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Outline

1. Astrodynamics Simulations

2. Current practice/Challenges 

3. Case Study #1 :Gaussian Process regression modelling of maneuvers and navigation 

uncertainties for lunar  missions; 

4. Case Study #2: Development of a Surrogate model for collision risk and miss distance volatility 

prediction between debris and satellites in Low Earth orbit

5. Case Study #3 Prediction of the displacement of an object in orbit using laser photon pressure;

6. Case Study #4 Prediction of eclipse durations for the NASA IBEX-extended mission.

7. Conclusions - “Selling” the benefits of DACE

”All models are wrong, some are useful”
Professor George Box
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Astrodynamics Simulations

1. Large input space 

2. Complex, nonlinear input-output relationships

3. Require testing of a wide range of input values.

4. Monte Carlo simulation 

5. Time-consuming and numerically costly
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Current Simulation Practice 

➢Do 1,000 runs- Brute Force Monte-Carlo 

➢Assume everything is Gaussian 

➢Report a 1-sigma value 

➢OFAT for Sensitivity Analysis 
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➢ Simulation = Computer Experiment (virtual vs. physical; deterministic vs stochastic   

➢ Design & Analysis of Computer Experiments (DACE) : adapted from industrial DOE

METHODOLOGY – DACE PRINCIPLES

Space-filling methods to create a Surrogate or “Meta-model” 

Credit: Northwestern University IDEAL, 

“Metamodeling for Simulation-Based Design”
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Objectives/Challenge  

Space-Filling Design

➢ Covers a wider range of values/worst case scenarios for 

significantly less runs 

➢ Results for untried inputs, Sensitivity  Analysis 

➢ Raise efficiency of Sensitivity Analysis and Optimization

➢ Using a fast/computationally cheap approximate

model of the simulation
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METHODOLOGY – SPACE FILLING DESIGNS

• A Space Filling Design provides a more constructed sampling of the input space 

compared to Monte Carlo or extremes-only (Hypercube) analysis.

• Our Methods:

• Random Sampling

• Hypercube - extremes of input space

• Latin Hypercube, (LHS) - constructed 

space-filling regime

• Maximin – LHS with a maximised

minimum distance between inputs

• MaxPro – LHS with MAXimum

1-D Projection of input-input distance
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METHODOLOGY – META-MODELS

• Construction of a surrogate / meta-model based on results from sample input. Meta-

modelling technique depends on underling physics of problem.

• Some modelling methods:

• Parametric models (Polynomial Fits):

Fit the data to a polynomial. Poor for complex problems 

Contrast to Polynomial Chaos 

• Radial Basis Functions: Map the inputs and outputs 

using a linear combination of basis functions.

• Random Forests: Non-parametric regression.

Suitable for highly non-linear systems.

• Kriging / Gaussian Process Regression: An interpolative model. Neighbouring data points are 

assigned weights based on proximity and known input covariances.
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CASE STUDY 1: CIS-LUNAR MANOEUVRE SAMPLING

Missions requiring 

manoeuvres in cis-lunar 

space require complex 

simulations with significant 

run times

Sampling manoeuvre errors accurately and 

efficiently is required for characterising 

mission requirements (∆V ) & risk
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Results: Resolving required ΔV pdf given dispersions

Utilising maximin LHS enabled ISG to 

resolve the upper 99th percentile for 

mission ΔV requirements with the less than 

1000 runs available to mission planners

ΔV99 convergence
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Results: Manoeuvre sensitivity comparison

First correction manoeuvre (TCM0) 

∆V sensitivity
Perigee manoeuvre (PRM) ∆V 

sensitivity

Note: Correlations with 

different dispersions 

between TCM0 and 

PRM
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Case Study 2: IBEX Trajectory Analysis

Goal: find any extreme outputs that were missed by an extremes-only input regime (hypercube).

Applied space- filling schemes to trajectory simulations for the Interstellar Boundary 

EXplorer (IBEX) extended mission. Original work used hypercubes and MC.

Credit: NASA/GSFC

Credit: John Carrico et al, “Covariance analysis and 

operational results for the Interstellar Boundary Explorer 

(IBEX)”
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Results: Geometric / Angular Parameters

For altitude of perigee and helionose 

angle (angle of apogee and solar-

wind bow shock), all input schemes 

(Hypercube, Latin Hypercube 

Sampling, MaxPro, Maximin) present 

identical maxima and minima.

The original hypercube analysis was 

sufficient to map the output 

extremes.



14

Results: Shadows

Analysis of shadow duration 

showed an increased ‘spread’ 

of potential orbits for each 

occurrence of shadow for 

space-filling designs.

We also observe a slight increase 

in maximum predicted shadow 

duration for space-filling over 

conventional hypercube.
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CASE STUDY 3: MANOEUVRE DECISION SUPPORT SYSTEM

• Collaboration with NASA Goddard (CARA)

• Object positions are uncertain (known within 

a few kms)

• Possible collisions can be predicted but 

uncertainty is still quite large

• Probability of collision (Pc) can be calculated 

analytically, but must be considered along 

with many other factors

From Alfano (2016)
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Gaussian Process Regression 

• State of the art supervised machine learning algorithm

• Advantages:

1. Non-parametric

2. Able to provide uncertainty bounds

3. Smooth fit arbitrary data

4. Performance on small datasets

5. Verifiability (critical for high-risk applications) 
Representation of predicted function with associated 

uncertainties
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Background: Probability of collision

• Pc changes over time

• In an ideal case, Pc rises slowly, then 

falls at some point in the future

• This drop may not occur in a timely 

manner (or at all!)

• Forecasting this curve is a 

challenging SSA problem, significantly 

improving collision avoidance
Time

Predicted 

Time of 

Collision
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Results: Covariance modelling

• The covariance prediction framework 

consists of 12 Gaussian Process models (6 

for each object)

covariance response surfaces from Number of 

Tracks and Time to TCA
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Results: Predictive Meta-model for Pc 

A framework of thirteen GPR 

models is integrated to produce 

forecasts in collision probability with 

associated uncertainty
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Conclusions: MDSS

• Analyses data in a repeatable, systematic manner, providing

substantial rigor to conjunction analysis

• Provides further insight into whether Pc will rise or fall relative to its

current estimate (including when Pc falls far enough to be no longer

a concern), significantly improving on current methods

• Adds greater processing capability to the decision-making process,

reduces false alarms to Satellite operators
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CASE STUDY 4: LASER MANOEUVRE MODELLING

• Demonstrating orbital debris removal using a 

15kW laser

• ISG developed a Matlab simulation of imparted 

momentum to get accurate delta-V for different 

objects, laser powers, durations, and a/m ratios

Response surface (power/duration)
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Challenge – “Selling” the benefits of DACE

✓ Give Users of Simulation an Assurance that Uncertainty is accounted for 

✓ Use of confidence intervals rather than a single number

✓ Modelling of non-Gaussian behaviour

✓ Space filling designs provide a wider exploration of an input space

✓ Faster sensitivity analysis using a surrogate Model

✓ Lower cost of simulation 
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Science or Engineering?
Theodore von Karman: 

“The difference between science 

and engineering is that science 

seeks to understand what there 

is; while engineering seeks to 

create what never was”

www.industrialsciences.com.au

Offices: Sydney, US (opening late 2022)

http://www.industrialsciences.com.au/

