation-hardened FPGAs specifically designed for the rigors of space. In this work, we
discuss the feasibility of implementing our Al algorithms on these reconfigurable hardware systems.

Existing studies consistently emphasize three critical metrics: power efficiency, FPGA resource demands, and
inference speed (Antunes & Podobas, 2025). Reiter et al. (2020) proposed an FPGA-based implementation of a
Binarized Neural Network for cloud detection. The results showed that the FPGA implementation achieved lower
power consumption and faster inference compared to its CPU and GPU counterparts, highlighting its superior
energy efficiency —a critical consideration for computing systems in space applications. Cosmas and Keni-
chi (2020) conducted a comparison over three distinct methodologies for satellite-reliable pose estimation. The
first method involved direct regression on the whole image to identify key points, employing a ResNet-50
(Koonce, 2021) model architecture. The second method utilized heatmap-based detection of key points across
the entire image using a U-Net model architecture, an encoder-decoder architecture typically employed for
segmentation, often applied to medical imaging (Ronneberger et al., 2015). Lastly, a method for spacecraft
detection, cropping, and subsequent heatmap-based detection of key points is proposed, utilizing YOLOv3 (You
Only Look Once), a widely used object detection method in computer vision applications (Redmon & Far-
hadi, 2018). They concluded that the ResNet34-U-Net model was the best compromise between performance,
inference time, and power consumption.

Moreover, several variants of the YOLO architecture have been occasionally applied and evaluated for identi-
fying coronal structures, particularly coronal holes. Using SDO data, they demonstrate the effectiveness and
relevance of this approach for space weather monitoring, as well as its scalability to large data sets (Nandi
et al., 2024). Specifically, the nano, medium, and extra-large (x) versions of YOLOv8 were evaluated using
metrics such as F1 score, mean Average Precision (mAP), and True Positive Rate (TPR), with the nano model
offering the most lightweight solution and the extra-large model being the most computationally demanding.

Building upon the previously discussed studies, we compare three distinct methodologies: segmentation using
SCSS-Net (U-Net variant), detection using one of the lightest YOLO variants (YOLOvVS8n), and segmentation
based on basic computer vision operations (BCVO). Each approach presents unique strengths and limitations. Our
goal is to determine the best trade-off between accuracy, power efficiency, and inference time. In parallel, we
investigate whether models trained on Level-2 SDO data can still perform well when applied to Level-0 data, a
crucial step toward making these frameworks operate autonomously onboard a spacecraft. This is the first effort in
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the space weather domain to compare such methods from multiple perspectives, including scientific performance,
implementation simplicity, qualitative advantages and limitations, and suitability for onboard deployment using
FPGAs.

This paper is structured as follows: Section 2 describes the data sets, algorithms, and evaluation metrics employed
in this study. Section 3 presents the experimental results, while Section 4 discusses their interpretation, impli-
cations, and potential directions for future research toward on-board deployment of Al methods.

2. Data and Methods
2.1. The Data Set
2.1.1. SDO Machine Learning Ready Data Set

The SDO is a NASA mission launched in 2010 to observe the Sun continuously and at high resolution. It carries
three instruments on board, the Atmospheric Imaging Assembly (AIA; Lemen et al., 2012), the Helioseismic and
Magnetic Imager (HMI; Scherrer et al., 2012), and the Extreme Ultraviolet Variability Experiment (EVE; Woods
etal., 2012)], which together provide a rich multi-modal data set for studying solar activity. AIA captures full-disk
EUV/UV images of the Sun at 7 EUV channels (centered at 94, 131, 171, 193, 211, 304, and 335 A)and 2 UV
channels (centered at 1,600 and 1,700 A), each corresponding to plasma emission from different temperature
regimes in the solar atmosphere. Meanwhile, HMI provides measurements of the photospheric magnetic field as
well as continuum intensity and Doppler velocity observations, enabling comprehensive studies of magnetic and
dynamic processes on the solar surface.

Recognizing the need for structured and accessible data for Al research, Galvez et al. (2019) introduced the SDO
Machine learning (SDOML) data set, a carefully curated and preprocessed machine learning-ready data set
derived from SDO observations. Later, the SDOMLV2 data set was released, providing the data in the cloud-
friendly Zarr format. By standardizing data preprocessing (e.g., alignment, normalization, cropping, and resiz-
ing), SDOMLV2 enables researchers to focus on model development and evaluation rather than handling raw
data.

Although future missions are expected to employ more modern and efficient hardware, such as advanced CMOS
sensors, developing and validating algorithms on SDO data remains highly relevant. SDO provides a long,
consistent, and well-annotated observational record, which serves as a valuable testbed for building and
benchmarking algorithms intended for future deployment.

2.1.2. Level-0 SDO

In most current research, machine learning models for solar image analysis are trained on well-preprocessed data
sets, often described as Level-2 products from the SDO, or on derived data sets built upon them, such as the
aforementioned SDOMLvV2 data set. More specifically, these data products have undergone extensive pre-
processing, including calibration, alignment, despiking, and correction for instrumental effects such as instrument
degradation and other systematic errors (Boerner et al., 2012; Kasapis et al., 2023). As a result, Level-2 data
provide clean, stable inputs ideal for supervised learning and model benchmarking. However, a major challenge
arises when considering the onboard deployment of such models for future space missions: spacecraft typically
have access only to Level-0 data, which are raw, uncalibrated telemetry streams directly from the instrument.
These data include various instrumental artifacts, noise, and format differences that are absent from Level-2
products. Therefore, models trained on high-quality Level-2 data may fail or underperform when exposed to
raw Level O inputs in operational settings. To bridge this gap, either onboard preprocessing pipelines must be
developed to approximate Level-2 calibration, or models must be fine-tuned to become robust or be inherently
generalizable to the noise and variability present in Level-0 data. Addressing this domain mismatch is essential
for ensuring the reliability and autonomy of Al-powered systems deployed in space.

Calibrated level-1 scientific data of SDO/AIA are accessible from the Joint Science Operations Center (JSOC) at
Stanford University (Hapgood et al., 1997). However, Level-0 data is currently not publicly available. Due to the
large data volume, the JSOC retains only the most recent 30 days of Level-0 data on local disk storage, while older
data is archived on tape. For this study, we obtained two Level-0 data sets directly from the instrument team. The
first one consists of SDO/AIA 131 A images from the following dates in December 2023: 11, 15, 20, and 31, with
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Figure 1. Illustrative examples of preprocessing a Level 0 SDO sample along the corresponding histogram: (a) Original raw
sample, (b) preprocessing based on the full-image, where all four quadrant discontinuities are clearly visible, (c) per-quadrant
preprocessing by clipping pixel values at the 1st and 99th percentiles, resulting in one remaining discontinuity, and (d) per-
quadrant preprocessing by shifting each quadrant's median to match the global median, followed by percentile based
normalization.

a cadence of 12 min. The second subset comprises 441 files from all SDO wavelengths, spanning a 2-week period
with a 6-hr cadence, from 5 June 2025 to 19 June 2025.

