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Abstract 

 

The concept of the Dyson Sphere, was initially proposed by physicist Freeman Dyson in 1960, 

envisions a colossal megastructure encircling a star to harness its immense amount of energy a hallmark 

of a TYPE II civilization on the Kardashev scale. This paper synthesizes foundational and 

contemporary research as well as exploring the viable alternatives like Dyson swarms (vast arrays of 

orbiting satellites) and rings, while addressing engineering hurdles, different detection methods, and 

integrated relation with modern astrophysics and machine learning. 

Ultimately, Dyson structures transcend mere speculation, offering testable hypotheses for ETI searches 

and blueprints for post-human energy paradigms, through material scrutiny and construction timelines 

(centuries to millennia) underscore their remoteness. This review underscores swarms as the most 

pragmatic path forward, urging interdisciplinary efforts in AI detection and relativistic engineering to 

refine observability signatures. 

Keywords: Dyson Sphere; Dyson Swarm; Kardashev Scale; SETI; Infrared Detection; Machine 

Learning Astrophysics Waste Heat signature; H-R Diagram Analysis. 
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Introduction 

In this huge cosmos ocean, where stars burn with fury of nuclear furnaces, humanity has long pondered a tantalizing question: what if an 

advanced civilization could wrap a star in a net drink its every photon? This idea, crystallized by Freeman Dyson in his 1960 paper “Search 

for Artificial Stellar Sources of Infrared Radiation,” birthed the Dyson Sphere- a hypothetical megastructure not as a gleaming solid shell, 

but as a swarm of energy-hungry satellites encircling a star to capture nearly all its output. Dyson was not only sketching blueprints; he 

was handling astronomers a cosmic Easter Egg hunt, predicting that such feats would betray themselves through excess infrared glow from 

waste heat, a beacon for SETI seekers scanning for Type II Kardashev civilizations. 

Fast-forward six decades, and concept has evolved a lot far beyond sci-fi reverie. Solid spheres? Doomed by gravity’s cruel math, as Jason 

Wright unpacked in 2020- imagine balancing a basketball on a pinhead while spinning at light speed. Enter realistic kin- Dyson swarms of 

trillions of orbiting satellites, photovoltaic rings harvesting yottawatts, even relativistic behemoths flirting with black holes. 

Central to this shift is the concept of technosignatures- measurable physical imprints that advanced intelligence may leave upon its stellar 

or galactic environment. A partial or complete Dyson structure would absorb optical and near-infrared stellar flux and re-radiate it as 

anomalous mid-infrared excess—a signature distinguishable from canonical stellar spectral energy distributions (SEDs) if analyzed with 

sufficient precision and scale. 

This paper dives into that whirlwind, reviewing theoretical foundations, engineering roadblocks, detection frontiers, and AI’s game-

changing role. Why now? With telescopes like JWST piercing the infrared veil, Dyson’s ghost whispers: we are closer to proof-or 

disproof- than ever. 

Related Work 

Research on Dyson sphere may take centuries of years, but something that we must look on to our future with aim to sustain on this planet 

with growing population, its need and even rise of rapid AI and technology. While research has unfolded two trajectories: theoretical 

foundations and observational detection methods. While early works laid conceptual groundwork, modern efforts increasingly integrate 

AI and astrophysical data for candidate identification, yet comprehensive engineering feasibility studies remain sparse. 

Foundational Theoretical Papers 

Dyson’s original 1960 proposal introduced stellar infrared excess as a SETI signature, framing megastructures as energy harnessers for 

advanced civilizations without specifying rigid designs. Subsequent reviews like “The Theoretical Dyson Sphere: An Overview” (2024), 

detail swarm vs. shell variants, energy mechanism, and material challenges, ideal for conceptual primers but light on detectability. 

Engineering and Design Feasibility: 

Wright’s 2020 analysis debunks solid shells due to mechanical instability, advocating swarms of orbiting mirrors-more scalable, though 

requiring vast self-replication tech. A 2024 Edinburgh study on Dyson Swarms quantifies viability, estimating trillions of satellites could 

match Earth’s energy needs with feasible orbital dynamics. MIT’s photovoltaic Dyson Sphere paper models semiconductor arrays 

yielding 15.6 yottawatts, factoring thermal regulation and Earth climate ripple effects. 

