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Abstract

Accurate identification of meteoroid streams is central to understanding their origins and evolution. However,
overlapping clusters and background noise hinder classification, an issue amplified for missions such as the
European Space Agency’s Lunar Meteoroid Impact Observer that rely on meteor shower observations to infer
lunar meteoroid impact parameters. This study evaluates the performance of the Hierarchical Density-Based
Spatial Clustering of Applications with Noise (HDBSCAN) algorithm for unsupervised meteoroid stream
identification, comparing its outcomes with the established Cameras for All-Sky Meteor Surveillance (CAMS)
look-up table method. We analyze the CAMS Meteoroid Orbit Database v3.0 using three feature vectors: LUTAB
(CAMS geocentric parameters), ORBIT (heliocentric orbital elements), and GEO (adapted geocentric
parameters). HDBSCAN is applied with varying minimum cluster sizes and two cluster selection methods
(eom and leaf ). To align HDBSCAN clusters with CAMS classifications, the Hungarian algorithm determines the
optimal mapping. Clustering performance is assessed via the Silhouette score, Normalized Mutual Information,
and F1 score, with Principal Component Analysis further supporting the analysis. With the GEO vector,
HDBSCAN confirms 39 meteoroid streams, 21 strongly aligning with CAMS. The ORBIT vector identifies 30
streams, 13 with high matching scores. Less active showers pose identification challenges. The eom method
consistently yields superior performance and agreement with CAMS. Although HDBSCAN requires careful
selection of the minimum cluster size, it delivers robust, internally consistent clusters and outperforms the look-up
table method in statistical coherence. These results underscore HDBSCAN’s potential as a mathematically
consistent alternative for meteoroid stream identification, although further validation is needed to assess physical
validity.

Unified Astronomy Thesaurus concepts: Meteoroids (1040); Meteors (1041); Meteor streams (1035); Meteor
showers (1034); Classification (1907)

1. Introduction

Meteoroids are small solid particles (from 30 μm to 1 m in
size) derived from comets, asteroids, or other planetary objects
orbiting the Sun (D. Koschny & J. Borovicka 2017). Upon
entering Earth’s atmosphere, these particles undergo rapid
heating and ablation, producing a luminous phenomenon
known as a meteor or fireball, depending on their brightness
(Z. Ceplecha et al. 1998; E. A. Silber et al. 2018). Meteoroid
streams are groups of meteoroids originated from a common
progenitor that share similar orbital parameters. These streams are
the result of ejection mechanisms, including sublimation or
fragmentation, leading to dispersal over time and ultimately
contributing to the sporadic meteoroid background (C. D. Murray
1982; P. B. Babadzhanov & I. V. Obrubov 1987; P. Jenniskens
1998; A. Pauls & B. Gladman 2005; J. Vaubaillon et al. 2019).
When Earth crosses the path of a meteoroid stream, a meteor
shower occurs, characterized by increased meteor activity
radiating from a specific point in the sky, the radiant, and similar
velocities (P. Jenniskens 2006, 2023). The dynamics of meteoroid
streams, mainly originated by comet disruptions (P. Jenniskens
2008a, 2008b; D. Nesvorný et al. 2010; H. Yang & M. Ishiguro
2015; S. Ďurišová et al. 2024), are influenced by gravitational
perturbations, solar radiation pressure, and interparticle collisions,
producing complex and evolving distributions (I. P. Williams &
T. J. Jopek 2014).

The accurate association of individual meteors with their
parent bodies or streams remains challenging due to (a)
overlapping orbital parameters, (b) the presence of sporadic
meteor activity, (c) observational constraints, and (d) the
limitations of the methods employed, making it an ongoing
area of research (L. Neslušan & M. Hajduková 2017; T. J. Jopek
et al. 2024; E. Peña-Asensio & J. M. Sánchez-Lozano 2024;
P. M. Shober & J. Vaubaillon 2024; P. M. Shober et al. 2025).
The Meteor Data Center (MDC) of the International Astronom-
ical Union (IAU) compiles published information on meteor
showers (M. Hajduková et al. 2023). The MDC curates two lists
of average meteoroid stream parameters, including orbital
elements, shower activity, and radiant properties: one of
confirmed (established) showers and a working list of proposed
showers. Unfortunately, many parameters of the showers remain
poorly constrained, as radiant positions and orbital elements
reported by different authors often show significant discrepan-
cies, mainly because of observational uncertainties and limited
data samples and observational limitations.
Meteoroid streams and meteor showers are interconnected

phenomena that encapsulate the interaction of interplanetary
matter with the Sun, planets, and the Earth’s atmosphere
(D. Koschny et al. 2019). Understanding their formation,
composition, and identification is central to meteor science, with
implications ranging from planetary defense to the study of the
solar system and beyond (L. I. Turchak & M. I. Gritsevich 2014;
M. Moreno-Ibáñez et al. 2015; E. Peña-Asensio et al. 2021,
2022, 2023, 2024a, 2024b; D. Vida et al. 2023; S. Hemmelgarn
et al. 2024). Proper identification of meteoroid streams is needed
for determining the mean physical properties of their members,
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which is particularly important when assumptions about the
impactor are required, as in Lunar Impact Flash (LIF) analysis
(L. R. Bellot Rubio et al. 1998; R. M. Suggs et al. 2008;
S. Bouley et al. 2012; J. M. Madiedo et al. 2015; J. L. Ortiz et al.
2015; A. Z. Bonanos et al. 2018; C. Avdellidou & J. Vaubaillon
2019; A. Liakos et al. 2024). In this regard, accurate
characterization of meteoroid streams is critical for the European
Space Agency’s (ESA) Lunar Meteoroid Impact Observer
(LUMIO) mission, which will monitor and study LIFs on
the Moon’s farside (A. M. Cipriano et al. 2018; F. Topputo
et al. 2023).

To this end, similarity orbital criteria have been developed
to systematically identify meteoroid streams by quantifying the
resemblance between the orbital parameters of individual
meteoroids. One of the first and most widely utilized criteria is
the Southworth–Hawkins D-function (DSH), introduced to
assess the degree of orbital similarity between meteoroids or
between a meteoroid and a parent body (R. B. Southworth &
G. S. Hawkins 1963). The DSH parameter is calculated using
five orbital elements, including the perihelion distance (q),
eccentricity (e), inclination (i), argument of perihelion (ω), and
longitude of ascending node (Ω):

( ) ( )

( )

= + +

+
+

D e e q q
I

e e

2 sin
2

2
2 sin

2
, 1

B A B A
AB

B A BA

SH
2 2 2

2

2 2

where additional geometric concepts are considered, including
πBA, the difference between the longitudes of perihelion
measured from the intersection of the orbits, and the angle
representing the difference in their orbital inclinations (IAB).
Subsequent efforts by J. D. Drummond (1981) expanded upon
this framework, introducing refinements and defining the
widely used DD. However, these D-functions do not satisfy the
mathematical definition of metrics because they fail to fulfill
the triangle inequality (K. V. Kholshevnikov et al. 2016).
Instead, they are better described as quasimetrics, as they
comply with a generalized or relaxed version of the triangle
inequality (D. V. Milanov et al. 2019). This approach
necessitates careful inspection of the threshold value to
establish accurate boundaries for association. Near-ecliptic
orbits, characterized by higher meteoroid densities and reduced
differentiation in inclination, require lower thresholds to
minimize contamination by sporadic meteors (D. P. Galligan
2001). Moreover, P. M. Shober et al. (2025) investigated the
dependence on D-function thresholds and found that orbital
similarities between fireballs and parent bodies or streams were
consistently indistinguishable from random associations due to
the inherent chaotic dynamics and rapid decoherence of near-
Earth orbits.

