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Abstract. Missions to small bodies rely heavily on vi-

sual feature tracking for characterization and relative nav-

igation of the target body. While deep learning has led to

great advancements in computer vision, training and val-

idating data-driven models for space applications is chal-

lenging due to the limited availability of relevant anno-

tated data. Therefore, this paper introduces a large-scale

dataset comprised of over 100,000 annotated, real images

of 15 different small bodies captured during past and ongo-

ing missions. First, we perform an exhaustive evaluation

of both handcrafted and data-driven methods for feature

detection and description on small body imagery. Finally,

we train a deep feature detection and description network

using our data and demonstrate increased performance.

Introduction. There has been an increasing interest

in missions to small bodies due to their great scientific

value. In addition to planetary protection and resource

utilization, small bodies (e.g., asteroids, comets) are be-

lieved to be remnants from the solar system’s formation,

and studying their composition could provide insight into

the solar system’s evolution and the origins of organic life

on Earth.1 Due to their irregular shape, variable sur-

face properties, and long round-trip communication time,

accurate autonomous navigation is critical for safe and

precise maneuvering in the vicinity of a small body.

The current state-of-the-practice in small body relative

navigation relies on a manual approach where human op-

erators extract salient surface features from images ac-

quired during an extended characterization phase to es-

timate a collection of digital terrain maps (DTMs), local

topography and albedo maps. These topographic features

are then uplinked to the spacecraft and correlated with

onboard images to produce a navigation solution.2 This

lack of autonomy in current mission procedures limits mis-

sion capabilities and increases operational costs.

While automated feature tracking methods have been

investigated for autonomous small body relative naviga-

tion,3 researchers have had trouble capitalizing on recent

advances in deep learning due to the unavailability of rel-

evant, annotated data.4,5 To the best of our knowledge,

there exists no large-scale, annotated dataset comprised

entirely of real small body images. Indeed, previous work

has either relied entirely on simulated data6 or uncom-

prehensive (i.e., <150 images or restricted to a single

body) sets of real imagery.4,7 Moreover, operation in

space presents unique environmental (e.g., dynamic hard

lighting) and operational (e.g., significant scale and per-

spective changes) challenges that are likely not adequately

captured in datasets based on terrestrial imagery.

Therefore, this paper presents a large-scale dataset

comprised of over 110,000 densely annotated, real images

of 16 different small bodies from legacy and ongoing deep

space missions to facilitate the study of deep learning for

autonomous navigation in the vicinity of a small body.

The contributions of this paper are as follows: (i) we de-

velop a novel benchmarking suite and evaluate both hand-

crafted and data-driven feature detection and description

methods on real small body imagery; (ii) we perform end-

to-end training of a state-of-the-art, deep feature detec-

tion and description network on small body imagery and

demonstrate increased performance on our benchmarks.

Data Generation. We leverage publicly available im-

ages and ancillary data (i.e., camera pose, camera cali-

bration, shape models) from both legacy and active small

body missions provided through NASA’s Planetary Data

System (PDS).8 Shape models (i.e., watertight, triangu-

lar surface meshes) are developed as part of the relative

navigation pipeline of small body missions, typically con-

structed using stereophotoclinometry.9 We leverage high-

resolution shape models to generate dense depth maps for

each image, which are computed by backward-projecting

rays at each pixel in the image and recording the inter-

section depth between the ray and shape model. We also

estimate a mask of the occluded regions of the imaged

surface for training (see Figure 1).

Evaluation. Performance is evaluated on a per im-

age pair basis using the metrics Precision = #Inlier

Matches / #Putative Matches, Recall = #Inlier Matches

/ #Ground Truth Matches, and Accuracy = #Correct

Matches & Nonmatches / #Features. Each method is

limited to extract 5,000 features, and putative matches

are computed using mutual nearest neighbors (MNN).

Matches are verified by projecting each keypoint in the

first image into the second using the ground truth pose,

calibration, and depth map, and matches are verified by

checking that the projected coordinates are within 5 pix-

els of its match. Ground truth matches are registered if

there exists a keypoint within 5 pixels of the projected

image coordinate.

