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Abstract— In an asteroid exploration and sample return
mission, accurate estimation of the shape and motion of the
target asteroid is essential for selecting a touchdown site and
navigating a spacecraft during touchdown operation. In this
work, we present an automatic estimation method for the shape
and motion of an asteroid, which is planned to be tested in
future exploration missions including Japanese Hayabusa-2 [1].
Our task is to estimate the shape and rotation axis of the
asteroid, as well as positions of the spacecraft from optical
images. The proposed method is based on the expectation
conditional-maximization (ECM) framework that consists of an
auxiliary particle filter and nonlinear optimization techniques.
One of our technical contributions is the estimation of the
direction of rotation axis of the asteroid from monocular
camera images, which are taken by the moving spacecraft. We
conducted two experiments with synthetic data and an asteroid
mock-up to show the validity of the proposed method and to
present the numerical accuracy.

I. INTRODUCTION
Asteroid touchdown and sample return are one of the most
exciting and challenging space exploration missions. In the
past related missions such as Japanese asteroid exploration
by Hayabusa, large parts of the spacecraft navigation in the
approaching phase were conducted manually by the operators
on the ground [2]. Needless to say, a fully autonomous
navigation is desirable in the upcoming missions, from the
viewpoints of operator’s workload. Indispensable elements
in the vision-based autonomous navigation are the geometric
model and the detail of rotation axis of the target asteroid.
As it is impossible to estimate them precisely by direct
observation from the earth, we have to do it from the
optical images sent by the spacecraft after it arrives in
the proximity of the asteroid. However, this estimation is
not straightforward since not only the asteroid’s shape and
motion, but also the spacecraft’s pose are uncertain.
We are developing a fully automatic image-based navigation for future asteroid exploration missions, and planning
to test the new method in the mission of Japanese asteroid
explorer Hayabusa-2 [1]. So far, we presented a performance
evaluation of landmark tracking techniques for asteroids
[3], and an experimental work on fast geometry estimation
using an improved matrix factorization [4]. In this work, we
proposed a core part of an automatic navigation, that is, the
estimation of asteroid’s shape and direction of rotation axis
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Fig. 1. A brief summary of a scenario of a touchdown on an asteroid. In
this work, we focus on shape and motion estimation in Phase 1. Note that
the definition of Phases 1-3 is not general, and used only in this paper for
clarity.

using only an optical camera. Generally, a similar estimation
problem has been intensively studied and referred to as
monocular simultaneous localization and mapping (monocular SLAM) [5]. One of our technical contributions is the
modification for rotation axis estimation in a monocular
SLAM framework. We briefly introduced related literatures
in Section II.
A summary of a touchdown on an asteroid is depicted in
Figure 1. We defined Phases 1-3 for a descriptive purpose
in this paper, though we believe that this definition fits
actual missions in the past and the future. We assumed that
a spacecraft stays in a certain narrow area called ”home
position” above the rotating asteroid to take its images and to
estimate the shape and motion (Phase 1). Then, the spacecraft
descends to a touchdown site navigated using the asteroid
images (Phase 2). Approaching close enough to the asteroid
surface, the spacecraft is navigated using target markers until
touchdown (Phase 3). In this work, we focused on Phase 1
where active range sensors such as LIDAR do not work due
to a large distance between the spacecraft and the asteroid,
and that is why we developed a monocular framework.
The estimation will be processed on the ground, due to a
restricted computational resource of the spacecraft. Hence,
the estimation is done offline (a batch solution). The problem
is formulated at length in Section III.
The proposed method is based on the expectation

conditional-maximization (ECM) framework [6], in which
unknowns are iteratively updated until convergence. We
utilized an auxiliary particle filter to infer positions of a
spacecraft, while learning asteroid’s shape and direction of
rotation axis by nonlinear optimization techniques. Details
of the proposed method are described in Section IV, and
experimental results are presented in Section V.