In contrast to the computational complexity and limitations
of D-functions for associating meteors with parent showers, a
look-up table approach provides an intuitive alternative
(P. Jenniskens et al. 2018). This method relies on a
precompiled table of meteor characteristics. The table includes
solar longitude, Sun-centered ecliptic radiant coordinates,
geocentric velocity (Vg), and the IAU shower number. By
condensing these key parameters, the look-up table facilitates
rapid shower identification based on observable meteor
properties. In addition to the look-up table method, novel

approaches have emerged that exploit machine learning.
E. Peña-Asensio & J. M. Sánchez-Lozano (2024) demonstrated
that the efficacy of machine learning distance metrics, such as
standardized Euclidean and Bray–Curtis, is similar or even
outperform traditional D-functions in distinguishing meteors from
the sporadic background. Another example is G. Sugar et al.
(2017), who applied the Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm (M. Ester et al.
1996) for unsupervised identification of meteor showers. A more
recent application of DBSCAN to identify potential meteor
clusters is presented in A. Ashimbekova et al. (2025).
In this study, we build upon the foundational work of

M. Ester et al. (1996); however, while DBSCAN has proven
effective for density-based clustering, it is limited by its reliance
on fixed density parameters, reducing its adaptability to data sets
with varying density distributions. To address this limitation, we
extend the analysis by evaluating the performance of its successor,
Hierarchical Density-Based Spatial Clustering of Applications
with Noise (HDBSCAN; R. J. G. B. Campello et al. 2013).
HDBSCAN extends DBSCAN by eliminating the need for
fixed density thresholds and constructing a hierarchical
clustering model that identifies clusters across multiple density
levels. Although it still requires one parameter—the minimum
cluster size—it removes the subjective considerations inherent
in traditional meteor shower classification. In this study, we
assess HDBSCAN’s capability for unsupervised meteoroid
stream identification.

2. Methods

This section describes the methodology used to analyze and
evaluate the clustering performance of HDBSCAN in the
context of meteoroid stream identification. First, we introduce
the data set utilized in this study, based on the publicly
available CAMS meteoroid orbit catalog, along with the
filtering criteria applied to ensure data reliability (Section 2.1).
We then define the input feature vectors used for clustering,
including the CAMS look-up table vector (Section 2.2.1), the
orbital parameter-based vector (Section 2.2.2), and the
geocentric vector representation (Section 2.2.3). To assess
the internal structure and variance of the data set, we apply
principal component analysis (PCA) before performing
clustering (Section 2.3).
HDBSCAN is employed as the clustering algorithm, with its

framework and parameter selection strategy outlined in
Section 2.4. The algorithm’s efficiency is enhanced by
leveraging Borůvka’s algorithm for Minimum Spanning Tree
(MST) construction (Section 2.4.1) and the Ball Tree data
structure for fast nearest-neighbor searches (Section 2.4.2).
We do not validate HDBSCAN against a synthetic

meteoroid population in this study because DBSCAN has
already been benchmarked in a highly similar context by
G. Sugar et al. (2017). Extensive literature has consistently
demonstrated the superior performance of HDBSCAN over
DBSCAN in terms of robustness, noise handling, and cluster
stability (R. J. G. B. Campello et al. 2013, 2015; L. McInnes
et al. 2017; R. Ibrahim & M. O. Shafiq 2018; D. Zhang et al.
2018; I. Ghamarian & E. Marquis 2019; A. F. Lentzakis et al.
2020; T.-H. Tran et al. 2021; L. Wang et al. 2021; S. Mishra
et al. 2022; S. Balducci 2024; S.-M. Wang et al. 2025).
To evaluate clustering performance, we compute multiple

metrics. The Silhouette score is used to assess the compactness
and separation of clusters (Section 2.5.1), while the Normalized
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Mutual Information (NMI) score quantifies the agreement
between HDBSCAN-generated clusters and the CAMS reference
classifications (Section 2.5.2). To establish an optimal mapping
between the detected clusters and known meteor showers, we
implement the Hungarian algorithm (Section 2.5.3). Finally, the
F1 score is calculated to measure the accuracy of these
assignments, providing a comprehensive assessment of clustering
quality (Section 2.5.4).

2.1. Baseline Data

Cameras for All-Sky Meteor Surveillance (CAMS) is
an international project managed by the Carl Sagan Center at
the SETI Institute, USA, with sponsorship from NASA
(P. Jenniskens et al. 2011). Its primary objective is to
systematically monitor and map meteor activity through
nighttime optical video surveillance combined with triangula-
tion techniques. The last publicly released data set, the
Meteoroid Orbit Database v3.0, contains 471,582 meteor
orbits recorded between 2010 and 2016 (P. Jenniskens et al.
2018), which forms the basis of the present work.

While other automated meteor detection networks exist,
CAMS remains one of the most widely recognized and
extensively utilized repositories for meteor orbit data. How-
ever, its performance in detecting fast meteors has been found
to be less reliable compared to its accuracy for slower meteors
(M. Koseki 2017, 2022). To address these limitations and improve
data set quality, we implemented a filtering process to exclude
lower-quality detections and minimize spurious results. The
filtering criteria included (1) a minimum convergence angle of
15° between camera detections to ensure reliable triangulation, (2)
a velocity error not exceeding 10% of the nominal value, (3)
restriction to nonhyperbolic orbits (e� 1), and (4) a perihelion
distance compatible with Earth-impacting orbits (q� 1 au). To
ensure statistical significance, we exclude meteor showers with
fewer than 100 members, resulting in a data set of 316,235
meteors distributed across 76 unique meteor showers, with
approximately 70% classified as sporadic events.

2.2. Input Vectors for Clustering

To evaluate the performance of HDBSCAN in identifying
meteor showers, we utilize three distinct vector representa-
tions: LUTAB, ORBIT, and GEO.

To account for the periodic nature of angular elements and
avoid discontinuities at the 0°/360° boundary, we represent
the angular parameters using their sine and cosine components.
The factor /1 2 is applied to the sine and cosine components
to ensure that the combined contribution of each angular
element remains comparable to that of the scalar components.
This avoids overweighting angular elements in the Euclidean
distance metric used for clustering.

After constructing the vector, each component is standar-
dized to zero mean and unit variance across the data set using
Z-score normalization. This process ensures that all features
contribute equally to the clustering process, regardless of their
original units or dynamic ranges. For each component xi, the
standardized value xi is computed as:

( )µ
=x

x
, 2i

i i

i

where μi and σi are the mean and standard deviation of feature
xi over the entire data set. Note that Z-score standardization

equalizes numerical scale without altering the covariance
structure of the parameters; hence no assumption of statistical
independence is implied, and physical correlations between
features are preserved.

2.2.1. CAMS Look-up Table Vector

In the CAMS database, shower assignment was performed
manually by comparing newly observed meteors to a look-up
table based on four parameters, which we refer to as the
LUTAB vector:
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where Vg represents the geocentric velocity of the meteoroid,
λ⊙ is the solar ecliptic longitude, and the pair (λg − λ⊙, βg)
represents the ecliptic longitude and latitude of the radiant in a
Sun-centered reference frame. In some sources, the Sun-
centered ecliptic longitude is denoted as α⊙ = λg − λ⊙. The
association with meteor showers was determined by CAMS
using straightforward criteria: the observed solar longitude
must be within ±5°, the Sun-centered radiant coordinates
within ±1°, and geocentric velocity within ±1 km s−1.

2.2.2. D-functions Vector

To evaluate the performance of HDBSCAN, we define the
ORBIT vector based on the five heliocentric orbital elements
used in traditional D-functions allowing a straightforward
comparison.
This results in a seven-dimensional feature vector:
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2.2.3. Geocentric Vector

The third vector used to evaluate HDBSCAN performance
is the GEO vector, as proposed by G. Sugar et al. (2017). The
GEO vector, adapted from geocentric parameters, represents a
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six-component vector:
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Here, the angular components are transformed using
trigonometric functions to ensure accurate representation of
distances in angular space. To enable direct comparison with
G. Sugar et al. (2017), the GEO vector is not normalized, in
contrast to the LUTAB and ORBIT vectors.

