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S T E L L A R  F L A R E S  I N  H I D I N G  
using hidden Markov models to find stellar flares in time series data from TESS



S O L A R  F L A R E S

• Bursts of radiation and material from the surface of the Sun

• Related to magnetic activity

• Frequency of flaring related to solar cycle

Solar flare on May 5. 2015, in 5 different wavelengths (visible to UV)
Credit: NASA/Solar Dynamics Observatory/Wiessinger

S T E L L A R  F L A R E S
• Like solar flares, but on other stars

• Related to: 

• magnetic activity of star

• Stellar age

• Stellar rotation



S T E L L A R  F L A R E S  

→  M - d w a r f  s t a r s
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M - D W A R F S T A R S
• 70% of all stars in our Galaxy

• Low-mass stars (0.08𝑀⊙ < 𝑀 < 0.6𝑀⊙)

• Burning hydrogen into helium

• When M < 0.35𝑀⊙, fully convective cores

• Long lifetimes (up to trillions of years)

• Open questions:

• Size of habitable zone

• Level of activity vs. age

• Frequency of flaring events

https://astrobiology.nasa.gov/news/where-is-the-habitable-zone-for-m-dwarf-stars/ 

IMAGE CREDIT: NASA/JPL-CALTECH/MSSS.

The estimated habitable zones of A stars, G stars and M 
stars are compared in this diagram.

https://astrobiology.nasa.gov/news/where-is-the-habitable-zone-for-m-dwarf-stars/


T R A N S I T I N G  E X O P L A N E T  S U R V E Y  S A T E L L I T E

https://www.youtube.com/watch?mute=1;v=evHF_mnIdj4 

https://www.youtube.com/watch?mute=1;v=evHF_mnIdj4


O B S E R V I N G  S T E L L A R  F L A R E S

Medina et al (2020), ApJ
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Stelzer et al (2022), A&A



O B S E R V I N G  S T E L L A R  F L A R E S  W I T H  T E S S  D A T A
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I D E A L I Z E D  F L A R E  T E M P L A T E

Hawley et al (2014), 797:121 ApJ



F L A R E D I S T R I B U T I O N S

Stelzer et al (2022), A&A 665, A30



A P P R O A C H E S  I N  T H E  L I T E R A T U R E
• “Sigma-clipping”

(e.g. Walkowicz et al. 2011; Osten et al. 

2012; Hawley et al. 2014; Davenport 2016; 

Yang et al. 2017; Günther et al. 2020)

• Convolutional neural networks applied to 
young stars 
(e.g. stella, Feinstein et al 2020, AJ)

• Change-point detection 
(e.g., Chang et al 2015 ApJ)

• Once flares identified → template fitting

Feinstein et al 2020, AJ



M E A S U R I N G  S T E L L A R  F L A R E S

Medina et al (2020), 905:107 ApJ

Challenges:

• End of flare ill-defined

• Compound flares

• Energy of flare difficult 

to measure

• Smaller/fainter energy 

flares difficult to detect



O U R  A P P R O A C H :
H I D D E N M A R K O V  M O D E L

𝑌𝑡 𝑆𝑡 ∼ 𝑓𝑡 + 𝑍𝑡 𝑆𝑡

Gaussian Process to model quasi-periodic trend 

(celerite, Foreman-Mackey et al 2017)

𝑓|𝜇, 𝐾 ∼ 𝐶𝑒𝑙𝑒𝑟𝑖𝑡𝑒(𝜇, 𝐾)

Flaring Channel:

→ Quiet

→ Firing

→ Decay

Probability of transiting between states

Esquivel et al (2024), submitted to ApJ

Arturo Esquivel
PhD Candidate, statistics, UofT



O U R  A P P R O A C H :
H I D D E N M A R K O V  M O D E L

𝑌𝑡 𝑆𝑡 ∼ 𝑓𝑡 + 𝑍𝑡 𝑆𝑡

Quiet state 𝑍𝑡|𝑄, 𝑍𝑡−1, 𝜎2 ∼ 𝑁(0, 𝜎2)