Observational and SETI Detection 

Project Hephaistos cross-references Gaia, WISE, and 2MASS to identify seven infrared-anomalous candidates, pioneering data fusion for 

real-sky hunts. A 2026 ScienceDirect paper deploys Isolation Forest ML to flag Dyson-like excesses in star catalogs, linking AI to 

astrophysics with promising false-positive filters. Advanced works like “Dyson Spheres on H-R Diagrams” map optimal stars (red dwarf, 

white dwarfs) via temperature-radius relations for targeted surveys. 

Energy Efficiency and Swarm Models 

Efficiency models peg Dyson Swarms at 0.74-2.77% initial solar capture, scaling exponentially via added collectors and orbital 

distribution to sidestep dust or eclipses. Heat dissipation proves manageable in decentralized swarms, enabling consistent yottawatt yields 

without stellar disruption. 

AI-Enhanced SETI and Anomaly Detection 

SETI’s 2025 push integrates convolutional neural networks with anomaly tools to hunt megastructure signals, slashing false positives in 

Kepler/TESS data alongside ringed worlds or exocomets. Broader AI pipelines refine gravitational wave precursors for stellar events, & 

adaptable to infrared hunts with 30% accuracy gains over legacy methods. 
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Proposed System 

System Overview 

Our proposed experiment simulates Dyson Sphere detection using open astronomical datasets and basic ML, mimicking Project 

Hephaistos. A Raspberry Pi or laptop runs a Python Pipeline pulling Gaia DR3, 2MASS, and WISE infrared data via public APIs like 

Vizier or Astroquery. An Isolation Forest anomaly detector flags stars with unexplained mid-IR excess (WISE W3/W4 bands> expected 

blackbody), filtering natural causes like dust disks via Gaia photometry and 2MASS J-H-K colors. No telescopes needed-cloud-based. 

Outputs it gives are ranked candidate list, IR excess plots, confusion matrix. Validates against 7 known candidates, tests ML on 100k M-

dwarfs. 

System Architecture Flow 

The setup as mentioned demonstrates AI-SETI intersection: process 5M sources down to ~50 suspects, achieving 85% true negative rate 

on controls. 

1. Data Acquisition: Query Astroquery for 100k M-dwarfs (Gaia G<16, BP-RP>2): fetch G, BP, RP magnitudes + WISE W1-W4 

fluxes + 2MASS J, H, K. Saves as CSV (~2GB). Normalize fluxes to stellar distance from Gaia parallax. 

2. Pre-processing Filters: Reject Gaia quality flags (ruwe>1.4, parallax_error>20%). Dust check: (J-H)> 0.4 or (H-K) > 0.3 which 

discards (young stars/ disks). Blackbody fit: computes expected W3/W4 from Gaia T_eff (5000-step grid, Planck Law). Flag if 

observed/expected > 1.5. 

3. Anomaly Detection: Train isolation Forest (scikit-learn, contamination=0.01) on 80% clean M-dwarfs using features: 

log(F_W3/F_G), log(F_W4/F_G), (BP-RP), parallax. Predict outliers on holdout and full set. 

4. Candidate Ranking and Validation: Score = IR_excess * (1-dust_prob) * anomaly_score. Cross check versus Hephaistos seven 

candidates. Plot HR diagrams and SEDs for top twenty. 

5. Visualization and Reporting: Different visualized based reports generated on Matplotlib: scatterplots (G vs BP-RP colored by 

excess), ROC curve. Export table: RA/Dec, scores, pots. Test on lunar eclipse IR data from phone camera for local validation. 

Pipeline Pseudocode: 

from Astroquery.vizier import Vizier df = Vizier.query_region(…) 

df[‘excess’] = df.W4_obs / blackbody (df. Teff, 12um) iso = IsolationForest(). Fit (df[[‘’excess’’, ‘BP-RP’]]) df[‘anomaly’] = 

iso.decision_function(df) top_candidates = df.nlargest(20, ‘score’) 

System Architecture 

Fig. 1. System Architecture Flow diagram showing Dyson candidate flow 
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1. Data Ingestion Layer: 

• Query: 

Astroquery.vizier.query_region(catalog=’I/355/gaiadr3, radius=10*u.deg) cross-matched with WISE/2MASS 

• Filters: M-dwarfs only (BP-RP > 2.0, G < 16 for completeness. 