(a)

II. RELATED WORK
The simultaneous localization and mapping (SLAM) has
been intensively studied in the robotics community for
decades [5]. In a general SLAM framework, a process
model and an observation model are given. The process
model presents a transition probability of robot’s states, and
the observation model tells how features are observed by
the robot. The SLAM problem is commonly solved using
filtering and smoothing techniques. For instance, FastSLAM
2.0 [7] utilizes a Rao-Blackwellized particle filter with an
improved proposal distribution, and incremental smoothing
and mapping (iSAM) [8] provides a smoothed solution with
linearized least squares.
There is a similar problem termed structure from motion
(SFM) in the area of computer vision [9]. The SFM refers
to a simultaneous estimation of camera poses and geometry
of a scene, and differs from the SLAM in that the SFM does
not require a model of camera’s kinematics or dynamics.
The SFM techniques often utilize nonlinear optimization, in
which projection errors of landmarks are minimized.
Several researchers have proposed methods for localization or for mapping with a rotating object. Bayard and Brugarolas [10] presented an on-board monocular localization
method for small body explorations. Augenstein and Rock
[11] proposed a robust localization and mapping technique
for a tumbling target. Cocaud and Kubota [12] have shown an
image-based navigation technique for small celestial bodies
based on RBPF-SLAM. However, these techniques do not
explicitly estimate motion parameters of a target. There are
some papers and thesis [13], [14], [15] that succeed at
estimating motion parameters, while they use range sensors
like a laser camera and a stereo camera, instead of bearing
(monocular) sensors.
III. PROBLEM FORMULATION
This section gives a problem formulation for shape and
motion estimation of an asteroid. We dealt with a SLAM
problem with a spacecraft hovering above the rotating asteroid. The spacecraft is slightly moving and controlled to
bring the asteroid into the center of the field of vision as
depicted in Figure 2. Thus, a dominant transition factor is
the asteroid’s rotation, and we treated the slight movement
of the spacecraft as a noise.
We assumed that the asteroid is rotating around a fixed
single axis without nutation, since there are some suggestions
of single axis spin of the asteroid 1999JU3, the target of
Hayabusa-2, such as [16]. Asteroid’s angular velocity is
supposed to be known in this paper, because the rotational
period can be estimated on the ground using lightcurve
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Fig. 2. A schema of spacecraft’s control policy above the asteroid (Phase
1). The spacecraft manages to bring the asteroid into the center of its field
of vision like (a) → (b). The scales in this figure are not correct.

data. For example, the rotational period of asteroid 1999JU3
is estimated to be approximately 7.63[hours] [17], [18].
Moreover, we assumed that the center of mass and the
geometric center are at almost the same point in the asteroid.
Hence, the motion parameter to be estimated is the direction
of rotation axis, which is difficult to estimate accurately by
direct observations from the earth.
We formulated the problem as shown in Figure 3. The
Markovian state xk (k = 1, . . . , M) is the kth spacecraft pose,
which consists of a unit quaternion qk and a translation
vector tk . The kth state represents a coordinate transformation
from the asteroid-fixed frame to the kth camera-fixed frame.
Note that the subscript k denotes a time and M is the
number of states, that is, the number of images to be used.
The rotation axis of the asteroid is represented in a vector
r (||r||2 = 1), and it affects the transition of the states x. The
parameter z(n) (n = 1, . . . , N) denotes the 3-D location of the
(n)
nth landmark on the asteroid surface, and the observation yk
denotes the 2-D location of the nth landmark observed by the
spacecraft with the kth pose (that is, a set {yk } corresponds
to the kth image). The input uk is the time interval between
the (k − 1)th and the kth images. Our task is to infer x and
to learn r and z from the observations y.
A. Transition model
The transition model used in this work is a kinematic
property of the spacecraft and the asteroid. This formulation
is useful because it can be calculated exactly in discrete
time. However, it requires an assumption that the rotation
axis observed by the spacecraft is almost constant, and it
holds when the total photographing period is short enough
compared to asteroid’s revolution period.
The transition model xk = f (xk−1 , r) is given by the
asteroid’s rotation and the noises as shown in Figure 4, and
formulated as follows:
qk