Firing  𝑍𝑡|𝐹, 𝑍𝑡−1, 𝜆𝜎2 ∼ 𝑁 𝑍𝑡−1, 𝜎2 + 𝐸𝑥𝑝(𝜆)

Decay  𝑍𝑡|𝐷, 𝑍𝑡−1, 𝑟, 𝜎2 ∼ 𝑁 𝑟𝑍𝑡−1, 𝜎2

Bayesian approach

Esquivel et al (2024), submitted to ApJ



C O M P U T A T I O N

• Bayesian approach using Stan (Carpenter et al 2017)

• Split time series data into 2000-step chunks

• Gaussian Process and HMM parameters sampled simultaneously

• For each sample of parameters, state decode (Viterbi algorithm)

• distribution of states for each time step



P O S T E R I O R  D I S T R I B U T I O N  O F  S T A T E S

Esquivel et al 2024, submitted to ApJ

Potential advantages:

• Uncertainty estimate of 

flare duration

• Uncertainty estimate of 

flare energy

• Pick up lower energy flares



I N J E C T I O N  T E S T S
• M-dwarf star TIC 031381302 (TESS)

→ Sections that are very quiet

→ Section with known flares

• Injected small and large simulated 

flares

• Sensitivity = 𝑡𝑟𝑢𝑒 𝑓𝑙𝑎𝑟𝑒𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑓𝑙𝑎𝑟𝑒𝑠

• Positive Predictive Value 

 = 𝑡𝑟𝑢𝑒 𝑓𝑙𝑎𝑟𝑒𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑙𝑎𝑟𝑒𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑



I N J E C T I O N  T E S T S

Esquivel et al 2024, submitted to ApJ



F I N D I N G  R E A L  F L A R E S

Esquivel et al 2024, submitted to ApJ



S U M M A R Y  A N D  F U T U R E  W O R K
• 3-state Hidden Markov Model to detect stellar flares

• At least as good as  sigma-clipping

• Advantages: 

→ Duration of flare events

→ Energy recovery

→ no need for iterative procedures, manual identification

→ improve population studies

• Disadvantages:

→ computationally expensive

• Speeding up GP portion of model (Rodrigo Barradas Herrera, stats PhD student)

• Application to population of M-dwarfs (Phil vanLane, astro PhD candidate)

• Gaia data release of time series
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Studying the relationship between globular cluster 
populations and their host galaxies



https://www.nasa.gov/mission_pages/hubble/science/virgo_cluster.html 

Almost every galaxy in the universe 

has a population of 

Globular Clusters (GCs, or old star 

clusters)

https://www.nasa.gov/mission_pages/hubble/science/virgo_cluster.html


What we observe in the local universe:

Large galaxies have GCs, but some smaller (dwarf) 
galaxies do not.

In between these extremes, there is a transition.



Big Questions:

Why do some galaxies lack GCs?

What is a good empirical model for the distribution of 

galaxies with and without GCs?

What can this tell us about GC evolution in the context 

of galaxy formation and evolution?



Data: GCs and host galaxy stellar mass

Eadie, Harris, and Springford (2022), ApJ 926 162

• Has GCs? = 1

• No GCs? = 0

Number of GCs

Mass in GCs



Empirical statistical models

Number of GCsWhat’s often done: Poisson Regression



Investigation of count models for regression:

• Poisson regression

• Negative binomial

• Negative binomial with shape parameter

• And their zero-inflated counterparts

Sam Berek
PhD Candidate



Berek, Eadie, Speagle, & Wang (2024), ApJ 972 104

Negative binomial (NB) model

NB model with shape parameter

Poisson model

Zero-inflated versions of the models, too:





Takeaways:

• Poisson regression is not a good model for GC counts as 
predicted by host galaxy stellar mass

• Negative binomial regression is much better

• Zero-inflation is not needed (at least in the parametric form 
we chose)

• Implications for simulations of galaxies with GC populations 
that inform other studies



Empirical statistical models

Has GCs? = 1

No GCs? = 0
Logistic Regression

Eadie, Harris, and Springford (2022), ApJ 926 162



Logistic regression

𝒑 =
1

1 + 𝑒−(𝛽0+𝛽1 log 𝑀∗)

෢𝛽0 = −10.50 −13.33, −7.67

෢𝛽1  = 1.55 1.15,1.94

(brackets are 95% confidence intervals)

Eadie, Harris, and Springford (2022), ApJ 926 162



Empirical statistical models

Mass in GCsWhat’s often done: Linear Regression

Eadie, Harris, and Springford (2022), ApJ 926 162



Linear 
Regression

Eadie, Harris, and Springford (2022), ApJ 926 162



Logistic Regression or Linear Regression?
● Covariates or independent variables are:

○ Galaxy stellar mass

●  Response variable or dependent variable is

○ Whether or not the galaxy has a GC population → binary variable (0 or 1)

○ The mass of the globular cluster population → continuous variable

Which response variable should we choose?



Hurdle Models

● another example of generalized linear models (GLMs)

● deal with data containing significant numbers of zeros (used 
routinely in e.g., applied statistics, biostatistics, ecology, 
environ. science)

● Side note: GLMs are underused in astronomy but have shown 
promise (see De Souza et al 2015, Elliot et al 2015, Hattab et al 
2019, Lenz et al 2016, see also textbook by Hilbe et al. 2017)



Lognormal Hurdle Model

𝐸 log 𝑀𝑔𝑐𝑠 =
1

1 + 𝑒−(𝛽0+𝛽1 log 𝑀∗)
𝛾0 + 𝛾1 log 𝑀∗

● use a Bayesian framework for parameter inference

● brms package Bayesian Regression Models using Stan (R Core 
Team 2020) 

● Try both the default priors in brms (flat, improper priors) and 
diffuse priors → little difference 



Eadie, Harris, and Springford (2022), ApJ 926 162

This is the 

expected 

(mean) value

If we observe a galaxy and see that 
is has a GC population, then we can 
predict its 𝑀𝑔𝑐𝑠!

If we observe a galaxy with some 
𝑀∗, then we can get the probability 
of it having a GC population.

Transition 

region



Transition region 

• What we observe:
• Galaxies with 𝑀∗ < 106𝑀𝑠𝑜𝑙𝑎𝑟 have no GCs today

• What we suspect:
• maximum mass in GCs (from simulations) → 10% of galaxy 𝑀∗

• If true, galaxies with 𝑀∗ < 106𝑀𝑠𝑜𝑙𝑎𝑟 would have GC population of 
~105𝑀𝑠𝑜𝑙𝑎𝑟

• A GC with ~20,000𝑀𝑠𝑜𝑙𝑎𝑟 has trouble surviving

• What is almost certainly true:
• Including the zeros is important!

• Initial GC mass, GCs initial location and orbit, structure of host galaxy 
and dark matter halo



Hierarchical ERrors-in-variables BAyesian Lognormal hurdle model 
(HERBAL)

1. Include measurement uncertainties via an errors-in-variables

2. Incorporate a random effect term for unaccounted-for variance

3. Instead of stellar mass, use luminosity → estimate the mass-to-
light ratio for each galaxy

Sam Berek
PhD Candidate

Berek, S. C., Eadie, G. M., Speagle, J. S., & Harris, W. E. (2023), ApJ 955(1), 22.



Sam Berek
PhD Candidate

Hierarchical ERrors-in-variables 
Bayesian lognormAL hurdle model
(HERBAL) model

Berek, Eadie, Speagle, & Harris (2023), ApJ 955(1), 22.



