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ABSTRACT

The estimation of relative position and attitude (Pose) is necessary for enabling autonomous close
proximity operations of spacecraft visiting asteroids. This can be achieved by tracking surface
features of the target asteroid, but the tracking of these features is challenging due to the extreme
illumination conditions and uncertainties in the target’s motion and shape. To address these
challenges we apply Deep Learning networks to track keypoints in visible and thermal images of an
asteroid. We then develop a factor graph based Visual Odometry method to estimates the relative
pose of the spacecraft using the tracked keypoints and a LIDAR range measurement to remove
scale ambiguity. Sensor data fusion of visible and and thermal images is achieved using the factor
graph to enable robustness to the extreme illumination conditions. We show that DL and factor
graph based VO are able to accurately estimate the relative pose at low sun phase angles, while
thermal images and sensor fusion provide robustness to higher sun phase angles. Finally we test
the developed method on real images of Ryugu from the spacecraft Hayabusa2, and successfully
demonstrate the the DL networks can adapt to real images.

Keywords: Artificial Intelligence, Deep Learning, Sensor Data Fusion, Asteroid Navigation

Nomenclature

Ω = Angular velocity of asteroid
F𝐼 , = Inertial reference frame
F𝑠𝑐, = Spacecraft/camera reference frame
F𝐴, = Asteroid fixed reference frame
𝑅𝑠𝑐 = Rotation of the spacecraft/camera fixed frame
𝑅𝐴 = Rotation of the asteroid fixed frame
𝑟𝑠𝑐 = Spacecraft position in inertial reference frame
𝑣𝑠𝑐 = Spacecraft velocity in inertial reference frame
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𝐿 = Position of Landmark in asteroid fixed frame
𝐷𝑎𝑠𝑡𝑒𝑟𝑜𝑖𝑑 = Asteroid mean diameter
𝑋 = Spacecraft asteroid state
𝐾 = Camera intrinsic matrix

1 Introduction
Missions to explore asteroids are complex and require advanced navigation systems to be developed

for their success. The navigation system, which is responsible for estimating the relative state of the
spacecraft to the target asteroid has several requirements. The navigation system must be autonomous
due to the long round trip communication time with Earth. It must be able to estimate the relative position
and attitude of the asteroid. It must be robust to the extreme lighting conditions and uncertainties in the
asteroid’s motion and shape.

Previous asteroid exploration missions have developed unique asteroid relative navigation systems,
using vision based navigation techniques. JAXA’s Hayabusa2 mission used fiducial markers that were
deployed to the surface of the asteroid Ryugu before descent operations began[1]. NASA’s OSIRIS-REx
mission developed a natural feature tracking system that used a shape model of the target asteroid, Bennu,
to render an image from the current estimate spacecraft pose. The difference between the rendered image
and an image captured at the same time is then used to update the estimation of pose[2]. Hera, ESA’s
mission to visit the Didymos binary asteroid system will employ Lambertian sphere correlation[3] for
relative position estimation and Kanade–Lucas–Tomasi (KLT) [4] feature tracking for pose estimation
[5].

All of these navigation systems rely on conventional computer vision techniques, however AI based
methods, that use Deep Learning (DL) significantly outperform conventional methods for many com-
puter vision problems including image segmentation and classification[6], and feature extraction and
matching[7]. DL networks that have been developed for terrestrial feature tracking have been demon-
strated to be effective at extracting and matching features from images of asteroids [8, 9]. Different
Convolutional Neural Network (CNN) Architectures are used to extract and describe image features
from asteroid images and matched using mutual nearest neighbour matching. The features extracted by
the CNN architectures are demonstrated to outperform conventional feature extractors (ORB[10] and
SIFT[11]) for precision and recall.

