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ABSTRACT

With the rapid growth of Resident Space Objects (RSOs) in Earth orbit, the risk of collisions has increased substan-
tially. Compounding this problem are inconsistencies in safety standards, variations in manufacturing quality, and
inadequate end-of-life practices. Satellites that lack proper passivation or fail-safe mechanisms are particularly prone
to explosions and fragmentations, further exacerbating the debris environment. Accurate and timely classification of
such events is therefore critical for Space Domain Awareness (SDA), enabling risk assessment and mitigation strategies
to protect other RSOs. Traditional heuristic approaches, such as rule-based classification and manual feature engineer-
ing, struggle to cope with the complexity and dynamism of debris fields generated by breakup events. These methods
often require extensive fine-tuning, exhibit limited scalability to scenarios with highly variable fragment counts, and
tend to suffer from inefficiencies such as increased false positives, reduced accuracy, and higher computational costs.

To address these challenges, we propose a novel, efficient, and accurate classification model based on Graph Neural
Networks (GNNs), specifically designed for breakup event characterization. The training dataset was generated using
NASA’s EVOLVE 4.0 simulation tool, which models both collision and explosion scenarios from randomized initial
state vectors and physical parameters such as mass and cross-sectional area. A minimum characteristic length threshold
of 0.1 m was applied, consistent with cataloged debris objects. The GNN framework represents the orbital elements
of fragments as nodes, while edges encode spatial relationships (e.g., proximity). Through iterative graph convolution
operations, the model is able to robustly distinguish between collision-induced and explosion-induced fragmentation
events using information from arbitrary number of debris produced in a fragmentation event. By evaluating the model
on real fragmentation events, we demonstrate its ability to reliably distinguish collisions from explosions with high
accuracy, thereby confirming its applicability for SDA.

1. INTRODUCTION

The escalating proliferation of Resident Space Objects (RSOs) in Earth’s orbit has precipitated a critical challenge
for space sustainability, with over 36,000 tracked objects larger than 10 cm and millions of smaller fragments posing
imminent threats [1]. This congestion amplifies the likelihood of catastrophic events, including accidental collisions
and explosions, which generate vast debris fields that can cascade into further incidents, a phenomenon known as the
Kessler Syndrome. Collisions, such as the 2009 Iridium-Cosmos event that produced over 2,000 large fragments at
hypervelocity speeds exceeding 11 km/s [2], exemplify the destructive potential, while explosions often stem from
residual propellants or battery failures in inadequately passivated satellites. These breakup events not only endanger
operational satellites but also undermine essential services like Earth observation, navigation, and communication,
necessitating robust Space Domain Awareness (SDA) to monitor, classify, and mitigate risks. Timely classification of
breakup events as explosions or collisions is pivotal for SDA, enabling accurate risk assessment, attribution, and de-
bris mitigation strategies. Explosions typically exhibit isotropic fragment distributions with lower ejection velocities,
whereas collisions produce anisotropic patterns aligned with impact vectors and higher relative speeds. Traditional
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approaches rely on heuristic rule-based systems or manual feature engineering, drawing from empirical models like
NASA’s EVOLVE 4.0 or the Aerospace Corporation’s IMPACT, which simulate fragment size, velocity, and area-to-
mass ratios for explosions and collisions. These models, integrated into orbital debris evolution tools such as NASA’s
LEGEND, have advanced understanding of long-term debris environments but falter in dynamic scenarios. Heuristics
often require extensive tuning, suffer from high false positives due to variable fragment counts and kinematics, and
scale poorly with increasing debris densities, leading to inefficiencies in real-time SDA applications. Recent advance-
ments in machine learning (ML) offer promising avenues to address these limitations by automating feature extraction
and adapting to complex patterns in debris data.

Graph Neural Networks (GNNs) emerge as a transformative paradigm for modeling such interconnected systems. This
paper introduces a novel GNN-based framework for classifying satellite breakup events as explosions or collisions,
leveraging synthetic data generated by NASA’s EVOLVE 4.0 to simulate realistic scenarios in Low Earth Orbit (LEO).

