
AI for Satellite Collision Avoidance
Go/No Go Decision-Making

2nd International Orbital Debris Conference

Pavithra Ravi, Andrea Zollo, Hauke Fiedler
German Space Operations Centre (GSOC), DLR Oberpfaffenhofen, Germany

Email: {pavithra.ravi, andrea.zollo, hauke.fiedler}@dlr.de



2

Motivation

● 8,800 active satellites as of September 2023 [1]

○ Expected to grow to 58,000 by 2030 [2]

● 36,500 space debris objects larger than 10 cm[1]

● Increasing density of objects in orbit →more conjunctions

● 43,000 conjunctions with probability of collision (PoC) > 1E-6 occur monthly in LEO [3]

○ Results in approx. two actionable alerts per week per satellite [4]

● On-call personnel needs to be available 24/7, year-round

How will this scale when conjunctions are to rise exponentially?

Automating the go/no go decision might become essential!

LEO: Low Earth Orbit
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Research objective

How well can AI match go/no go decisions made by analysts at the German Space Operations 

Center (GSOC)?

200 unlabeled 
critical events

Data labeled by 
GSOC analysts

Ground truth for 
supervised learning

Go No Go

Train

Test

Model performance 
assessed

Test

Truth
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Key contents

1. Critical events generation and classification 

2. AI for Time Series Classification (TSC)

○ K-Nearest Neighbors 

○ Support Vector Machine

○ Long Short-Term Memory

3. Feature engineering

4. Hyperparameter optimization

5. Results and feature importance 

6. Conclusions
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Critical events generation and classification

● Data source:

○ 2019 ESA Spacecraft Collision Avoidance 

Challenge[5]

○ 15,321 unique events with 199,082 total 

Conjunction Data Messages (CDMs)

○ 161 events with final PoC > 1E-5

● Artificial generation of 200 critical events:

○ Hard Body Radius (HBR) adjusted to yield 

more events with final PoC near 1E-4

○ Events for which an analyst would typically 

be needed

● Classification results of 200 samples:

84

116

Go/No Go split

Go (38%) No Go (62%)
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AI for Time Series Classification (TSC) 

● Multivariate problem with varying length series:

○ Multiple features (PoC, miss distance, covariance, etc.)

○ Number of CDMs varies across events

● Majority of TSC models are for univariate, fixed length series

● 4 models for multivariate, variable-length series investigated:

K-Nearest 
Neighbors, 

Dynamic Time 
Warping 

(KNN-DTW)

K-Nearest 
Neighbors, 

Symbolic 
Aggregate 

approXimation
(KNN-SAX)

Support Vector 
Machine, 

Global 
Alignment 

Kernel 
(SVM-GAK)

Long Short-
Term Memory 

(LSTM)

If K = 3,

Fig. 1. K-Nearest Neighbors 
with K = 3 [7].
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Candidate models 

● KNN-DTW (tslearn)

● KNN-SAX (tslearn)

Fig. 2. Comparison between Euclidean distance and DTW [8]. 

Fig. 3. SAX with segment size, w = 8, alphabet size, a = 3, mapped to the word, baabccbc [9]. 
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Candidate models 

● SVM-GAK (tslearn)

● LSTM (keras with tensorflow)
Fig. 4. SVM finds an optimal hyperplane to separate 
the classes  [10] .

Fig. 5. LSTM cell architecture consisting of 3 gates [11]. 

Masking layer

1 hidden LSTM 
layer

Dropout layer

Output layer 
(Sigmoid)

Fig. 6. 4-layer LSTM setup 
used in this work. 
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Feature engineering 

● 16 features, capped to 6 time steps (CDMs)

● Clipping: 3σ upper/lower limits set for outliers

● Z-normalization: 

● Min-Max scaling: x linearly scaled such that x ∈ [0,1]

● One-hot encoding: go = 1, no go = 0 

● Input feature matrix stored as (200,6,16) 3D tensor:

xz-norm = 
x - μ

σ

Features

Time to TCA

PoC

Miss distance

Radial separation

Along-track separation

Normal separation

Relative speed

Sec. covariance (6 diagonal terms)

Sec. Energy Dissipation Rate

Sec. observations used

Sec. weighted root-mean-square 

General

Relative 
encounter

Key parameters 
of the Secondary

Primary’s parameters not considered 
to aid generalization across missions[5]

x : value from series

μ : mean 

σ : standard deviation

Timesteps
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Hyperparameter optimization

● Grid search with K-fold cross 

validation

○ Tests all combinations of 

hyperparameters within 

specified ranges

○ Each combination applied to 8 

models (4 models with both

Z-norm and Min-Max scaling)

○ Stratified cross validation with 

5 folds

○ F1-score to assess performance

Total models compared:
1975 combinations × 8 models × 5 folds = 79,000

Best scaling method:

KNN-DTW: Min-Max

KNN-SAX, SVM-GAK, LSTM: Z-norm

Model KNN-
DTW

KNN-
SAX

SVM-
GAK

LSTM Total  (per fold 
per model)

Combinations 
tested

20 660 70 1225 1975

Fig. 7. 5-fold cross validation procedure [12]. 