Due to the sparsity of Level-0 data, we opt to use these samples exclusively for testing, without allocating any of
them for training or fine-tuning. On the one hand, the limited amount of data is insufficient to support meaningful
training or fine-tuning. On the other hand, preserving the entire data set for testing ensures a statistically
representative sample, which is essential for a reliable and robust evaluation of model performance.

2.2. Preprocessing Level 0 SDO

Level-0 samples require preprocessing before being fed to the studied frameworks. This step is a critical part of
any machine learning or deep learning pipeline as it transforms raw image data into a format that improves model
performance and ensures consistency across the data set. Common preprocessing steps include resizing images to
a fixed input size compatible with neural network architectures and normalizing pixel values—often scaling them
to a range such as [0, 1] or [-1,1] to stabilize training. In parallel, to ensure compatibility with onboard
deployment constraints, we deliberately keep preprocessing steps minimal.

In our case, firstly, the intensity pixel values need to be preprocessed and clipped to [0, 1]. The original Level-
0 SDO images are stored with 14-bit depth, meaning that pixel values span the range from 0 to 16,383. When
applying a global normalization to the [0, 1] range, distinct quadrant discontinuities become apparent. These
artifacts arise due to the independent acquisition and compression of each quadrant of the CCD sensor. Even after
applying full-image normalization combined with percentile-based clipping (1st and 99th percentiles), these
discontinuities remain visible. To address this, we experimented with applying normalization separately to each
quadrant. While this approach occasionally reduces the artifacts, in many cases, residual discontinuities persist in
one or more quadrants. As a final correction, we shift the median intensity of each quadrant to match the global
median before performing normalization. This method consistently suppresses the quadrant boundaries, resulting
in visually continuous images across the whole frame. Figure 1 illustrates how the above preprocessing steps
progressively address the quadrant discontinuities present in Level 0 SDO data.
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The second preprocessing step involves resizing the images to match the input dimensions required by each
framework. Both SCSS-Net and YOLOv8n are deep learning-based models that operate on fixed-size inputs.
Accordingly, the original images are rescaled to 256 X 256 for SCSS-Net and 512 X 512 for YOLOvS8n.

2.3. Solar Coronal Structure Masks

To enable the use of supervised machine learning methods for the segmentation or detection of solar coronal
structures, it is crucial to acquire a significant and consistent set of labeled data.

Mackovjak et al. (2021) released a data set of binary, pixel-wise annotation masks for SDO/AIA observations,
consisting of one sample per day from 2012 to 2018 and covering both active regions and coronal holes. To reduce
annotation bias, masks were generated using multiple methods, including SPoCA (Verbeeck et al., 2014) (for
both active regions and coronal holes), CHIMERA (Garton et al., 2018) and Region Growth (Tlatov et al., 2014)
(for coronal holes), and were subsequently reviewed and supplemented with custom annotations by the authors.

2.3.1. SPoCA

One of the most practical and widely adopted approaches for generating such labels is through the use of the
Spatial Possibilistic Clustering Algorithm (SPoCA; Verbeeck et al., 2014). SPoCA is a state-of-the-art seg-
mentation method that operates on EUV images, most notably from the SDO/AIA 193 A channel, and produces
masks for key solar structures such as coronal holes and active regions. By combining fuzzy and possibilistic
clustering, SPoCA offers robust performance across a wide range of solar conditions. Its output masks have been
extensively used and validated in the solar physics community, often serving as a reference for benchmarking
newly developed methods (Delouille et al., 2018). SPoCA's algorithm includes a square root transform, akin to an
Anscombe transform (Anscombe, 1948), which has the property of approximately converting Poisson noise into
Gaussian noise and a correction of the limb brightening effect inspired by Barra et al. (2009) and adapted by
Verbeeck et al. (2014). Then, a segmentation is performed, resulting in three main classes: active regions (bright),
quiet Sun (intermediate), and coronal holes (dark). The output is a set of probabilistic and binary masks indicating
the location and extent of each class. Most importantly, SPoOCA masks are publicly available through repositories
such as the Heliophysics Event Knowledgebase (HEK; Hurlburt et al., 2012), making them an accessible and
reliable source of training labels for data-driven approaches.

Undeniably, the SPoCA algorithm enables the automatic and efficient generation of large data sets of active
regions (ARs) and coronal holes (CHs). However, this approach has several limitations that can potentially lead to
biased data sets. For instance, under certain conditions SPoOCA may underestimate the extent of a coronal hole,
while in other cases it may erroneously include filament structures within coronal-hole regions (Jarolim
etal., 2021; Reiss et al., 2015, 2021). For this reason, incorporating multiple mask sources is necessary to obtain a
less biased data set.

2.3.2. CHIMERA

In CHIMERA (Coronal Hole Identification via Multi-thermal Emission Recognition Algorithm) (Garton
et al., 2018), coronal-hole (CH) masks are produced by combining multi-thermal EUV intensity segmentation
with a magnetic unipolarity filter. The method starts from co-temporal SDO/AIA 171, 193, and 211 A images
(and an SDO/HMI LOS magnetogram) and exploits the fact that CH pixels cluster in intensity—intensity space
because of their characteristic temperature/density (relatively brighter in 171 A and dim in 193/211 A). For each
pair of passbands (193 vs. 171, 211 vs. 171, 211 vs. 193), CHIMERA builds 2D histograms of on-disk pixel
intensities, identifies the valley separating the quiet-Sun cluster from the low-emission (CH-like) cluster, and fits
an “optimal” separation in log-space (a line in log-space that becomes a curve in intensity space), with a
normalization step that adapts the curve to the day's mean on-disk intensities. Pixels lying below each of the three
segmentation curves are flagged as CH candidates, yielding three candidate maps; a logical conjunction (AND) of
these maps removes features that do not persist across all three thermal constraints. The resulting binary map is
then cleaned by rejecting small regions (e.g., <1,000 arcsec®) and by using HMI to enforce the unipolar nature of
CHs: candidates whose mean radial field averages to 0 are discarded, with an area-dependent threshold (more
stringent for small regions, looser for large ones). The remaining regions define the final CHIMERA coronal-hole
mask.
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2.3.3. Region Growth

The Region Growth coronal-hole detection algorithm (Tlatov et al., 2014) identifies coronal holes by iteratively
expanding seed regions of low EUV emission while enforcing physical and morphological constraints. The
method is applied to full-disk SDO/AIA EUV images (typically 193 Aor211 A), where candidate seed pixels are
first selected using an intensity threshold relative to the quiet Sun, ensuring that only persistently dark regions are
initialized. From these seeds, regions are grown by adding neighboring pixels whose intensities remain below an
adaptive threshold and whose local properties (e.g., gradient and contrast) are consistent with coronal-hole
boundaries, allowing the region to expand until a stopping criterion is met. To suppress contamination from
filaments and transient dark features, the grown regions are cross-checked against line-of-sight magnetic field
maps from SDO/HMI, retaining only regions that exhibit a dominant magnetic polarity, a defining property of
coronal holes. Finally, morphological filtering and minimum-area constraints are applied to remove small or
fragmented structures, yielding a cleaned binary coronal-hole mask suitable for long-term synoptic analysis and
solar-cycle studies.

