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ABSTRACT

A significant fraction of Resident Space Objects, such as orbital debris or damaged satellites, are
uncooperative and insufficiently known, thus requiring in-orbit inspection for applications ranging
from debris mitigation to in-orbit servicing. In this context, Distributed Space Systems represent
a promising solution, as they combine scalability, robustness to single-agent failures, availability
of multi-view observations, and a more efficient use of time and resources. Specifically, this
work presents a preliminary analysis of a distributed navigation architecture in a Low-Earth Orbit
scenario, where two cooperative chasers, each equipped only with a monocular camera, collaborate
to inspect a large uncooperative target. The primary chaser employs an Extended Kalman Filter
in combination with its Multiplicative variant to estimate its relative position, velocity, orientation,
and angular velocity with respect to the target object. However, due to the monocular camera’s
intrinsic limitations, the primary chaser alone would not achieve sufficiently accurate relative
navigation in the close-range regime without the support of additional sensing. To address this,
the secondary chaser, orbiting at a larger distance, provides complementary measurements which
are incorporated in the filtering process: the primary inspector reconstructs the secondary’s
observations as a function of its current estimates, assuming that only the target’s shape and
inertial properties are known. Data exchange is enabled via Inter-Satellite Link technology, while
differential carrier-phase measurements provide the relative position between the two chasers.
Preliminary results show that this cooperative scheme effectively overcomes the limitations of
monocular vision in close-range operations and enables the primary chaser to maintain accurate
navigation during high-resolution inspection of the target.
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Nomenclature

t = time a = attitude error

r position R attitude direct cosine matrix
12 velocity w angular velocity

g = attitude quaternion J = inertia matrix
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T = control torque X = state vector

() state transition matrix u control vector

n mean motion Z measurement vector

p feature vector P state covariance matrix

K camera’s intrinsic matrix H measurement Jacobian matrix
foc = focal length 0 process noise matrix

d pixel dimension R measurement noise matrix
uc,ve = central pixel coordinates K Kalman gain matrix

m = number of visible features S = innovation matrix

1 Introduction and State of the Art

In recent years, In-Orbit Servicing (IOS) has emerged as a key enabler for the sustainable and

cost-effective use of space assets. 10S encompasses a wide spectrum of operations, including satellite
life extension through refueling or repair, upgrading of onboard systems, relocation to new orbits, and
end-of-life disposal. These services not only reduce the burden of replacing malfunctional or aging
spacecrafts but also contribute to mitigating the exponential growth of space debris, thereby ensuring the
long-term safety and accessibility of the orbital environment. Moreover, IOS represents a cornerstone
technology for future large-scale space infrastructures, supporting on-orbit assembly and manufacturing.
Within this framework, in-orbit inspection plays a fundamental role as the precursor of servicing missions.
Inspection involves the close-range characterization of a target object, providing essential information on
its kinematics, geometry, and possible damages.
Pushing the boundaries further, Distributed Space Systems (DSS) are emerging as a promising paradigm
for space science, exploration and 1OS itself [1]. Beyond the intrinsic robustness and scalability, they can
unlock a new range of servicing capabilities that would be infeasible or inefficient for a single monolithic
spacecraft. For instance, multiple agents can collectively perform target detumbling by distributing
the control effort and loads on each individual servicer, and conduct coordinated manipulation by
allocating specialized roles to different agents. Even in the context of inspection, distributed solutions
offer clear advantages. Multiple viewpoints allow for the simultaneous acquisition of complementary
observations, potentially leading to faster and improved target reconstruction. Furthermore, cooperation
can be exploited to improve the relative navigation performance of each agent within a more resilient and
redundant estimation framework, enhancing fault tolerance and ensuring operations continuity even in
the presence of sensor degradation or agent failure.

