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Over the past decade, astronomy has shifted from a data-starved to a data-drenched sci-
ence [1,2]. The Vera C. Rubin Observatory’s Legacy Survey of Space and Time (LSST), ESA’s
Euclid, and the Square Kilometre Array (SKA) pathfinders are already delivering terabytes
of images, spectra, and time-series each night. Traditional analysis pipelines—calibrated
for megabyte-scale data sets—cannot keep pace, and a new generation of artificial intelli-
gence (AI) and machine learning (ML) techniques has become indispensable [3–6]. Yet the
very power of these methods has revealed a critical gap: the “black-box” nature of many
state-of-the-art algorithms threatens the reproducibility, interpretability, and ultimately the
credibility of the discoveries they enable.

This Special Issue was conceived to bridge three intertwined gaps:
Trustworthy AI. How do we exploit deep neural networks, self-supervised learning,

and real-time inference without sacrificing the transparency required by the scientific method?
Domain-specific bottlenecks. Solar radio spectroscopy, wide-field meteor monitoring,

CO clump cataloguing, and RR Lyrae parameterisation each suffer from small training sets,
strong selection effects, or instrument-specific artefacts that generic ML toolkits ignore.

Environmental integrity. As facilities push into previously “quiet” frequency bands,
radio-frequency interference (RFI) threatens both current and future observations; rigorous
site-protection modelling is now mission-critical.

The eight articles collected here address these challenges head-on and chart a coherent
path forward.

Lieu’s comprehensive review opens the volume by framing the interpretabil-
ity crisis [Contribution 1]. She distils the vocabulary—transparency, interpretability,
explainability—and showcases astronomy-specific tools (symbolic regression, physics-
informed neural networks, and SHAP/LIME visualizations) that convert predictive power
into physical insight. Her call for interdisciplinary benchmarks sets the tone for every
contribution that follows.

The next contribution, on solar physics, demonstrates the power of self-supervised
learning when labeled examples are scarce [Contribution 2]. By adapting BERT-style
masking to Vision Transformers, the authors achieve 99.5% accuracy in classifying solar
radio bursts—outperforming supervised baselines—while revealing that a 75% masking
rate (far above NLP standards) is optimal for redundant spectral images. The study
establishes a new transfer-learning paradigm for small-sample astronomical data.

Accurate environmental protection starts with accurate propagation models [Contri-
bution 3]. The RFI analysis software presented here integrates global terrain, meteorology,
and satellite ephemerides into an ITU-R-compliant framework that has already guided
site-selection for the Five-hundred-meter Aperture Spherical Telescope (FAST) and the
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planned Qitai Telescope (QTT) [Contribution 4]. Freely available binaries and an interactive
map-based GUI invite the community to extend these protections to next-generation arrays.

Single-site meteor detection is notoriously plagued by false positives from aircraft,
satellites, and sensor noise. GWAC’s new algorithm exploits temporal differencing,
probabilistic Hough transforms, and light-curve morphology to reach 90% accuracy on
4K × 4K frames sampled every 15 s—a three-fold speed-up over prior work [Contribution
5]. The open-source pipeline is already ingesting real-time data from the Geminid stream
and will inform the forthcoming Chinese Space Station Telescope transient key project.

Cataloguing molecular clouds has traditionally required human-tuned thresholds and
dozens of free parameters [Contribution 6]. MCD-YOLOv5 replaces this tedium with a two-
stage deep-learning workflow: an attention-augmented YOLOv5 detector slices Galactic
plane images, while Density Peak Clustering stitches velocity channels into 3D clumps.
Trained on 10,000 synthetic but realistic MWISP cubes, the network attains 98% recall with
only two tunable parameters—an order-of-magnitude reduction compared with FellWalker
or ClumpFind.

The RR Lyrae study shows how neural emulators can invert light-curve morphology
into fundamental stellar parameters [Contribution 7]. A dense hydrodynamic grid and
a four-layer ANN recover mass, luminosity, effective temperature, and metallicity from
TESS single-band photometry alone. The derived period–luminosity–metallicity relation is
consistent with theoretical predictions and demonstrates a fast, scalable route to precision
stellar astrophysics for LSST’s multi-band light curves.

