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ABSTRACT

A Vision Based algorithm relying on a mono-camera
as main sensor has been developed at PoliMi DAER to
be used as main measurement tool to feed the Naviga-
tion filter for relative pose estimation of uncooperative
objects. The Vision Based algorithm works combining
a Perspective-n-Point problem (PnP) along with Bun-
dle Adjustment (BA). This is an optimization technique
widely diffused in Computer Vision, that has been ap-
plied on a built offline sparse map and on the 2D features
extracted from the images coming from the camera to op-
timize the retrieved relative position and attitude, which
are finally given in input to the navigation filter. A de-
coupled model is used for the relative translational and
rotational dynamics. A first numerical validation of both
the Vision based routine and the filter is presented by us-
ing, as input, measurements obtained from synthetic im-
ages. The obtained results are finally analyzed and criti-
cally discussed.
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1. INTRODUCTION

Nowadays all the major space agencies and industries
are undertaking the enhancement of the automation ca-
pabilities of their spacecraft. Autonomous operations are
extremely advantageous for space missions, with a wide
range of possible applications. For example, autonomous
relative navigation around unknown and uncooperative
objects is particularly appealing. Precise pose and motion
estimation of an uncooperative object, such as a Resident
Space Object (RSO) has a potential utilization in the do-
main of space debris removal and on-orbit servicing. In
the last decade, several different works have tried to solve
this problem. This paper wants to investigate the poten-
tiality of an hybrid approach, combining vision-based al-
gorithm for pose estimation with robust filtering meth-
ods. Vision Based systems represent nowadays a promis-
ing tool to obtain satellite relative trajectory estimation
within an optimal level of accuracy. Being this topic first
born in the Computer Vision field, an increasing migra-
tion and development of these techniques to space appli-
cations is currently occurring, with specifically developed

algorithms and hardware ( e.g. more powerful and multi-
core CPUs ) borned in recent years. Within this context,
a Vision Based algorithm relying on a mono-camera as
main sensor has been chosen and developed at PoliMi
DAER along with a Navigation filter for relative pose es-
timation of uncooperative objects. The Vision Based al-
gorithm is built to be used as main measurement tool to
feed the Navigation filter.
This paper is organized as follows: in the first two parts
the Vision Based tracking and the Navigation filter are
presented and described with each of their constituent
blocks; in the third part a first numerical validation of
both the algorithm is presented by using, as input, mea-
surements obtained from synthetic images. To validate
and assess the software accuracy, synthetically generated
trajectories, along with a point cloud model simulating a
target object, and correspondent image projections have
been firstly used. To conlude, the obtained results are fi-
nally analyzed and critically discussed.

2. SYSTEM OVERVIEW

The Vision Based algorithm implements a Visual Odom-
etry like routine [1][2] and works detecting the target
object features from the incoming images, given by the
mono-camera; these are then matched to an already avail-
able on-board map (constituted by a mesh of 3D points,
each one correlated to a descriptor) and, in this way, a set
of 3D to 2D correspondences is built. From the set of cor-
respondences the so called Perspective-n-Point problem
(PnP) is built and solved within a RANSAC routine in
order to delete incoming outliers (wrong match between
target image and on-board map) and obtain a first esti-
mate of the relative pose; relative position of the cam-
era (and hence of the target-chaser) which is obtained in
terms of rototranslation. Bundle Adjustment (BA), an op-
timization technique widely diffused in Computer Vision
[3], is then applied on the map and on the 2D features
(which constitute the measurements) in order to optimize
the obtained pose, which is finally given in input to the
navigation filter. The on-board 3D sparse map of the tar-
get object is built on-ground with a dedicated algorithm,
by correlations of a 3D model of the target uncoopera-
tive object with descriptors extracted from multiple im-
ages of it. This first estimate of the pose (relative posi-
tion and attitude) of the observed uncooperative object is



fed to the navigation filter. A decoupled model is used
for the relative translational and rotational dynamics. A
linear model, including eccentricity, is implemented and
used as model of the dynamics inside the filter. Linear
models allow for the exploitation of robust Kalman filter
techniques. These methods result to be more reliable and
robust to uncertainties. For the rotational dynamics, the
non-linear equations constrain to use a non-linear filter
such as the Extended Kalman Filter. However, the use of
an alternative formulation, based on Lie-Groups, is here
investigated. This formulation should allow the preserva-
tion of the natural symmetry of the physical system with-
out any ambiguity or singularity.
Fig.1 shows the global structure of the relative naviga-
tion system. Vision Based tracking is represented with
its main components: Features detection and matching,
motion estimation and optimization. Pose retrieved from
this block is then given in input to the filter, which man-
ages separately translations and rotations to give the final
relative state estimate (including velocities) of the target-
chaser spacecraft.