2.3. Principal Component Analysis

We apply PCA to evaluate whether any vector component
dominates the data set and to assess the consistency of the data
(K. Pearson 1901). By transforming the data into a new set of
orthogonal axes, PCA allows us to identify patterns and
determine how different components contribute to the overall
variance. The analysis focuses on the first two principal
components, which capture the largest amount of variance in
the data set. Mathematically, PCA relies on the eigen
decomposition of the covariance matrix of the data. The
principal components correspond to the eigenvectors of this
matrix, and their associated eigenvalues indicate the propor-
tion of variance explained by each component. The first
principal component is the direction along which the data
varies the most, while the second principal component is
orthogonal to the first and captures the next highest variance.
After checking the consistency of the data set, we apply
HDBSCAN.

2.4. HDBSCAN Algorithm

HDBSCAN is an advanced clustering algorithm that extends
the capabilities of DBSCAN by introducing hierarchical
clustering to handle data sets with varying density distribu-
tions. Unlike DBSCAN, which requires a fixed density
threshold for defining clusters, HDBSCAN eliminates this
constraint by constructing a hierarchy of clusters based on
varying density levels. The algorithm begins by converting the
data set into an MST of mutual reachability distances, a
measure that accounts for both point-to-point distances and
local density variations. This MST is then used to create a
hierarchical representation of clusters, where dense regions
are identified at multiple levels of granularity. HDBSCAN
employs just one parameter that defines the minimum cluster
size and incorporates a stability-based metric to extract the
most reliable clusters from the hierarchy. Additionally, the
algorithm assigns soft membership probabilities to points,
allowing it to effectively identify noise and outliers. In
our study, we evaluate the performance of HDBSCAN by
systematically varying the minimum sample parameter over a
range from 10 to 1000. Smaller values allow the detection of
finer, more localized clusters but may increase susceptibility to
noise, whereas larger values yield more stable and generalized
clusters, potentially overlooking smaller structures. By explor-
ing this range, we aim to identify parameter settings that are
most self-consistent according to internal clustering metrics
and best reproduce the CAMS classification.

We assess the two main cluster selection methods, eom
(Excess of Mass) and leaf. The eom method identifies clusters
by prioritizing stability across varying density levels in the
hierarchical tree, selecting clusters that maximize the overall
excess of mass, which corresponds to the stability of the
cluster. This approach tends to produce fewer, larger clusters
that are robust to noise and represent stable, well-defined
groupings. In contrast, the leaf method focuses on selecting
clusters from the terminal nodes of the hierarchical tree,
capturing the most localized, high-density clusters without
considering the broader stability of parent clusters. This results
in a greater number of smaller, granular clusters, providing
finer differentiation but potentially at the expense of robustness
and noise tolerance. By systematically comparing these two
approaches, we aim to assess how the choice of cluster
selection method affects the identification of meteor showers,
particularly in data sets with complex density distributions and
a high proportion of sporadic meteors. In all cases we use the
standardized Euclidean (dsEuc) distance metric, defined as:
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where x and y are the vectors being compared and si
2 is the

variance of the ith feature in the sample. Equation (6) is
algebraically identical to the quadratic form T( ) ( )x y D x y1

with ( )= …D s sdiag , , n1
2 2 . Because D is symmetric positive-

definite, it admits a Cholesky factorization T=D L L1 for some
invertible matrix L. The linear change of variables z = Lx
maps each feature vector to a whitened space in which

( ) =x y z zd , x ysEuc 2, the ordinary Euclidean norm. Bijective
linear maps preserve the metric axioms, so dsEuc satisfies
positivity, symmetry, identity of indiscernibles, and the triangle
inequality (M. M. Deza & E. Deza 2009). This result holds for
the LUTAB, GEO, and ORBIT vectors because every component
retains nonzero variance; consequently, the clustering operates in
a formally metric space. HDBSCAN relies on an efficient
nearest-neighbor search to construct a mutual reachability graph,
which is fundamental for hierarchical density-based clustering.
The Borůvka–Ball Tree algorithm is used to accelerate the
computation of the MST and the mutual reachability distances,
which are required for defining the hierarchical clustering
structure.

2.4.1. Borůvka Algorithm

Given a data set X = {x1, x2, …, xN}, the core distance of a
point xi, denoted as dcore(xi), is defined as the distance to its kth
nearest neighbor:

( ) ( ) ( )( )=d x d x x, , 7i i kcore sEuc

where x(k) is the kth nearest neighbor of xi based on the
distance metric dsEuc(xi, xj). The mutual reachability distance
between two points xi and xj is then given by:

( ) ( ( ) ( )
( )) ( )

=d x x d x d x

d x x

, max , ,

, . 8
i j i j

i j

mr core core

sEuc

This transformation ensures that all edges in the clustering
graph respect local density constraints, preventing direct
clustering of points in low-density regions.
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HDBSCAN constructs an MST using Borůvka’s algorithm
(J. Nešetřil et al. 2001). The MST is a subgraph T = (V, E) of
the mutual reachability graph ( )=G V E, such that (i) T is
connected and contains all vertices V, (ii) T has no cycles, and
(iii) the sum of edge weights is minimized. Borůvka’s
algorithm iteratively finds the lightest edge (i.e., the smal-
lest-weight edge) for each component and merges the
connected components until only one remains. Mathemati-
cally, the MST is obtained as:

( ) ( )
( )

=T d x xarg min , , 9
T G x x T

i j
,

mr

i j

where T is any spanning tree of G.

2.4.2. Ball Tree Structure

The computation of dcore(xi) requires identifying the kth nearest
neighbor for each point. Instead of using a brute-force approach
(which has O(N2) complexity), HDBSCAN employs the Ball
Tree data structure to accelerate nearest-neighbor queries.

A Ball Tree recursively partitions the data set into a
hierarchical structure of nested hyperspheres (balls), such that:

{ ( ) } ( )=B x X d x c r, , 10

where c is the center of the ball and r is its radius.
HDBSCAN integrates Borůvka’s algorithm with the Ball

Tree data structure to enhance computational efficiency in
clustering. The process begins with computing the k-nearest
neighbors for each data point using the Ball Tree structure,
which enables fast retrieval of neighbors and is used to
determine the core distance dcore(xi). Once the core distances are
established, the mutual reachability graph is constructed, where
edge weights between points xi and xj are defined by the mutual
reachability distance dmr(xi, xj). To obtain a hierarchical
representation of the data, Borůvka’s algorithm is employed
to efficiently compute the MST of the mutual reachability
graph. The hierarchical clustering process is then performed by
progressively cutting the MST, identifying clusters based on
density and stability criteria. This integration of Borůvka’s MST
construction with Ball Tree-based nearest-neighbor searches
ensures that HDBSCAN scales effectively, maintaining both
accuracy and computational efficiency for large data sets.

2.5. Metric Scores

2.5.1. Silhouette Score

To evaluate the quality of the different clustering results,
including that of CAMS, we compute the Silhouette score (S),
a standard internal validation metric that measures how well
each sample fits within its assigned cluster compared to other
clusters (P. J. Rousseeuw 1987). For each observation i, the
Silhouette value S(i) is defined as (G. Brock et al. 2008):

( ) ( ) ( )
( ( ) ( ))

( )=S i
b i a i

a i b imax ,
, 11

where a(i) is the average distance between observation i and
all other observations in the same cluster C(i):
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and b(i) is the smallest average distance between observation i
and all observations in any other cluster Ck, i.e., the nearest

neighboring cluster:
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Here, C denotes the set of all clusters, n(C) is the number of
elements in cluster C, and dist(i, j) is the pairwise distance
between observations i and j.
The silhouette value S(i) lies in the interval [−1, 1]. A value

close to 1 indicates that the observation is well clustered; values
near 0 suggest overlapping clusters; and negative values indicate
potential misclassifications. The overall silhouette score is given
by the mean of S(i) over all observations and provides a
summary measure of clustering compactness and separation.
To balance computational efficiency with accuracy, we

computed the Silhouette score using a random subsample of
50,000 meteors drawn from the full data set of 316,235. This
approach was necessary due to the quadratic scaling of
computational cost with data set size, as the Silhouette
algorithm requires pairwise distance calculations both within
and between clusters. We verified that the scores computed on
the 50,000-sample subset are consistent with those obtained
from the full data set, with agreement up to the second decimal
place.
To balance computational efficiency with accuracy, a

sample size of 50,000 was used during the computation. This
decision was motivated by the quadratic relationship between
data set size and the computational cost of the Silhouette score,
as the algorithm involves pairwise distance calculations within
and between clusters, making it computationally prohibitive
for larger data sets. We validated that this sample size
produces values consistent with those obtained using the entire
data set, agreeing up to the second decimal place.

