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Abstract. As Low Earth Orbit satellites play a vital role in the 6G space network, 

the risk caused by space debris has become increasingly significant. This paper 

presents a comprehensive risk prediction model for LEO satellites to enhance 

the safety and reliability of satellite communication systems. We introduce a 

novel feature, Orbital Risk Factor (ORF), which Identifies and Detects orbital risk 

for LEO satellites. This research focuses on the performance evaluation of 

various machine learning techniques used to address the debris threat to LEO 

satellites using the data acquired from the European Space Agency (ESA) RCS 

database. The Synthetic Minority Oversampling Technique (SMOTE) is applied 

to solve the imbalance classification problem. The experiments show that the 

Support Vector Machine (SVM) with SMOTE and Ensemble classifier Random 

Forest, Gradient Boosting, and Extra Tree classifier got the highest accuracy 

compared to other techniques. The SMOTEbased classification increases the 

accuracy by 10-15%. By applying these advanced classification methods, We 

identify and categorize debris objects based on their Orbital risk factor for LEO 

satellites. Our proposed solution involves dynamic risk assessment and 

predictive analytics to provide real-time alerts and mitigation strategies, 

ensuring the integrity and efficiency of LEO satellite operations within the 6G 

network. 
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1 Introduction 
 Space debris growth in low Earth orbit exposes threats to operational satellites

and future space missions [1]. As humanity’s reliance on satellite technology for
communication, navigation, and earth observation continues to grow, the risks
associated with space debris collisions have become a critical concern. LEO is
now becoming a crowded and dangerous environment due to the growing number
of objects in orbit, including leftover rocket stages, defunct satellites, and debris
from previous accidents and explosions. As per the European Space Agency
(ESA), over 30,000 objects bigger than 10 cm and millions of smaller fragments
can potentially harm satellites and spacecraft catastrophically [2].
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Space debris travels very high speeds, often exceeding 27,000 km/h (17,000
mph). A collision at these speeds can cause catastrophic damage to a satellite.
Even small pieces of debris (less than 10 cm) can cause severe damage due to
the high kinetic energy involved in collisions. With the ever-increasing number
of satellites and other space objects orbiting the Earth, the risk of collisions
with space debris has become a growing concern for the operators of Low Earth
Orbit (LEO) satellites. Effective mitigation strategies and predictive models are
crucial to ensure the safety and longevity of these valuable assets [2].

Over the past few decades, the issue of orbital debris has become increas-
ingly acute. The quantity of trash in space has significantly increased due to the
buildup of abandoned rocket stages, retired satellites, and other man-made items,
especially in the most heavily trafficked orbits [3]. This poses a severe threat
to operational satellites, as even small pieces of debris can cause catastrophic
damage upon impact. The advent of the 6G space network, which promises
unprecedented advancements in global connectivity and data transmission, fur-
ther underscores the importance of mitigating space debris risks. LEO satellites
are integral to the 6G infrastructure, providing low-latency communication and
supporting various applications from autonomous vehicles to intelligent cities [4].
However, the dense population of space debris in LEO increases the probability
of collision, which can disrupt satellite operations, cause service outages, and
generate additional debris, exacerbating the problem.

To address these challenges, this paper presents a Space Debris Risk Predic-
tion Model for LEO Satellites to enhance satellite operations’ safety and reliabil-
ity. The model leverages extensive debris data to investigate and map the orbits
of space debris, introducing a novel feature, Orbital Risk Factor (ORF). Several
supervised machine learning (classification) algorithms were examined [1], such
as SVM, KNN, Ensemble classifier, LDA, Logistic Regression, and Naive Bayes.
The original dataset and the SMOTE-based dataset were used to evaluate these
classifiers. The ML classification models are trained based on ORF with the se-
lected features set, such as Semimajor Axis, Orbital Period, Apoapis, Periapsis,
Object Type, and RCS size. Meanwhile, we evaluate their performance by the
Accuracy (Acc), Precision (Pre), Recall (Rec), and F1 score. [14]

This paper is organized as follows: Section II explains the Relevant Literature.
The risk prediction model caused by space debris is covered in Section III. A
brief overview of the classification techniques is given in Section IV, and the
findings and analysis are presented in Section V. Finally, Section VI presents
the findings and directions for additional study.