3. VISION BASED TRACKING

In this section all the building blocks constituting the Vi-
sion Based tracking algorithm are described along with
the steps that are performed with every frame of the cam-
era.

3.1. Features detection

Features are salient points that can be localized on each
image coming from the camera, and different algorithms
for their detection exists [4][5][6][7]. Features detection
is a fundamental step in the routine of the Vision Based
tracking algorithm because it allows to build the corre-
spondences with the available map that are then used to
retrieve the relative pose of the target. The more robust
are the features, the more accurate will be the matching
with the 3D-model resulting in a more accurate pose es-
timation.
A general in-orbit relative chaser-target spacecraft tra-
jectory implies modest scale variations between differ-
ent frames along with rotations; moreover, different light
conditions will be met moving along the orbit. Features
extracted, to be robust, shall be invariant to each of these
parameters. Moreover, computational cost has to be con-
sidered and has to be as low as possible for real time ap-
plication. ORB detector [7] has been selected for im-
plementation considering these requirements. ORB is
a feature detector and fast binary descriptor based on
BRIEF[8] and FAST[6] whose features are extremely fast
to compute, have good invariance to viewpoint, scale and
are resilient to different light conditions. At the moment
ORB detector has been implemented to work building an
8−Level grey scale pyramid with a scale factor of 1.2 for
each incoming image. An upper bound of 300 features
along with their descriptors is set to be extracted to main-
tain low the computational cost. Fig.2 shows an example
of extracted features on a generic image of Suomi-NPP
satellite. Green markes show features location along with

their pyramid level and orientation. Substitution of the
actual routine with background subtraction methods will
be carefully evaluated in the future both in terms of per-
formances of the tracking algorithm and computational
costs in order to directly separate spacecraft image from
the background and extract an higher number of features
on it avoiding unnecessary zones.

3.2. Features matching with 3D-model

The matching step in the algorithm consists in building
a set of correspondences between the detected observed
2D features in the current frame and the points of the
available target spacecraft 3D-model. Matching is per-
formed exploiting Hamming distance as linearity mea-
sure between ORB descriptors extracted in the image and
descriptors of the 3D-model. Hamming distance can be
computed very efficiently between corresponding binary
descriptor strings and makes the process very fast. For
each descriptor from the frame the matcher finds the two
closest descriptors (in order of score) in the 3D-model by
trying one by one. Once the set of matches is obtained, a
ratio test according to [4] is applied: the distance of the
closest descriptor to that of the second-closest descrip-
tor is compared; correct matches need to have the closest
descriptor significantly closer than the closest incorrect
match to achieve reliable matching. Only matches with
a distance ratio lower than a fixed threshold are therefore
retained. Ratios between 0.7 and 0.8 actually ensures the
better performances. This is an heuristic way to immedi-
ately discard clear outliers and retain only good matches.

3.3. Motion estimation with PnP

The 2D features from frame to 3D-model correspon-
dences obtained from the features matching step are used
to solve the "Perspective-n-Point" problem in this sub-
block of the routine. The PnP problem is namely the
problem of estimating the pose of a calibrated camera
given a set of n 3D points in the world reference and their
corresponding 2D projections on the image.
The EPnP algorithm [9] is exploited by the Vision Based
tracking, which implements an efficient solution to the
problem, it is non-iterative and applicable for both planar
and non-planar 3D clouds configurations. The algorithm
works within a RANSAC [10] routine in order to be robust
to the presence of outliers and gives a first estimation of
the relative position and orientation of the chaser camera
with respect to the target.

3.4. Motion only Bundle Adjustment

Motion estimation by itself does not give a sufficient
accuracy in trajectory reconstruction. Uncertainty in ex-
tracted features location due to noise, presence of outliers
between the 2D-3D correspondences and uncertainty
in the built 3D-model all result in a pose estimation
from the EPnP algorithm which drifts from the true
trajectory. Bundle Adjustment (BA) [3]is therefore
implemented to counteract these effects and to correct
the trajectory estimation. BA technique is designed to



Figure 1: Relative Navigation System architecture. Vision Based tracking and Filter are shown with their component.

Figure 2: Example image with ORB features extracted.
Green markers indicate pyramid level and orientation of
the feature.

optimize camera pose minimizing a function that is the
error in reprojecting 3D points whose 2D coordinates are
known on the images and taking as constraint the scene
geometry.
g2o, a library specifically developed for pose graph
optimization, is exploited as tool for the BA implemen-
tation. Pose graph is a way of formulating Simultaneous
Localizantion and Mapping (SLAM) problem in which
graph are used whose nodes represent map points and
poses of the robot in time and whose edges represent
constraints between the poses (measurements). Once
such graph is constructed, BA is applied to find a
configuration of the nodes which is maximally consistent
with the measurements
This approach has been implemented for the Vision
Based tracking in the so called "Motion only BA" ver-
sion: At the end of each motion estimation step, retrieved
camera pose and matched 3D-model points seen from
the current frame are set as vertices of the graph, while
observed features representing the measurements define
the edges. The obtained graph is optimized keeping
fixed the map points and improving the camera pose
estimation only, which is then given in input to the
navigation filter.