2.5.2. Normalized Mutual Information Score

For quantifying the agreement between the HDBSCAN
clustering outputs and the meteoroid stream assignments
provided by CAMS with the look-up table, we employ the
Normalized Mutual Information score (NMI; N. X. Vinh et al.
2009). NMI evaluates the similarity between two clusterings
by measuring the amount of shared information while
accounting for cluster size variations. The measure is based
on Mutual Information (MI), which quantifies the information
shared between two clusterings, U and V, and is defined as:

( ) ( ) ( )
( ) ( )

( )=U V P i j
P i j

P i P j
MI , , log

,
, 14

i j

where P(i, j) is the joint probability that a randomly chosen
data point belongs to cluster Ui in clustering U and to cluster Vj
in clustering V, and P(i) and P( j) are the marginal probabilities
of a data point belonging to cluster Ui and Vj, respectively.
To normalize MI, we use the so-called entropy H, which

quantifies the uncertainty (or information content) of a
clustering:

( ) ( ) ( )

( ) ( ) ( ) ( )

=

=

H U P i P i

H V P j P j

log ,

log , 15
i

j

where H(U) and H(V ) represent the entropies of the two
clusterings. We then normalize MI using the arithmetic mean
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of the entropies:

( ) · ( )
( ) ( )

( )=
+

U V
U V

H U H V
NMI , 2

MI ,
. 16

This metric measures the global alignment between the
predicted clusters and the reference clusters by quantifying
how much information about the reference clustering can be
inferred from the predicted clustering. Derived from mutual
information in information theory, NMI provides an overall
assessment of structural similarity rather than focusing on fine-
grained pairwise relationships. NMI values range from 0 to 1,
where 1 indicates perfect alignment of the cluster structures,
and 0 represents complete independence between the two
clusterings. NMI is particularly robust to differences in the
granularity of clusterings, making it valuable when the number
of clusters varies between the predicted and reference clusters.

2.5.3. Hungarian Algorithm

The final step in our clustering analysis involves aligning
the unsupervised clusters produced by HDBSCAN with the
meteor shower labels provided by CAMS. Since there is no
inherent one-to-one correspondence between these two label
sets, we employ the Hungarian algorithm (also known as the
Munkres assignment algorithm) to determine an optimal
mapping (H. W. Kuhn 1955, 1956).

In our implementation, a contingency matrix is first
constructed, where each element Mij represents the number
of data points that are simultaneously assigned to HDBSCAN
cluster i and the CAMS label j. To transform this problem into
a minimization one, we define a cost matrix C as:

( )=C M Mmax ,ij ij

where ( )Mmax is the maximum value in the contingency
matrix. The Hungarian algorithm then finds an assignment A*

that minimizes the total cost:

( )
=*A Carg min .

A i j A
ij

,

Additionally, our implementation handles cases where some
predicted labels remain unmapped by refining the mapping to
ensure that any overlapping or unassigned labels are appro-
priately relabeled. This comprehensive approach ensures that
the resulting mapping optimally aligns the HDBSCAN clusters
with the CAMS classifications.

2.5.4. F1 Score

After obtaining the optimal mapping between HDBSCAN
clusters and CAMS-labeled meteor showers using the
Hungarian algorithm, we evaluate the quality of these
assignments using the F1 score. The F1 score is a widely
used metric in classification tasks that balances precision and
recall, providing a single measure of clustering performance.

For each assigned cluster–label pair (Ci, Lj), we define (i)
True Positives (TP) as the number of points correctly assigned
to Lj within Ci, (ii) False Positives (FP) as the number of points
in Ci that do not belong to Lj, and (iii) False Negatives (FN) as
the number of points in Lj that were not assigned to Ci. F1 is

defined as:

· ( )=
+ +

F1 2
TP

2TP FP FN
. 17

The F1 score ranges from 0 to 1, where a value close to 1
indicates a strong match between the detected and reference
clusters, while lower values indicate poor alignment.

3. Results and Discussion

To understand the complexity of the classification problem
faced in this work, we first examine the distribution of meteor
radiants as seen from the Earth. Figure 1 (top) presents the
geocentric radiant distribution for all filtered events, color
coded according to their assigned CAMS meteor shower
classification. Each meteoroid stream is represented by a
unique color, consistent across all figures in this work, while
sporadic meteors are depicted as small black circles.
The figure highlights the significant overlap between meteor

showers. Some showers appear diffuse, indicative of older
streams that have undergone dispersion over time, while
younger showers exhibit more concentrated distributions.
Additionally, the data set contains a considerable sporadic
background, which accounts for approximately 70% of the
total events. This high level of noise makes the accurate
identification of meteoroid streams particularly challenging.
While incorporating an additional velocity dimension would
improve the clustering of showers, some overlap would still
persist. As expected, many streams are concentrated near the
ecliptic (solid yellow line), reflecting the general inclination
distribution of the solar system’s meteoroid population. The
data set also exhibits a clear northern-hemisphere bias,
although this does not affect our methodology.
A complementary perspective on the classification complex-

ity, albeit with less direct physical meaning, is provided in
Figure 1 (bottom). The three panels display the results of a
PCA applied to the ORBIT, GEO, and LUTAB vector
representations, respectively. Each plot is color coded accord-
ing to the predefined CAMS classification, providing insight
into the distribution of showers within the transformed feature
space. The analysis highlights the contributions of individual
vector components (vi based on Equations (3), (4), and (5)) to
the first two principal components. GEO is represented using
Z-score normalization to ensure comparable feature scales,
although HDBSCAN was applied to the nonnormalized
LUTAB vector (see Section 2.2.3).
The PCA of the ORBIT vector shows a high degree of

dispersion in the distribution of meteor showers, with clusters
appearing overlapped and less compact. The first component
v1 (q) exhibits the highest loading, closely aligned with the
first principal component. v5 ( )cos lies along the same axis
but in the opposite direction, while v2 (e) and v3 (i) are nearly
horizontal, also contributing to the first principal component.
The remaining components—v4, v6, and v7—are oriented
toward the negative direction of the second principal
component, with v6 and v7 (the sine and cosine of Ω) showing
the smallest contributions, suggesting a relatively minor
influence on the variance captured. In contrast, for the PCA
of the GEO vector components, v2 ( ( )sin ) and v5 ( ( )sin g )
are strongly aligned with the positive second principal
component axis, indicating dominant contributions to that
direction. Meanwhile, v4 and v6 (cosine and scaled Vg) are
nearly horizontal and of similar magnitude but point in
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opposite directions, reflecting some redundancy. Component
v1 ( ( )cos ) is by far the weakest contributor. The LUTAB
vector exhibits a structure broadly consistent with GEO.
Components v1 and v5 ( ( )sin and βg, respectively) show
strong alignment in the direction of the second principal
component, while v3 and v6 ( ( )sin g and Vg) are aligned
along the first principal component. Component v2 ( ( )cos )
has the lowest loading, similar to v1 in GEO.

Figure 2 illustrates the relationship between the minimum
cluster size and the number of clusters identified by
HDBSCAN for both the eom (top) and leaf (bottom) selection
methods. In both cases, the number of clusters (red lines)
decreases exponentially as the minimum cluster size increases.
This trend is consistent across all three vector representations.
A similar behavior is observed for events classified as sporadic
(blue lines) by HDBSCAN when using the leaf selection
method. However, this is not the case with eom, where the
amount of data labeled as noise appears to be almost
independent of the chosen minimum cluster size.