2.3.4. Coronal Structure Annotation Data Set

Thanks to these sources, together with the custom masks provided by Mackovjak et al. (2021), a large and diverse
set of ground-truth annotations is available, enabling the training of supervised machine-learning models. While
SPoCA and the aforementioned algorithms are widely used as reliable sources of coronal-hole and active-region
annotations and therefore serve as ground truth in this study, their direct deployment in an on-board context is
currently impractical. In particular, SPoCA relies on a multi-stage processing pipeline that includes clustering in
high-dimensional feature space, iterative region labeling, and the use of calibrated Level-2 EUV images, which
together entail non-trivial computational cost, memory requirements, and algorithmic complexity. Moreover,
SPoCA is designed for ground-based processing with access to full-disk, well-calibrated data and does not
explicitly target real-time or resource-constrained environments. Similar limitations apply to other physics-based
methods such as CHIMERA and Region Growth. Consequently, these algorithms are used here solely as
reference annotation sources, while the focus of this work is on evaluating lightweight learning-based alternatives
that are more suitable for potential future on-board deployment on space-qualified, low-power hardware such as
FPGAs or embedded processors.

2.4. Segmentation Using SCSS-Net

The SCSS-Net (Solar Coronal Structure Segmentation Network; Mackovjak et al., 2021) is a U-Net-like (Ron-
neberger et al., 2015) deep learning model developed specifically to segment solar coronal structures, mainly
active regions (ARs), coronal holes (CHs), and quiet Sun (QS), from extreme ultraviolet (EUV) images of the
Sun, particularly those captured by the SDO/AIA instrument. It consists of an encoder-decoder structure. The
encoder captures context through downsampling (via convolutions and pooling), and the decoder performs
upsampling to recover spatial resolution for segmentation masks. Moreover, it includes skip connections between
corresponding encoder and decoder layers, which help preserve fine-grained spatial details.

The encoder part of the network consists of three contracting blocks. Each block includes two sequential 2D
convolutional layers with a kernel size of 3 X 3, padding set to “same,” and a stride of 1. These are followed by
batch normalization and ReLU activations, enhancing stability and non-linearity. Max-pooling layers with a 2x 2
window are applied after each block to downsample the feature maps, allowing the network to learn hierarchical
representations of solar structures at multiple scales. The decoder mirrors the encoder and is composed of three
expanding blocks. Each block begins with a transpose convolution (also called deconvolution) to upsample the
feature maps, followed by concatenation with the corresponding feature maps from the encoder via skip con-
nections. This helps retain spatial detail that might otherwise be lost during downsampling. The upsampled
features are processed through two 3 X 3 convolutional layers, each followed by batch normalization and ReLU
activations. A final 1 X 1 convolutional layer reduces the output to three channels corresponding to the target
classes, and a softmax activation is applied to produce a per-pixel class probability map (Figure 3).

SCSS-Net is optimized using Adam with a learning rate of 10™*. The objective function that needs to be mini-
mized during training is commonly referred to as the loss function (Goodfellow et al., 2016). In our case, which
involves binary classification at the pixel level, determining whether a pixel belongs to the target class or not, we
employ binary cross-entropy (BCE). It is defined as:
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Figure 2. Data split for SCSS-Net and YOLOV8n for the active region (AR) and coronal hole (CH) as proposed by
Mackovjak et al. (2021).

BCE = —(y log($) + (1 —ylog(l — $)), M

where y € {0, 1} denotes the ground truth label, and $ € [0, 1] represents the predicted probability for the positive
class.

The network contains approximately 7 million trainable parameters, which makes it sufficiently lightweight for
efficient training and inference without compromising accuracy.

Each input is resized to a 256 X 256 pixel image. To enhance generalization and robustness, various data
augmentation techniques are employed, including horizontal and vertical flips, random rotations, brightness and
contrast adjustments, and random cropping. Following the proposed augmentation protocol, each transformation
is applied with a probability of 50%. The applied augmentations include: horizontal flipping (reflection about the
y-axis), vertical flipping (reflection about the x-axis), random rotation by an angle uniformly sampled from the
range (—45°,45°), random gamma correction with a gamma range of (100, 150), and random brightness and
contrast adjustments with brightness and contrast ranges of (0,0.2) and (0,0.4), respectively. Training is per-
formed with a batch size of 16 images over 50 to 100 epochs, using a 10%—20% validation split. Training and
validation loss were carefully monitored to avoid overfitting. Based on this analysis, 100 epochs were selected for
the final models.

We train two distinct segmentation models, one dedicated to active regions (ARs) and the other to coronal holes
(CHs), following the approach of Mackovjak et al. (2021). For each model, we adopt their proposed data split (see
Figure 2), as it ensures a fair partitioning without introducing biases while also enabling direct comparison and
benchmarking. Adopting a different data split would have made a direct comparison with the original SCSS-Net
work less appropriate.

We note that the employed data split, together with the use of the SDOML data set (Galvez et al., 2019), does not
facilitate assessing model generalizability across different solar cycles and is therefore beyond the scope of this
work. Furthermore, instrument degradation has already been accounted for during the construction of the
SDOML data set, and our models do not explicitly address this aspect either.

2.5. Object Detection Using YOLO

YOLO (You Only Look Once; Jiang et al., 2022; Jocher & Qiu, 2024; Redmon & Farhadi, 2018) is a real-time
object detection framework that reframes object detection as a single regression problem, directly predicting
bounding boxes and class probabilities from full images in one evaluation. YOLO offers several advantages over
its counterparts, making it useful to a wide range of applications. It can provide real-time speed (often exceeding
30 FPS on a good GPU), and it is also possible to deploy it on a general-use CPU or FPGA (Ni et al., 2023; Shao
et al., 2024). Its lightweight versions (e.g., YOLOv5n, YOLOVS8n) are exceptionally compact.
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Figure 3. The architecture of SCSS-Net.