Several studies have explored relative navigation in DSS to enable coordinated operations. Giralo and
D’Amico [2] present a Global Navigation Satellite System (GNSS) testbed for DSS, which demonstrates
centimeter-level accuracy through Carrier-phase Differential GNSS (CDGNSS) processing in formation-
flying scenarios. The testbed was validated against real data from the PRISMA mission [3], a pioneering
formation-flying experiment that provided high-precision relative navigation. In particular, guidance and
navigation were tested using a monocular camera and GPS receivers with ground-in-the-loop processing,
and the Visual Based System short-range camera was used to determine the target’s pose from tens of
meters by tracking a set of LEDs located on target’s panels [4]. In the same context, the CanX-4/5 dual
CubeSat formation-flying mission demonstrated onboard CDGNSS processing in Low Earth Orbit (LEO)
[5]. Using dual-frequency GPS and onboard double-difference carrier phase processing with an Extended
Kalman Filter (EKF), the couple maintained sub-decimal relative positioning even during maneuvers, and
relied on orbital propagation and state prediction to sustain navigation through temporary GPS outages.
Capuano et al. [6] further expanded relative navigation options with a multi-sensor approach that utilizes
carrier phase GNSS observations and monocular measurements to enable fast and robust autonomous
relative pose estimation of cooperative spacecraft in degraded GNSS environments. The angles-only
Absolute and Relative Trajectory Measurement System (ARTMS) [7] represents another significant ad-
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vancement in distributed navigation, which will be demonstrated in the Starling Formation-Flying Optical
Experiment (StarFOX), one of the four experiments of current NASA’s Starling mission. Specifically,
ARTMS integrates a sequential filter, which fuses local visual measurements with remote observations
shared via Inter-Satellite Link (ISL). This approach enables distributed, cooperative navigation, where
each observer estimates its own state as well as those of remote observers and targets. Building upon
this concept, Kruger et al. [8] propose one of the most advanced GNC architectures, integrating both far-
and close-range imagery, CDGNSS measurements with integer ambiguity resolution, and ISL into uni-
fied estimation and control pipelines. Although the algorithms are designed for general multi-observer,
multi-target scenarios, the experimental validation focuses on a single chaser approaching cooperative
targets. The authors also highlight plans for future development including more complex configurations
with non-cooperative targets. As they state, such a distributed architecture is expected to improve relative
navigation by increasing observability, enabling safe, autonomous proximity operations and rendezvous
between multiple objects with maximum modularity and flexibility.

Alongside these architectural developments, the choice of the estimation algorithm plays a crucial
role. Recent advancements in relative navigation have explored optimization-based approaches, such as
Factor Graphs and incremental smoothing [9]. In a cooperative scenario, distributed Pose Graphs could
theoretically be employed to fuse visual acquisitions from various chasers, offering enhanced accuracy
by retaining past states and globally optimizing all the available measurements. However, as emphasized
by Indelman et al. [9], these methods often impose a significant computational burden. Moreover, as
highlighted by Williams et al. [10], smoothing algorithms can introduce latencies that are unsuitable for
high-rate, real-time control loops. Conversely, sequential filters like the EKF provide immediate, low-
latency state estimates with minimal memory footprint, making them the standard and most pragmatic
choice for resource-constrained onboard processors in autonomous GNC applications.

Beyond the algorithmic choices, while previous efforts have primarily concentrated on relative
navigation among multiple cooperative chasers or between a chaser and a cooperative target, the approach
presented in this work provides a preliminary analysis of a distributed relative navigation architecture
designed to enable close-range, high-resolution inspection of an uncooperative target object by leveraging
multiple cooperative observers. Each chaser is equipped with a visible-wavelength monocular camera,
while feature extraction and matching are assumed to be successfully executed. The primary chaser
performs relative navigation by estimating its position, velocity, orientation, and angular velocity with
respect to the target. However, monocular vision alone can be limited in close-range inspection due to
the scarcity of trackable features. To mitigate this issue, the secondary chaser provides complementary
observations that are integrated into the estimation process. The primary chaser reconstructs these
measurements as a function of its own state estimates, thereby improving navigation accuracy. The
scenario under consideration involves two chasers in LEO inspecting a common target with known
shape and inertial properties, while real-time data sharing via ISL and precise relative positioning from
CDGNSS enable the realization of the distributed navigation framework.

The presented paper is structured as follows. Section 2 provides a brief overview of the fundamental
mathematical framework, including the relative translational and rotational dynamics, the Pinhole camera
model, and the adopted estimation algorithms. Section 3 describes in detail the proposed methodology,
outlining the computation of inertial orientations for target pointing, the simulation of the acquired
measurements, and the design of the distributed navigation filter. Section 4 presents the reference scenario,
discusses the simulation setup, and analyzes the results obtained under a standalone configuration before
evaluating the nominal and degraded cooperative conditions. Finally, Section 5 summarizes the main
findings and outlines potential directions for future developments.
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2 Fundamentals

This section outlines a concise overview of the mathematical framework and algorithms utilized in
developing the presented navigation architecture.

2.1 Translational and Rotational Relative Dynamics

Relative dynamics describe the motion of a spacecraft with respect to a target body, encompassing
relative position, velocity, orientation and angular velocity. These dynamical laws are of paramount
importance in proximity operations, formation-flying, and 10S, as they predict how relative position and
attitude evolve over time under gravity, control forces and other external disturbances.

