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Abstract—As the number of objects launched into space increases year-on-year, reaching 2,403 satellites 

in 2024 alone, ensuring state compliance with the 1975 United Nations Registration Convention is critical 

for space sustainability and traffic management. This study presents a comparative performance analysis 

of three supervised machine learning classifiers, Logistic Regression (LR), Random Forest (RF), 

and LightGBM, to predict regulatory compliance based on pre-registration factors. Data was sourced from 

the United Nations Office for Outer Space Affairs (UNOOSA) Online Index of Objects Launched into Outer 

Space, covering the period from 2020 to 2024. Following a rigorous audit to prevent data leakage by 

removing "causally downstream" variables, a final cleaned dataset of 3,302 unique records was generated. 

Given that approximately 8.5% to 12% of satellites are historically unregistered, the study 

employed stratified random sampling (80% training, 20% test) to maintain class balance. The 

implementation evaluates the efficacy of these models in identifying likely non-compliance, addressing a 

critical gap in international space law where overall adherence has fluctuated between 70% and 90% over 

the past decade. This research contributes to the "Registration Project" goals by providing a data-driven 

toolkit for identifying registration gaps and enhancing the transparency of global space activities. 
 

Keywords—Space Object Registration, UNOOSA Convention, Regulatory Compliance, Machine 
Learning, LightGBM, Random Forest, Logistic Regression, Predictive Analytics. 
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1. Introduction 

The rapid expansion of the global space industry has led to an unprecedented increase in the 

number of satellites and orbital debris, underscoring the vital importance of the Convention on 

Registration of Objects Launched into Outer Space (1975) [1,2]. This international treaty, administered 

by the United Nations Office for Outer Space Affairs (UNOOSA), serves as the cornerstone for space 

safety, traffic management, and legal accountability by requiring launching States to provide specific 

orbital and functional data for a central UN registry [3,4,5]. However, achieving universal compliance 

remains a challenge. Historical data indicates that a significant proportion of satellites launched into space 

are unregistered, creating significant gaps in the global tracking of space assets [6,7,8]. 

Particularly, ensuring regulatory compliance is not merely a legal formality but a critical 

component of orbital sustainability. Unregistered objects pose heightened risks for collisions and 

complicate the assignment of liability under international space law [9,10]. Despite the availability of 

public records through the UNOOSA Online Index of Objects Launched into Outer Space, the process of 

identifying non-compliant actors has traditionally relied on manual audits and retrospective legal reviews 

[11,12]. There is a growing need for automated, predictive tools that can identify potential registration 

lapses based on pre-launch factors and satellite characteristics. 

Fortunately, recent advancements in machine learning (ML) offer a robust framework for such 

predictive classification tasks. By leveraging historical records from 2020 to 2024, this study evaluates 

the efficacy of three distinct algorithmic approaches; Logistic Regression (LR), Random Forest (RF) and 

LightGBM [13].  The LR model is a foundational statistical model used for binary classification to 

establish a baseline for prediction. The RF model is an ensemble learning method that utilizes multiple 

decision trees to improve accuracy and handle non-linear relationships without overfitting. Also, the 

LightGBM model is a high-performance, gradient-boosting framework optimized for speed and 

efficiency in handling large-scale datasets. 

This research aims to bridge the gap between international space law and data science. By 

conducting a comparative performance analysis of these classifiers, the study seeks to determine the most 

reliable method for predicting the regulatory compliance of State space objects, thereby providing a data-

driven path toward enhancing international transparency in outer space. 
 

2. Methodology 

This study presents a comparative analysis of three supervised machine learning classifiers; 

Logistic Regression (LR), Random Forest (RF), and LightGBM, to predict the regulatory compliance of 

State space object registrations under the United Nations Registration Convention (1975). The 

methodology encompasses data acquisition from the United Nations Office for Outer Space Affairs 

(UNOOSA), rigorous preprocessing, and the comparative training of three distinct classification models. 

 
2.1 Data Acquisition and Preprocessing 

The primary data for this study was sourced from the UNOOSA Online Index of Objects 

Launched into Outer Space, covering a five-year period from 2020 to 2024. The Online Index provides 
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highest Accuracy (0.9803), Precision (0.9809), and F1-Score (0.9806). It is the most effective at making 

correct classifications overall and maintaining a balance between precision and recall. However, its ROC-

AUC (0.9615) is the lowest among the three, suggesting it may be slightly less robust at distinguishing 

between classes across different thresholds compared to the others. The LGBM Model serves as a middle 

ground. It outperforms LR in terms of Accuracy (0.9713) and Precision (0.9723). Notably, it achieves the 

highest ROC-AUC (0.9841), indicating superior discriminative power and stability across various 

classification thresholds.The LR Model (Logistic Regression) model performance is also good. While it 

has the lowest Accuracy and F1-Score, its performance remains very high. Its ROC-AUC (0.9793) is 

significantly higher than the RF model, suggesting better probabilistic ranking despite lower raw 

accuracy.  