HERBAL model

Sam Berek
PhD Candidate

Good description of the data

Two points of interest: IC1613 & Ursa Major II

Even larger galaxies without GCs may exist

Berek, Eadie, Speagle, & Harris (2023), ApJ 955(1), 22.



GCs and their host galaxies

Summary:

● Including zeros is important
● Potential information about formation and evolution history

Future work:

● Incorporating selection effects for galaxies beyond the Local 
Group

● Using both counts and GC population mass simultaneously

● Understanding GC populations in the early universe → JWST



Globular Clusters around Ultra-Diffuse Galaxies

novel hierarchical Bayesian spatial point process models



Ultra-Diffuse Galaxies (UDGs)

→ Can be as big as our galaxy, 
but way fewer stars

→ Very low surface brightness 
(brightness per area)

→ They have globular 
clusters!



Big Questions about UDGs
● How did these galaxies form?

● Why are they so big but have so few 
stars?

● How did their GCs form?

● Are their GC populations different 
from other galaxies?

● What can this tell us about galactic 
formation in the early universe?

● Why are some dark matter dominated, 
and others lacking dark matter?

Dragonfly 2 (DF2), image taken by Hubble Space Telescope.

Credit: NASA, ESA, STScI, Zili Shen (Yale), Pieter van Dokkum 
(Yale), Shany Danieli (IAS) IMAGE PROCESSING: Alyssa Pagan 
(STScI)

https://science.nasa.gov/missions/hubble/mystery-of-
galaxys-missing-dark-matter-deepens/   

https://science.nasa.gov/missions/hubble/mystery-of-galaxys-missing-dark-matter-deepens/
https://science.nasa.gov/missions/hubble/mystery-of-galaxys-missing-dark-matter-deepens/


Big Challenges with UDGs

● They are difficult to find (low surface brightness)

● There is significant measurement uncertainty in their GC 
populations

● They are sometimes found in clusters of galaxies → which GCs 
belong to UDGs and which belong to “regular” galaxies?



Discovering UDGs with Spatial Statistics

Figure from Van Dokkum et al (2016), ApJL, 828:L6

Dayi Li
PhD Candidate

Dept. of Statistical Sciences



David Li
PhD Candidate 
(statistics)

Log-Gaussian Cox Process (LGCP):

• (inhomogeneous) Poisson point process with some intensity 𝜆(𝑠)

• 𝜆 𝑠  is generated by a Log-Gaussian random field → provides 

means for spatial correlation



Randomness characterized by GP 

with some covariance structure

In a galaxy cluster, GCs can be part of

- A bright “normal” looking galaxy

- The intergalactic medium

- An ultra-diffuse galaxy

LGCP Model to discover new UDGs

Inhomogeneous Poisson process

Log(intensity) = Fixed effect + Random effect

Using a Bayesian approach and INLA, estimate posterior distribution

Finally, find regions in posterior of 𝑈(𝑠) that exceed some threshold

Li, Eadie, et al (2022) ApJ 935:3



Intensity 

field 𝜆(𝑠)

Random field  exp 𝑈 𝑠 Detection of potential UDGs 𝐹 𝑠

Li, Eadie, et al (2022) ApJ 935:3



Li, Eadie, et al (2022) ApJ 935:3

Candidate Dark Galaxy-1

David Li
PhD Candidate 
(statistics)



Pieter van Dokkum et al (incl. 
Eadie) 2024
Res. Notes AAS 8:135

No diffuse emission is detected…

→ random alignment of GCs? (seems very improbable)

→Not actually GCs? (also unlikely)

→The “darkest” UDG detected to date?!

Observe CDG-1 with the Hubble Space Telescope!