Image feature extraction and matching alone are not sufficient for pose estimation, they must be used
as part of Visual Odometry (VO) and visual Simultaneous Localization And Mapping (vSLAM) methods
to track a camera’s pose relative to an environment. A two step process is used, consisting of a front end,
responsible for matching image features, and a back end, responsible for mapping and estimating relative
motion from the matched features[12]. VO and vSLAM methods have been developed for asteroid
navigation and two main types of methods have been explored, filter based methods and graph based
methods. Razgus et al. use a dual quaternion quantification of the state with and Extended Kalman Filter
(EKF)[13]. Ma et al. use an EKF to develop a hovering vision based control around an asteroid[14].
A factor graph based vSLAM method has been developed by Dor et al. [15], using ORB features to
estimate relative pose of a spacecraft.

The feature extraction methods explored in [8, 9] only use visible images, but more recent missions
to asteroids, including Hayabusa2, Hera, and RAMSES have thermal cameras. This allows the potential
use of sensor data fusion, the process by which data from multiple different sensor sources is combined
to provide an improved measurement[16]. We explore how thermal and visible images can be fused
to improve the relative pose estimation and its effect on the navigation’s robustness to extreme lighting
conditions. Visible images provide higher quality images with clear shadowing, while thermal images
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provided robustness to poor illumination conditions. An asynchronous image fusion method is considered
because it is not possible to guarantee the simultaneous capture of images onboard

In this work we explore how DL networks can be used to extract and match keypoints in visible and
thermal images. We then develop a factor graph implementation to estimate relative pose from these
matched features and to carry out sensor data fusion. With the trained DL networks and factor graph we
have developed both the front end and back end of a VO method for navigation around an asteroid and
we test it on images of the asteroid Ryugu.

2 Method
The method covers the DL networks employed, the factor graph implementation, the sensor data

fusion architecture, and how they are combined for VO to estimate the relative pose of the spacecraft to the
asteroid. Figure 1 shows the basic VO pipeline in which keypoint matches are used to add measurement
factors to asteroid and spacecraft states, while propagation factors are used to add the relative dynamics
between states.

Fig. 1 VO pipeline using matched keypoints from the DL network to update state, X.

2.1 Deep Learning Extraction and Matching of Keypoints
The DL networks are responsible for tracking landmarks on the surface of the asteroid. Landmarks are

fixed surface features on the asteroid which are tracked using the matching of keypoints, which represent
the location of the landmark in a given image. Two networks are used in the process of extracting and
matching keypoints. The Superpoint network [17] is used to extract and describe keypoints in a single
image. It is a CNN architecture that encodes the image to a feature space and then decodes it to keypoints
and descriptors. Keypoints are learned salient points that are identifiable between images, and descriptors
are vectors which describe the landmark a keypoint is on, so that it can be matched between images.
The Lightglue network[18] is then used to match the extracted keypoints from a pair of images. It is a
transformer architecture which uses self-attention on descriptors and keypoints from the same image and
cross-attention for descriptors and keypoints between the images to match them. The combination of
the two networks is shown in Figure 2 where keypoints and descriptors are extracted from a visible and
thermal image before being matched by the Lightglue network.

To train the DL networks a synthetic dataset of images with ground truth correspondence between
pixel locations was generated as follows. A set of pose pairs were generated with the characteristics
defined in Table 2, while the parameters physical meanings are shown in Figure 3. Initial pose sun phase
angle is the angle between the position vector at pose 1 and the sun position vector. The Off Nadir rotation
is the magnitude of the rotation of the pose away from the nadir, as the result of 3 successive Euler angle
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Fig. 2 Diagram of the structure used to extract and match keypoints using the Superpoint and LightGlue
models

Table 2 Details of the parameters used when generating pose pairs for training the DL networks

Parameter Minimum Maximum
Initial Pose Range (km) 1 8

Initial Pose Sun Phase Angle (𝑜) 0 50
Final Pose translation (%) 0 40

Off Nadir rotation (𝑜) 0 3

rotations. The final pose translation is how large a change in position can occur between pose 1 and pose
2 as a percentage of the original position. A Synthetic dataset of 30,000 pairs of poses is generated with
some random camera pose change between the pair. For each pose in the pair a thermal and visible image
is generated using ESA’s Planet and Asteroid Natural Scene Generation Utility (PANGU) software1. The
ground truth correspondence of the keypoints extracted in these images can be found using the change
in pose and a depth map for each image. The asteroid chosen for image generation is Ryugu due to
the availability of real visible and thermal images of Ryugu from the Hayabusa2 mission from NASA’s
Planetary Data System[19].