4. FILTERING

Once the images are processed and the measurements are
available, it is possible to perform a filtering procedure.
In this work, decoupled filters are used, one for the trans-
lation and another for the relative attitude estimation.

4.1. Translation filter

For the translational part of the filter, an H-∞ Filter has
been used. This kind of filter guarantees robustness min-
imizing the worst case estimation error [11]. Let’s con-
sider a linear time-invariant system:

xk+1 = Fk xk +Bwk
yk = Hk xk +Dvk

(1)

with xk the state vector, wk and the vk the process and
measurement noise respectively and yk the measurement
output. Similarly to the Kalman Filter, the correction
equation can be defined as:

x̂k+1 = Fk x̂k + FkKk (yk −Hk x̂k) (2)

However, K has not the same expression of the Kalman
Filter. In particular we want to find K such that

‖Tew‖∞<
1

θ
, where Tew represents the difference be-

tween the predicted and real state and θ is a tuning pa-
rameter. To find the value of K it is possible to explicit a
Riccati-like equation:

PK+1 = FkPk[I − θPk +Hk
TRk

−1HkPk]
−1FT +Qk

(3)

And the expression of the gain is:

Kk = Pk[I−θPk+Hk
TRk

−1HkPk]
−1Hk

TRk
−1 (4)

A linearized model for the dynamics has been selected.
In particular, in this work, the authors used the formula-
tion by Yamanaka and Ankersen [12]. Their derivation
of the state transition matrix can be very advantageous
for the implementation of filtering techniques and control
systems. In fact, an expression for the F matrix of eq.1
is directly derived. The details of the implementation are
not presented here and they can be found in [12]. On the
other side, the measurement model is easily derived since
the relative position between the two centers of mass is
directly the state. For this reason, the H matrix in eq.1 is
equal to identity.

4.2. Rotation filter

For the rotation part, a minimum energy filter on the Lie
group is implemented. Minimum energy filtering was
firstly introduced by Mortensen [13]. Recently, it has



been specialized to attitude estimation on the Special Or-
thogonal Group SO(3) by Zamani et al. [14]. Our imple-
mentation is derived from the one presented by Zamani
[15], however a slightly different formulation is hereby
proposed. In fact, a simplification can be introduced
without considering the real dynamics of the system. The
main advantage of this approach is that it is not necessary
to know the exact value of the inertia matrix of the tar-
get and the filter can be expressed directly in the camera
reference frame. In particular:

Ṙ = R(ω(t)×)

ω̇ = 0 +Bδ
(5)

This lead to the following filter formulation:

R̂(t0) = R̂0, ω̂(t0) = ω̂0, K(t0) = K0,

˙̂
R = R̂((ω̂(t) +K11 r

R +K12 r
ω)×,

˙̂ω = K21 r
R +K22 r

ω

K̇(t) = −αK +AK +KAT −KEK +GQ−1GT

−WK −KWT

(6)
with

rt =

[
rR

rω

]
=

[
−(u1)(r̂1 × r1)− (u2)(r̂2 × r2)

0

]
r̂i = R̂T ri ri = RT ri + di ε

A =

[
−ω̂× I
0 0

]

E =

 2∑
i=1

ui((r̂i)×(ri)× + (ri)×(r̂i)×)/2 0

0 0


GQ−1GT =

[
0 0
0 GQ−1GT

]
W =

[
1

2
(K11 r

R +K12 r
ω)× 0

0 0

]
(7)

5. SIMULATION SCENARIO

In order to validate and asses the performance of both the
Vision Based tracking and the filter, and of the whole nav-
igation routine together, a preliminary test campaign has
been performed on a simulated scenario. A MEO orbit
has been selected for the chaser spacecraft with an eccen-
tricity of 0.17 and semi-major axis of 8790 km. The rel-
ative reference dynamics is simulated directly integrating
the nonlinear equations for the relative motion without
considering any orbital perturbation. The assumed initial
conditions are:

ρ0 = [50, 0, 0] m;