1.1 Fragmentation Events in Space

There have been 650 known cases of fragmentation events ever recorded until the end of 2024. The fragmentation
events could be classified into several classes and sub classes. Government entities such as NASA’s, ESA’s Space
Debris Office publish reports [1][3] every year cataloging the fragmentation events and the debris produced through
such events. Breakup events in space can occur due to a range of accidental causes, including system malfunctions.
For instance, battery overheating or thermal stress associated with non-passivated propulsion subsystems may result
in explosions and subsequent fragmentation. On the other hand, collision between two objects could occur either
unintentionally or intentionally.

Intentional causes include Anti-satellite (ASAT) weapon tests, which continue to occur intermittently and remain
a source of concern for the long-term sustainability of the orbital environment. High-altitude tests, most notably
the destruction of SOLWIND (1985) by the United States and Fengyun-1C (2007) by China, generated long-lived
debris fields that have significantly influenced the development of international debris mitigation guidelines and shaped
the conduct of subsequent ASAT demonstrations such as USA-193 (2008) and Microsat-R (2019). The Fengyun-
1C event in particular nearly doubled the cataloged debris population in Sun-synchronous orbit, highlighting the
disproportionate environmental consequences of testing at higher altitudes. While low-altitude ASAT events result in
debris that typically reenters the atmosphere on shorter timescales, they can nonetheless pose immediate hazards to
active spacecraft and space operations.

With the increase in number of spacecraft launched, the risk of fragmentation events continue to rise (see Figure 1)
with most of the fragmentation events occurring in the LEO regime.
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Fig. 1: Distribution of various object currently orbiting Earth (left). A histogram showing number and types of
fragmentation events every five years (right) [1].

A breakup is identified when ground tracking systems observe multiple pieces where only one object was expected.
After a breakup event occurs, it could take a long time to observe and catalog all the debris pieces. The primary
method for detecting fragmentation events involves ground-based radar networks, with the U.S. Space Surveillance
Network (SSN) serving as the backbone of global space debris monitoring. The SSN operates three main types of
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sensors: conventional radars, phased-array radars, and optical telescopes. While phased-array radars are particularly
effective for fragmentation detection due to their electronic beam steering capabilities and ability to track multiple
objects simultaneously, optical telescopes aid in detecting debris in high altitude regimes such as GEO where the
effectiveness of radar diminishes.

Modern space surveillance systems employ automated algorithms to associate uncorrelated tracks (UCTs) with frag-
mentation events. According to the U.S. Space Force, the 18th Space Defense Squadron, part of Space Delta-2 under
Space Operations Command, explicitly lists ‘breakup identification’ as one of its primary mission functions, demon-
strating that fragmentation events are actively monitored within the U.S. Space Force, and by the Combined Space
Operations Center (CSpOC), which oversees operational coordination and decision-making. Once fragments are iden-
tified and correlated to a breakup event, they are initially designated as analyst objects (typically in the 80000-80999
catalog number range) to allow their orbital parameters to mature. After sufficient observation history, objects with
stable, maintainable orbits are entered into the public catalog and assigned Two-Line Element (TLE) sets [4]. How-
ever, TLE accuracy degrades over time due to perturbative forces, necessitating regular updates approximately every
8 hours from the Joint Space Operations Center.

In order to reconstruct the fragmentation event using the TLEs of the debris software suits such as FRED and PUZ-
ZLE [5] are used. These algorithms can identify the fragments from a mixed data and the time of breakup event along
with the uncertainties. With the identified debris fragments, the modality of the distribution is used to classify the
type of event. However, with limited number of debris information such method does not always give reliable results.
Some studies have relied on the RCS measurements to compute the area-to-mass ratios and using statistical methods
to estimate the mass of the colliding objects [6]. Once a basic characterization is performed, further analysis is done
using tools such as MASTER [7] and STARLING [8] to track the evolution of the debris and assess the risk to other
space objects.

2. METHODOLOGY

This section describes the data generation, processing and algorithm implementation.
2.1 Data Generation

The data was generated using the C++ implementation of NASA’s Standard Breakup Model (SBM) implementation
in C++ [9]. The NASA Breakup Model of EVOLVE 4.0' is an empirical model describing the fragmentation of
spacecraft and rocket bodies due to collisions or explosions. It provides statistical distributions for fragment size,
area-to-mass ratio, and ejection velocity, based on experimental data (e.g., SOCIT tests) and on-orbit events (e.g.,
Fengyun-1C, Iridium-33/Cosmos-2251) (see Section 7).

