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Research Question

Can a deep learning model trained only on synthetic event-camera data accurately estimate the 6-DoF 
pose (position + orientation) of a spacecraft when tested on real-world recordings and what is the source 
of the synthetic-to-real performance gap?

Background & Motivation

What is an event camera?
● Event cameras report per-pixel brightness changes asynchronously at microsecond resolution.
● Benefits: no motion blur, high dynamic range, low power, and output: (x, y, polarity, timestamp).
Why spacecraft pose estimation?
● Autonomous rendezvous and on-orbit servicing all require knowing a satellite's 6-DoF pose. 
● Standard cameras fail under the extreme lighting condition and fast motion in space.
The SPADES Dataset (Rathinam et al., 2023)
● 300 synthetic training sequences + 31 real test sequences. 1280×720 Prophesee event camera.
● Labels: 3D position (metres) + unit quaternion orientation at 10 Hz.

Methodology

Event Representation: 

● Collect all events in a 100 ms 
window, Split into 3 
sub-windows (~33 ms each).

● w = polarity × exp(-(t_end - t) / 
30ms).

● Accumulate into a 3-channel 
Voxel grid.

Network Architecture:
● ResNet-50 backbone, Global 

average pooling.
● Translation head:

○ Predicts [x, y, z] in metres.

● Rotation head:
○ unit quaternion [Qw, Qx, Qy, Qz].

Geodesic Rotation Loss:
● L = λ_t · MSE(t̂, t) + λ_r · 2·arccos(|q̂ · q|).
● Final weights: λ_t = 2.0, λ_r = 1.0.
Two-Phase Training:
● Phase 1: 25% data, 20 epochs.
● Phase 2: Full dataset, 100 epochs.

Results & Analysis

Key findings:
● The source of domain shift is a 100× 

timestamp unit mismatch between 
synthetic (100 µs) and real (1 µs) data 
which compresses the voxel bin 
distributions at test time.

● Translation error amplifies 2.77× from synthetic val 
to real test, rotation is nearly unchanged (+2.23°).

Conclusion
● Frame-by-frame CNN outperforms temporal GRU at 10 Hz, 

making temporal aggregation redundant.
● Rotation error is robust to domain shift while translation 

error is not.
● Root cause of domain gap identified and has a clear fix.

Future Work
● Normalized timestamp voxel construction to eliminate unit 

mismatch.
● KeypointHeatmapNet + PnP architecture.
● Event rate normalization across domains.
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