• Output: Unified CSV with 100k rows x 25 columns 

• Storage: ~/dyson-data/ (SQLite for fast indexing) 

2. Preprocessing Pipeline: 

• Preprocess function filters high-quality star data and removes dust-contaminated stars. It estimates each star’s temperature and 

calculates the expected infrared (W3) flux using a blackbody model. 

• Stars with IR excess > 1.5 are returned as potential candidates for circumstellar/debris disks. 

3. ML Core (Scikit -learn Isolation Forest): 

• Why Isolation Forest: Scales to 100k samples, no Gaussian assumptions, catches non-linear IR patterns. 

• Feature Vector (8D): It is a set of 8 numerical features describing each star, including infrared emission, color distance, brightness, and 

data quality. 

• Training: 80k clean M-dwarfs, contamination=0.005 (except 500 outliers) 

• Output: anomaly_score represents [-1,1] per star. 

4. Ranking Engine: 

• It combines infrared excess, anomaly score, and dust probability to calculate a final candidate score. 

• The weights [0.4, 0.3, 0.3] were optimized using grid search on the Hephaistos ground-truth dataset. 

• The stars with score > 0.7 are classified as High Confidence Candidates. 

5. Dashboard and Validation: 

• Streamlit App: It provides an interactive dashboard to visualize candidate stars and their infrared excess. It displays the relationship 

between stellar color (BP_RP) and IR excess, while ‘st.dataframe()’ shows the top 20 ranked candidate stars. 

• Metrics: Precision@20 ROC-AUC, confusion matrix vs known candidates. 

Export: Top– 20 tables + individual SED plots. 

Methodology 

1. Source selection bias control: Define how the stellar sample is limited to a consistent class of stars so the anomaly detector is not 

confused by very different stellar populations. This reduces bias from mixing hot stars, giants dust-rich young objects and cool dwarfs in 

the same training space. 

2. Photometric consistency check: Before any anomaly detection, compare flux relationships across Gaia, 2MASS, and WISE to remove 

stars with inconsistent cross-band measurements. It helps ensure that unusual signals are not caused by catalog mismatch or bad cross-

matching 

3. Stellar Temperature matching: Estimate the expected infrared output by matching each star to a temperature-based reference spectrum 

rather than using a single universal blackbody. This is important because raw brightness alone can hide or exaggerate true infrared excess. 

4. Multi -condition rejection logic: Apply a rule-based rejection stage that excludes candidates only when multiple natural explanations 

appear together such as poor astrometric quality, red near-IR colors, and weak excess consistency. This is stronger than single threshold 

cut and reduces false dismissal of unusual sources. 

5. False Positive Tracing: For every flagged object, trace the reason it was selected by checking which feature combination pushed it into 

anomaly space. This makes pipeline explainable and lets you separate real physical anomalies from catalogue artifacts. 

6. Sensitivity threshold analysis: Vary the excess threshold and contamination setting to measure how candidates count changes under 

stricter and looser assumptions. This gives a clearer picture of the trade-off between completeness and purity. 

Analytical Report 

The blue dots are your bulk M-dwarf sample (~100k stars), and they form two distinct rising bands rather one cloud. That’s a useful 

diagnostic; it likely means the dust probability penalty term is splitting the population into two groups- clean stars sit on the upper band 

where score = IR_excess * anomaly_score, while stars with non-zero dust_prob get pulled onto the lower band since the penalty 

multiplies their score down. Worth confirming against your actual data, but if true, it’s a nice sanity check that the dust filter is doing real 

work. 
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Fig. 2. Final Score v/s IR Excess shows plot of composite ranking score on y—axis against the raw IR excess feature on the x-axis. 

It is a color-magnitude diagram using Gaia data; x-axis is BP-RP color, y-axis is apparent G magnitude, inverted so brighter stars sit on 

top. The diagonal cloud from upper-left to lower right traces the M-dwarf main sequence, redder stars are fainter. It’s a diffuse blob rather 

than a tight line because you are using apparent (not absolute) magnitude, so distance differences blur the relation. 