A total of 160,000 breakup events were simulated with randomized orbital parameters and physical characteristics of
the primary and secondary objects, such as mass and cross-sectional area. The object masses were sampled uniformly
within the range of 10-900 kg and the objects were chosen to be either rocket bodies or spacecrafts. Following the
assumption in [10] that satellites are composed of heterogeneous components with material densities between 2.2—7.8
g/cm?, a random density was assigned to each object to estimate its dimensions under the approximation of a cube-
shaped spacecraft.

For explosion events, random state vectors were generated with the constraint that the resulting orbits remained within
the LEO-GEO regime. For collision events, two eccentricities (e1,e;) were randomly chosen to define elliptical orbits
around Earth. The collision point was determined such that the perigee of both orbits lay above 200 km altitude.
Random initial velocity directions were assigned, and magnitudes were computed under the assumption of energy
conservation (example shown in Figure 2).

The minimum characteristic length of debris fragments was set to 0.1 m, reflecting the current limitations of ground-
based sensor networks, which can reliably track objects up to 10 cm in size. The number of fragments per event varied
with the breakup type: up to 3,100 pieces in high-energy collision scenarios and up to 237 pieces in explosion cases.
Upon investigation it was found that the model produced a lot of fragments with low area-to-mass. This resulted in a
higher average eccentricity of debris produced in collision events as compared to the explosion events. To ensure that

Uhttps://github.com/esa/NASA-breakup-model-cpp
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Debris Cloud

Fig. 2: A simulated case of a collision of two objects (indicated in red and blue respectively) in LEO regime. The
orbits (purple) of the debris produced are generated at the instant of collision. The pointers indicate the direction of
velocities of the primary and the secondary objects before the event.

distributions of the classical orbital elements of the debris objects is more realistic, debris pieces with area-to-mass
ratio less than 0.1 m” were chosen. The simulations showed that the debris pieces with very high area-to-mass ratio
were also more likely to re-enter the Earth’s atmosphere within a short period of time after the event. To ensure that the
model could learn representations independent of the absolute fragment count, a random subset of debris fragments
was selected as input for each event. To increase the size of the training sample, three such random subsets were taken
per a breakup event.

2.2 Model Development

The raw output of the SBM are instantaneous, where the position coordinates of all debris objects are initially identical.
In reality, however, the dispersion of a debris cloud occurs over extended timescales, leading to increasing variability
across orbital parameters. To capture the long term orbital characteristics while minimizing redundancy, only the
classical orbital elements that define the debris orbital planes, namely semi major axis (a), eccentricity (e), sine of
inclination (sini), and sine of right ascension of the ascending node (sin ), were selected as input features. Prior to
training, a Min—-Max normalization was applied to scale each variable to the range [0, 1], consistent with standard
machine learning practice.

The model was developed using the PyTorch? library with support for handling graph data (PyG?). The model archi-
tectures is designed to process the input data in three steps:

1. The process (Figure 3) begins by constructing a graph from the input features, where each input vector—representing

the orbital parameters of a single debris fragment—is modeled as a node. The distance (d;;) was computed be-
tween two nodes i and j using the normalized orbital features between those nodes. The k-nearest neighbors
(KNN) algorithm is then applied to identify up to k neighboring nodes for each vertex with maximum number
of neighbors being set to 20 per node.

2. During the graph convolution step [11], messages are exchanged between connected nodes, and the feature
vector associated with each node is iteratively updated. The input features are first transformed to a latent space
and the This procedure is repeated over several layers to capture higher-order dependencies.

Zhttps://docs.pytorch.org/docs/stable/index.html
3https://pytorch-geometric.readthedocs.io
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3. Finally, in the aggregation step, information from all nodes is combined using order-invariant functions such as
mean or max, and the resulting global representation is fed into a Fully Connected Network (FCN) to produce
the final classification output between 0 (explosion events) and 1 (collision events).
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Fig. 3: The figure illustrates the concept of a graph neural network (GNN) employed to classify breakup events.