It is possible to match the number of clusters classified by
CAMS (red dots in Figure 2) using any of the three vectors,
but only by allowing clusters with a smaller number of
members (30–50 instead of 100). The blue dots indicate the
percentage of the data set identified as sporadic meteors by
CAMS—both of which are comparable. None of the
HDBSCAN configurations reproduce exactly the same
percentage of sporadic events as the reference classification,
with the closest match obtained at the largest minimum cluster
size. However, on average, HDBSCAN assigns approximately
<5% more events to the sporadic class. For the same minimum
cluster size, HDBSCAN consistently detects fewer clusters
than CAMS, regardless of the vector representation or
clustering method. Conversely, the fraction of events classified
as sporadic by HDBSCAN is generally higher than that
reported by CAMS, except in the case of the ORBIT vector
under the eom selection method.
Figure 3 presents the Silhouette score as a function of the

minimum cluster size for the three vector representations:

Figure 1. The top row displays the geocentric radiant distribution in a Mollweide projection, where R.A. is mapped along the horizontal axis and decl. along the
vertical axis, with the ecliptic plane shown as a solid yellow line. The bottom row presents the principal component analysis results for meteor showers using the
ORBIT (left), GEO (center), and LUTAB (right) vectors. Arrows indicate the loadings of the original vector components (v) of ORBIT, GEO, and LUTAB,
illustrating their influence on the first two principal components. In both rows, meteors are colored according to their CAMS meteor shower classification, while
sporadic events are represented by smaller black points. GEO is represented here with Z-score normalization as well.

7

The Astronomical Journal, 170:140 (23pp), 2025 September Peña-Asensio & Ferrari



ORBIT (solid blue), GEO (dashed red), and LUTAB (dashed–
dotted green). Darker shades correspond to the eom selection
method, while lighter shades indicate leaf. The markers denote
the results for a minimum cluster size of 100, with horizontal
reference lines indicating the corresponding scores.

Four key observations emerge from this figure. First, the
eom selection method consistently yields higher Silhouette
scores than leaf, regardless of the vector used. Second, among
all configurations, the ORBIT vector combined with eom
achieves the highest Silhouette scores in all cases, indicating
that this representation provides the most coherent cluster
structures. Third, increasing the minimum cluster size
generally improves the Silhouette score, suggesting that larger
clusters tend to be more internally consistent and well-
separated. The Silhouette score of the CAMS classification
with a minimum cluster size of 100 closely matches the scores
obtained using HDBSCAN with the GEO and LUTAB
vectors, particularly under the eom method, indicating
consistency between the approaches. In contrast, for the
ORBIT vector, HDBSCAN with eom yields a significantly
higher Silhouette score than CAMS.

Negative Silhouette scores indicate that many points are
closer to a neighboring cluster than to their assigned one,
suggesting poor separation between groups. This is expected
given the intrinsic complexity of meteoroid stream distribu-
tions. As shown in Figure 1, many meteor showers exhibit

spatial overlap and diffuse structures that complicate clear
separation. Additionally, the high fraction of sporadic meteors
adds ambiguity, as some inevitably coincide with or lie near
existing clusters due to probabilistic reasons. These factors
degrade clustering performance and lead to negative Silhouette
values. Moreover, meteoroid streams do not always form well-
separated structures; older or evolved streams may gradually
blend into the background population. In this context, negative
Silhouette scores reflect both the limitations of hard clustering
algorithms—which enforce exclusive assignments—and the
continuous nature of meteoroid stream space, which evolves
into a quasi-random distribution over time.
To further evaluate how well HDBSCAN replicates the

CAMS classification, we compare the NMI score across
different vector representations and clustering parameters.
Figure 4 shows the NMI score as a function of the minimum
cluster size for the ORBIT (solid blue), GEO (dashed red), and
LUTAB (dashed–dotted green) vectors. Darker shades repre-
sent the eom selection method, while lighter shades correspond
to leaf. The NMI score measures the agreement between the
HDBSCAN clustering results and the CAMS classification,
with higher values indicating a closer match. We observe that
the GEO vector with the eom method achieves the highest
similarity to the CAMS classification when HDBSCAN is
allowed to identify clusters with a minimum size of 100
members, reaching an NMI score of 0.74. For a minimum
cluster size of 100—the threshold used in our initial filtering—
both the LUTAB and GEO vectors yield comparable results to
CAMS, showing similar performances. In contrast, the ORBIT
vector consistently produces the most dissimilar clustering
results, with a highest NMI score of 0.68 at a minimum cluster
size of 50. The leaf method consistently performs worse in
terms of similarity with the CAMS classification.
The highest overall Silhouette score, achieved using the

ORBIT vector with a minimum cluster size of 1000, results in
an NMI score of only 0.64, indicating a greater deviation from
the CAMS classification. This suggests that while optimizing
for internal cluster coherence (as measured by the Silhouette

Figure 2. Sporadic percentage (blue lines) and the number of clusters (red
lines) obtained from the HDBSCAN clustering algorithm as a function of the
minimum cluster size for the (top) eom and (bottom) leaf selection methods.
Solid lines represent the ORBIT vector, dashed lines correspond to GEO, and
dashed–dotted lines indicate LUTAB. For reference, CAMS values are shown
as dots with horizontal dotted lines for the minimum cluster size of 100.

Figure 3. Silhouette score as a function of the minimum cluster size. Results
are shown for the ORBIT (solid blue), GEO (dashed red), and LUTAB
(dashed–dotted green) vectors. Darker shades correspond to the eom selection
method, while lighter shades indicate the leaf method. Markers denote the
results at minimum cluster size of 100 for each vector: ORBIT (dot), GEO
(square), and LUTAB (diamond), with accompanying horizontal lines for
reference.
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score), the clustering structure may diverge more from the
predefined CAMS classification.

From this point onward, our analysis will focus on three
specific cases extracted from the Silhouette and NMI scores:
(1) The HDBSCAN configuration that produced the most
similar result to the CAMS classification, which corresponds
to the GEO vector with the eom cluster selection method and a
minimum cluster size of 100. (2) The HDBSCAN configura-
tion that achieved the highest Silhouette score for a minimum
cluster size of 100 members, which corresponds to the ORBIT
vector with the eom method. (3) The HDBSCAN configuration
that yielded the global maximum Silhouette score (i.e., the
highest overall Silhouette score across all tested parameter
combinations), which also corresponds to the ORBIT vector
with the eom method but for a minimum cluster size of 1000
members.

Figure 5 provides insight into how these three cases
compare in terms of cluster distribution. The x-axis represents
the number of clusters, while the y-axis indicates the size of
each cluster. Clusters are sorted in descending order, with the
largest clusters appearing on the left. The black line represents
the CAMS classification, serving as a reference. The cyan line
corresponds to the HDBSCAN results that maximize the NMI
score, while the red line represents the HDBSCAN results with
the highest Silhouette score at a minimum cluster size of 100.
Finally, the yellow line shows the results for the global
maximum Silhouette score. We observe that HDBSCAN
consistently identifies significantly fewer clusters than CAMS
when using the look-up table, particularly for clusters with
fewer than ∼500 members, where the divergence becomes
evident. For the largest clusters, the agreement is relatively
good across all vectors, with the exception of the case
corresponding to the global maximum Silhouette score, which
exhibits a pronounced peak at its largest clusters and a sharp
drop in clusters smaller than 1236 members.