Finally, the study on H II regions in NGC 2403 concludes that these regions are
primarily star-forming with a clear inside-out evolution pattern [Contribution 8]. The N2O2

diagnostic is identified as the most reliable for estimating metallicity due to its insensitivity
to the ionization parameter and age. The study highlights limitations in reproducing
certain emission lines, particularly [O II], suggesting future work should consider the
effects of stellar rotation or binary populations to improve model accuracy. This research
provides valuable insights into the properties and evolution of H II regions in NGC 2403,
contributing to the broader understanding of star formation and galaxy evolution.

Taken together, these works deliver a clear message: interpretable, domain-aware AI
is no longer optional; it is the prerequisite for turning tomorrow’s exabyte surveys into
lasting scientific knowledge.

Looking forward, five priorities emerge:
Mechanistic interpretability. We must move from post hoc saliency maps to architec-

tures that embed conservation laws, radiative transfer, and gravitational dynamics directly
into their loss functions.

Causal inference. Correlations uncovered by neural networks need to be inter-
rogated with counterfactual simulations to disentangle astrophysical causation from
observational bias.

Scalable, uncertainty-aware pipelines. As data volumes grow, even lightweight
explainability tools become computationally prohibitive. Hardware-aware pruning and
probabilistic neural networks will be essential.

Cross-messenger consistency. Joint electromagnetic, gravitational-wave, and neutrino
data sets require federated learning frameworks that respect proprietary formats while
preserving interpretability.

Ethical stewardship of the spectrum. RFI mitigation strategies must evolve in tandem
with satellite mega-constellations; open-source tools like those presented here should
become community standards endorsed by the IAU and national regulators.

We invite the readership to treat this Special Issue not as a collection of isolated
advances but as a blueprint for the next decade of trustworthy, data-driven discovery.
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The code, models, and data sets accompanying each paper are released under permissive
licences precisely to encourage rapid iteration and broader adoption. Let us build on these
foundations—together—to ensure that the coming avalanche of astronomical data yields
insights that are as reliable and profound as the night sky itself.

As AI technology continues to evolve, its applications in astronomy are expected to
expand and deepen, leading to even more groundbreaking discoveries [7–14]. The future
of AI in astronomy holds several promising directions:

Advanced Machine Learning Models: The development of more sophisticated ma-
chine learning models will likely uncover new types of phenomena and optimize space
missions in ways not yet imagined. These models will be capable of handling the increas-
ing volume and complexity of astronomical data, leading to more accurate predictions
and discoveries.

Data Fusion and Multi-Messenger Astronomy: The ability to effectively fuse data
from multiple sources and instruments will become increasingly important. AI will play a
crucial role in integrating and analyzing data from different telescopes, observatories, and
missions, enabling a more comprehensive understanding of cosmic events. This will be par-
ticularly important for multi-messenger astronomy, where data from gravitational waves,
electromagnetic radiation, and other sources are combined to study cosmic phenomena.

Enhanced Observational Capabilities: AI will continue to improve the capabilities of
ground-based and space-based telescopes. This includes advancements in adaptive optics,
which can correct for atmospheric distortions in real-time, and the development of new
algorithms for image processing and data analysis. The integration of AI with upcoming
observatories such as the SKA and the Rubin Observatory will enable unprecedented levels
of detail and accuracy in astronomical observations.

Citizen Science and Public Engagement: AI can facilitate citizen science projects by
automating tasks that would otherwise require significant human effort. This will allow
more people to participate in astronomical research, contributing to the discovery and
analysis of celestial objects. Additionally, AI-generated visualizations and educational tools
will enhance public engagement and understanding of astronomy.

Addressing Challenges: While AI offers numerous benefits, it also presents challenges
such as data quality, model interpretability, and computational resource requirements.
Future research will focus on developing robust data quality enhancement algorithms,
creating interpretable AI models, and optimizing computational resources to ensure the
efficient and effective use of AI in astronomy.

In conclusion, AI has already transformed the field of astronomy by enhancing data
processing, enabling new discoveries, and improving observational capabilities. As technol-
ogy continues to advance, AI will play an increasingly vital role in unravelling the mysteries
of the universe, making astronomy more accessible and engaging for both researchers and
the public.
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