2 Related Work
The rise of space debris in low Earth orbit (LEO) poses a significant threat to op-
erational satellites and future space missions [5–7]. Even tiny particles of debris
can cause serious harm to operational satellites due to their high orbital veloc-
ities. This issue is further exacerbated by the fact that debris at high altitudes
can remain in orbit for decades, accumulating hazardous material. Over the last
few decades, the number of active satellites has grown exponentially, accumulat-
ing various types of debris, ranging from small particles to defunct satellites [8].
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The proliferation of satellite mega-constellations, driven primarily by private
companies, has further exacerbated the issue [9]. To address this challenge, re-
searchers have explored using machine learning and deep learning techniques to
classify the orbital characteristics of space debris and predict collision risks [12].
One promising approach involves using autonomous satellite systems equipped
with advanced sensors and AI-powered decision-making capabilities to detect
and evade potential threats [13].

The use of machine learning algorithms for the problem of space debris risk
prediction in low Earth orbit is examined in this research study. Accurate pre-
diction of space debris trajectories and the associated collision risks is crucial for
satellite operators to make informed decisions and implement effective mitigation
strategies. Machine learning techniques have emerged as a promising approach to
address the complex and dynamic nature of the space debris environment [8,11].
Support Vector Machines (SVMs) have been explored as a classification and re-
gression tool for space debris risk prediction. By leveraging the historical data
on debris positions, velocities, and other relevant parameters, SVM models can
learn to classify the level of collision risk and predict the future trajectory of
debris objects [8].

In addition to SVM, various machine learning algorithms have been studied
for their potential in space debris modeling and forecasting, including neural
networks and decision trees [11]. These techniques can identify patterns and
relationships within the vast amount of data collected by ground- and space-
based tracking systems, enabling more accurate and timely predictions of debris
behavior [14].

Fig. 1. Laser link risk caused by Space Debris [2]
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3 Risk Prediction Model Caused By Space Debris
The orbital risk factor for satellites in Low Earth Orbit is the possibility of
impact from collisions caused by fragments of space debris that could damage
or destroy a satellite. This factor is essential in LEO, where most satellites and
space debris objects operate, because of the high density of space objects and
the very high velocity of such objects.

High orbital risk factors can significantly impact satellite operations due to
a higher requirement for making collision avoidance maneuvers, which increase
fuel consumption and, in all probability, shorten the satellite’s operational life.
This factor is helpful in planning safer orbits, designing protection strategies for
satellites, and managing ever more crowded zones in LEO.

This section outlines the methodology used to predict and classify the risk
posed by space debris to Low Earth Orbit (LEO) satellites. The approach in-
volves data pre-processing, feature engineering, and orbital prediction.
3.1 Data Collection and Preprocessing
The dataset established from ESA’s Database contains 14,372 objects, classified
as Debris, Payload, and Rocket, and the size of debris is classified as large,
medium, and small. Approximately 100 to 170 million objects are larger than
1 mm, 670,000 objects are larger than 1 cm and 25000-29000 objects are larger
than 10 cm. The dataset has approximately 39 features.
3.2 Feature Engineering
To enhance the predictive capability of our model, a new feature, the Orbital
Risk Factor (ORF), was formulated. The ORF integrates key orbital parameters
and debris size, comprehensively measuring the potential risk.

ORF =
2π

√
a3

√
µ

× S

A+ P
(1)

Where:
a is the semi-major axis of the orbit, calculated as a= A+P/2
µ is the standard gravitational parameter for Earth (µ ≈ 398, 600km3/s2).
S is the debris size.
A is the APOAPSIS.
P is the PERIAPSIS.

This feature combines the orbital period (derived from Kepler’s third law),
the size of the debris, and the average distance of the debris from Earth to
provide a comprehensive risk factor.And classify the debris into two class High
Risk and Low Risk because LEO satellite range is between 500 to 1200, [13] we
consider the Debris from this range only.

We used the Synthetic Minority Oversampling Technique (SMOTE) to pre-
vent this new feature from becoming unbalanced. It is a method used to deal
with the problem of unbalanced datasets in machine learning, especially in clas-
sification problems where the minority class (the class with fewer instances than
the majority class) has many more occurrences.
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Table 1 outlines the features that indicate low and high-risk factors for debris
based on their orbital characteristics, including Orbital Period, Apoapsis, Peri-
apsis, Mean Motion, Eccentricity, Inclination, and RCS size. "Low" risk objects
have lower velocity, smaller radar cross-section (RCS), or stable orbits, reducing
collision probability with active satellites. "High" risk debris, with larger RCS,
higher eccentricity, inclination, or mean motion, poses greater collision threats.
For example, CZ-4 DEB (1999-057MC) is "High" risk due to a large RCS and
wide orbital range, while SL-8 DEB (1979-02BC) is "Low" risk with a more
stable orbit and lower inclination.

