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Motivation

Autonomous rendezvous and docking with an uncooperative spacecraft underpins on‐orbit servicing (OOS) and active
debris removal (ADR). Unlike cooperative targets, an uncooperative object may be non‐responsive, poorly charac‐
terized, and tumbling, so proximity operations become a tightly coupled estimation‐and‐control problem. Growing
congestion in Low Earth Orbit and the rising population of defunct satellites raise the risk of cascading collisions
(Kessler syndrome) [1]. Terminal approach imposes stringent requirements [2]: relative attitude accuracy ∼ 0.3◦, posi‐
tion<0.2mat 10m, and translational velocity∼0.01m/s— all while measurement quality degrades under self‐occlusion,
harsh shadows, and changing illumination against an Earth‐limb background.

The Gap: Pose ̸= Motion

Deep‐learning pipelines estimate single‐frame pose (position and attitude) accurately, but typically provide no ve‐
locity or angular rate, precisely the dynamic states required for trajectory prediction and control. Naive finite dif‐
ferencing of noisy DL pose amplifies error by orders of magnitude (see results). Bridging single‐frame pose and full
dynamic state is the core problem addressed here.

Contributions

Recent methods pair DL pose estimators with recursive filters [3, 4]; surveys [5] categorize monocular pipelines as
direct (end‐to‐end regression) or indirect (CNN features + PnP). We close the pose‐to‐motion gap with:

1. A framework fusing a keypoint‐based CNN with a Multiplicative Extended Kalman Filter (MEKF) on SO(3) to
recover full 6‐Degree of Freedom (DoF) motion (position, velocity, attitude, angular rate) while avoiding the
quaternion‐norm and singularity issues of a standard EKF.

2. Adaptive, tuning‐free measurement covariance Rk derived directly from Perspective‐n‐Point (PnP) reprojection
geometry — trust is set per‐frame by keypoint quality, range, and viewing angle, not by a hand‐tuned constant.

3. Bayesian‐optimized process‐noise tuning and validation on SPEED‐UE‐Cube, recovering motion from pose‐only
measurements while simultaneously improving pose accuracy by over an order of magnitude.

State & Measurement Model

The relative state is propagated in the chief’s local‐vertical local‐horizontal (LVLH) frame using linearized Clohessy–
Wiltshire (CW) dynamics, valid for near‐circular chief orbits and short relative ranges. The 13‐state vector is

x =
[

p⊤, v⊤, q⊤, ω⊤ ]⊤ ∈ R3×R3×H×R3,

with position p, velocity v, attitude quaternion q, and body angular rate ω. The vision front‐end supplies pose‐only
measurements

zk =
[

pm ⊤
k , qm ⊤

k

]⊤ = h(xk) + vk, vk ∼ N (0, Rk),

so velocity and angular rate are observed only indirectly through the dynamics — making the choice of Rk critical.

Vision Pipeline & Dataset

SPEED‐UE‐Cube [6] is a photorealistic synthetic dataset of a non‐cooperative 3UCubeSat rendered in Unreal Engine 5,
with a full‐orbit rendezvous trajectory sampled at 5 s intervals, ground‐truth 6‐DoF pose, and varied lighting and Earth
backgrounds.
Three‐stage monocular front‐end:

ODN (object detection network) localizes the
spacecraft and crops the region of interest.
KRN (keypoint regression network) predicts 11 2D
semantic keypoints on the CubeSat body via
heatmap regression.
PnP solves the absolute pose (pm

k , qm
k ) from 2D–3D

correspondences, with reprojection residuals reused
to build Rk.

PyTorch reimplementation; YOLOv4‐tiny /
CSPDarknet‐tiny backbone with CIoU loss [7].

Figure 1. Detected bounding box and 11 keypoint predictions
under cluttered Earth background.

Navigation Filter: 13-State MEKF

A Multiplicative EKF maintains the quaternion unit‐norm constraint through multiplicative error‐state updates [8].
The nominal state x = [p⊤, v⊤, q⊤, ω⊤]⊤ (position, velocity, attitude quaternion, angular velocity) propagates under
Clohessy–Wiltshire (CW) dynamics, while the 12‐dimensional error state replaces q with a minimal rotation vector δθ;
the error‐state covariance evolves as P−

k = FkPk−1F⊤
k + Qk. Innovation gating rejects outliers, and bounded update

clamping preserves stability when measurement quality degrades.

PnP‐Derived Measurement Covariance

Rather than a fixed measurement noise, Rk is derived from the PnP solution geometry. For N correspondences with
reprojection residuals ei [9], the maximum‐likelihood estimate gives

σ̂2
pix = ∥e∥2

2N − 6
, Σξ = σ̂2

pix (J⊤J)−1,

so Rk = blkdiag(Σt,k, Σθ,k) adapts per frame to each pose’s geometric quality, down‐weighting ambiguous configura‐
tions such as the monocular depth‐scale direction.