2.3 Model Testing

The performance of the model is evaluated using two standard metrics: the Area Under the Receiver Operating Char-
acteristic Curve (ROC-AUC) and the confusion matrix obtained using the test dataset.
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Fig. 4: The ROC curve (left) plotted using test data. Confusion matrix (right) created using test data and setting the
classification threshold to 0.5

To validate the model, fourteen real-world breakup and fragmentation events were analyzed. The events are catego-
rized in two categories- Type-I and Type-IL. Type-I events consist of known explosion cases and collision events where
the secondary object was a small-sized object such as a piece of debris.

* Type-I fragmentation events:

— Astro-H was the 6th X-ray observation satellite commissioned by the Japanese Aerospace Exploration
Agency (JAXA). On 26 March 2016, due to multiple incidents with the attitude control system leading to
an uncontrolled ACS-induced spin rate and ultimately breakup of structurally weak elements [12].

— Pegasus is a three-stage rocket used to deploy small satellites weighing up to 1,000 pounds. A Pegasus Hy-
drazine Auxiliary Propulsion System (HAPS) exploded on 3rd June 1996, most probably due to regulator
failure, between the high-pressure helium tank and the hydrazine tank [13].
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The H-2A DEB, a launch vehicle developed by JAXA, underwent fragmentation on 17 November 2022.
The object was a passive adapter with no onboard energy source and subsequent studies have associated
this event with another fragmentation 12 November 2022 involving objects CZ-6A R/B [14].

SL-12 Rocket body consisting of SOZ ullage motor, used on the Proton Block DM upper stage, exploded
on 10 June 2006. This event is the 34th known breakup of a Proton Block DM SOZ ullage motor since
1984. Two more fragmentation events were reported following on 3rd July 2006 and 27th July 2006 after
the first event that took place [3].

INTELSAT-33E, a geostationary satellite, disintegrated in geostationary orbit on 2024 October 19, pro-
ducing more than 80 pieces of debris [15].

NOAA-16 was a polar orbiting environment satellite launched by National Oceanic and Atmospheric
Administration (NOAA). One of the Big Four breakups. A power system failure (too much unregulated
power) in June 2014 led to failure of many spacecraft systems. Passivation commands were sent but not
likely to be effective and failed communications prevented confirmation of passivation commands. The
spacecraft broke up 17 months later, releasing at least 458 cataloged debris objects [16].

Defense Meteorological Satellite Program (DMSP) Block 5D-2 spacecraft was launched by the U.S. Space
Force. The spacecraft underwent an explosion on 3 February 2015. Analysis indicates that the event was
due to an explosion of one of the Ni-Cd batteries [3].

YunHai was a Chinese 1-class meteorological spacecraft. The spacecraft underwent a collision on 18
March 2021. The cause of the breakup was an accidental collision with a small SL-16 debris [17].

 Type-II fragmentation events:

Iridium 33 was a member of the first-generation Iridium low-altitude communication satellite constella-
tion. It was the first accidental collision between two spacecraft that took place on 10 Feb 2009 [18].

Cosmos 252 was a spacecraft launched on a two-revolution rendezvous with Cosmos 248. Its fragmenta-
tion occurred in the vicinity of Cosmos 248 on 1 Nov 1968 [17].

Microsat-R was an earth observing satellite manufactured by DRDO and launched by Indian Space Re-
search Organisation (ISRO). On 27th March 2019 India carried out an ASAT test which intended to use
this satellite as a target [19].

Cosmos 1408 Soviet electronic intelligence satellite, launched in LEO on September 16, 1982. The Rus-
sian Federation decided to carry out an ASAT test on 15 November 2021 to destroy Cosmos 1408 [20][21].

FengyunY-1C (COSPAR 1999-025A) was a Chinese polar orbit weather satellite of the Fengyun series.
On 11th Jan 2007, China carried out an ASAT test using a Kinetic kill vehicle launch [22].

The Solwind (Solar Wind, P78-1) was a solar observation satellite. US carried out an ASAT (ASM-135)
test on 13th September 1985. A MHYV collided with the Solwind P78-1 satellite at a relative speed of
7km/s [23].