= q̄vr q̄uk qk−1 ,

(1)

tk

= tk−1 + vt ,

(2)

where quk represents asteroid’s rotation within the time
interval uk around the axis r, and qvr and vt are noises of

B. Observation model
(n)

The observation model yk = h(xk , z(n) ) is given by a
pin-hole camera model with a Gaussian observation noise
vo ∼ N (0, Σo ):
(n)

ỹk = K[R(qk )|tk ]z̃(n) + [vTo 1]T ,

(3)

where K is camera’s intrinsic matrix, and the extrinsic matrix
[R(qk )|tk ] is


q20 + q21 − q22 − q23
 2(q1 q2 − q0 q3 )

 2(q1 q3 + q0 q2 )
0
(n)

Note that ỹk
Fig. 3. The problem formulation graphically represented. xk is the kth
state of the spacecraft. r is the axis of rotation. z(n) is the 3-D location of
the nth landmark. ynk is the 2-D location of the observed nth landmark. uk
represents a time interval between kth and (k − 1)th states.

2(q1 q2 + q0 q3 )
q20 − q21 + q22 − q23
2(q2 q3 − q0 q1 )
0

2(q1 q3 − q0 q2 )
2(q2 q3 + q0 q1 )
q20 − q21 − q22 + q23
0


t1
t2 
.
t3 
1

and z̃(n) are in homogeneous coordinates.
IV. PROPOSED METHOD

The proposed estimation method consists of an auxiliary
particle filter to infer x, a minimization of projection error
to learn z, and a minimization of transition error to learn r.
These inferring and learning techniques are iteratively run in
turn until a convergence. In the following subsections, we
explain each part of the proposed method and the overall
procedure.
Tracking landmarks is out of the scope of this paper, while
one can detect and track landmarks using keypoint detectors
and local descriptors such as SIFT [23], and eliminate
outliers using RANSAC [24].

a

A. Auxiliary particle filtering
Focal plane
of the (k-1)th camera

Focal plane
of the kth camera

Fig. 4. A diagram of the transition model. Within the observation interval
(k −1) → k, the asteroid-fixed frame rotates by quk with a noise qvr , whereas
the camera-fixed frame slightly moves by a noise vt . The states x that
undergo the transition denote coordinate transformations from the asteroidfixed frame to the camera-fixed frames.

We adopted a filtering distribution p(xk |y1:k , z, r) for an
estimator of xk , with fixed z and r. An auxiliary particle
filter (APF) is used to provide the filtering distribution, where
the transition model is given by Equations (1) and (2) and
the observation model is given by Equation (3). We used
a standard procedure of the APF on which one can find a
detailed description in the literatures such as [20].
B. Observation error minimization

the rotation and translation, respectively. Note that qvr , quk
and qk (k = 1, ..., M) are unit quaternions, and q̄ denotes an
inverse quaternion of q.
The rotational noise qvr is given by a Gaussian random
variable vr ∼ N (0, Σr ), vr ∈ R3 as in the literature [19]:
qvr

= [q0 q],

q0

= ||vr ||,

q

= [q1 q2 q3 ]T = vr /||vr ||,

and the translational noise follows a Gaussian vt ∼ N (0, Σt ).
The translational noise represents the slight moving of the
spacecraft whereas the rotational noise is for uncertainty of
the axis of rotation.
Note that the transition model can be extended to consider
dynamics of the spacecraft, which enables us to deal with
more complicated scenarios including a controlled observation tour to estimate the shape of a nutating asteroid.

To get a maximum likelihood estimation of z(n) , we
minimized the squared observation error using the model
given in Equation 3:
(n)

z(n) = arg min ∑ ||yk − h(Ek [xk ], z(n) )||22 ,
z(n)

(4)

k

where Ek [·] denotes an expected value under the filtering distribution p(xk |y1:k , z, r). This optimization can be done with
a general solver, while we used the Levenberg-Marquardt
(LM) algorithm [21]. When the nth landmark z(n) is observed
first time, the LM algorithm is initialized with a direct linear
transform (DLT) algorithm [22].
C. Transition error minimization
The preceding two steps are commonly used in other
methods concerning localization and mapping. Additionally,
we did another optimization to estimate the rotation axis r

