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Introduction

This work presents an Online Supervised Training (OST) method to enable robust vision-
based navigation about a noncooperative spacecraft. Spaceborne Neural Networks (NN) are
susceptible to domain gap as they are primarily trained with synthetic images due to the
inaccessibility of space. OST aims to fully close this gap by training a pose estimation NN
online using incoming flight images during Rendezvous and Proximity Operations (RPO). The
pose pseudo-labels for supervised fine-tuning are provided by the onboard navigation filter
which tracks the target’s relative orbital and attitude motion by using the NN as its
measurement module. The experiments on real hardware-in-the-loop trajectory images
show that OST can improve the NN performance on the target image domain given that OST
is performed on images of the target viewed from a diverse set of directions during RPO.

The project website is available at https://taehajeffpark.com/ost/
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In order to accommodate as dynamic range as possible, all the way from the docking range
to as far as the distance at which the target appears barely resolved, the image is first
cropped around the target using the bounding box estimated from either the onboard filter
or a separate object detection NN. The cropped image is then resized and fed into a NN
which outputs heatmaps around the known surface keypoints of the target spacecraft.
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Given the inaccessibility of the space environment for data collection, NNs for
spaceborne computer vision are generally trained offline using the synthetic
images created with a graphics renderer such as OpenGL. For example, the
synthetic images of the SPEED+ dataset [2] can be used to train a NN for
monocular pose estimation of a non-cooperative spacecraft. Then, without spaceborne
images to validate its performance, the Hardware-In-the-Loop (HIL) images from the robotic
testbed such as TRON at SLAB [3] can be used as on-ground surrogates of otherwise
unavailable flight images for robustness evaluation.
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The SHIRT dataset [4] instead consists of two RPO trajectories in sun-synchronous LEO with
two image domains: synthetic and lightbox. It is used for 1) offline robustness evaluation
of the navigation filter with the NN as its measurement model and 2) performing OST. Note
that ROE1 is more difficult as the target is located at a nearly constant distance from the
camera while rotating along a single axis parallel to the image plane.
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OST is performed by first predicting the heatmaps from an input flight image. The heatmaps
are converted to keypoint measurements and uncertainties, and they are provided to the
onboard navigation filter which performs time update, measurement update, outlier rejection
and process noise update (see paper). The a posteriori state estimates are then used to
generate heatmap pseudolabels by drawing a Gaussian blob around the keypoint locations.
Finally, the NN is trained with a mean squared error loss function. The training only involves
a single round of backpropagation on a single image to minimize incurred computational
overhead. In this work, the training frequency is manually set to every 10 images.
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The performance improvement is most visible on a more difficult ROE1 scenario, where
activating OST significantly improves the filter’s orientation estimates.
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Different levels of domain gap are simulated by prematurely ending the training of a NN, and
the filter's steady-state errors for translation and orientation components are shown. We can
see that the NN trained for only 10 epochs out of a 30-epoch training schedule already
improves the overall filter steady-state errors. Moreover, the orientation error is equivalent
to that of the filter evaluated on synthetic images of the same trajectory (black horizontal
lines), suggesting that OST fully closes the domain gap for orientation prediction.
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As NN is subject to longer duration of OST, its steady-state performance on SHIRT

trajectories decreases monotonically, indicating overfitting to images encountered in RPO.
However, its performance on SPEED+ lightbox images remains about the same, indicating
the performance improvement is not at the expense of loss of generalizability. In fact, on
ROE2, its performance on SPEED+ decreases, indicating the geometric diversity in OST
training images can improve the general performance across the test domain.

In the future, the proposed OST will be evaluated on much longer trajectories with HIL
images in order to properly investigate the long-term coupling effect of OST and the
navigation filter. Furthermore, OST will be improved by better reflecting the filter state
uncertainties and incorporating more rigorous criteria to schedule OST during proximity
operations.
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