Two different networks are trained using the same architecture but different training inputs. Visible
only image inputs are used to train a visible to visible keypoint matcher. Thermal only image inputs are
used to train a thermal to thermal keypoint matcher. The networks are trained for 30 epochs with a batch
size of 32 pose pairs on the synthetic dataset with 26,000 pose pairs used for training and 4,000 reserved
for validation.

2.2 Factor graph VO fundamentals
Factor graphs provide a powerful tool for solving VO and SLAM problems, by allowing the combi-

nation of many non linear measurements into a single graph, and with the ability to effectively optimise
the full estimated trajectory to match these measurements. A factor graph consist of variables, stored
in nodes, and factors which connect nodes. The variables are used to store the values to be estimated,
such as the spacecrafts position or a landmarks location on the surface of the asteroid. The factors store
measurement information and connect the variables which effect that measurement, Figure 4 shows how
landmark and state nodes are connected using measurement and propagation factors. A factor will have
a measurement, 𝑧, and a function, ℎ, which estimates the measurement, 𝑧, from the connected variables.

1STAR-Dundee: Planet and asteroid natural scene generation utility, 2025. https://pangu.software/.
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Fig. 3 Diagram showing a pair of poses with the relevant details used for the dataset generation. Sun
phase angle is the angle between the initial position vector and the sun vector, Off nadir rotation is the an-
gle between the nadir direction and the z direction of the pose.

Navigation using a factor graph is achieved by finding the state which minimises the error between 𝑧
and 𝑧. More specifically the total error of the graph is found using Equation 2, where 𝑍 is the full set
of measurements, 𝑋 is the full set of variables, and 𝑃𝑖, 𝑗 is the covariance of a given factor connecting
variables i and j. The minimisation of 𝐸 (𝑍, 𝑋) is done using a least squares optimisation method,
using the Jacobians of the measurement functions [20]. We now develop a factor graph implementation
applicable to asteroid relative navigation using the matched keypoints from the DL networks.

𝑒𝑖 𝑗 = 𝑧𝑖 𝑗 − 𝑧𝑖 𝑗 (1)

𝐸 (𝑍, 𝑋) =
∑︁
𝑖, 𝑗 ,𝑖≠ 𝑗

𝑒𝑖, 𝑗𝑃
−1
𝑖, 𝑗 𝑒

𝑇
𝑖, 𝑗 (2)

Fig. 4 Pose landmark graph, showing relation between states 𝑋𝑖 , and landmarks 𝐿 𝑗 using measurements
𝑧𝑖, 𝑗 , where the measurements are keypoint position measurements at different states.
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2.3 Factor Graph Implementation
The values necessary for navigation of the spacecraft are the spacecrafts position and velocity in the

inertial reference frame, the asteroid reference frame’s attitude to the inertial frame, and the spacecraft’s
attitude to the inertial frame. The following simplifying assumptions are made to simplify the design of
the factor graph. The first assumption is that the spacecraft’s attitude to an inertial reference frame can
be found to a high degree of accuracy from the attitude determination and control system (ADCS). The
second assumption is that the asteroid’s rotation is constant and around a single axis. A final assumption
is made that the features on the surface do not move relative to an asteroid fixed rotating reference frame.

Fig. 5 Diagram of the reference frames and vectors which are defined for the estimation of relative pose.