1: procedure E STIMATION
2:
for k = 2, . . . , M do . Initialization (Multicycle ECM)
3:
repeat
4:
p(xk |y1:k ) ← APF STEP(p(xk−1 |y1:k−1 ),yk )
5:
z(n) ← Equation 4
6:
r ← Equation 5
7:
until convergence
8:
end for
9:
repeat
. Main iteration (ECM)
10:
for k = 2, . . . , M do
11:
p(xk |y1:k ) ← APF STEP(p(xk−1 |y1:k−1 ),yk )
12:
end for
13:
z(n) ← Equation 4
14:
r ← Equation 5
15:
until convergence
16: end procedure
Fig. 5. The overall estimation procedure. Please note that r and z were
dropped in a filtering distribution p(xk |y1:k , z, r) for simplicity. APF STEP(·)
is a step of the auxiliary particle filter that updates the estimation of x.

robustly albeit the small moving, using the transition factor
f given at Equations 1 and 2:

Fig. 6.

Examples of images of an asteroid mock-up.

V. EXPERIMENTAL RESULTS
We conducted experiments using synthetic data and images of an asteroid mock-up. The experiment with synthetic
data is to confirm the validity of the proposed method and
to evaluate the accuracy numerically. Moreover, we made an
asteroid mock-up as shown in Figure 6 and took its images
to evaluate the proposed method in more realistic situation.
In the following subsections, settings of data, parameters of
experiments, and their results are described.
A. Synthetic data

k

r = arg min ∑ ||El [xl ] − f (El−1 [xl−1 ])||22 ,
r

(5)

l=2

which can be solved with the same method as that used
in the projection error minimization. This transition error
minimization are reasonable in the sense that the rotation
axis r is independent of y and z given the states x as shown
in Figure 3, and it can estimate the rotation axis robustly
canceling spacecraft’s small moving by smoothing transition
errors.
There are some alternatives such as dual filtering, joint
filtering and smoothing to estimate the axis of rotation, and
we have tried these methods. However, we empirically found
that in our problem setting, filtering and smoothing did not
converge or failed to give a correct solution, probably due
to the small moving of the camera.
D. The overall method
The overall method is described in Figure 5. To estimate
all unknown variables and parameters, we iteratively ran the
three inferring and learning procedures: the APF for x, the
projection error minimization for z, and the transition error
minimization for r.
The initial state x1 is given arbitrarily to define the
asteroid-fixed frame, and the initial guess for r can be
roughly given by an operator or with observation from the
earth, but we do not have an initial solution of z. Therefore,
at the first stage of the method, the inferring and learning are
iterated with every pair of images (Line 2–8). After that, the
main iteration is run for all images (Line 9–15), in which
every filtering distribution of xk is inferred (Line 10–12)
followed by minimizations with regard to z and r (Line
13,14). Note that the initialization is a kind of the multicycle
ECM algorithms and the main iteration corresponds to the
ECM algorithm [6].

We generated a dataset where 100 landmarks are scattered
on the surface of a unit sphere centered at [0 0 0]T . The
sphere rotates at a constant angular velocity 5[deg/s], by the
axis of rotation r = [−0.099 0.99 0.099]T . The state x evolves
according to the process model (Equations 1 and 2), with
noise covariances Σr = 0, Σt = diag(10−4 , 10−4 , 10−4 )[px2 ].
The initial position x1 was q1 = [1 0 0 0] and t1 =
[0 0 20]T [px]. This setting corresponds to a spacecraft
observing an asteroid with a diameter of 1[km], at a remove
of 20[km].
The landmarks are observed every 1 second (i.e. u =
1[sec]) while observations are missed when the landmarks
are on far side of the sphere, or missed randomly even on
nearside of the sphere, and the random missing probability
was set p = 0.25 in this experiment. The observation follows
the model given by Equation 3 where Σo was set to be
diag(1, 1)[px2 ], and there assumed no errors in the data
association. Camera’s angle of view was set to 6[deg].
We applied the proposed method with the initial guess
of rotation axis rinit = [0 1 0]T and the number of particles
N p = 2000. An instance of the results are shown in Figures 7
and 8. Figure 7(a) is an instance of the estimated shape, and
there is some parallel shifts between the estimated position
of landmarks and the ground truth. Figure 7(b) is the same
instance of the estimated shape that is registered to the
ground truth using the iterative closest point algorithm. After
20 trials, the mean of RMS errors between the registered
estimations and the ground truth was 9.7 × 10−3 [px] and the
standard deviation was 2.6 × 10−3 [px]. We can tell that the
relative position of landmarks were successfully estimated
while a parallel shift remained.
Figure 8 shows the error angle between the estimations
and the ground truth of the rotation axis along iterations.
We can see that the estimation successfully converges to the
ground truth.