3. PRELIMINARY RESULTS

The model was further tested on real breakup events. Orbital elements were extracted from Two-Line Elements (TLEs)
obtained via Space-Track®. For each event, the first TLE record of every debris object detected within four months of
the breakup event. The corresponding classical orbital elements were scaled using the same Min—Max normalization
applied to the simulated dataset. A classification threshold of 0.5 was adopted, such that predicted scores below 0.5
were classified as explosions and scores above 0.5 as collisions. Under this criterion, the model correctly identified
6 out of 6 Type-II cases and 6 out of 7 Type-I cases using the TLEs cataloged up to 90 days after the collision (see

Table 1).

If all the TLEs are considered, the events like Solwind collision get mis-characterized as Type-I or explosion-like

events and,

on the other hand, Yunhai fragmentation is identified as a collision. The scores of model with increasing

number of debris given as input are found to be stable (see Figure 5).

“https://space-track.org

Copyright © 2025 Advanced Maui Optical and Space Surveillance Technologies Conference (AMOS) — www.amostech.com



Event Date Type Altitude (km) GNN score  GNN score
(TLEs < 90 days)  (all TLEs)

Type 1
Pegasus Jun 02 1996 Explosion (Propulsion) 625 (LEO) 0.998 0.998
SL-12R/B Jun 09 2006 Explosion (Propulsion) 17375 (MEO) 0.435 0.440
NOAA-16 Jun 05 2014 Explosion (Electrical) 855 (LEO) 0.000 0.000
DMSPF Feb 02 2015 Explosion (Electrical) 860 (LEO) 0.000 0.000
Astro-Hitomi Mar 25 2016 Propulsion-Induced 574 (LEO) 0.000 0.000
Yunhai Mar 20 2021  Collision with a small debris 792 (LEO) 0.989 0.000
H-IT A Nov 16 2022  Collision with a small debris 616 (LEO) 0.000 0.000
Intelsat-33E Oct 18 2024 Unknown 35786 (GEO) 0.000 0.000

Type 1T
Cosmos-252 Oct 31 1968 Collision 535 (LEO) 0.997 0.997
Solwind Sep 12 1985 ASAT Test 525 (LEO) 0.997 0.000
Fengyun-1C Jan 16 2007 ASAT Test 860 (LEO) 0.998 0.998
Cosmos-Iridium  Feb 09 2019 Accidental Collision 788 (LEO) 0.997 0.996
Microsat-R Mar 26 2019 ASAT Test 284 (VLEO) 0.998 0.998
Cosmos-1408 Nov 14 2021 ASAT Test 479 (LEO) 0.985 0.987

Table 1: Summary of GNN scores obtained on the real fragmentation test cases.
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Fig. 5: Figures showing variation in GNN scores with the number of debris used as input in Type-I (top) and Type-II
(bottom) events.
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The only exception found was Pegasus explosion which is consistently mis-identified as a collision event by the
model. The cause of this could be seen in the distribution of the input features, which have a more spread as compared
to what is seen from simulation. Figure 6 comparison of inputs features from real data and simulation was performed
for all the real Type-I breakup events mentioned in Section 2. The simulations have been generated using the orbital
information obtained from the last TLE of the primary. Furthermore, cuts on characteristic length and area-to-mass
have been applied as discussed previously.

Comparison of Pegasus with sim (with cuts) Comparison of Astro-H with sim (with cuts)
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Fig. 6: Pegasus and Astro-Hitomi input features. The the distributions have been
better comparison.

normalized to arbitrary scale for

In case if a large spacecraft or rocket-body collides with a small space debris leading to a fragmentation, the distribu-
tions of input features are practically indistinguishable from a low-energy explosion event (Figure 7).

Comparison of H2A with sim (with cuts) Comparison of Yunhai with sim (with cuts)
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Fig. 7:
(right).

Two cases of fragmentation as a result of collision with small pieces of debris- H-2A DEB (left) and Yunhai
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4. CONCLUSIONS

Testing across different orbital regimes demonstrated that the GNN-based model maintains high accuracy for classi-
fication of the breakup events while minimizing false positives, even when faced with variations in debris kinematics
and fragmentation patterns. Its ability to adapt to debris fields with varying densities and object sizes marks a sig-
nificant improvement over fixed-rule classification methods, which often struggle under such conditions. The study
further investigates the impact of the number of debris objects included in the input on the model’s performance across
different orbital regimes. Automating breakup classification with a GNN-based model enhances SDA by enabling
fast, accurate, and scalable identification of collision and explosion events. This reduces reliance on manual analysis
and improves real-time decision-making. Furthermore, it enhances debris mitigation strategies, contributing to a safer
and more sustainable space environment. The insights from this study lay the groundwork for integrating advanced
Al-driven classification models into broader SDA frameworks, ensuring more effective monitoring and management
of the increasingly congested orbital environment.

