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Motivation

Why it matters

Debris mitigation & removal need physical characterization

The gap

Most objects: shape, material & attitude unknown
Direct imaging & radar are scarce and costly

The approach

Light curves are cheap to collect & information-rich
But inversion to physical parameters needs ground truth

Simulated light curves provide it - detailed debris
parameterization

From observation to characterization
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Theory
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A Light Curve of a rocket body in GTO [http://mmt.favor2.info]
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Theory
Essential Tools

Propagation

NZPTUNS

NEPTUNE Logo.
[V. Braun (2016)]

Observer Simulation
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PROOF 2005

PROOF Logo.
[Space Debris User Portal, ESA]

Reflectance Model
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Illumination Visualization.
[DMF-05 Technical Note]
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Parameter Recovery
Machine Learning
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Model Training
Train the model with given categories

By

Database Generation
Use the framework to set up labelled
training data
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! ’ Model Validation

Validate the model’s predictions with
new data
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Parameter Recovery
Machine Learning Setup

Shape Categories

A The two defined shape categories (Box and Cylinder).

_
Database Setup
= °* Both shapes with different
‘ .
et materials
e Random initial attitude
J
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Parameter Recovery
Machine Learning Results
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A Training evolution for categorizing two shapes
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Parameter Recovery
Inverse Optimization

Input

* Reference Light Curve
e Generalized 3D model
e Parameter Boundaries

Workflow

Light Curve Generation

Get light curve from set of
parameters

4

Light Curve Comparison

Compare the synthetic and
reference light curve

| 2

Update Parameter Set

Use an algorithm to find a
new set of parameters

A

Output
* Dimensions
e Material
e Attitude

J
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Best Set of Parameters
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Parameter Recovery
Inverse Optimization Setup

A The generalized 3D model consisting of three cylinders.
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Free Parameters
* Length

* Base Albedo
* Albedo Ratio

N
Reference Light Curve
A\~ Synthetically generated by the
framework
J
N
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Parameter Recovery

Inverse Optimization Results
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A Optimization evolution for recovering three parameters.
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A Comparison of the reference light curve to the light curve from the
best fitting parameters.
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Conclusion

e Successful implementation of the framework
e Results highly dependent on the reflectivity model
* ML showed capability of categorizing light curves

* Inverse Optimization works for small number of free
parameters
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Outlook

Introduce different reflectance model

Machine Learning

* Generate a database better suited for real light
curves

* Use real light curves as training data

Inverse Optimization
* Improve “comparison” of the light curves
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