In Figure 5 the relevant variables are shown: the asteroid reference frame, F𝐴, defined relative to
the inertial frame by the rotation 𝑅𝐴; The asteroid’s angular velocity, Ω, defines the change in 𝑅𝐴 with
time; The spacecraft (camera) reference frame, F𝑠𝑐, defined relative to the inertial frame by the rotation
𝑅𝑠𝑐; the relative position of the spacecraft to the centre of the asteroid in the inertial reference frame,
𝑟𝑠𝑐; the spacecraft’s velocity in the inertial frame, 𝑣𝑠𝑐; the position of the landmark in the asteroid fixed
reference frame, 𝐿. The values 𝑅𝐴,𝑟𝑠𝑐, 𝑣𝑠𝑐 form the spacecraft asteroid state, 𝑋 , and are estimated for
each image input, Ω also forms part of the spacecraft asteroid state—but because it is assumed to have
a constant value is only estimated once, 𝑅𝑠𝑐 is assumed to be known from the ACDS system and is not
estimated, and the set of landmarks 𝐿 form a map. To estimate the values of these variables and therefore
the relative pose it is necessary to develop a factor relating them. This is done using the matched keypoint
information. A chain of matched keypoints belong to the same single landmark and for an image at
a given time the expected pixel position of the keypoint corresponding to the landmark in the camera
frame is given by Equation 3, where 𝐾 is the camera intrinsic matrix, 𝑅𝑠𝑐 is the rotation matrix from the
spacecraft (camera) frame to the inertial frame, 𝑅𝐴 is the rotation from the asteroid frame to the inertial
frame, 𝐿 is the position of the landmark in the asteroid frame and 𝑟𝑠𝑐 is the position of the spacecraft
relative to the asteroid in the inertial frame.

ℎ(𝑋, 𝐿) = 𝐾𝑅𝑠𝑐−1(𝑅𝐴𝐿 − 𝑟𝑠𝑐) (3)

This is sufficient for keypoint measurement factors but it is desirable to use knowledge of the
spacecraft dynamics to help track the relative pose. Factors relating the state of the spacecraft and
asteroid at different times are shown in Figure 6. Propagation factors, 𝐹𝑖, 𝑗 are used to relate the state
of the spacecraft at different times, and are developed using the 2 body problem formulation. Rotation
factors, 𝐺𝑖, 𝑗 , are developed using the asteroid state at attitude at a given time and the asteroid’s estimated
angular velocity.

Propagation factors are implemented using the error between a spacecraft state at a node 𝑗 , 𝑥 𝑗 , and
the propagated spacecraft state from a prior node 𝑖 to node 𝑗 , 𝑥 𝑗 . This is shown in Equation 4, where 𝑥 𝑗 is
calculated as shown in Equation 5. The spacecraft state for a given node is defined in Equation 6, where
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Fig. 6 Factor graph of propagation for three states, where each state 𝑋 contains the spacecraft position,
𝑟𝑠𝑐, and velocity, 𝑣𝑠𝑐, and the asteroid’s attitude 𝑅𝐴. The factor 𝐺𝑖, 𝑗 relates the rotation and angular veloc-
ity states, 𝐹𝑢, 𝑗 relates the spacecraft’s motion in the inertial frame, 𝑧𝑖,𝑎 and 𝑧 𝑗 ,𝑏 are measurement factors
from a matched keypoint.

𝑣𝑠𝑐 is the spacecraft’s velocity in the inertial frame. Equation 7 shows 𝐹𝑠𝑐 is the state transition matrix
according to the two body problem, where 𝜇 is the standard gravitational parameter of the asteroid and
𝑑𝑡 is the time step between nodes 𝑖 and 𝑗 .