Table 1. Description of Space Debris Target on LEO

SL-8 DEB 1979-028C 104.689 1002.50 957.299 13.75497324 0.003072 82.9193 1.7004 Low

CZ-4 DEB 1999-057MB 97.456 679.465 594.417 14.77590694 0.0060618 98.4781 1.6802 Low

CZ-4 DEB 1999-057MC 97.796 697.039 609.491 14.72448242 0.0062255 98.4232 6.5282 High

SL-12 DEB 1989-001P 106.696 1123.854 1023.393 13.49629641 0.0067408 100.3344 2.4311 Low

NIMBUS 2 DEB 1966-040L 105.444 1046.162 984.26 13.65655702 0.0041863 88.8479 7.5789 High

TRANSIT 14 DEB 1966-076H 104.807 1010.775 960.014 13.73958733 0.0034468 82.9319 5.0061 High

3.3 Orbital Prediction
The future positions of the debris were predicted using Kepler’s laws and

basic orbital mechanics. The characteristics of Space debris described in Ta-
ble 1. According to Orbital Risk Factor (ORF) in eq (1), Risk Prediction were
calculated. The orbital period T is given by:

T =
2π

√
a3

√
µ

(2)

Where:T is the orbital period, a is the semi-major axis, µ is the standard
gravitational parameter. Using the given APOAPSIS, PERIAPSIS, and orbital
period, the orbital parameters were confirmed, and the future positions of the
debris were predicted.

achine Learning-Based Risk Classification
The risk posed by space debris to LEO satellites was classified using machine
learning algorithms. Machine learning is quite accurate in classifying and fore-
casting future events [6]. We investigate various classification techniques and
classify the data into High risk factor and low risk factor according to equations
(1) and (2). And train the model by using this new feature. The steps involved
in this process are detailed below.

The performance of the proposed model can be influenced by the dynamic na-
ture of orbital mechanics, which includes factors such as gravitational perturba-
tions, atmospheric drag, and the relative velocities of debris and satellites. These
factors can cause variations in debris trajectories, making it challenging to pre-
dict their movements accurately. Access to real-time Space Surveillance Network
(SSN) data, which tracks active debris and satellites, is essential for updating

4 M
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the model with unexpected changes, allowing it to recalibrate predictions and re-
spond effectively to sudden shifts. Additionally, modern LEO constellations are
equipped with sensors that detect nearby debris and relay this information back
to Earth. By integrating data from these networks, the model can achieve more
localized and up-to-date predictions on debris movements, ultimately enhancing
predictive accuracy.
4.1 Feature Selection

When working with the forty features of Space Debris Data for the classifica-
tion of Orbital Risk Factor(ORF), it’s important to address redundant features
as they can diminish the classification performance and efficiency. Therefore,
to enhance computational efficiency and achieve effective Debris classification, it
becomes essential to choose meaningful features. A straightforward and common
criterion for feature selection is the correlation heatmap, which computes and
displays the correlation coefficient ρx, y between two random variables X and Y.
The correlation coefficient ρx, y is defined by the formula as below µx and µy

are expected values σx and σy are standard deviations.

ρx,y =
Cov(X,Y )

σxσy
=

E[(X − µx)(Y − µy)]

σxσy
if σxσy > 0 (3)

Table 2 shows the features which have features have strong co relation Ac-
cording to equation (3).

Table 2. Description of Selected Features Dataset

Selected Features Description

OBJECT_TYPE The type of objects (i.e., Debris, Payload, Rocket body, TBA)

RCS_SIZE The area of Radar Cross Section

RISK_PREDICTION The predicted risk of connectivity (high, low).

INCLINATION The angle between a reference plane and the orbital plane of space objects

PERIOD The time needed for one object to complete an orbit around another

PERIAPSIS The lowest point in the orbit.

APOAPSIS The farthest point of the space object

ECCENTRICITY The orbital eccentricity.

MEAN_MOTION The number of orbits per day.

SEMIMAJOR_AXIS One-half of the major axis of the orbit.