Table 2  The classification performance of the three models 

Model  Precision  Recall  F1‐Score  Support  Accuracy  ROC‐AUC 

RF Model  0.9809  0.9803  0.9806  2,600  0.9803  0.9615 

LR Model  0.9695  0.9697  0.9694  2,600  0.9697  0.9793 

LGBM 

Model 

0.9723  0.9713  0.9665  2,600  0.9713  0.9841 

 

 

 

Figure  5 The classification performance of the three models 
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3.2 Execution Time Performance Comparison 

The results in Table 3 and Figure 6 reflect  the training and validation (inference) times for the 

three models. According to the results in table 3, the Logistic Regression (LR) model is the fastest model 

with execution time of 0.047 seconds. Because it is a linear classifier, it calculates the relationship 

between compliance variables using simple weights, making it ideal for baseline measurements, though it 

may struggle with non-linear relationships in complex treaty data. The Random Forest (RF) model is the 

most computationally expensive model in this set with execution time of 0.885 seconds. Building 

multiple decision trees (bagging) requires more CPU cycles, especially with a dataset of 2,600 training 

samples, as it evaluates many splits for each tree. Also, the LightGBM model, known for its "Gradient 

Boosting" efficiency, is significantly faster than Random Forest. It has with execution time of 0.222 

seconds. It uses leaf-wise growth and histogram-based algorithms to find optimal splits quickly, making it 

a strong candidate for regulatory datasets that might grow over time.  

Table 3  The Execution Time Performance Comparison 

Model  Training Time (s) Validation Time (s) Total Execution Time (s) 

Logistic Regression (LR) 0.045 0.002 0.047 

Random Forest (RF) 0.850 0.035 0.885 

LightGBM 0.210 0.012 0.222 

 

 

Figure  6  The execution time performance of the three models 
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3.3 Compliance Prediction Performance Comparison 

Based on the results presented in Table 4 and Figure 7, the LightGBM model is the most accurate, 

with the lowest Mean Absolute Error (MAE) of 6.29 %, followed by Random Forest (13.88%) and 

Logistic Regression (14.88%). The LightGBM outperforms others in capturing extreme values (such as 

0% at MIDN6) and high-performance cases, while Logistic Regression and Random Forest struggle with 

high-variance data. The actual (0% at MIDN6 value was only correctly predicted by LightGBM and 

Random Forest. Logistic Regression falsely predicted 13.33%, suggesting poor handling of zero-inflation 

or edge cases. All models struggled with MIDN7 (100% actual, predicted 25% -50%), indicating that this 

specific data point is likely an outlier or missing key features for all models.  For stable cases (e.g., 

MIDN2, MIDN9), all models performed well (100%). However, LightGBM is the most consistent across 

varying performance levels. 

Table 4 Compliance Prediction Performance Comparison 

State / Organisation 
Model Identification 

Number (MIDN)   
Actual COM (% ) 

Logistic Regression 
Model Predicted 

COM (%)   

LightGBM Predicted COM 
(%)   

Random 
Forest 

Predicted 
COM (%)  

MIDN1 99.54%  100.00% 99.78%  99.78% 

MIDN2 100.00%  100.00% 100.00%  100.00% 

MIDN3 71.75%  78.69% 73.77%  72.13% 

MIDN4 98.46%  100.00% 100.00%  100.00% 

MIDN5 96.67%  100.00% 100.00%  100.00% 

MIDN6 0.00%  33.33% 0.00%  0.00% 

MIDN7 100.00%  50.00% 50.00%  25.00% 

MIDN8 100.00%  50.00% 100.00%  50.00% 

MIDN9 100.00%  100.00% 100.00%  100.00% 

MIDN10 60.94%  64.10% 66.67%  69.23% 

Mean Absolute Error, 
MAE 

   14.88%  6.29%  13.88% 

 



Science and Technology Publishing (SCI & TECH) 
ISSN: 2632-1017 

Vol. 9 Issue 11, November - 2025 

www.scitechpub.org 
SCITECHP420372 2104 

 

Figure 7 The line plot of the compliance prediction performance comparison for the three models 

4. Conclusion 

This study successfully conducted a comparative performance analysis of Logistic 

Regression, Random Forest, and LightGBM to predict the regulatory compliance of State space objects 

under the 1975 UN Registration Convention. By leveraging five years of historical data (2020–2024) 

from UNOOSA, the research established a robust framework for identifying potential non-compliance 

before it occurs.While Logistic Regression provided a baseline for interpretability, the ensemble methods, 

particularly the LightGBM and the Random Forest models demonstrated superior capability in handling 

the complexities of the dataset. The LightGBM emerged as a particularly efficient classifier, offering high 

predictive accuracy while managing the computational demands of the merged 3,302-record dataset. 

The use of stratified random sampling proved essential in addressing the inherent class imbalance 

(8.5%–12% unregistered objects), ensuring that the models remained sensitive to the minority class of 

non-compliant registrations. Furthermore, the proactive elimination of "causally downstream" variables 

successfully mitigated data leakage, confirming that the models' predictive power is rooted in genuine 

pre-registration indicators. 

Finally, the findings suggest that machine learning can serve as a vital tool for international space 

governance. By automating the identification of high-risk launch profiles, the United Nations and 

individual Member States can better target outreach and technical assistance, ultimately enhancing the 

transparency and safety of the outer space environment. 
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