Class-balance 
maintained in 
each fold 
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Results – using best hyperparameters
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Models

Accuracy Precision Recall F1

● Averaged over 5 shuffles of dataset 

● Stratified 5-fold cross validation on each shuffle

● Each model is tested 25 times

True 
Positive 

(TP)

False 
Positive 

(FP)

False 
Negative 

(FN)

True 
Negative 

(TN)
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Accuracy =

Precision =

Recall        =

F1-score  = 
2 × precision × recall

precision + recall

TP

TP + FN

TP

TP + FP

TP + TN

TP + FP + TN + FN

Fig. 8. Average performance of 4 AI models. 

• Deep learning
• Memory cells + gating mechanisms
• Captures intricate temporal patterns
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Feature importance

● Applied to LSTM model

● How is F1-score 

affected when a 

feature is masked?

● F1 score with all 16 

features is 0.76 

Critical features:

PoC does not influence model 
performance significantly

● PoC can be weighted less if it is has similar trends for go and no go events

○ Greater variation in position/covariance trends between go and no go events 

→more influence on model

● PoC likely to be weighted more if PoC range is larger in dataset

○ Limited PoC range (near 1E-4) used in this work

miss 
distance

radial position 
covariance

radial 
separation

normal 
separation

Fig. 9. Feature importance based on LSTM model.  
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Conclusions

● Model rankings based on F1-score

● Feature importance

● Future work

1. Long Short-Term 
Memory (LSTM)

2. Support Vector Machine, 
Global Alignment Kernel

3. K-Nearest Neighbors, 
Dynamic Time Warping

Best Accuracy 72%

Best Precision 69%

Best F1-score 65%

Best Recall 70%

Different 
features, 
feature 

engineering

Hyperparameter 
optimization with 
finer grid search, 

random search

Temporal 
significance analysis, 
condense temporal 

information

Further LSTM 
complexity, test 

other models

Hybrid AI-
deterministic 

models 

Miss distance
Secondary radial 

covariance
Radial 

separation
Normal 

separation

4. K-Nearest Neighbors, Symbolic 
Aggregate approXimation
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Thank you! 

Pavithra Ravi 
Munich Aerospace PhD Scholar

DLR Oberpfaffenhofen | Space Operations and Astronaut Training
82234, Weßling, Germany

Always open to questions, feedback, collaborations ☺

Pavithra.Ravi@dlr.de

mailto:Pavithra.Ravi@dlr.de
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APPENDIX
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Synthetic state vector generation

a: semimajor axis, e: eccentricity, i: inclination

RAAN: Right Ascension of the Ascending Node

● For the Primary, given a1, e1, i1, set RAAN1 = 0 to restrain problem

● Keeping relative state fixed, find argument of periapsis (𝜔1) and true 

anomaly (𝜈1) to best match the Secondary’s given a2, e2, i2

Secondary 
Cartesian state 

Primary 
Cartesian state 

Relative state 
vector (given)

Primary 
Keplerian state

a1 = given
e1 = given
i1 = given

RAAN1 = 0
𝜔1 = ?
𝜈1 = ?

Secondary 
Keplerian state 

ෝa2

ෝe2
෡i2

…

+

Minimize:

∆a = |a2 – ෝa2|

∆e = |e2 – ෝe2|

∆i = |i2 – ෡i2|
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CDM classification by GSOC analysts

● True PoC or Maximum PoC?

○ Probability dilution assessment

○ Covariance scaling factor, k

○ Max. PoC used if k < 1

● Classification results of 200 samples:

84

116

Go/No Go split

Go (38%) No Go (62%)

Fig. A1. Probability dilution when k < 1. [6] 

Fig. A2. PoC
distribution across 
events. Max. PoC
used if k < 1. 
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CDM processing and classification by GSOC  

Outputs of the Collision Avoidance System (CAS) 

include:

○ Summary text file 

○ Covariance history 

○ Approach geometry

○ Combined covariance projection on B-plane

○ Maneuver cost (in delta-v) and impact on PoC
Fig. A3. Covariance history in radial – along-track frame. 
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LSTM results

Accuracy 0.72

Precision 0.69

Recall 0.65

F1-score 0.65

On average, for a test set of 40 samples:

28

12

Precision

True positives

False positives

26

14

Recall

True positives

False negatives

● For 5-fold cross validation, 

each test fold has 16-17 

go’s out of 40 samples

● Guessing only no go would 

yield 58.5-60% accuracy

Overfitting 
observed after 
25 epochs:
loss increases, 
accuracy drops

29

11

Accuracy

True predictions

False predictions

Fig. A4.
Top: Model accuracy 
over epochs.
Bottom: Model loss 
over epochs.


