
Clustering for Astrophysics

Matthias Gerlach, 10/04/26

Python Meetings Season 2 Episode 1

1/27



Overview
Clustering for Astrophysics

1. Astrophysical data 

2. Clustering types 

3. Preparing the data 

4. K-Means 

5. Gaussian Mixture Modelling 

6. DBSCAN / HDBSCAN 

7. Final remarks

}+ some examples along 
the way! (> 20 citations 

generally)

yeah… sorry about 
that. no gaussian 

mixture for you today 
pal
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Astrophysical Data
what do we deal with on a daily basis?

• Lots of different types of data: 

1. Astrometry (sky coordinates, distances/parallaxes, proper motions and 
radial velocities, …) 

2. Photometry (apparent magnitudes, colors, light curves, …) 

3. Spectroscopy (rotation, velocity dispersion, temperature, metallicity, …) 

4. Imaging (morphology, …) 

5. N-body / Hydrodynamical Simulations (time evolution, velocities, 
energies, metallicities, morphologies, hierarchical formation, …)
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Astrophysical Data
what do we deal with on a daily basis?

• Examples of classification/clustering problems one might encounter 

1. Astrometry: Separate MW stars into disk, bulge and halo components 

2. Photometry: Discover strange pulsating stars (time varying mean 
magnitudes, amplitudes, periods) 

3. Spectroscopy: Classify  emission lines from Be stars 

4. Imaging: Automatically count rings in protoplanetary disks, classify 
galaxies by morphology 

5. N-body / Hydrodynamical Simulations: Detect formation of dark matter 
subhalos

Hα
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Clustering
is our friend

• Definition: any type of unsupervised algorithm that tries to separate data into groups 
(clusters) with features more similar to those of the same group than those of other 
groups, according to a chosen arbitrary notion of similarity or distance metric. 

• Use cases: 

๏ Exploratory phase 

๏Anomaly detection 

๏Classification 

• Whenever we suspect nature is organizing stuff into groups, but we still don’t quite 
know what those groups are or what their characteristics are, clustering is useful.
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Clustering
types

• Distance based: K-Means 

• Density based: DBSCAN / HDBSCAN 

• Model based: Gaussian Mixture Modelling (GMM) 

Won’t go into the math. Just the intuition. If you are interested in learning more, check out: 

✦  Géron, A. (2022). Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow. 

✦ Statquest’s Machine Learning Fundamentals YT course 

✦  Fotopoulou, S. (2024). A review of unsupervised learning in astronomy
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K-Means



K-Means
distance based clustering

• Separates data into   distinct, non-overlapping clusters by minimizing the 
euclidean distance between data points and their cluster centroids. It 
iteratively assigns data points to the nearest center and recalculates 
centers until convergence.  

1. Initialize  cluster centroids 

2. Assign each datapoint to closest cluster centroid 

3. Recompute cluster centroids as the mean of all data in that cluster 

4. Repeat steps 2 and 3 until convergence

k

k
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K-Means
distance based clustering

1. Initialize 
centroids 

2. Assign to 
cluster

3. Recompute 
centroids 

3. Repeat until 
convergence

https://www.geeksforgeeks.org/machine-learning/k-means-clustering-introduction/
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K-Means
distance based clustering

• Pros: Intuitive, Computationally light 

• Cons: Must manually choose number of clusters, assumes 
non-overlapping clusters and euclidean distance metric

https://zerowithdot.com/mistakes-with-k-means-clustering/
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Uses K-means as a galaxy classification 
solution for next-generation extragalactic 
surveys, working with 7,338 galaxies from 
GAMA using five features including stellar 

mass ( ), specific star formation rate 
( ), color ( ), half-light radius 

( ), and Sérsic index ( )

M*
sSFR u − r

r1/2 n

Turner et al. (2019)
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Turner et al. (2019) 11/27



Asadi et al. (2025)

~48.000 objects. features: ugriz (SDSS), ZYJHKs (VISTA), 
W1W2 (WISE-ALLWISE)
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Density-Based Spatial Clustering of 
Applications with Noise (DBSCAN)



DBSCAN
density based clustering

• Groups together points that are closely packed (in high density regions) and labels 
isolated points as noise. It works by checking how many neighbors each point has within 
a chosen distance . Dense regions become clusters, while sparse regions are ignored.ϵ
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DBSCAN
density based clustering

1. Neighbors are points that are close to each other 
by a distance metric  (eps) 

2. Core points are points with at least minPts 
neighbors. Points with less than minPts 
neighbors are border points. 

3. Core points are part of the same cluster if they are 
neighbors. If not, they are from different clusters 

4. Border points are added to each cluster if they 
have a core point as a neighbor. 

5. Border points that do not have core points as 
neighbors are considered noise points.

ϵ

https://machinelearninggeek.com/dbscan-clustering/
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DBSCAN

https://machinelearninggeek.com/dbscan-clustering/

density based clustering
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DBSCAN
density based clustering

• Pros: Finds optimal number of 
clusters automatically. 
Basically solves all problems 
with K-Means 

• Cons: Computationally heavy 
for large datasets. Still cannot 
deal with clusters with 
variable density. Sensible to 
parameter tuning.

https://blog.dailydoseofds.com/p/the-limitations-of-dbscan-clustering
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Mislis et al. (2018)
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A. Castro-Ginard et al. (2018)

DBSCAN + ANN
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Hierarchical DBSCAN 
(HDBSCAN)



HDBSCAN
density based clustering

Build upon DBSCAN but far more 
complex. In summary: 

1. Run DBSCAN multiple times while 
varying the density threshold . 
As we decrease density, clusters 
are split up into multiple clusters. 
We do this until every point is a 
cluster. We construct a 
hierarchical tree as shown.

ϵ

https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
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density based clustering

2. We transform the hierarchical tree 
into a condensed hierarchical tree by 
considering that a cluster survived the 
density change ( ) if it lost less than 
min_cluster_size points. If not, we 
consider that the cluster actually split 
up into two separate clusters.

ϵ

https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
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density based clustering

3. We keep only the most stable 
clusters across densities by 
integrating the areas of clusters in 
the condensed hierarchical tree. 
This way we can keep clusters with 
different densities!

https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
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density based clustering

https://blog.dailydoseofds.com/p/the-limitations-of-dbscan-clustering
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Logan & Fotopoulou (2019) 23/27



Kounkel & Covey (2019)
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Kim et al. (2025)
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Liu et al. (2024)
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Final Remarks



Key Takeaways
about clustering

• Clustering is cool and useful in many contexts. 

• These and many other clustering algorithms exist. 

• Semi-supervised learning has become the most popular 
way to use clustering in recent years. 

• The most critical step is not the algorithm itself, but the 
choice and scaling of features. Most definitely the first 
time you use clustering, your results will be bad. Your 
brain needs to have physical intuition: understanding 
which properties best distinguish different objects is key 
to obtaining meaningful results.

thank you and see you 
next time!
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THANK YOU!