Since its first appearance, various versions of YOLO have been presented. Jiang et al. (2022) reviewed many of
them, and one can choose the appropriate edition. In our case, a very light yet powerful model is needed.
YOLOVS8n was selected as the most suitable model, comprising 3.2 million trainable parameters and achieving an
mAP (50-95) of 37.3, making it the lightest model proposed at the time this work was conducted. This model
consists of three parts: the backbone, the neck, and the head (Figure 4).

The Sigmoid Linear Unit (SiLU) activation function is preferred, as it improves gradient flow and convergence,
offering better efficiency and performance compared to ReLU. The C2f module (short for Cross-Stage Partial
with 2 fused convolutions) is a widely used custom-designed building block that consists of a1 X 1 convolution
followed by a 3 X 3 convolution with batch normalization and SiLU. The Spatial Pyramid Pooling - Fast (SPFF)
performs a sequence of max-pooling operations with the same kernel size (typically 5 X 5) all to the same input.
It concatenates the original input with the pooled outputs, enhancing the receptive field without significantly
increasing computational cost.

Conv2D
256x256 3x3 c2rx3 Backbone
Input with SiLU with SiLU
Neck
Conv Conv
FPN + PANet Transpose C2f Transpose C2f
* with SiLU + with SiLU
Concat Concat
Conv2D
— BBox
Regression
Conv2D
, ) Output
— Object .
Detection Head prgiggiﬁfj (4 box, 1 objectness + class)
Conv2D
Class

Figure 4. The architecture of YOLOvS8n.
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Figure 5. The architecture of the BCVO framework.

The SDOmlv2 data set mentioned above is appropriately adapted for object detection by converting the seg-
mentation masks into axis-aligned bounding boxes. Following the same chronological data split used for the
SCSS-Net models (see Figure 2), we train two separate detection models: one dedicated to active regions and
another to coronal holes.

Similar to SCSS-Net, after exploring various input sizes (512 X 512, 256 X 256 and 126 X 126), an input size of
256 X 256 was selected as the best compromise between network complexity and performance. Finally, both AR
and CH models were trained for 100 epochs, which was sufficient to achieve convergence without overfitting.

2.6. Segmentation Using BCVO

In this work, we propose a lighter computational-wise framework consisting of a set of basic computer vision
operations and traditional machine learning (BCVO). Its main pipeline is visualized in Figure 5.

Initially, we produce a binary mask from a grayscale SDO AIA image using simple automatic thresholding
operations widely used in computer vision. Thresholding converts grayscale images into binary masks, effec-
tively separating objects of interest from the background. Otsu's method (Otsu, 1975) is one of the most popular
techniques for automatic threshold selection. This algorithm assumes the image has a bimodal histogram. It
calculates the optimal global threshold by maximizing the between-class variance, which is a statistical measure
of how well the foreground and background are separated. Multiple Otsu (Arora et al., 2008; Liao et al., 2001), an
extension of the original method, evaluates all possible combinations of thresholds and selects the set that best
separates the image into distinct classes by maximizing the between-class variance based on pixel intensity
distributions. Otsu's method is fully automatic and computationally efficient, making it especially suitable for
consistent lighting conditions. To address scenarios involving more than two distinct intensity regions, such as in
solar coronal images, multiple Otsu thresholding extends the classical method by selecting multiple thresholds
that divide the image into three or more classes. This is particularly useful in the context of solar coronal structure
segmentation, where images often exhibit complex intensity distributions that represent different physical phe-
nomena, such as active regions, coronal holes, and quiet Sun areas.

Subsequently, we use morphological filtering to post-process the resulting binary masks. Thanks to morpho-
logical filtering, one can refine binary segmentation masks by exploiting the spatial structure of objects. Such
operations can clean noise, close gaps, and smooth boundaries. Basic operations include erosion, which shrinks
foreground regions to eliminate small artifacts, and dilation, which expands regions to fill gaps. Their combi-
nations, such as opening (erosion followed by dilation) and closing (dilation followed by erosion), are particularly
effective for removing isolated noise and sealing small holes. In this work, after exploring various combinations
of such operations, we chose to perform opening and then closing, which removes small segmentations repre-
senting noise and connects large segmented areas that represent the same coronal structure.
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Table 1
Performance Comparison of SCSS-Net, YOLO, and BCVO for Active Region (AR) and Coronal Hole (CH) Segmentation and Detection for Level-2 SDO Test Samples

Dice IoU Precision Recall mAP@0.5

Method AR CH AR CH AR CH AR CH AR CH
SCSS-Net  0.61 £0.08 0.86 £0.08 051005 0.78=+0.07 076+0.06 0.79+0.10 0.64+0.08 091=*009 0.77 0.1 0.92 = 0.1
YOLO 0.57 £ 0.03  0.80 + 0.05 04+0.03 0.69+005 071+£011 075009 059+0.11 0.85+£0.08 0.68+0.08 0.86=*0.07
BCVO 0.58 +£0.03 0.78+0.05 0.37 +£0.04 06+0.05 069+0.12 0.72+0.10 056+009 082+0.09 0.64+0.09 0.81+0.08

2.6.1. Characterization of Segments

Following SCSS-Net or BCVO, we design a simple unsupervised machine learning algorithms further charac-
terize the detected structures. This is achieved by extracting hand-crafted features, which are manually designed
descriptors that quantify aspects such as shape, area, intensity distribution, texture, edge sharpness, or spatial
context. These features form a compact representation of each region, enabling further analysis beyond simple
pixel-level segmentation. We initially defined a set of 27 features (Table A1) characterizing texture, shape, and
contour, partially inspired by the feature set proposed by Delouille et al. (2018). After carefully examining their
mutual correlations through the covariance matrix, this set was reduced to 21 features.

To group and interpret the segmented regions in a meaningful way, unsupervised learning techniques can be
applied. K-means clustering (Lloyd, 1982; MacQueen, 1967) partitions the feature space into clusters, where each
instance is assigned to the cluster with the nearest centroid based on a distance metric, typically the Euclidean
distance. The centroids get iteratively updated to minimize the within-cluster variance. A common challenge in
clustering is choosing the appropriate number of clusters. To address this, the Kneedle method (Satopaa
etal., 2011) is used to automatically detect the “elbow point” in a plot of within-cluster variance (or inertia) versus
the number of clusters. This point represents the optimal trade-off between model complexity and clustering
performance, where adding more clusters yields diminishing returns.

In parallel, the feature space is effectively visualized by projecting it into a 2D or 3D space using t-distributed
Stochastic Neighbor Embedding (t-SNE). Principal Component Analysis (PCA) is typically applied internally
to reduce noise and dimensionality. Subsequently, K-means clustering is performed on the resulting represen-
tation to identify groups within the data (see Figure 6).