We then determine the optimal correspondence between
HDBSCAN clusters and CAMS-labeled meteor showers using
the Hungarian algorithm (see Section 2.5.3). Based on this,
Figure 6 presents the one-versus-rest confusion matrices for
the top 10 most active meteor showers identified by CAMS,
along with the average performance across all showers and the

classification of sporadic meteors (or noise). Each shower’s
confusion matrix follows a one-versus-rest approach, compar-
ing a given meteor shower against all other events, including
other showers and sporadic meteors. The matrices distinguish
between negative events, which CAMS did not classify as part
of the shower, and positive events, which CAMS assigned to
the shower. The top left (neg.–neg.) represents meteors
correctly identified as nonmembers, while the top right
(neg.–pos.) indicates false positives—meteors incorrectly
assigned to the shower by HDBSCAN. Similarly, the bottom
left (pos.–neg.) captures false negatives, where HDBSCAN
failed to classify actual shower members, and the bottom right
(pos.–pos.) corresponds to true positives, where both CAMS
and HDBSCAN agree on the classification. Higher pos.–pos.
values indicate better clustering performance, while high neg.–
pos. or pos.–neg. values suggest classification errors.
The sporadic events show the highest level of discrepancy,

reaching approximately ∼7%–11%. Discrepancies are consis-
tently larger for meteors that HDBSCAN labels as noise. As
expected, individual showers exhibit a very high match in the
neg.–neg. category. For the maximum NMI case, the identifica-
tion of shower members is consistently more accurate than the
misclassifications, with the exception of 164/NZC. The same
holds true for the maximum Silhouette score with a minimum
cluster size of 100. The global maximum Silhouette score fails
to identify 31/ETA and 372/PPS, whereas the maximum
Silhouette score for a minimum cluster size of 100 only fails to
identify 31/ETA. Overall, the average confusion matrix for all
showers indicates that the classification agreement is high for
the most active meteor showers.
To further analyze the clustering structures, Figure 7

presents the PCA results for the ORBIT (left) and GEO
(right) vector representations. The figure compares the
combined top 10 meteor showers from CAMS along with
the clusters identified by HDBSCAN, resulting in a total of 13
displayed clusters. The figure is organized into four rows
corresponding to different clustering approaches: the original
CAMS classification with a minimum cluster size of 100 (top

Figure 4. MNI score as a function of the minimum cluster size. The
HDBSCAN result is compared against CAMS classification for the ORBIT
(solid blue), GEO (dashed red), and LUTAB (dashed–dotted green) vectors.
Darker shades correspond to the eom selection method, while lighter shades
indicate the leaf method.

Figure 5. The x-axis represents the number of clusters, while the y-axis
indicates the size of each cluster. Clusters are sorted by size in descending
order, with larger clusters appearing on the left side of the x-axis. The black
line represents the CAMS classification, while the cyan line corresponds to the
HDBSCAN results with the maximum NMI. The red line shows the
HDBSCAN results for the maximum Silhouette score at a minimum cluster
size of 100, and the yellow line represents the HDBSCAN results for the
overall maximum Silhouette score.
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row), the HDBSCAN configuration that maximizes NMI
(second row), the maximum Silhouette score with a minimum
cluster size of 100 (third row), and the overall maximum
Silhouette score (bottom row). Sporadic events from CAMS
and those labeled as noise by HDBSCAN are represented as
smaller black points, illustrating the distribution of unclustered
meteors. Each cluster is labeled according to the classification
method used, allowing for a direct comparison of how
different clustering techniques organize the meteoroid streams.
The PCA projections provide insight into the separability and
compactness of clusters across different feature spaces,
highlighting structural similarities and discrepancies between
CAMS and HDBSCAN classifications.

In general, when comparing the PCA results for ORBIT and
GEO, regardless of the classification method, the GEO vector
consistently exhibits more compact clusters with less dispersion

and overlap when projected onto the first two principal
components. In GEO, the two meteoroid streams composing
the Taurid complex (2/STA and 17/NTA) are clearly related,
whereas in ORBIT, they appear far from each other together. In
the second row of Figure 7, which corresponds to the clustering
configuration that maximizes NMI, the clusters in GEO are not
only more concentrated but also smaller in size compared to
ORBIT. In contrast, for the case of maximum Silhouette score
with at least 100 and 1000 members (third and fourth rows),
some clusters appear more compact in the ORBIT vector.
For better visualization, Figure 8 presents the geocentric

radiants of the top 10 clusters from CAMS, along with the
additional top 10 clusters identified by HDBSCAN, resulting
in a total of 13 clusters. The figure is organized into three
rows corresponding to different classification methods: (top)
CAMS labels for showers with more than 100 members,

Figure 6. One-vs.-rest confusion matrices constructed by comparing the meteor shower labels provided by CAMS with HDBSCAN clustering results under three
conditions: maximum NMI, maximum Silhouette score at a minimum cluster size of 100, and overall maximum Silhouette score. The confusion matrix is presented
for the top 10 most active meteor showers, with average performance metrics reported for these showers. Additionally, a separate confusion matrix for the sporadic
background is computed using HDBSCAN’s noise labels. Meteor showers are named based on official IAU identification numbers and codes.
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Figure 7. The columns display the principal component analysis results for the ORBIT (left) and GEO (right) vectors. The top 10 largest clusters from CAMS and
each HDBSCAN result are combined (13 in total) and displayed using labels from different clustering processes across four rows for different clustering processes:
CAMS original labels with a minimum cluster size of 100 (top), maximum NMI (second), maximum Silhouette score at a minimum cluster size of 100 (third), and
overall maximum Silhouette score (bottom). Sporadic events in CAMS and those labeled as noise by HDBSCAN are shown as smaller black points. Meteor showers
are named based on official IAU identification numbers and codes. The HDBSCAN results depicted were obtained using the eom cluster selection method. GEO is
represented here with Z-score normalization as well.

11

The Astronomical Journal, 170:140 (23pp), 2025 September Peña-Asensio & Ferrari



Figure 8. Geocentric radiant distributions in a Mollweide projection, where R.A. is mapped along the horizontal axis and decl. along the vertical axis, and the ecliptic
plane is represented by a solid yellow line. The top 10 largest clusters from CAMS and each HDBSCAN result are combined (13 in total) and displayed using labels
from different clustering processes across three rows: CAMS original labels with a minimum cluster size of 100 (top), maximum NMI (center), and maximum
Silhouette score at a minimum cluster size of 100 (bottom). Meteor showers are named based on official IAU identification numbers and codes. The HDBSCAN
results depicted were obtained using the eom cluster selection method.
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(middle) HDBSCAN using the GEO vector, which maximizes
NMI for clusters with at least 100 members, and (bottom)
HDBSCAN using the ORBIT vector, which achieves the
maximum Silhouette score for clusters with a minimum of
100 members. One striking feature is the dispersion of 8/ORI
and 164/NZC as labeled by CAMS (top panel), which is not
present in the HDBSCAN classification. The rest of the showers
show good agreement when compared to the maximum NMI
case (middle panel), with the only notable difference being the
elongation of 5/SDA, 17/NTAm, and 69/SSG. These elonga-
tions are even more pronounced in the maximum Silhouette
score case for a minimum cluster size of 100 (bottom panel),
while 8/ORI exhibits two well separate radiant subclusters. We
will assess this discrepancy later in this paper. One observation is
that 372/PPS is the largest only in the case of maximum NMI.