David Li
PhD Candidate 
(statistics)

Include “marks” for the 

points (other covariates 

about GCS)

Include physical theories



Li, et al (incl. Eadie) 2024,  accepted to Annals of Applied Statistics

Candidate Dark Galaxy-2



Li, et al (incl. Eadie) 2024,  in prep



• UDG detection is hampered by:
o Photometric measurement uncertainties

o GC membership uncertainty

o Assumptions about underlying distribution of GCs

• MATHPOP
o Novel statistical method to infer the globular cluster 

counts around UDGs and low surface brightness galaxies

o Takes into account uncertainties and assumptions above

https://davidolohowski.github.io/MATHPOP/ 

https://davidolohowski.github.io/MATHPOP/


Bayesian MArk-dependently THinned POint Process 

● Jointly model spatial distribution and brightness distribution

● Marks → brightness (magnitudes) of the GCs

● inhomogeneous Poisson Process

● Thinned process to account for observational and physical effects 
→ GCs which are too faint to observe, or too far away to be part 
of galaxies

● Includes uncertainty in GC identification

https://davidolohowski.github.io/MATHPOP/ Li, Eadie, et al (2024, submitted to ApJ)



Advantages of MATHPOP over traditional methods:

● Model difference sources of GCs (intergalactic medium, large 
galaxies, ultra diffuse galaxies)

● Includes the measurement uncertainty in brightness

● Includes the colour information and uncertainty in GC 
identification --> probabilistic catalogue of GCs

● No unphysical, negative counts of GCs

https://davidolohowski.github.io/MATHPOP/

Bayesian MArk-dependently THinned POint Process 

Li, Eadie, et al (2024, submitted to ApJ)



Li, Eadie, et al (2024, submitted to ApJ)



Simulation Tests

Li, Eadie, et al (2024, submitted to ApJ)

• Injected simulated GCs into real images

• Use MATHPOP to estimate number of GCs  

(𝑁𝑒𝑠𝑡)

• Use literature/standard method to 

estimate 𝑁𝑒𝑠𝑡

• Look at 𝑁𝑒𝑠𝑡 – 𝑁𝑡𝑟𝑢𝑒 for each



Simulation Tests and
Application of MATHPOP to Perseus Cluster of Galaxies

True mode of GC brightness distribution 

(simulations)

Estimated mode of GC brightness distribution 

(simulation tests)}
Estimated mode of GC brightness distribution 

(Perseus data)

Li, Eadie, et al (2024, submitted to ApJ)



Li, Eadie, et al (2024, submitted to ApJ)



Takeaways

● MATHPOP → properly accounting for uncertainties, selection 
effects, GC identification

● Identified two UDGs with brighter than average GC populations

● Potential implications for distance estimates in astronomy

● We may be on the verge of discovering the “darkest” galaxy to-
date!

https://davidolohowski.github.io/MATHPOP/

Bayesian MArk-dependently THinned POint Process 



S T U D Y I N G  T H E  U N I V E R S E  W I T H  A S T R O S T A T I S T I C S



Astrostatistics

Research 
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https://astrostatuoft.com/people.html
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https://astrostatuoft.com/people.html


B A C K - U P  S L I D E S
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L O G I S T I C  R E G R E S S I O N

● Probability 𝒑 of “success” (i.e., galaxy has a GC population) given some 

continuous covariate 𝑿

𝒑 =
1

1 + 𝑒−𝑿𝜷

● Estimate the parameters 𝜷 via maximum likelihood, where the likelihood is

𝐿(𝜷; 𝑦) = ෑ

𝑖

𝑛

𝑝𝑖
𝑦𝑖 1 − 𝑝𝑖

1−𝑦𝑖

● Logistic regression is just one example of a broader class of models from statistics 

called generalized linear models (GLMs, McCullagh & Nelder 1989)



P R I O R S
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N O T A T I O N
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Esquivel et al (2024), submitted to ApJ

https://doi.org/10.48550/arXiv.2404.13145 

PhD Candidate, statistics, UofT

https://doi.org/10.48550/arXiv.2404.13145
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