Clustering using k-means
Determine the optimal number of
clusters using the Kneedle method

Feature calculation
and
selection

Segmentations

Clustering using t-SNE

Figure 6. Characterization of the segmentations.
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2.7. Evaluation Metrics

In image segmentation, the objective is to classify each pixel into a specific class or region, whereas in object
detection the task involves identifying and localizing object instances using bounding boxes. Common evaluation
metrics across these tasks include precision, recall, F1-score, pixel accuracy, and mean Average Precision (mAP).
Metrics such as Intersection over Union (IoU) and the Dice coefficient are particularly informative when the goal
is to evaluate the spatial overlap between predicted and ground-truth structures.

In this study, we therefore adopt IoU as the primary metric to evaluate the spatial agreement between predictions
and reference annotations. To confirm the observed performance trends, we additionally report the Dice score.
Subsequently, we further include precision, recall, and mean Average Precision at an IoU threshold of 0.5
(mAP@0.5) being in line with standard practices in object detection and segmentation literature. These additional
metrics provide complementary insights by quantifying potential over-detection (false positives), under-detection
(missed structures), and overall detection quality.

IoU, also called the Jaccard Index, is a standard metric used to quantify the overlap between two regions: the
predicted segmentation and the ground truth. It is defined as the area of the intersection divided by the area of the
union of the two regions:

_|AnB|

ToU = s
|AUB|

@

where A is the predicted set of pixels (or bounding box) and B is the ground truth. The value of IoU ranges from
0to 1, with 1 indicating perfect overlap. IoU is widely used in both semantic segmentation and object detection to
evaluate the spatial precision of predictions. In detection tasks, a prediction is often considered correct if its IoU
with the ground truth exceeds a predefined threshold (e.g., 0.5).

The Dice score, also known as the Sgrensen—Dice coefficient, is a widely used metric for evaluating image
segmentation performance by measuring the overlap between the predicted segmentation and the ground-truth
mask. It is particularly well suited for imbalanced problems, as it directly quantifies the agreement between
foreground regions. The Dice score ranges from O to 1, where 1 indicates perfect overlap and O denotes no
overlap.

_2JAnB]

Dice = ——
|A] + |B]

3)

where A and B denote the predicted and ground-truth pixel sets, respectively.

Precision and recall further quantify the reliability of detections. Precision measures the proportion of predicted
positive detections that are correct, whereas recall measures the proportion of ground-truth objects that are
successfully detected:

TP
Precision = ——— 4
recision TP+ FP 4)
TP
Recall = —— (5)
TP + FN

where TP, FP, and FN denote true positives, false positives, and false negatives, respectively. In our study, recall
indicates the ability of a method to detect all existing structures, while precision reflects the tendency of the model
to avoid spurious detections.

Finally, we report the mean Average Precision at an IoU threshold of 0.5 (mAP@0.5), a widely used metric in
object detection benchmarks. For each class, the precision—recall curve is constructed by varying the detection
confidence threshold, and the Average Precision (AP) is computed as the area under this curve. The mean of these
values across classes yields the mAP score. The mAP@0.5 metric considers a prediction correct when its [oU
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Figure 7. Illustrative examples of outputs produced by the three frameworks when applied to Level 2 SDO AIA data: (a) CH
segmentation using SCSS-Net, (b) AR detection using YOLOVS8n, (c) active region and bright spot segmentation using
BCVO and segmentation characterization, and (d) coronal hole segmentation using BCVO and segmentation
characterization.

with the ground truth exceeds 0.5, thereby providing a thresholded measure of detection quality that complements
the spatial overlap metrics described above.

The authors acknowledge the use of generative Al tools to assist with refining grammar and vocabulary. All
Algenerated content was critically reviewed to ensure accuracy and appropriateness.

3. Results

This section provides both a qualitative and quantitative evaluation of the methods under investigation. For all
trainable methods, namely SCSS-Net and YOLOv8n, we train two separate models: one dedicated to active
regions (ARs) and another to coronal holes (CHs). The AR models use SDO/AIA images at 171 A as input,
whereas the CH models are trained on SDO/AIA images at 193 A.

Figure 2 illustrates the chronological split into data training and test sets per year for the AR model and CH model,
respectively. We adopt the data split proposed by Mackovjak et al. (2021), which enables a more reliable and
direct comparison with their results. Considerations related to solar-cycle dependence and instrument degradation
are beyond the scope of this study and are therefore not addressed in the chosen split.

When hyperparameter tuning is necessary, a subset of the training set is reserved for validation purposes and is
later merged with the training set. For the BCVO method, we apply multiple Otsu thresholding, which can
automatically determine a threshold for high-intensity values associated with active regions and low-intensity
values corresponding to CHs and other structures. In parallel, the following characterization theme follows the
same data split for consistency.

In Figure 7 we illustrate some representative outputs of the three selected frameworks when applied to level 2
SDO AIA samples.
3.1. Evaluating on Level-2 SDO

All metrics described in Section 2.7 are computed to provide a comprehensive and multi-perspective evaluation of
the examined models. The corresponding results are summarized in Table 1.

Furthermore, to facilitate the interpretation of the results, we use the IoU metric for visual representation of the
performance of the model. In Figure 8 (top), we plot the segmentation and detection performance, measured by
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Table 2
Performance Comparison of SCSS-Net, YOLO, and BCVO for Active Region (AR) and Coronal Hole (CH) Detection for Level-0 SDO Test Samples

Dice TIoU Precision Recall mAP@0.5

Method AR AR CH AR CH AR CH AR CH
SCSS-Net  0.61 + 0.08 0.42+0.03 064+0.02 0.76+0.06 0.79+0.10 0.64=*0.1 091 £0.07 0.77 £0.1 0.92 = 0.1
YOLO 0.57 £ 0.03 04+0.02 0.69+003 071+£011 0.76=+0.06 0.58+0.08 0.84£0.08 0.69+0.05 0.86=*0.04
BCVO 0.58 + 0.03 036 +0.04 057+0.02 0.68+0.12 071009 055=0.11 0.80+0.08 0.63+0.05 0.79+0.04

IoU, for the three methods (SCSS-Net, YOLO, and BCVO) applied to ARs and CHs using the corresponding
trained models. Across both categories, SCSS-Net consistently outperforms the other methods, achieving the
highest IoU values. YOLO achieves moderate performance, while BCVO produces the lowest IoU scores of the
three, yet still relatively high.

The error bars, representing the standard deviation (ranging from +0.03 to +0.07), indicate the variability in the
performance of each method. Although some overlap is observed (e.g., between YOLO and BCVO for AR
detection), the overall differences remain substantial. This observation is supported by statistical analysis. More
specifically, a Friedman test was conducted to compare the three methods across all evaluated metrics. In this
way, we check whether the three methods differ significantly. Friedman test is appropriate in this case since we
are comparing multiple algorithms across multiple metrics and data sets without assuming normality. The test
revealed statistically significant differences between the models for both AR and CH models (p < 0.05).