ρ̇0 = [0,−0.1, 0] m/s;
(8)

expressed in the local-vertical, local-horizontal (LVLH)
reference frame fixed to the chaser spacecraft center of

mass, with x̂ directed radially outward, ẑ normal to the
chaser’s orbital plane, and ŷ completing the triad. This
initial conditions have been chosen to have an in-plane
elliptical motion of one spacecraft with respect to the
other. This trajectory can be representative of a moni-
toring or close approach phase. It has to be underlined
that the non perfect absolute state determination of the
chaser spacecraft is taken into account. In particular, the
true anomaly, input of the relative dynamics model, is
obtained from an absolute state corrupted by noise. The
noise associated to the absolute position is modeled as
a normal distribution with 0mean and a standard devi-
ation of 10× 10−2 km and the noise of the velocity is
assumed to be a normal distribution with 0mean and a
standard deviation of 10× 10−4 km s−1. For the rela-
tive dynamics, a torque-free tumbling motion has been
imposed to the simulated target spacecraft. The motion
has been simulated using the classical Euler equation
for rigid body, imposing the following initial conditions:
ω0 = [1, 0.1, 0.3]deg/s. This values have been used to
reproduce a generic tumbling motion with significant an-
gular velocity. This can be representative of a tumbling
space debris. Target spacecraft has been modelled with a
simple shape taking as reference the NASA Suomi-NPP
satellite. A set of 38 uniform distribute points has been
considered and constitutes the 3D-model used by the Vi-
sion Based tracking. The set of images to be provided to
the Navigation algorithm have been instead directly ob-
tained by projecting the 3D-model points onto the im-
age plane. To take into account for the uncertainty in
features detection that arise due to the presence of noise
for an application on real images, a uniform distributed
noise between 0 and 2 pixels has been added to the 2D
features location. This error, when at maximum level,
already generates some outliers that are consequently in-
serted in the set of 2D-3D correspondences. Fig.3 shows
the true 3D built model of the spacecraft along with the
selected features, both with zero noise. Fig.4 shows in-

Figure 3: 3D spacecraft model used for the simulations
along with considered features.

stead a short sequence of the generated synthetic images
with the correspondent features, from which it is possible
to observe a portion of the spacecraft tumbling motion.



(a) (b) (c)

(d) (e) (f)

Figure 4: Simulated target spacecraft images with fea-
tures.

6. RESULTS

In this section, the results of the pose determination algo-
rithm and of the overall relative state determination are
presented. The estimation errors are computed as fol-
lows. The position error is computed as:

eρ =
√
(xi − x̂i)2 + (yi − ŷi)2 + (zi − ẑi)2 (9)

where x̂, ŷ, ẑ are the position components estimates.
Similarly, the velocity error is:

eρ̇ =

√
(ẋi − ˆ̇xi)2 + (ẏi − ˆ̇yi)2 + (żi − ˆ̇zi)2 (10)

The relative attitude error is computed as:

eR = acos

(
1− tr(I −RiT R̂i)

2

)
(11)

with R̂ being the estimated rotation matrix.

The results of the translational H-∞ Fliter are presented
in this paragraph along with the pose determination re-
sults. In particular, the estimation errors corresponding
to the 2 pixels noise case with measurement frequency of
10Hz are considered. Fig. 5 shows the estimation er-
ror of the position. Fig. 6 instead, shows the error of the
corresponding relative translational velocity estimates for
the H-∞ Filter.

The advantage of having a filter downstream of the
image processing is evident. The overall position error
is strongly reduced and it always stays beyond 0.4m.
Moreover, very good results are obtained for the estima-
tion of the relative translational velocity.

Similarly to what has been done for the translational
filter, the results of the rotational filter are be presented.
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Fig. 7 show the rotation filtering results. Once again the
filter has improved quite significantly the measurments
from the Vision Based tracking, The overall rotation
error is always beyond 0.1 deg.

7. CONCLUSION

This paper investigates the possibility of combining im-
age processing techniques with robust filtering algo-
rithms for relative state estimation of uncooperative space
objects. The presented results show how the implemented
solution allows to obtain a precise estimation of the rel-
ative position, velocity and attitude. The performance of
the image processing algorithms have been preliminary
assessed. The obtained results are very promising but a
further analysis with real images is necessary. An exten-
sive analysis is currently ongoing to test both image pro-
cessing and filters with different scenarios. The presence
of filters for the translational and rotational dynamics is a
clear advantage for the relative state estimation. A more
extensive analysis is also needed for the filtering part to
assess its robustness and efficiency over different simula-
tions conditions.
One of the next development steps will be the validation
of the proposed algorithms with the experimental facil-
ity currently under setup at Politecnico di Milano De-
partment of Aerospace Science and Technologies. The
facility comprises a 7-DOF Mitshubishi PA-10 robotic
arm which will be used to replicate the relative motion
between a chaser and an uncooperative target. On the
robotic arm end-effector, a 3D-printed satellite mock-up
will be installed, with a fixed camera acquiring its im-
ages during motion. This setup will allow the validation
of both image processing and pose determination algo-
rithms under more realistic conditions up to TRL4.
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