We benchmark both handcrafted (i.e., ORB10 and

SIFT11) and data-driven (i.e., SuperPoint12 and

ASLFeat13) features. These results are summarized in

Table 1. SIFT demonstrates competitive performance,

but suffers when applied to datasets with harsher illumi-

nation (i.e., Rosetta, OSIRIS-REx). SuperPoint achieves

high recall but low precision and generally under per-

forms with respect to all other methods except ORB.

ASLFeat consistently ranks among the top performing

methods with respect to all datasets. Therefore, we se-

lected ASLFeat for end-to-end training.

Learning Features from Small Body Imagery.

We train ASLFeat using a procedure similar to the

original implementation,13 where we use an approxi-
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Table 1. Feature performance with respect to pre-

cision (P), recall (R), and accuracy (A).

Dataset # Images Feature # Matches P R A

Cassini @ Epimetheus (Saturn XI) 133 ORB 890 14.2 9.2 5.9

SIFT 193 28.7 26.1 16.4

SuperPoint 405 11.8 21.6 4.9

ASLFeat 348 24.3 20.2 7.9

Cassini @ Mimas (Saturn I) 307 ORB 1115 10.8 6.3 5.2

SIFT 505 21.6 16.9 11.5

SuperPoint 178 14.5 17.4 8.1

ASLFeat 487 28.0 16.6 13.3

Dawn @ 1 Ceres 4182 ORB 1648 23.7 23.9 9.4

SIFT 1912 43.8 57.0 20.7

SuperPoint 513 42.6 71.5 20.3

ASLFeat 1865 57.1 64.7 24.2

Dawn @ 4 Vesta 1922 ORB 1262 21.4 19.0 8.3

SIFT 1097 41.1 46.7 18.5

SuperPoint 381 39.7 55.7 18.3

ASLFeat 1636 57.4 53.7 23.5

Hayabusa @ 25143 Itokawa 603 ORB 660 2.2 1.1 0.8

SIFT 207 4.1 3.0 2.0

SuperPoint 75 6.3 10.3 3.6

ASLFeat 272 9.9 6.3 4.0

OSIRIS-REx @ 101955 Bennu 2613 ORB 1631 7.2 4.8 3.5

SIFT 1491 12.9 11.1 6.9

SuperPoint 635 15.4 18.1 9.3

ASLFeat 1365 22.5 18.9 12.1

Rosetta @ 67P 1465 ORB 1132 1.8 0.8 0.6

SIFT 724 5.3 3.6 2.2

SuperPoint 218 6.3 8.1 2.8

ASLFeat 480 13.0 7.3 3.7

Rosetta @ 21 Lutetia 40 ORB 467 12.1 6.8 4.6

SIFT 261 23.7 25.6 10.8

SuperPoint 382 26.7 29.1 13.9

ASLFeat 971 42.9 26.2 17.2

mate 90/10 train/test split. We withhold data corre-

sponding to 4 different small bodies with variable sur-

face characteristics from training, i.e., Epimetheus, Mi-

mas, 25143 Itokawa, and 21 Lutetia. This will test the

network’s ability to reliably compute features upon ar-

rival at a previously unexplored body. The network is

also tested on held-out images of small bodies it ob-

served during training to emulate a scenario in which im-

ages obtained during earlier stages of a mission could be

used to train the network for feature extraction in later

phases. The ASLFeat model trained on small body im-

ages, i.e., ASLFeat-CVGBESM, is compared against the

pretrained model. These results are shown in Table 2.

ASLFeat-CVGBESMU consistently outperforms the pre-

trained model with respect to our metrics, with the ex-

ception of Rosetta @ Lutetia. Importantly, our model

achieves higher matching precision and recall on the novel

testing instances.
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(a) Image (b) Depth map (c) Mask

Figure 1. Example data products.

Figure 2. Qualitative comparison of matching performance on OSIRIS-REx @ 101955 Bennu (1st row),

Rosetta @ 21 Lutetia (2nd row), Cassini @ Epimetheus (3rd row), Rosetta @ 67P (4th row), and Dawn

@ 4 Vesta (5th row). Correct matches are drawn in green and the keypoints of incorrect matches are

drawn in red.
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