Background point colors show Dyson Score via the colorbar; most stars cluster in the low-to-mid purple range with no clear trend by color 

or brightness, a good sign that score isn’t just tracking stellar temperature. Red stars are flagged candidates, scattered across a wide range of 

colors and brightness rather than one subtype. Switching to absolute magnitude (using a parallax data) would tighten the sequence and let 

you spot underluminous stars, directly matching Zackrisson et al.’s (2015) detection strategy. 

Fig. 3. Color-magnitude diagram of the M-dwarf sample (BP—RP vs apparent G magnitude), colored by computed Dyson Score, with 

flagged candidates marked as red stars. 

The blue bars represent all stars, peaking sharply around 1.0 meaning most stars emit exactly the mid-infrared flux their blackbody 

temperature predicts- completely normal behavior. The distribution falls off steeply beyond that, confirming IR excess is rare. 

The orange dashed line marks the threshold at 1.5; anything to the right of it is flagged as anomalous. The red bars are the candidates, 

appearing sparsely beyond 1.5 and stretching out to ~4.5, representing stars who’s observed W3 flux significantly exceeds the  blackbody 

expectation- the core Dyson sphere signature the pipeline is hunting. 
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Fig. 4. Histogram distribution of IR Excess (W3_obs/ W3_expected) across M-dwarf sample. 

Analytical Framework: Mathematical Foundation Of Candidate Detection and Validation 

Bayesian Posterior Probability Estimation for Dyson Sphere Candidates: 

We would be applying Bayes’ theorem to compute the probability that a flagged star is a genuine candidate vs. a natural false positive 

(dust disk, red giant, AGN): 

𝑃(𝐷𝑆 ∣ 𝑒𝑥𝑐𝑒𝑠𝑠) =
𝑃(𝑒𝑥𝑐𝑒𝑠𝑠 ∣ 𝐷𝑆) ⋅ 𝑃(𝐷𝑆)

𝑃(𝑒𝑥𝑐𝑒𝑠𝑠)
 

This formalizes the false-positive filtering mathematically rather than just relying on the dust color cut 

Dual-Temperature Spectral Energy Distribution Fitting for Candidate Validation: 

Model of each candidate’s flux as a two-component blackbody – stellar photosphere + Dyson waste heat: 

𝐹𝜆𝑡𝑜𝑡𝑎𝑙 = 𝜋𝐵𝜆(𝑇∗)
𝑅∗
2

𝑑2
+ 𝜋𝐵𝜆(𝑇𝐷𝑆)

𝑅𝐷𝑆
2

𝑑2
 

Chi-squared minimization gives you the sphere’s effective temperature 𝑇𝐷𝑆and radius 𝑅𝐷𝑆directly connecting your ML output to physical 

parameters. 

Dyson Sphere Covering Fraction Estimation from Infrared Luminosity Excess: 

We derive what fraction of stellar luminosity the inferred structure must intercept to explain the observed excess: 

𝑓𝑐 =
𝐿𝐼𝑅,𝑒𝑥𝑐𝑒𝑠𝑠

𝐿∗
=
4𝜋𝑑2(𝐹𝑊3,𝑜𝑏𝑠 − 𝐹𝑊3,𝑒𝑥𝑝)

𝐿∗
 

This ties the detection score directly to Wright’s AGENT formalism parameter α. 

Statistical Significance Analysis of Mid-Infrared Anomalies via Photometric SNR: 

Here, expresses each IR excess as a significance level in standard deviations using photometric uncertainty propagation: 

𝜎𝑒𝑥𝑐𝑒𝑠𝑠 =
𝑊3𝑜𝑏𝑠 −𝑊3𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑

√𝜎𝑊3
2 + 𝜎𝑚𝑜𝑑𝑒𝑙

2
 

This gives reviewers a formal detection threshold (e.g., > 3σ) rather than a raw ratio cutoff. 

Composite Ranking Score Weight Optimization via Cross – Validated Grid Search: 

To formalize the weights selection (0.4,0.3,0.3) in the scoring formula; 
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𝑆 = 𝑤1 ⋅ 𝐼𝑅𝑒𝑥𝑐𝑒𝑠𝑠 + 𝑤2 ⋅ 𝑎𝑛𝑜𝑚𝑎𝑙𝑦-𝑠𝑐𝑜𝑟𝑒 + 𝑤3 ⋅ (1 − 𝑃𝑑𝑢𝑠𝑡) 

{𝑤1
∗, 𝑤2

∗, 𝑤3
∗} = argmax

𝑤
𝐴𝑈𝐶(𝑤) 𝑠. 𝑡.∑𝑤𝑖 = 1 

This is what it shows the weights are not arbitrary but optimized against the Hephaistos ground truth. 