4.2 Classification Model
For classifying debris, we used several models, including Support Vector Ma-

chines (SVM), which applied an RBF kernel, Naive Bayes as a probabilistic
classifier, and K-Nearest Neighbors (KNN) with k = 5 for our training dataset.
We also employed the Perceptron for binary classification, the Random Forest
Classifier with a maximum split count of 100 to mitigate over-fitting, and Gra-
dient Boosting with an optimized learning rate of 0.11. Additionally, we utilized

https://en.wikipedia.org/wiki/Support_vector_machine
https://en.wikipedia.org/wiki/Support_vector_machine
https://en.wikipedia.org/wiki/Naive_Bayes_classifier
https://en.wikipedia.org/wiki/K-nearest_neighbors_algorithm
https://en.wikipedia.org/wiki/Perceptron
https://en.wikipedia.org/wiki/Random_forest
https://en.wikipedia.org/wiki/Random_forest
https://en.wikipedia.org/wiki/Gradient_boosting
https://en.wikipedia.org/wiki/Gradient_boosting
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Linear Discriminant Analysis (LDA) for dimensionality reduction and Logistic
Regression trained with a high iteration limit.

5 Result And Discussion
The performance of twelve machine learning models on the test dataset was as-
sessed using the confusion matrix. [1] The ML classifier set includes Decision
Trees, LDA, Naive Bayes, SVM, KNN, Extra Tree Classifiers, Logistic Regres-
sion, and Ensemble Classifiers like Random Forest, AdaBoost, and Gradient
Boosting. Comparing the best performance based on accuracy, Precision, Re-
call, F1 score, and feature set.

Table 3. Performance Comparison of Different Algorithm

Algorithm Original Data Set Original+SMOTE

Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score

Naive Bayes Algorithm 0.71 0.32 0.68 0.43 0.91 0.32 0.68 0.43

KNN 0.82 0.74 0.48 0.58 0.96 0.74 0.48 0.58

Perceptron 0.72 0.49 0.46 0.47 0.94 0.49 0.46 0.47

Random Forest Classifier 0.88 0.78 0.56 0.65 0.97 0.78 0.56 0.65

Decision Tree Classifier 0.78 0.58 0.64 0.61 0.95 0.58 0.64 0.61

Extra Tree Classifier 0.88 0.80 0.62 0.70 0.97 0.8 0.62 0.7

AdaBoost Classifier 0.84 0.71 0.58 0.64 0.96 0.71 0.58 0.64

Passive Aggressive Classifier 0.67 0.35 0.69 0.47 0.95 0.35 0.6 0.45

Gradient Boosting 0.86 0.84 0.58 0.69 0.97 0.84 0.58 0.69

LDA 0.73 0.52 0.63 0.57 0.95 0.52 0.63 0.57

Logistic Regression 0.78 0.74 0.67 0.70 0.94 0.51 0.37 0.43

Support Vector Machine 0.86 0.56 0.47 0.61 0.97 0.86 0.91 0.61

Table 3 shows the performance of different classifiers on the original dataset and
the SMOTE dataset on. [2] For the original feature set, the accuracy varied in
the range of 70%-90%, with the majority of the ML classifiers. However SMOTE,
based data set accuracy increased and varied between 91%- 97% out of all the
classifiers. SVM and Ensemble classifier(Random Forest, Gradient Boosting, Ex-
tra Tree Classifier) performed very well and achieved 97% accuracy, and SVM
SMOTE performed well on Precision recall and F1-Score. Fig. 2 is the graphical
representation of Table 2 that shows the accuracy, precision, recall, and F1 score
of different algorithms.

Figure 3 show the relationship of Accuracy and Training Time vs Learning
Rate. On the left Y axis, we have accuracy, and on the right Y axis, training
time is represented. On the X axis learning rate is shown. For the SVM classifier,
accuracy slightly changed for different learning rates, but training time decreased
as the learning rate increased.Fig. 3(c) plots accuracy versus training time as
a function of the learning rate for an SVM classifier. At a low learning rate
around iteration, 0.11-the accuracy is good. Increasing the learning rate a little

https://en.wikipedia.org/wiki/Linear_discriminant_analysis
https://en.wikipedia.org/wiki/Logistic_regression
https://en.wikipedia.org/wiki/Logistic_regression
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Fig. 2.Performance Analysis Of Algorithm

bit around iteration 0.12 dramatically drops the accuracy, indicating that the
model may be overshooting the optimal solution due to the big, unstable updates.
However, the training accuracy recovers slightly but does not again reach the
peak attained in the very first case. It reflects the sensitivity of this model
towards variations in the learning rate. The training time consistently decreases
with increases in learning rates since a higher rate helps increase the speed of
convergence. Although the training time has been reduced, this drastic decline
in accuracy makes it highly advisable to maintain a balance of the learning rate,
so as not to trade off the performance of the model for faster training. In the
case of the Random Forest and Extra Tree classifier, it is clearly shown in fig
3(a) and 3(b) that training time decreases as the learning rate increases.