𝑒𝑖 𝑗 = 𝑥 𝑗 − 𝑥 𝑗 (4)

𝑥 𝑗 = 𝑓 (𝑥𝑖) = 𝐹𝑠𝑐𝑥𝑖 (5)

𝑥 = [𝑟𝑥 , 𝑟𝑦, 𝑟𝑧, 𝑣𝑥 , 𝑣𝑦, 𝑣𝑧]𝑇 (6)

𝐹𝑠𝑐 =



1 0 0 𝑑𝑡 0 0
0 1 0 0 𝑑𝑡 0
0 0 1 0 0 𝑑𝑡

− 𝜇

|𝑟 |3 𝑑𝑡 0 0 1 0 0
0 − 𝜇

|𝑟 |3 𝑑𝑡 0 0 1 0
0 0 − 𝜇

|𝑟 |3 𝑑𝑡 0 0 1


(7)

The asteroid rotations, 𝑅𝐴, describe the 3D rotation between the inertial frame and the asteroid fixed
frame and belong to the group of 3D rotations, 𝑅𝐴 ∈ 𝑆𝑂 (3). 𝑆𝑂 (3) is a lie group used to describe
rotations in 3D space using a matrix with a determinant of 1 and has a lie algebra 𝔰𝔬(3) which describe
an equivalent rotation using a vector with a direction parallel to the axis of rotation and a magnitude
equal to the size of the rotation. Relating the Lie group 𝑆𝑂 (3) and lie algebra 𝔰𝔬(3) are a logarithmic
map, 𝑙𝑜𝑔(𝑌 ), and Exponential map 𝑒𝑥𝑝(𝑦) which exist such that:
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𝑌 = 𝑒𝑥𝑝(𝑦), 𝑦 = 𝑙𝑜𝑔(𝑌 ), 𝑌 ∈ 𝑆𝑂 (3), 𝑦 ∈ 𝔰𝔬(3) (8)

The rotation factors, 𝐺, relate two consecutive asteroid rotation frames using the estimated angular
velocity,Ω, and the time step, 𝑑𝑡. The error associated with a given rotation factor is described in Equation
9, where the error, 𝑒𝑖 𝑗 ∈ 𝔰𝔬(3), is the difference in local coordinates of 𝑅𝐴, 𝑗 ∈ 𝑆𝑂 (3) the estimated
asteroid rotation matrix at 𝑗 and 𝑅̂𝐴, 𝑗 ∈ 𝑆𝑂 (3) is the propagated asteroid rotation matrix. Finally the ⊖
operator represents the general difference operator and its formulation for 𝑆𝑂 (3) is described in 10.

𝑒𝑖, 𝑗 = 𝑅̂𝐴, 𝑗 ⊖ 𝑅𝐴, 𝑗 (9)

𝑅̂𝐴, 𝑗 ⊖ 𝑅𝐴, 𝑗 = 𝑙𝑜𝑔𝑀𝑎𝑝(𝑅𝐴, 𝑗−1𝑅̂𝐴, 𝑗 ) (10)

𝑅̂𝐴, 𝑗 is propagated from 𝑅𝐴,𝑖, Ω, and 𝑑𝑡 as shown in the Equations 11 and 12, note that Ω𝑑𝑡 ∈ 𝔰𝔬(3).

𝑅̂𝐴, 𝑗 = 𝑔(𝑅𝐴,𝑖,Ω) (11)

𝑔(𝑅𝐴,𝑖,Ω) = 𝑒𝑥𝑝𝑀𝑎𝑝(Ω𝑑𝑡)𝑅𝐴,𝑖 (12)

Two additional types of factors are included, prior factors and unary factors. Prior factors are used to
add a-priori estimated state information information: the initial position, initial velocity, initial asteroid
rotation, and angular velocity. Unary factors are used to add measurements which are only dependent
on a single variable. The unary measurement factor is used to include a LIDAR range measurement,
with the measurement function shown in Equation 13, where 𝐷𝑎𝑠𝑡𝑒𝑟𝑜𝑖𝑑 is the mean diameter of the target
asteroid

ℎ𝑟𝑎𝑛𝑔𝑒 (𝑟) = | |𝑟 | | − 𝐷𝑎𝑠𝑡𝑒𝑟𝑜𝑖𝑑

2
(13)