I SCSS

3 YOLO

B BCVO

Comparing Segmentation and Detection (loU) for Level-2 SDO

loU

Comparing Detection (loU) for Level-2 SDO

0.78

loU

Active Regions (ARs)

0.68 0.69

Coronal Holes (CHs)

Figure 8. Comparing the three methods for AR and CH segmentation/detection.
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Table 3
Comparing Key Characteristics of SCSS-Net, Yolov8n, and Basic Computer Vision Operations (BCVO)
SCSS-Net Yolov8n BCVO
Segmentation Detection Segmentation
U-Net CNN Automatic thresholding using computer vision and morphological filters
78M trainable parameters 3.2M trainable parameters No training needed
Inference: GPU (CPU possible but slow) Inference: CPU/GPU Inference: CPU

Not optimal for FPGA integration (these computations cannot be easily parallelized)

A comparable performance trend is confirmed by the Dice score across the three frameworks for both active-
region (AR) and coronal-hole (CH) segmentation. Specifically, the AR models achieve Dice scores of 0.61 for
SCSS-Net, 0.57 for YOLO, and 0.58 for BCVO, while the CH models obtain scores of 0.86, 0.81, and 0.78,
respectively.

Since SCSS-Net and BCVO perform segmentation, whereas YOLO detection one can convert and adapt seg-
mentation masks to bounding boxes for both ground truth and model output. This way, all the studied frameworks
are evaluated more fairly for detection and YOLO's predictions can be assessed without directly comparing
bounding boxes to pixel-wise segmentation maps. Figure 8 (below) represents IoU for all three frameworks
performing detection. In this second performance comparison, we observe that SCSS-Net performs similarly to
YOLO. A similar pattern is also reflected in the Dice score. For active-region (AR) segmentation, the Dice scores
of SCSS-Net and BCVO decrease to 0.58, comparable to the score achieved by YOLO (0.57). For coronal-hole
(CH) segmentation, the Dice scores of SCSS-Net and BCVO decrease to 0.83 and 0.77, respectively.

3.2. Evaluating on Level-0 SDO

We evaluate our models trained on Level 2 data both qualitatively and quantitatively on Level O data sets. The full
set of computed metrics is summarized in Table 2 while Figure 9 presents the IoU scores computed across all
Level-0 samples. Compared to the evaluation on Level-2 data, the AR models maintain their performance, while
the CH models appear slightly more sensitive to the lower data quality. Though they still achieve relatively high
IoU values. For CHs, the IoU scores remain in the range of 0.6-0.7, with YOLOv8n demonstrating the highest
accuracy. SCSS-Net is again evaluated under stricter conditions, as its performance is assessed within a detection
framework, despite being inherently a segmentation-based model.

We find that applying median correction followed by per-quadrant pixel value normalization effectively elimi-

nates artifacts in Level-0 SDO data, including the prominent quadrant discontinuities (Figure 1). In contrast,

Comparing Detection (loU) for Level-0 SDO
0.8

Method 0.69
0.7 HEE SCSS
@ YOLO
0.61 HEE BCVO

0.51

0.4 1

loU

0.31

0.2 1

0.14

0.0-

Active Regions (ARs) Coronal Holes (CHs)

Figure 9. Comparing the three methods performing detection on level 0 SDO AIA samples for ARs and CHs.
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AR segmentations
CH segmentations

Figure 10. Evaluation of SCSS-Net on Level-0 SDO/AIA data after simpler than optimal preprocessing. (a) Reference Level-
2 SDO/AIA 193 A sample (11/12/2023). (b) Poorly preprocessed Level-0 SDO/AIA 131 A sample (15/12/2023), rotated by
180°, where quadrant discontinuities are clearly visible. (c) Same image as in panel (b) with the predicted Active Region (AR)
segmentation overlay. (d) Coronal Hole (CH) prediction overlay for the Level-0 sample (11/12/2023). The results suggest that
the AR SCSS-Net model is more tolerant to minimal preprocessing and visible quadrant discontinuities compared with the CH
SCSS-Net model.

lighter preprocessing steps result in artifacts, as illustrated in Figure 10, where we show examples of semi-
preprocessed, Level-0 SDO samples passed to SCSS-Net. As previously discussed, correcting quadrant dis-
continuities is the most critical step. Despite this, the SCSS-Net model for ARs remains relatively robust and
performs well even with partial correction. In contrast, the CH model is significantly more sensitive to these
artifacts and fails to generalize effectively unless the discontinuities are fully addressed.

In Figure 10, we show that active regions and coronal holes are effectively segmented by the SCSS-Net models.
The AR model appears more robust, while the performance of the CH model is compromised, likely due to
inaccurate background noise correction. As shown in the figure, IoU for AR remains nearly identical to that
achieved on the Level 2 test set, whereas the CH model's IoU score decreases by approximately 12%.

4. Discussion

In this work, we investigate a representative use case in which artificial intelligence could be incorporated on-
board a space mission, focusing on the detection of solar coronal structures, with particular emphasis on the
accurate localisation of active regions and coronal holes. Such capabilities could enable missions to autono-
mously perform tasks such as data-sample prioritization for downlink, automatic instrument triggering and
pointing, or the activation of adaptive observing modes, thereby reducing the need for continuous ground-based
intervention. At the same time, when required, the system could request and support human decision-making by
flagging events of interest and providing contextual information.

We evaluate three methods for solar structure segmentation or detection, and investigate their suitability for
onboard integration in future spacecraft. We assess each method in terms of its performance, that is, its ability to
meet scientific requirements, and efficiency, that is, its compliance with technical and engineering constraints.

Segmentation provides pixel-level delineation of structures, offering detailed spatial information about the shape
and boundaries of regions of interest. In contrast, detection focuses on localizing objects by generating bounding
boxes, without requiring fine-grained detail. While segmentation is generally more accurate and informative and
can extract hand-crafted features, it is also considerably more computationally demanding, as demonstrated in the
case of SCSS-Net. For onboard processing in space missions, where computational and power resources are
limited, detection presents a more practical alternative. In contrast, detection enables efficient identification and
prioritization of solar regions of interest, mainly active regions and coronal holes, without the overhead associated
with full-resolution segmentation. In an onboard setting, this can facilitate optimized data downlink, ensuring that
the most scientifically relevant observations are transmitted to Earth. Furthermore, detection outputs can be used
to guide high-resolution instruments for targeted follow-up observations, effectively balancing onboard effi-
ciency with scientific value. This is particularly relevant for missions like Solar Orbiter (Miiller et al., 2020),
which hosts both low- and high-resolution telescopes. In this context, the high-resolution instrument must be
selectively pointed toward regions of scientific interest.
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When comparing the performance of the studied frameworks, it is important to note that while the IoU metric is a
widely accepted metric for evaluating segmentation accuracy, its application in comparing segmentation and
detection tasks should be interpreted with caution. In segmentation, IoU measures the pixel-wise overlap between
the predicted mask and the ground truth, providing a fine-grained evaluation of spatial accuracy. In contrast,
detection methods often produce coarse bounding boxes or sparse region proposals that approximate the object
location without capturing its precise shape or boundary. As a result, applying IoU uniformly across both types of
tasks may favor segmentation methods by design, since they inherently optimize for pixel-level overlap. This can
lead to an underestimation of detection performance, especially in scenarios where detection outputs are not
intended to delineate exact boundaries but rather to localize regions of interest. Therefore, while IoU can provide a
useful comparison baseline, it is important to interpret the results within the context of each task's objective and to
complement IoU with other task-specific metrics where appropriate.