0.4

0.3

0.3

0.2

0.2

0.1

0.1

0

Z

Z

0.4

0

−0.1

−0.1

−0.2

−0.2

−0.3

−0.3

−0.4

−0.4

−0.5
0.4

0.4
0.2

0.4
0
0

−0.2

−0.2
−0.4

estimated
0.2
ground truth
error

0
0

−0.2

−0.2
−0.4

−0.4

Y

0.2

Y

X

(a)

0.4
estimated
0.2
ground truth
error

−0.4
X

(b)

Fig. 7. An instance of experimental results with synthetic data. (a) shows the estimated positions of landmarks (red points) that shift parallel from the
ground truth (green points). (b) shows the estimated positions that were registered to the ground truth using the iterative closest point algorithm. We can
tell that the relative position of landmarks were successfully estimated while a parallel shift remained. The unit of the axes is [px].
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Fig. 8.
Convergence of rotation axis on 20 trials. The vertical axis
represents the error angle between the estimated and the true axis of rotation,
and the horizontal axis represents the number of iterations.

B. Asteroid mock-up
We conducted another experiment with 72 images of the
asteroid mock-up (Figure 6). These 1024 × 1024[px] images
were taken using a fixed camera, with the mock-up rotated by
5[deg] each image. The imaging situation corresponds to the
Hayabusa-2 spacecraft observing the target asteroid 1999JU3
at a distance of 23.59 [km]. In addition to the natural noises
of the mock-up images,
√ artificial disturbances that follows a
Gaussian N (µ = 0, Σ = diag(4, 4))[px] were given to each
image to emphasize observer’s slight moving. The vertical
side of the mock-up is about 40[cm].
Before applying the proposed method, landmarks were
configured on the surface of the mock-up using the scaleinvariant feature transform (SIFT) [23]. We extracted SIFT

keypoints, matched them with outlier elimination by the
RANSAC [24], and built a graph where each vertex corresponds to a keypoint and each edge corresponds to a match.
This graph consists of many connected components, and
each component corresponds to a set of keypoints that are
located at a certain distinct site (landmark) on the surface. We
sorted the connected components by the number of edges,
and selected the top 400 components as landmarks to use.
Examples of the configured landmarks are shown in Figure
9.
Applying the proposed method, we show an instance of
the estimated shape in Figure 10. We investigated the error
between the estimated shapes and the ground truth measured
by a laser scanner using the iterative closest point algorithm.
After 10 trials, the mean of RMS errors was 18.4[mm] and
the standard deviation was 2.2[mm].
VI. CONCLUSION
In this work, we presented a method for estimation of
asteroid’s shape and motion, which is planned to be tested
in the future exploration. The proposed method is based
on the auxiliary particle filtering and nonlinear optimization
techniques, and updates spacecraft’s state, asteroid’s shape
and the rotation axis iteratively. We showed experimental
results with the synthesized dataset and the asteroid mockup. In both cases, the validity of the proposed method was
confirmed.
The method presented in this work is a core part of an automatic shape and motion estimation and descent navigation
for asteroid explorations. Further research has to be done to
improve the accuracy, robustness and computational speed.
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Fig. 10. An instance of the estimated shape of an asteroid mock-up. Note
that the top of the mock-up directs to Y +.
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