2.4 Sensor Data Fusion
To carry out the asynchronous sensor data fusion of visible images and thermal images the basic

pipeline for developing the factor graph from matched keypoints is modified. Sensor data fusion is
integrated into the the factor graph using matches between the two different image types to update a
common state. Figure 7 shows how the asynchronous implementation of VO where the keypoint matches
between the visible images and thermal images are found using the respective DL network. These then
form two sets of landmarks which are used to update a common set of asteroid spacecraft states, 𝑋 . This
method allows for sensor data from visible and thermal images to be fused without any requirements on
the order of the image types or the time between the different image types.

2.5 Implementation details
The VO implementation is achieved using the Georgia Tech Smoothing And Mapping (GTSAM)

Library[21], with GTSAM’s non-linear factor graph used to construct the graph and Levenberg–Marquardt
algorithm to optimise the values. Incorrect keypoint matches will negatively effect the pose estimation,
so to reduce the number of incorrect keypoint matches a minimum consecutive matches metric is used
before a landmark can be included in the factor graph. Additionally a Huber loss metric [22] is used for
the keypoint error loss, which improves the factor graph’s robustness to outliers. The factor graph are
optimised a-posteriori after all measurements have been made, which is representative of an offline pose
estimation scenario.
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Fig. 7 VO pipeline used for asynchronous fusion of visible and thermal keypoint matches. Keypoint
matches are made between individual image types forming and a factor graph is made with a set of visi-
ble landmarks, 𝐿𝑉 , and thermal landmarks 𝐿𝑇 , and spacecraft asteroid States, 𝑋 , which are linked with
propagation factors, to achieve the sensor fusion.

3 Results

3.1 DL Benchmarks
Benchmarks are used to assess the performance of the DL models individually and for the full VO

method. The metrics used to assess the DL networks are Precision, Recall, and the Average Precision.
The Precision, P, is defined in equation 14, where correct matches are the true keypoint matches that are
identified by the network and incorrect matches are the keypoint matches which are identified but are
between different keypoints. The Recall, R, is defined in equation 15, where missed matches are when
a keypoint exists in both images but is not matched by the DL network. The average precision, AP, is a
combined metric that measures the area under the precision recall curve and is defined in 16.

𝑃 =
Correct Matches

Correct Matches + Incorrect Matches
(14)

𝑅 =
Correct Matches

Correct Matches + Missed Matches
(15)

𝐴𝑃 =

∫ 1

0
𝑃𝑑𝑅 (16)

3.2 DL Training Results
The initial results for the training of the DL networks are shown in Table 3. Both networks achieve

a high level of performance, with Visible network achieving the highest performance in precision while
thermal only network achieves the highest performance in recall and average precision.
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Table 3 Results of initial training of DL networks on synthetic dataset, the best score in each metric is
indicated with Bold text.

DL Network Precision Recall Average Precision
Visible 0.942 0.922 0.848
Thermal 0.932 0.966 0.872

3.3 Visual Odometry Trajectories

Fig. 8 The spacecraft’s relative position to the asteroid in the inertial frame, 𝑟𝑠𝑐, shown by the GT tra-
jectory and the trajectories estimated from Visible image VO with LIDAR range measurements and esti-
mated from propagation only.

Fig. 9 The Euler Angles for the Asteroid’s attitude, 𝑅𝐴, shown by the GT and the Euler angles estimated
from Visible image VO with LIDAR range measurements and estimated from propagation only.