To assess the classification performance of HDBSCAN
compared to CAMS, Table 1 presents the F1 scores for
different clusters under two clustering conditions: maximum
NMI and maximum Silhouette score at a minimum cluster size
of 100. The table is divided into three sections, listing meteor
shower codes alongside their corresponding F1 scores for each
clustering approach. A dash indicates cases where no
corresponding cluster was identified for a given meteor
shower. The first row (Spo.) corresponds to sporadic meteors
or events labeled as noise by HDBSCAN. The table highlights
key differences in the number of clusters retrieved by each
approach. The maximum NMI configuration (GEO) identifies

a total of 47 clusters (including noise), missing 30 clusters
compared to CAMS. In contrast, the maximum Silhouette score
configuration with ORBIT and a minimum cluster size of 100
detects 41 clusters, missing 36 clusters from CAMS. The global
maximum Silhouette score configuration (ORBIT, with at least
1000 members) retrieves only 17 clusters, failing to classify 60
clusters from CAMS. Performance varies significantly between
configurations. The GEO maximum NMI case confirms 39
clusters with an F1 score above 0.5, and among them, 21 exceed
0.8, indicating strong agreement with CAMS. The ORBIT
maximum Silhouette score with at least 100 members, however,
confirms 30 clusters with F1 > 0.5, and just 13 surpass 0.8,
suggesting that this clustering approach results in fewer well-
matched showers. This comparison underscores the trade-offs
between clustering compactness and agreement with predefined
classifications, illustrating that while optimizing for cluster
structure (Silhouette score) may yield internally coherent clusters,
it does not necessarily align with the CAMS classification using
the look-up table. Clustering by HDBSCAN is statistically more
consistent and internally coherent, but they do not necessarily have
a physical meaning. For comparison, G. Sugar et al. (2017)
applied DBSCAN to a data set of 25,885 meteors and identified
25 strong clusters and 6 weak ones, all of which correspond well
to known meteoroid showers.
As stated above, we find several cases where HDBSCAN

clustering results deviate from the predefined CAMS classi-
fication, particularly in the grouping of meteoroid streams that

Table 1
F1 Scores for Different Clusters, Evaluated Against CAMS Original Labels with a Minimum Cluster Size of 100 for Two HDBSCAN Results: Maximum NMI

(GEO) and Maximum Silhouette Score at a Minimum Cluster Size of 100 (ORBIT)

Code NMImax Smax n � 100 Code NMImax Smax n � 100 Code NMImax Smax n � 100

Spo. 0.94 0.93 97/SCC ⋯ ⋯ 390/THA ⋯ ⋯
1/CAP 0.92 0.79 101/PIH ⋯ ⋯ 411/CAN 0.85 0.78
2/STA 0.81 0.86 164/NZC 0.62 0.62 428/DSV 0.57 0.65
4/GEM 0.99 0.99 165/SZC ⋯ ⋯ 456/MPS 0.61 0.53
5/SDA 0.93 0.93 171/ARI 0.92 0.93 480/TCA ⋯ ⋯
6/LYR 0.76 0.79 175/JPE 0.81 0.74 494/DEL ⋯ ⋯
7/PER 0.97 0.95 176/PHE 0.86 ⋯ 502/DRV ⋯ ⋯
8/ORI 0.93 0.78 183/PAU ⋯ ⋯ 505/AIC ⋯ ⋯
10/QUA 0.94 0.83 184/GDR ⋯ 0.83 507/UAN ⋯ ⋯
11/EVI 0.63 0.51 187/PCA ⋯ ⋯ 515/OLE ⋯ ⋯
12/KCG 0.56 0.49 191/ERI 0.71 0.49 529/EHY ⋯ ⋯
13/LEO 0.74 0.70 197/AUD 0.32 ⋯ 557/SFD ⋯ ⋯
15/URS 0.88 0.84 208/SPE 0.77 0.34 581/NHE ⋯ ⋯
16/HYD 0.87 0.90 250/NOO 0.75 0.75 599/POS ⋯ ⋯
17/NTA 0.76 0.80 253/CMI ⋯ ⋯ 644/JLL ⋯ ⋯
18/AND 0.68 0.42 256/ORN ⋯ ⋯ 648/TAL 0.30 ⋯
19/MON ⋯ ⋯ 257/ORS 0.31 ⋯ 694/OMG ⋯ 0.62
20/COM 0.86 0.80 326/EPG ⋯ ⋯ 704/OAN ⋯ ⋯
21/AVB 0.67 0.52 331/AHY 0.83 0.48 714/RPI ⋯ ⋯
22/LMI 0.83 0.83 335/XVI ⋯ ⋯ 715/ACL ⋯ ⋯
23/EGE 0.74 ⋯ 336/DKD 0.75 0.20 746/EVE 0.84 0.63
26/NDA 0.86 0.86 338/OER 0.43 ⋯ 749/NMV ⋯ ⋯
31/ETA 0.95 ⋯ 372/PPS 0.76 0.37 750/SMV ⋯ ⋯
40/ZCY 0.85 0.67 384/OLP ⋯ ⋯ 757/CCY 0.59 0.39
69/SSG 0.45 0.14 386/OBC ⋯ ⋯ 842/CRN ⋯ ⋯
96/NCC ⋯ ⋯ 388/CTA 0.59 0.63 ⋯ ⋯ ⋯

Note. The table is divided into three groups, each listing meteor shower codes (Code) alongside their corresponding F1 scores for the two clustering processes. A
dash indicates that no cluster was identified for that meteor shower under the given condition. The first row (Spo.) corresponds to sporadic meteors or events labeled
as noise by HDBSCAN. Meteor showers are named based on official IAU identification numbers and codes. The HDBSCAN results presented were obtained using
the eom cluster selection method.
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share orbital similarities but are classified separately in the
CAMS database. An example is the showers associated with
1P/Halley, which produces two distinct meteor showers on
Earth: 8/ORI and 31/ETA (A. Egal et al. 2020). The 31/ETA
occurs at the descending node of the comet’s orbit, while the
8/ORI is linked to its ascending node. However, HDBSCAN
using the ORBIT vector merges both showers into a single
cluster. In contrast, HDBSCAN with the LUTAB or GEO
vector identifies 8/ORI and 31/ETA as separate showers.

To provide a direct numerical comparison between the
meteor showers identified by HDBSCAN and those predefined
in CAMS using the look-up table, Table 2 presents the mean
features of the 13 major clusters extracted from each
classification. The table includes results for three clustering

approaches: CAMS original labels with a minimum cluster
size of 100, the HDBSCAN configuration that maximizes
NMI, and the HDBSCAN configuration that maximizes the
Silhouette score with a minimum cluster size of 100. The listed
parameters include key orbital and observational character-
istics such as solar longitude, R.A., and decl. of the radiant,
geocentric velocity, perihelion distance, eccentricity, inclina-
tion, argument of perihelion, and longitude of the ascending
node. The minimum and maximum values of solar longitude
are computed using the 1st and 99th percentiles, while the peak
value is estimated using kernel density estimation with
Gaussian kernels. Additionally, to further illustrate these
differences, we include a visual representation of these main
parameters in the form of histograms, which can be found in

Table 2
Arithmetic Mean Features of the Combined Top 10 Clusters from CAMS and Each HDBSCAN Result (13 in Total) for Three Different Clustering Processes

Code Clustering min peak max R.A. Decl. Vg q e i ω Ω
(°) (°) (°) (°) (°) (km s−1) (au) (°) (°) (°)

1/CAP CAMS 107.3 127.1 141.8 304.1 −9.8 22.9 0.579 0.773 7.4 269.2 124.5
NMImax 102.5 127.0 140.4 303.6 −10.2 23.0 0.572 0.775 7.3 270.0 123.6

Smax n � 100 52.2 125.4 141.9 299.7 −11.2 23.8 0.545 0.783 7.0 272.9 118.7
2/STA CAMS 162.0 220.7 260.6 43.3 10.9 27.3 0.360 0.811 5.4 115.6 31.4

NMImax 185.9 221.8 243.4 44.1 11.6 27.7 0.350 0.818 5.4 116.2 32.1
Smax n � 100 176.6 221.1 270.2 47.1 11.6 27.5 0.362 0.816 5.7 114.7 35.5

4/GEM CAMS 246.6 261.8 264.0 112.0 32.5 34.0 0.145 0.890 23.2 324.3 260.7
NMImax 244.8 261.9 264.2 111.9 32.4 34.0 0.144 0.890 23.1 324.4 260.6

Smax n � 100 245.5 261.9 264.0 112.0 32.5 34.0 0.144 0.890 23.1 324.4 260.6
5/SDA CAMS 119.2 127.1 153.4 342.6 −15.6 39.8 0.086 0.962 26.8 150.3 309.6

NMImax 103.8 127.2 158.4 342.5 −15.6 39.9 0.086 0.963 26.8 150.3 309.7
Smax n � 100 100.0 127.2 161.4 342.6 −15.6 39.8 0.087 0.962 26.7 150.2 309.8

7/PER CAMS 115.1 140.1 154.3 46.1 57.3 58.2 0.940 0.888 112.6 148.3 138.1
NMImax 113.2 140.1 151.2 45.6 57.2 58.4 0.943 0.897 112.7 148.8 137.8