5. FUTURE SCOPE

Graph Neural Network (GNN) architectures demonstrate considerable robustness owing to their capacity to process
a variable number of inputs. A primary limitation of these models, however, lies in their dependence on simulated
data for training. To ensure the reliability of model outcomes, it is therefore essential that the underlying simulations
are carefully fine-tuned and rigorously validated against real-world cases. Although the classifier presented is binary-
classifying objects as either collision or explosion, there are several more classes and subclasses The present study
could be extended to estimate orbital elements and infer key characteristics of secondary objects, such as size and mass.
Furthermore, such models hold potential for tasks including the association of observed UCTs with fragmentation
events, the determination of event occurrence times, and the quantification of uncertainties in the spatial dispersion of
debris clouds. Developing an automated framework for event characterization would enable the timely identification
of breakup events and facilitate a comprehensive evaluation of the risks they pose to operational space assets.
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7. APPENDIX-I

The independent variable of EVOLVE 4.0 is the characteristic length L., which can be derived from radar cross-section
(RCS) as

L.=2 — (1)
or as the mean of three orthogonal dimensions:
L=iX+Y+2). 2)
Mass is estimated assuming spherical fragments:
)= o291, 122 001m ®
ML) =37 (%) p(Lo). )
For explosions, the cumulative number of fragments larger than L, is
N(L:)=S-6L."°, ©)
where S is a scaling factor depending on explosion type. For collisions,
N(L:) = 0.1 M%7 (6)

with M = m +my for catastrophic events or M = m||Vimpact||* otherwise.

The area-to-mass ratio (A/M) is drawn from normal mixture distributions depending on L.. For fragments > 11 cm:
The corresponding distribution function for spacecraft fragments with L. larger than 11 cm is given by

Dips Oes ) = /SN (1 (), 67 (Ae) 1) + (1 - ¥/ ()N () (Ac), 03/ (Ae). %), @)
where
0 Ae < —1.95
aS/€={03+404(A+12) —1.95<2 <0.55 (8)
1 A >0.55
—0.6 Ae<—1.1
1w/ =4 -06-0318(Ac+1.1) —1.I1<A <0 )
—0.95 Ae >0
0.1 Ae<—13
6)/¢={014+02(A+13) —13<A <—-03 (10)
0.3 Ae>—03
~1.2 Ae < —0.7
10/C={ —12-1333(2 +0.7) —0.7 <A< —0.1 (11)
—2.0 Ae>—0.1
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0.5 Ae<—0.5
05/C =405 (A+05) —05<A <—03
0.3 Ae>—0.3

12)

The distribution function for upper stage fragments with L, larger than 11cm is given by

D2 (s ) = RPN P (A0), 0P (), ) + (1= aRB ()N (1P (Ae) 055 (X)),

where A, = log,o(L.),

x =log,o(A/M) is the variable in the distribution,

1
N = the normal distribution function: N(u,0,x) = [G(zﬂ)o_s] e~ (x-p?/20?

1 Ae<—14
ofB={1-03571(A+14) —14<A <0
0.5 Ae >0

~0.45 A< —0.5
=4 045-09(A.+05) —05<A <0
—0.9 Ae>0

o/ = 0.55

=09

0.28 Ae < 1.0
oX/B=3028-0.1636(A +1) —1.0< 2. <0.1
0.1 Ac>0.1

The fragment ejection velocity is drawn from a log-normal distribution:

DAV(%?‘}) - JV(H(%),G(%),V), X = loglo(A/M)a V= IOgIO(AV)a (13)

with parameters
Uexp =02 +1.85, pcorL =09x+2.9, o=04.

The scalar AV is converted to a 3D isotropic vector:

AV cosOv'1 —u?
Vejection = | AVsin0v/1—u? |, u€U[-1,1],0 € U[0,2n]. (14)
AVu
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