To assess the performance of the VO using the factor graph and the DL keypoint matches, two
trajectories were generated with a semi-major axis of 6.5km, the first trajectory with a low sun phase
angle, and the second trajectory with a high sun phase angle. PANGU was used to generate the visible and
thermal images using the parameters of the visible camera, ONC-T, and thermal camera, TIRI, both of
which are instruments on Hayabusa2. The spacecraft’s estimated position for the first generated trajectory
is shown in Figure 8 and the asteroid’s attitude is shown in Figure 9. The VO is achieved using the visible
keypoint matching and the LIDAR range measurement, and is compared to the Ground Truth (GT), and
the propagated trajectory from the initial state provided to the factor graph. The factor graph is initialised
with a 10% error in the spacecraft’s position, 0.1% in the magnitude of the angular velocity, and a 15𝑜
error in the angle of rotation. It can be clearly seen that the Visible image based VO method significantly
improves the position and attitude estimation over propagation from the initial estimate only.
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3.4 Visual Odometry Results

Fig. 10 Error in position estimation in LHLV frame showing the performance VO with LIDAR range
measurement using Visible, Thermal, and Fusion keypoint matching relative to propagation only. The
trajectory used has a low sun phase angle.

The performance of the three different keypoint matching methods — visible only, thermal only, and
fusion— used for VO are shown in Figures 10 and 11. Lidar range measurements are also used in the
factor graph to remove ambiguity in scale. In figure 10 the errors in the positions relative to the ground
truth are shown in the Local Horizontal Local Vertical Frame (LHLV). The methods can all be seen to
achieve a similar level of accuracy in the radial direction. In the along track and cross track directions
fusion performs the best, with visible only matching achieving slightly lower performance, and thermal
only performing worst, with an error almost double the size of fusion.

Fig. 11 Error in the Euler Angles of the estimated asteroid’s attitude relative to the inertial reference
frame showing the performance of VO with LIDAR range measurement using Visible, Thermal, and Fu-
sion keypoint matching relative to propagation only. The trajectory used has a low sun phase angle.

In figure 11 the error in the Euler angles is shown between the 3 different matching types and the
propagation only method. The VO method significantly improves the estimation of the asteroid’s attitude
in the X and Y Euler angles (the directions with the most significant initial error) achieving < 1𝑜 error
from an initial estimate that has > 20𝑜 error. In the Z direction, the VO methods also improves the attitude
estimation, although by a relatively smaller amount.

The results for the second high sun phase angle trajectory are shown in Figures 12 and 13. Figure 12
shows to position error in LHLV where it can be seen all the methods perform significantly worse than for
the low sun phase angle trajectory, with errors in the range of 200-400m in the cross track and along track
directions. The error also increases in the estimation of the asteroid’s attitude, most significantly when
using visible only keypoint matching, while thermal only and fusion based matching achieve similar
levels of performance, although still significantly worse than the low sun phase angle performance.
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Fig. 12 Error in position estimation in LHLV frame showing the performance VO with LIDAR range
measurement using Visible, Thermal, and Fusion keypoint matching relative to propagation only. The
trajectory used has a high sun phase angle.

Fig. 13 Error in the Euler Angles of the estimated asteroid’s attitude relative to the inertial reference
frame showing the performance of VO with LIDAR range measurement using Visible, Thermal, and Fu-
sion keypoint matching relative to propagation only. The trajectory used has a high sun phase angle.

Fig. 14 Error in the Euler Angles of the Ryugu’s estimated attitude relative to the inertial reference
frame showing the performance of Visible image VO with LIDAR range measurement on Real and Syn-
thetic images of Ryugu.

Real images from the spacecraft Hayabusa2 are used to validate the visivle DL model and VO
method. Real images are gathered from NASA’s Planetary data system [19], while matching synthetic
images are generated from the trajectory using PANGU. The trajectory was found using the Hayabusa2
SPICE kernels[23] and a 0.1% in the magnitude of the angular velocity, and a 15𝑜 error in the angle
of rotation is introduced to reflect the initial uncertainties in the rotational state of Ryugu[24]. Figure
14 shows the errors in the Euler angles of the attitudes estimates using visible and synthetic images.
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Fig. 15 GT and estimated spacecraft position using visible only VO on real and synthetic images.