Filter Tuning via Bayesian Optimization
The MEKF tuning parameters (process‐noise scales,
update‐clamp limits, and reprojection threshold) are
optimized with the Optuna framework using the
Tree‐structured Parzen Estimator [10] (20 random +
1000 optimization trials), minimizing a weighted
multi‐metric cost:

J = wp RMSEp + wϕ RMSEϕ + wω RMSEω + wv RMSEv.

The weights (wp, wϕ, wω, wv) = (1.0, 0.21, 5.0, 333.33)
normalize each term to a comparable contribution
given the differing units and magnitudes of position
(m), attitude (deg), angular rate (deg/s), and velocity
(m/s).

Table 1. MEKF parameters and Bayesian‐optimization search ranges.

Parameter Search range Used in

σv (vel. proc. noise) [10−6, 10−3] Both
σθ (att. proc. noise) [10−4, 0.05] Both
σω (rate proc. noise) [10−7, 5×10−3] Both
δθmax [1, 30]◦ Both
δrmax [0.005, 5]m Both
δvmax [5×10−4, 0.5]m/s Both
δωmax [5×10−4, 0.5] rad/s Both
ereproj,max [5, 100] px Both

σθ,fix [0.1, 10]◦ Fixed R
σr,fix [0.001, 1]m Fixed R

kΣ (cov. scale) [0.5, 20] PnP Cov.
σt,min/σt,max [0.005, 0.1]/[0.2, 2]m PnP Cov.
σθ,min/σθ,max [0.1, 2]/[2, 30]◦ PnP Cov.

System Architecture & Angular-Rate Tracking

Figure 2. ODN+KRN+PnP pose measurements with geometry‐derived covariance are fused with CW dynamics; innovation gating rejects
outliers (failed frames fall back to a predict‐only step).

Each frame is processed by a three‐stage vision front‐end: ODN localizes the target, KRN regresses semantic keypoints,
and PnP solves for the relative pose. Crucially, the PnP residual geometry yields a per‐frame measurement covariance
Rk that reflects keypoint quality, target range, and viewing angle. The MEKF predict–update loop (Fig. 1) propagates
state through CW dynamics and corrects with the DL pose, gated by a Mahalanobis innovation test to suppress
catastrophic outliers. The result is a recovered 6‐DoF state position, attitude, linear velocity, and the angular rates
from a purely pose‐based measurement stream, with no IMU or rate gyro in the loop.

Estimation Accuracy: Pose & Motion

The MEKF with PnP‐derived covariance and clamping reduces position RMSE ∼26× and attitude RMSE ∼4.4× versus
raw DL pose (Table 2); velocity and angular rate—unavailable via finite differencing—are recovered to 0.002m/s and
0.27◦/s. The contribution is clearest without clamping (Fig. 3): fixed R suffers excursions up to 19 cm and > 100◦, while
PnP‐derived Rk suppresses them automatically—intrinsic outlier robustness, no manual safety mechanism. Angular‐
rate tracking remains accurate throughout (Fig. 4).

Table 2. Pose and motion estimation performance. Baseline row: raw DL pose (translation/attitude) and finite differencing (velocity/angular
rate).

Trans. (m) Att. (deg) Vel. (cm/s) ω (deg/s)

Method Clamp Mean RMSE Mean RMSE ē RMSE ē RMSE

Raw DL / Finite Diff. – 1.095 6.963 16.37 34.35 28.8 167.5 3.275 7.358

MEKF (Fixed R) Yes 0.205 0.272 7.01 8.53 0.158 0.189 0.256 0.286
MEKF (Fixed R) No 1.085 2.258 15.21 22.10 0.497 0.838 0.440 0.517
MEKF (PnP Cov.) Yes 0.208 0.271 6.64 7.84 0.151 0.183 0.245 0.274
MEKF (PnP Cov.) No 0.210 0.280 7.30 9.42 0.219 0.400 0.270 0.318
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Figure 3. Position (top) and attitude (bottom) error, MEKF without
update clamping. Geometry‐derived Rk suppresses the excursions
that fixed R leaves untreated.
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Figure 4. Angular‐rate estimates (Fixed R, PnP Cov., GT) recovered
from pose‐only data without visible drift across the full 5930 s
trajectory.

Conclusion

Pose‐only DL measurements are elevated to full 6‐DoF motion (velocity + angular rate) via multiplicative Kalman
filtering.
The PnP‐reprojection covariance adapts the trust per frame, giving outlier robustness with less reliance on manual
safety tuning.
This measurement‐adaptive framework is distinct from innovation‐based adaptive filtering: Rk is set by the
geometric conditioning of the PnP problem, not by filter residuals.
Future work: learned covariance from keypoint detection heatmaps.
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