This is why, at a later stage, we reformulate the SCSS-Net approach as a detection problem by converting both the
ground truth and the predicted segmentation masks into bounding boxes. For this conversion, we define axis-
aligned bounding boxes, which enclose the segmented regions within the smallest upright rectangles aligned to
the image axes. While this may include background pixels around rotated or irregularly shaped structures, axis-
aligned boxes are the standard format required by object detection frameworks such as YOLO. In contrast,
rotated bounding boxes can provide a tighter fit by more closely following the segmentation's orientation, but can
generally be incompatible with standard detection pipelines. In our work, we adopt axis-aligned bounding boxes for
both adapting SCSS-Net to a detection-based formulation and for preparing the training and testing data sets used
with YOLO.

Mackovjak et al. (2021) report IoU scores of 0.78 for active regions (evaluated using 2016 data) and 0.57 for
coronal holes (evaluated using 2017 data), utilizing ground-truth masks derived from SPoCA. Our results are in
agreement with these findings. Furthermore, based on qualitative inspection, we observe that SPoOCA masks often
underestimate the true spatial extent of coronal hole regions, particularly for coronal holes, a phenomenon often
reported in the literature (Linker et al., 2021).

Since this work does not solely focus on comparing the three methods based on their segmentation performance,
but also evaluates their potential for onboard deployment in future spacecraft missions, additional characteristics
are considered. Table 3 summarizes the key implementation details of each method. It is evident that SCSS-Net is
too resource-intensive to be suitable for such constrained environments. In contrast, selecting the nano version of
YOLO offers a substantial reduction in model size, up to 95% fewer parameters, making it far more suitable for
embedded applications. Although BCVO represents a lightweight framework, its reliance on traditional computer
vision and machine learning techniques poses limitations. Such approaches are generally not easily parallelizable
and, therefore, cannot exploit the energy and computational efficiencies typically required for deployment on
specialized hardware beyond a standard general-purpose CPU.

Although the YOLO nano variant is considered lightweight, it may still be considered too demanding for systems
with strict hardware and power constraints, as highlighted in the literature (Antunes & Podobas, 2025). A model
exceeding 1 million parameters can be characterized as heavy when one aims to embed such a method in a low-
energy consumption setting. Furthermore, complicated activation functions like SiLu do not allow easy trans-
lation to a hardware language. To address these, future work will explore further simplification of the YOLO
architecture or the development of a custom, lightweight CNN designed from scratch, with a target size of
approximately 1 million parameters. A key question remains whether such a simplified model can maintain
comparable performance, and more importantly, whether its accuracy is sufficient to meet the scientific objectives
of detecting solar coronal structure. Jocher and Qiu (2024) recently released a new version of YOLO, incorpo-
rating a nano version consisting of 2.6 million parameters, and will definitely be evaluated in the short-term
future. However, a promising fact is that using YOLO, one can proceed with reducing input image resolution
and feature map bit quantization, leading to very limited power consumption, even below 5 W (Wang et al., 2020).

An important aspect of assessing onboard implementation is evaluating the performance of the studied methods on
raw, uncalibrated data, both quantitatively and qualitatively. When comparing Level-0 and Level-2 SDO data, we
observe no significant noise or artifacts; the most noticeable is the visible quadrant tiling. This effect occurs because
each quadrant corresponds to a separate portion of the CCD and is often compressed and transmitted independently,
resulting in slight discontinuities. These are corrected during the Level-0 to Level-1 calibration process. In future
missions, this issue is expected to diminish, as CMOS sensors will likely be favored since they can offer lower
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power consumption, higher frame rates, and on-chip processing, as demonstrated by the CMOS-APS sensors
aboard the Solar Orbiter (Howard et al., 2013). In our study, we address this issue by introducing a dedicated
preprocessing step consisting of median correction followed by percentile-based normalization of pixel intensities
within each quadrant. This approach scales the pixel values to the range [0, 1], making them suitable for machine
learning methods while effectively removing any visual artifacts such as quadrant discontinuities. Lighter pre-
processing fails to fully correct these artifacts, which particularly impacts the performance of coronal hole models
that are more sensitive to such inconsistencies. Nevertheless, we demonstrate that machine learning models trained
on level-2 SDO data remain compatible with Level-0 inputs, still offering scientifically satisfactory results.

Within the scope of this study, we intentionally include artifacts related to data acquisition and instrumental
effects in order to assess model robustness under degraded and less controlled input conditions. However,
handling additional anomalies such as invalid or corrupted frames (e.g., missing data, telemetry dropouts, or
Quality #0 flags) through explicit quality-control logic is beyond the scope of the present work and would be
required in an operational setting.

One possible strategy to address the impact of such anomalies in practice is to enforce temporal consistency in the
input data, for example, by using differences or short sequences of consecutive acquisitions, ensuring that de-
cisions are not made based on a single potentially invalid frame. Alternative approaches could include incor-
porating quality flags when available or introducing lightweight anomaly-detection or sanity-check mechanisms
upstream of the inference pipeline. While these safeguards are not implemented here, they represent important
extensions for future operational deployment and are acknowledged accordingly. More generally, when decisions
rely on the output of Al models, it is advisable to base them on a sequence of observations rather than on a single
sample, which may be corrupted and lead to misleading conclusions. Using temporal or multi-sample information
enables the system to better tolerate isolated anomalies and transient artifacts.

Lastly, yet of significant importance, expanding training data toward a more universal model and quantization
trials for greater power efficiency represent key directions for future work.

4.1. Assessment of FPGA Suitability

FPGAs offer a compelling platform for accelerating computational algorithms due to their reconfigurable ar-
chitecture, enabling significant reductions in power consumption and inference time (Antunes & Podobas, 2025).
However, carefully considering algorithmic characteristics is crucial, as only some of the methods discussed in
this paper are well-suited for efficient FPGA implementation.