Kardashev Type II Energy Capture Fraction Derivation from Observed IR Excess: 

Let’s map the top candidates onto the Kardashev scale by computing what fraction of stellar output the inferred structure captures; 

𝐾𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =
𝐿𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝑒𝑑

𝐿∗
= 1 − 10−0.4Δ𝑚𝑊3  

A star capturing ~100% would be a Type II civilization by Kardashev definition- this gives our detections an astrophysical interpretation 

beyond just anomaly scores.  

Future Scope 

1. Next-Generation Observational Platform as the Backbone of Dyson Sphere Search: 

The immediate future of megastructure detection is being reshaped by a fleet of transformative observatories converging in the late 2020s. 

The Nancy Grace Roman Space Telescope, now projected to launch in September 2026 ahead of schedule and under budget, has the 

potential to reveal pockets of the cosmos previously untouched. With the Wide-Field Instrument offering a field of view 100x larger than 

Hubble and infrared coronagraph capabilities, Roman is uniquely suited for wide-area IR excess surveys across stellar populations for 

exceeding what Gaia + WISE enabled. Future work should develop dedicated JWST observing programs targeting the most anomalous 

candidates identified by ML pipelines, combining MIRI and NIRSpec to construct high-fidelity SEDs across the 1–28micrometer range. 

Anomalous microlensing signals and excess infrared radiation are complementary probes, and time-domain surveys enabled by JWST, the 

Nancy Grace Roman Space Telescope, and the Vera Rubin Observatory will together create a multi-messenger architecture for 

technosignature searches. 

2. From Isolation Forest to Foundation Models: The ML Evolution in Astro-Informatics: 

The current paradigm of single-algorithm pipelines-including Isolation Forest and threshold-based IR excess flagging-represents only the 

first generation of Data driven SETI science. A symmetric two-phase learning scheme integrating anomaly detection, metric-based few 

shots learning, and ensemble classifiers within a unified probabilistic ranking pipeline is already being explored for Dyson sphere 

candidate prioritization. Graph Neural Network (GNNs) offer a further dimension: by encoding each star as a node embedded in spatial 

and photometric graph, GNNs can detect contextual anomalies that manifest not in individual stellar properties but in relational patterns 

across stellar neighbourhoods- a capability no existing Dyson sphere pipeline currently exploits. 

3. Extragalactic Dyson Sphere Searches and the Galactic - Scale Horizon: 

The current literature is restricted almost entirely within - galaxy searches around individual stellar systems. A compelling future 

direction- already gestured toward in the community – is scaling detection to extragalactic populations. A civilization that has reached 

Kardashev Type III scale—harnessing galactic—level energy would produce a galaxy wide anomalous infrared spectral signature 

detectable even at cosmological distances. The Dyson Minds 2025 Workshop held at MIT specifically advanced the concept of 

civilizations powered by supermassive black holes-a scenario that would produce distinctive near-infrared excess and SED anomalies 

detectable by Euclid and JWST/MIRI spectroscopy in AGN-like system -opening an entirely new observational window for science. 

4. Physics -Informed Neural Networks and SED Forward Modelling: 

Current anomaly detection approaches are largely data-driven, flagging statistical outliers without embedding physical constraints. A 

major future direction is the development of Physics-Informed Neural Networks (PINNs) for Dyson sphere SED modelling- neural 

architectures that encode radiative transfer equations, Planck emission laws, and stellar atmospheric models as hard constraints within the 

network’s loss function. Combined with the JSWT MIRI spectroscopy at key wavelength (7-25micrometer), a PINN-driven SED fitter 

could constrain covering fractions to within ∆λ~0.01, placing quantitative detection bounds that are currently absent from the literature. 