The method used for navigation is VO with LIDAR and visible image only keypoint matching. The VO
method significantly improves the attitude estimation relative to the propagation only method, achieving
a < 6𝑜 error in all Euler angles. The VO method achieves similar levels of performance on the real and
synthetic images, demonstrating that the DL network is able to adapt between real and synthetic images.
Figure 15 shows the spacecraft’s GT and estimated position in the inertial reference frame, where no
initial position error is introduced. The position error of the VO method increases for Real and Synthetic
images, and for propagation only showing that there are limitations in the performance of the method as
it is applied to real trajectories.

4 Discussion
The VO method is shown to be able to effectively track surface features and estimate the pose of the

spacecraft for a low sun phase angle trajectory. From an initial estimate with a large error the method is
able to correct the position estimation error to within < 5% of the range, and the error in the asteroid’s
attitude to < 2𝑜. This demonstrates that DL is able to provide sufficiently accurate keypoint matches
for pose estimation, and that a factor graph based VO formulation is able to effectively adapt to a large
initial error. When tested on a higher sun phase angle trajectory, in which illumination conditions are
worse, the VO has a larger error, especially for visible only keypoint matching. Thermal and fusion based
VO are more robust to adverse illumination conditions, but there is still a drop in performance when
using thermal and fusion VO at high sun phase angles showing that they are still affected by illumination
conditions, so additional work must be completed to improve the performance or operations limited to
only high sun phase angle trajectories. Fusion based matching doesn’t appear to significantly improve the
performance of pose estimation over visible VO at low sun phase angles or improve over thermal VO at
high sun phase angles, but it does achieve relatively low errors in both cases, where visible and thermal
only perform best in one case. This shows that fusion VO achieves the aim of providing the best of both
the individual sensor types.

The use of the VO method for estimating Ryugu’s attitude using synthetic and real images results
show that the visible DL network trained on PANGU images is able to adapt to real images, demonstrated
by the small difference in performance on real and synthetic images. This is primarily due to the PANGU
images generated for training being highly representative of the real asteroid images. The performance
of VO still drops when used on the real trajectory, but because it is demonstrated this is not due to the
DL networks, it instead must arise from differences in the trajectory, unmodeled dynamics, and image
capture rates.

Errors in the radial position estimation remain similar and fairly small, primarily determined by the
LIDAR range measurement, while the errors in position estimation in the along track and cross track
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direction can get significantly larger, likely arising from the landmarks not being directly constrained to
the correct distance from the asteroid’s centre, but instead their position is inferred from the spacecraft’s
and asteroid’s motion. To address the cross-track and along-track errors the use of a centroid measurement
could be considered, which directly constrain spacecraft position, or the use of loop closure methods to
constrain the positions when the spacecraft revisits previous locations over the asteroid.

5 Conclusions
In this work we have demonstrated the use of DL for matching keypoints between images of an asteroid

combined with a factor graph based visual odometry method estimate the relative pose of a spacecraft
to an asteroid. We are able to use the factor graph to effectively fuse visible and thermal keypoint
measurements, as well as fusing LIDAR range measurements. We show that the use of thermal images
and sensor fusion improve the performance of navigation under adverse illumination conditions. We have
shown that the VO method can improve the attitude estimation on real asteroid images, demonstrating
the ability of the visible DL model to generalise to real images.

Future work on the development of the factor graph should explore the use of loop closure and the use
of the Incremental Smoothing And Mapping (ISAM) engine available through GTSAM. Loop closure
will improve the pose estimation by reducing drift over long periods achieving a full SLAM method,
while ISAM will allow for faster execution of the method allowing for online implementation. The use of
real thermal images from Hayabusa2 should be used to test the Thermal and Fusion VO methods on real
trajectories, to demonstrate the generalisability of the thermal DL model. Additionally a larger number
of trajectories, both real and synthetic, should be used to test the VO method to help characterise its
performance under different conditions.
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