U-Net-like algorithms have previously been successfully implemented on FPGAs (Bahl et al., 2019; Kim
et al., 2024). Nevertheless, a network with 78 million parameters, such as the SCSS-Net, presents a significant
challenge. Such a large model is unsuitable for embedded FPGA devices designed for edge cases, such as space
use cases, due to its memory requirements. These requirements hinder inference time and increase the power
consumption of the accelerator. We can take several steps to adapt such a network, including layer and weight
pruning to reduce model size and memory footprint, and strategically modifying or removing skip connections.
Skip connections require storing intermediate feature maps, which introduces data dependencies and memory
transfers that complicate efficient FPGA pipelining.

In contrast, the YOLOv8n algorithm is the most compatible with FPGA implementation among those discussed.
Its compact size and inherent dataflow architecture, where computations can be arranged in a highly parallel
pipeline, make it an excellent candidate for hardware acceleration. This network has already been successfully
accelerated in an embedded FPGA by Danilowicz and Kryjak (2025).

However, we need to conduct a more extensive study regarding its power consumption and inference time for our
specific use case, similar to the feasibility study of various machine learning methods conducted by Antunes
et al. (2025). A possible adaptation for FPGA deployment is to replace the SiLU activation layers with ReLUs.
SiLU functions, while effective in software, involve more complex operations, such as the sigmoid. In contrast,
ReLU's simpler piecewise linear nature is more efficient and resource-friendly for direct hardware imple-
mentation on FPGAs, often with negligible impact on performance.

Furthermore, we can also efficiently accelerate parts of the BCVO framework on FPGAs. Specifically, the Otsu
thresholding algorithm has been shown to be suitable for FPGA acceleration by Barros et al. (2021) and the KNN
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algorithm by Djosic et al. (2024). However, a comprehensive study must verify that memory access patterns or
inherently sequential parts do not bottleneck the overall BCVO algorithm.

At present, deploying such Al frameworks fully on board spacecraft remains technically infeasible, primarily due
to hardware and power constraints. Indicatively, the Solar Dynamics Observatory (SDO) operates with an
available power of approximately 160 W and is equipped with a BAE RAD750 on-board computer (132 MHz
CPU, 128 MB SDRAM, 256 KB start-up ROM). As a mission launched more than 15 years ago, SDO does not
reflect the memory and computational capabilities of more recent spacecraft. Solar Orbiter, a newer mission,
provides a comparable power budget of approximately 180 W, varying with mission phase and solar distance, and
is equipped with a main on-board computer based on ESA's radiation-hardened ERC-32S SPARC architecture,
operating at around 25 MHz and delivering approximately 20 MIPS (Marirrodriga et al., 2021). Despite being
more recent, these specifications still impose severe limitations on the deployment of contemporary Al models.

More recently, FPGA-based prototypes operating at clock frequencies of around 100 MHz have demonstrated the
feasibility of running lightweight Al inference in space-relevant environments, indicating a promising direction
for future on-board intelligence (Gizzi et al., 2025). When developing such prototypes, achieving an imple-
mentation that can operate within a power budget of approximately 5 W would constitute an important first step.
This would require model pruning and quantization, as well as a careful selection of input and output data
cadence. These aspects are beyond the scope of the present work and are left for future investigation.

5. Conclusion

We compared three methods for detecting or segmenting solar coronal structures, focusing on both their per-
formance and their suitability for onboard deployment in future spacecraft missions. Raw uncalibrated data have
been used as an input to these types of methods.

After thoroughly evaluating their accuracy against each other and against state-of-the-art benchmarks, we focused
on their computational efficiency and hardware compatibility. In particular, we discuss their suitability for FPGA-
oriented implementations by analyzing their number of trainable parameters, network architecture and indicative
general hardware requirements, while leaving detailed hardware emulation, acceleration strategies, and energy-
efficiency benchmarking to future work. Among the evaluated approaches, the YOLO nano version, which is
custom-trained for active region and coronal hole detection, demonstrated a promising balance between accuracy
and model compactness. It remains to be further investigated whether its resource requirements are sufficiently low
to enable reliable and efficient onboard embedding under the strict power and hardware constraints of space
environments.

Appendix A: Coupling SCSS-Net/BCVO Segmentation With the Characterization
Method

One can integrate the SCSS-Net or the more traditional BCVO method, with our proposed characterization
approach described in Section 2.6.1. Figure A1 presents an output of this pipeline. Additionally, we demonstrate
how a large number of segmentations are projected and then clustered using t-SNE.

Table A1

The List of 27 Features Extracted for the Detected Structure Characterization

Index Feature name
1. Mean

2. Variance

3. Energy

4. Entropy

5. Minimal gray level

6. Maximal gray level
7. ASM
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Table A1

Continued

Index Feature name

8. Contrast

9. Correlation

10. Sum of squares variance
11. Inverse difference moment
12. Sum average

13. Sum variance

14. Sum entropy

15. Entropy (GLCM)

16. Difference variance

17. Difference entropy

18. Randomness

19. Dependency

20. Area

21. Perimeter

22. Eccentricity

23. Extent

24. Solidity

25. Roundness

26. Elongation

27. Ratio perimeter and area

Clusters formed based on t-SNE components using K-means clustering

Label
20

-10

t-SNE Component 2

-20

t-SNE Component 1

Figure A1l. Illustrative example of the BCVO pipeline followed by the characterization method applied to Level-2 SDO/AIA
data. Cluster O corresponds to bright points, cluster 1 to coronal holes, and cluster 2 to active regions.
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This characterization relies on representing pixel values using carefully chosen features. More specifically, in
Table A1, we present the set of extracted hand-crafted features used to represent and characterize the segmented
regions. These features capture texture, shape, and contour complexity, providing unsupervised methods with
richer descriptive information than raw pixel values alone. This set is subsequently reduced to 22 features by
removing highly correlated ones, thereby lowering computational cost and facilitating more effective
characterization.

Appendix B: Active Region and Coronal Hole Segmentation and Detection Using Level-
0 SDO Data

Figures B1 and B2 provide a closer look at the SCSS-Net outputs when applied successfully to the AR model and
unsuccessfully to the CH one on Level-0 SDO data. Once again, it is evident that the coronal hole model is
particularly sensitive to preprocessing. Without careful correction, any quadrant discontinuities severely degrade
performance.

Ivl 0 test image

AlA 2023-12-11 Ivi0 131A

Figure B1. Applying SCSS-Net AR model to semi-processed level-0 data.

LvIO test image Thresholded prediction

AlA 2023-12-11 Ivi0 131A

Figure B2. Unsuccessfully applying SCSS-Net CH model to semi-processed level-0 data.
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