Smax n � 100 117.7 140.1 150.1 45.9 57.4 58.5 0.945 0.905 112.7 149.2 138.1
8/ORI CAMS 151.1 208.4 237.0 94.4 13.4 65.5 0.612 0.902 160.8 78.7 25.5

NMImax 161.8 208.2 231.7 95.4 14.4 65.7 0.596 0.913 162.2 80.6 27.3
Smax n � 100 39.7 209.7 228.5 85.0 12.6 65.7 0.573 0.926 163.3 85.8 32.3

13/LEO CAMS 217.5 236.0 253.3 154.4 21.4 69.9 0.981 0.842 162.4 172.7 236.3
NMImax 194.6 236.3 251.8 152.0 23.2 69.2 0.948 0.836 160.4 171.2 233.4

Smax n � 100 206.4 236.2 253.8 152.5 24.7 69.3 0.975 0.862 157.9 175.5 234.3
17/NTA CAMS 151.9 226.4 269.8 49.3 19.8 27.9 0.359 0.825 3.2 294.6 219.9

NMImax 207.3 226.0 252.3 57.2 22.4 28.0 0.365 0.830 2.8 293.2 228.4
Smax n � 100 197.9 226.1 256.3 56.4 22.3 28.1 0.362 0.830 3.1 293.5 227.5

31/ETA CAMS 35.7 46.7 87.9 341.4 0.9 65.3 0.595 0.924 163.2 98.4 50.4
NMImax 36.7 46.2 74.3 340.3 0.2 65.4 0.587 0.931 163.5 97.6 48.8

69/SSG CAMS 73.1 84.2 95.9 271.7 −29.6 25.5 0.447 0.779 6.1 106.2 263.9
NMImax 67.7 83.8 93.4 271.4 −24.7 28.3 0.377 0.832 4.3 75.6 280.2

Smax n � 100 15.0 80.1 129.0 255.4 −24.5 28.2 0.400 0.834 5.1 109.8 247.3
164/NZC CAMS 59.6 99.5 149.1 313.9 −0.3 36.4 0.143 0.891 40.2 326.7 103.4

NMImax 87.5 102.5 124.9 312.3 −4.4 38.4 0.117 0.936 37.6 326.3 104.2
Smax n � 100 85.5 102.8 124.7 311.9 −4.5 38.4 0.116 0.936 37.9 326.5 103.6

250/NOO CAMS 226.0 246.0 262.7 89.6 15.3 42.0 0.120 0.984 24.1 140.8 65.7
NMImax 227.9 246.8 268.8 93.1 13.1 41.8 0.140 0.983 27.6 137.5 69.7

Smax n � 100 227.4 246.8 268.7 93.0 13.1 41.8 0.139 0.983 27.6 137.7 69.4
372/PPS CAMS 88.3 121.1 148.1 29.4 32.2 64.9 0.917 0.800 145.2 142.2 118.0

NMImax 86.6 109.4 149.3 25.0 29.5 65.6 0.904 0.840 147.2 140.1 112.2
Smax n � 100 87.5 102.9 120.1 16.3 25.3 66.1 0.887 0.873 149.1 136.7 102.2

Note. Arithmetic mean features of the combined top 10 clusters from CAMS and each HDBSCAN result (13 in total) for (1) CAMS original labels with a minimum
cluster size of 100 (GEO; first line for each shower), (2) maximum NMI (ORBIT; second line for each shower), and (3) maximum silhouette score at a minimum
cluster size of 100 (ORBIT; third line for each shower). The parameters provided include solar longitude, R.A., and decl. of the radiant, geocentric velocity,
perihelion distance, eccentricity, inclination, argument of perihelion, and longitude of the ascending node. The minimum and maximum values of solar longitude are
computed using the 1st and 99th percentiles, respectively, while the peak value is estimated using a kernel density estimation with Gaussian kernels
(D. W. Scott 2015). Meteor showers are named based on official IAU identification numbers and codes. The HDBSCAN results presented were obtained using the
eom cluster selection method.
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the Appendix. Overall, we observe excellent agreement for the
most active major showers, with the most pronounced
discrepancies occurring for 69/SSG, 164/NZC, and 372/PPS.

4. Conclusions

The accurate identification of meteoroid streams is essential
for understanding their origins, evolution, and contributions to
the sporadic meteoroid background. However, classification
remains a challenging task due to significant overlap between
clusters and the presence of substantial noise from sporadic
meteors. This challenge is even more critical for space
missions such as LUMIO, where physical parameters and
impact geometry of lunar impactors must be inferred from
well-characterized meteor shower observations on Earth. In
this context, machine learning tools offer a promising
alternative to traditional methods, which often rely on
subjective criteria. In this study, we applied the HDBSCAN
unsupervised clustering algorithm to the CAMS Meteoroid
Orbit Database v3.0. We summarize our key findings as
follows:

1. Meteoroid stream classification is inherently complex,
with considerable overlap between clusters and a high
level of background noise, making clear separations
difficult.

2. HDBSCAN proves effective in identifying major
meteoroid streams, offering a mathematically consistent
classification method. Less active showers are more
difficult for HDBSCAN to identify.

3. HDBSCAN identified 46 meteoroid streams using
geocentric parameters and 40 using orbital elements.

4. Using geocentric parameters with HDBSCAN, 39
meteoroid streams can be confirmed, with 21 showing
a strong match with the CAMS classification. When
using orbital elements, 30 streams are identified, but only
13 exhibit a high matching score with CAMS.

5. Despite reducing the number of hyperparameters com-
pared to its predecessor DBSCAN, HDBSCAN still
requires careful selection of the minimum cluster size, as
this parameter significantly impacts classification perfor-
mance and agreement with CAMS meteor showers.

6. New features of meteoroid streams identified by HDBSCAN
are provided and compared with the CAMS classification.

7. The highest agreement with CAMS is obtained when
using geocentric parameters. However, the most intern-
ally consistent clustering is always achieved using orbital
elements and HDBSCAN.

8. The excess of mass cluster selection method consistently
provides the best performance and agreement with CAMS.

9. While HDBSCAN produces statistically more coherent
clusters than the look-up table method based on the
Silhouette score, their physical validity remains to be
verified.

These results demonstrate that HDBSCAN is a robust tool
for meteoroid stream identification, especially for major
meteor showers, but highlight the trade-offs between cluster-
ing compactness, classification accuracy, and physical inter-
pretation. Future work should further assess the physical
consistency of HDBSCAN-defined clusters to refine meteoroid
stream classification methodologies.
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Appendix

Figures 9–21 show mean features of the combined top 10
largest meteor showers from CAMS and each HDBSCAN
result (13 in total) for three different clustering processes:
CAMS original labels with a minimum cluster size of 100
(black lines), maximum NMI (cyan lines), and maximum
Silhouette score at a minimum cluster size of 100 (red lines).
The parameters provided include solar longitude, R.A., and
decl. of the radiant, geocentric velocity, perihelion distance,
eccentricity, inclination, argument of perihelion, and longitude
of the ascending node. Meteor showers are named based
on official IAU identification numbers and codes. The
HDBSCAN results depicted were obtained using the eom
cluster selection method.
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Figure 9. Mean features of the α-Capricornids.

Figure 10. Mean features of the Southern Taurids.
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Figure 11. Mean features of the Geminids.

Figure 12. Mean features of the Southern δ-Aquariids.
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Figure 13. Mean features of the Perseids.

Figure 14. Mean features of the Orionids.
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Figure 15. Mean features of the Leonids.

Figure 16. Mean features of the Northern Taurids.
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Figure 17. Mean features of the Southern η-Aquariids.

Figure 18. Mean features of the Southern μ-Sagittariids.

20

The Astronomical Journal, 170:140 (23pp), 2025 September Peña-Asensio & Ferrari



Figure 19. Mean features of the Northern June Aquilids.

Figure 20. Mean features of the November Orionids.
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