5. Time-Domain and Variability-Based Detection: 

Static photometric surveys capture only a snapshot of stellar environments. The Vera Rubin Observatory’s Legacy Survey of Space and 

Time (LSST), now fully online, will generate nightly multi-band light curves for billions of sources over a decade. This time-domain data 

stream opens a new channel for megastructure detection: the temporal dimming signature of a Dyson swarm in partial assembly. Future 

ML pipelines should incorporate recurrent neural networks (RNNs) or temporal transformers trained on Rubin light curves to flag sources 

exhibiting anomalous long-term flux decline inconsistent with all known astrophysical variability classes. This represents a qualitatively 

different detections axis than IR excess- one that is sensitive to megastructures still under construction not yet thermally emissive at 
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detectable levels. 

6. Dyson Structures around Compact Objects: White Dwarfs, Pulsars, and Black Holes: 

The theoretical frontier has rapidly expanded the class of viable host objects for megastructure detection. It has been proposed that Dyson 

spheres and similar radiation- harvesting megastructures could be constructed around white dwarfs, pulsars, and black holes – each 

offering distinctive energy environments and observational signatures. 

A novel direction involves advanced civilization utilizing primordial black holes and their accretion disks as energy sources, with Dyson 

sphere- like structures detectable through gravitational microlensing and infrared excess simultaneously. 

Future pipelines should be specifically adapted for these non-main sequence stellar classes, with tailored false-positive rejections routines, 

as the astrophysical background contamination profiles are qualitatively different from those around FGK or M—dwarf hosts.  

Applications 

1. Project Hephaistos: 

Dyson spheres are megastructures that could be constructed by advanced civilizations to harness the radiation energy of their host stars, 

representing a potential technosignature that may be hiding in public data already collected as part of large astronomical surveys. Project 

Hephaistos conducted a comprehensive search for partial Dyson spheres by analysing optical and infrared observations from Gaia, 

2MASS, and WISE. 

The search, published in May 2024 in the Monthly Notices of the Royal Astronomical Society, represent a 30-fold increase over previous 

similar surveys. Scientist at Uppsala University developed an elaborate filtering system to identify stars emitting far more mid-infrared 

radiation than their visible light output would suggest. 

The seven candidates are M—dwarf stars exhibiting an infrared excess in the WISE bands W3 and W4. Their peculiar Spectral Energy 

Distributions (SEDs) are consistent with simple Dyson Sphere models. Debris discs around M-dwarfs are extremely rare, and these 

candidates show higher temperatures and larger fractional luminosities than typical debris discs. 

2. “New Dyson Sphere”- Space Weather Warning System: 

A novel concept proposes populating the vast space between the Sun and Earth at various radial distances with constellations of intelligent 

spacecraft- effectively a near-spherical shell- to calculate perturbation fields in real time and provide predictions of interplanetary 

magnetic field (IMF) Bz and energetic particle bursts for space weather forecasting. This is a practical engineering repurposing of the 

Dyson sphere concept for near term use. 

No Dyson sphere has been confirmed as a scientific proof, but the detection methodology-especially IR excess analysis over large stellar 

datasets using ML- is a very active and legitimate research domain. The Project Hephaistos pipeline is essentially a close one to the other 

theoretical assumptions if to be proven later in future. 
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  P  ( D S ∣ e x c e s s ) =   P  ( e x c e s s ∣ D S ) ⋅ P  ( D S )  P  ( e x c e s s )


    F  𝜆 t o t a l = 𝜋   B  𝜆  (   T ∗ )     R ∗ 2    d 2 + 𝜋   B  𝜆  (   T  D S )     R  D S 2    d 2


    T  D S


    R  D S


    f  c =     L  I R , e x c e s s    L ∗ =   4 𝜋   d 2  (   F  W 3 , o b s −   F  W 3 , e x p )    L ∗


    𝜎  e x c e s s =   W  3  o b s − W  3  e x p e c t e d     𝜎  W 3 2 +   𝜎  m o d e l 2


  S =   w 1 ⋅ I   R  e x c e s s +   w 2 ⋅ a n o m a l y - s c o r e +   w 3 ⋅  ( 1 −   P  d u s t )


   {    w 1 ∗ ,    w 2 ∗ ,    w 3 ∗ } =  arg ⁡   max  w A U C  ( w )   s . t .  ∑    w  i = 1


    K  f r a c t i o n =     L  i n t e r c e p t e d    L ∗ = 1 −  10  − 0 . 4 Δ   m  W 3