(a) (b) (c)

Fig. 3. Model Comparison of Accuracy and Training Time vs. Learning Rate for (a)
Random Forest (b) Gradient Boosting (c)SVM
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(a) (b) (c) (d)

Fig. 4. (a) Confusion Matrix of Random Forest (b) Confusion Matrix of Gradient
Boosting (c) Confusion Matrix of Extra Tree Classifier (d)Confusion Matrix of SVM

Figure 4 shows the confusion matrices of the most accurate classifiers, namely
SVM , Random Forest, Extra Tree Classifier, and Gradient Boosting. It can be
clearly seen that out of 2875 samples 2712 were predicted correctly in Random
Forest and Extra tree Classifier, 2723 in SVM, and 2718 in Gradient Boosting
were predicted correctly. In Fig 4(a) 79 true positives, indicating that the model
successfully identified 79 high-risk objects, and 62 false negatives, suggesting that
the model missed 62 high-risk objects and 22 false positives, indicating that the
model incorrectly flagged 22 low-risk objects as high-risk. Fig 4(b) illustrates
82 true positives, indicating that the model successfully identified 82 high-risk
objects, and 59 false negatives, suggesting that the model missed 59 high-risk
objects, and 16 false positives, indicating that the model incorrectly flagged
16 low-risk objects as high-risk.In Fig 4(c) 87 true positives, indicating that
the model successfully identified 87 high-risk objects, and 54 false negatives,
suggesting that the model missed 54 high-risk objects and 22 false positives,
indicating that the model incorrectly flagged 22 low-risk objects as high-risk. In
Fig 4(d), 66 true positives, indicating that the model successfully identified 66
high-risk objects, and 75 false negatives, suggesting that the model missed 75
high-risk objects, and 11 false positives, indicating that the model incorrectly
flagged 11 low-risk objects as high-risk.

6 Conclusion
In this paper, several experiments were conducted to RCS data by European
Space Agency [1] to classify the debris into two classes Low Risk and High Risk
for LEO satellite. Firstly, to identify the risk, we introduce the new feature
Orbital Risk Factor for better prediction, and to increase the model efficiency,
we use the Feature selection based on the correlation coefficient. And select
the 9 features out of 39 features that are strong co-relation. The results show
that the SVM and Ensemble classifier(Gradient Boosting, Random Forest, Extra
Tree Classifier) with 12 classifiers achieve 97% accuracy on the SMOTE dataset.
Then, the SMOTE technique was applied to balance the class.

Finally, twelve ML classifiers were used to classify the dataset. The outcomes
of using SMOTE are analyzed by comparing the classification accuracy with
and without SMOTE. Also examined the Debris Accuracy and Training time
vs. learning Rate relationship for best models, i.e., SVM, Random Forest, and
Gradient Boosting. Training time and learning Rate impersonally proportion to



1

ference on Cognitive Machine Intelligence (CogMI) (pp. 93-96). IEEE.
2

Optical Network Design and Modeling (ONDM). IEEE, 2021.
3

190-208.
4

Transactions on Aerospace and Electronic Systems 56.6 (2020): 4253-4268.
5

network." IEEE Access (2024).
6

Avoidance. No. JSC-CN-36595. 2016.
7

Safety Engineering 6.2 (2019): 72-79.
8

and Organized by AIAA.
9

ment in Research Trends (SMART). IEEE, 2022.
10

ternational Conference for Convergence in Technology (I2CT). IEEE, 2017.
11

tronomy 7.3 (2023): 252-258.
12

arXiv:2203.02050 (2022).
13

survey. Applied Sciences, 12(10), 5106.
14

Safety Engineering 6.2 (2019): 72-79.
15

arXiv:2305.11204 (2023).

40             A. Naz et al.

each other; as the learning rate increases, training time decreases while accuracy
has a low impact.
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