Regarding the translational motion, a variety of differential equations under the two-body assumption
exist in literature. For sake of simplicity, the model considered for this early analysis is the one described
by the linearized equations of relative motion with respect to a circular reference orbit, also known as
Clohessy-Wiltshire (CW) equations [11]. Given the constant orbital angular velocity, or mean motion, #,
these equations are:

¥ —2ny—3n*x =0
V+2nx =0 (1)
F+n’z=0

where coordinates {x, y, z} refer to radial, tangential and out-of-plane components of chaser position
centered on the target object, namely defined in the Local-Vertical-Local-Horizontal (LVLH) reference
frame. Itis relevant to highlight that the CW equations are homogeneous because no external disturbance
or control acceleration is applied. Featuring a time-invariant property, this model allows for the analytical
expression of chaser’s position and velocity as function of time and the initial conditions only. The same
closed-form solution can be described through the State Transition Matrix (STM) ®cw, which essentially
provides a mapping between the initial state of the system at time #( and its state at a later time 7.

[ 4-3¢c, 0 O so/n 2(1=cg)/n 0 ]
6(sg—A0) 1 0 2(cg—1)/n (4sg—3A0)/n O
0 0 «cg 0 0 sg/n
()] to, 1) = 2
cw(fo. ) sy 0 0 co 25 0 @
on(cg—1) 0 0 —2s¢ deg — 3 0
0 0 -—nsg 0 0 co |

where plainly sy = sin(A6), cg = cos(A0), AG = nAt and At =t — 1.

For what concerns the rotational motion between two reference frames, the relative attitude and
relative angular velocity of the chaser with respect to the target must be first defined. Given the absolute
orientations of body frames with respect to the inertial frame, namely q¢; and g7; using the quaternion
representation, and the body frames angular velocities wc and wr, the corresponding relative quantities
are defined according to:

g1 = qc1 ® (qr1) ! Wrel = e — Rerwr 3)

The time evolution of the absolute orientations are described by the quaternion kinematic equation,
while angular velocities can be propagated according to the Euler’s equations valid for a rigid body [12].
Consequently, the relative counterparts can be obtained by integrating over time the following differential
equations, respectively Eq. (4) for relative attitude and Eq. (5) for relative angular velocity.

The reproduction and distribution with attribution of the entire paper or of individual

@ Except where otherwise noted, content of this paper is licensed under 049 -4 . . . . . .
a Creative Commons Attribution 4.0 International License pages, in electronic or printed form, including any material under non-CC-BY 4.0
- : : licenses is hereby granted by the authors and respective copyright owners.


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

X Y 2
0 a)rel wrel wrel
1 w” 0 W', -
. _ _ 1 1 1
qrel = _Q(wrel)qrel Q(wrel) = e re e 4)
2 Yo =Wt 0 w”
rel rel rel
W', W, -w* 0
rel rel rel

Wrel = Jc_l (Te = we X (Jewe)) = e X el + Rer (Jl_l [(RZT(‘UC — Wrep)) X (JZ‘RET(O)C - a)rel))]) (5)

considering J¢ and Jr being respectively the inertia matrices of chaser and target, w¢ the chaser’s angular
velocity and 7¢ the chaser’s control torque for target pointing. To conclude, matrix Rc7 in Eqgs. (3)
and (5) corresponds to the rotation described by ¢.j, as described by the conversion between attitude
parameterizations [13].

All these dynamical models and mathematical relationships are used to generate the reference scenario
and perform the prediction step required in the estimation process.

2.2 Pinhole Camera Model

In the context of visual navigation, monocular sensors are commonly modeled according to the
Pinhole camera model [14], which returns the mathematical relationship between the three-dimensional
spatial coordinates of a point and its projection onto the two-dimensional image plane of an ideal camera.
Indeed, the model does not account for blur and geometric distortion of coordinates that most of the
cameras have. On the other hand, it relies on the geometry of similar triangles to perform the projection,
with the transformation governed by the camera’s intrinsic parameters, such as focal length and central
pixel coordinates. Due to its effectiveness and simplicity in approximating real camera behavior, the
Pinhole model serves as a fundamental tool in computer vision, pose estimation and augmented reality,
thereby supporting the autonomous operations of satellites in complex environments.

Let the 3D coordinates of point pcany, in camera frame be {X, Y, Z}. The corresponding pixel coordinates
Ppixel On the image plane can be respectively expressed as:

u foc/d 0 U
Ppixel = | V | = Kp;lm K = 0 focld v, (6)
0 0 1

The matrix K is called the intrinsic matrix of the camera, and allows for the linear transformation of the
homogeneous 3D coordinates of the point into the 2D pixel coordinates. Moreover, foc represents the
focal length of the camera, d is the dimension of each pixel constituting the sensor, and {u., v.} denote
the pixel coordinates of central point of the image.

The presented model is employed to model both acquired and expected measurements, particularly the
2D pixel coordinates of the selected target’s features, as will be later shown.

2.3 Efficient Perspective-n-Point Algorithm

In computer vision, the Perspective-n-Point (PnP) problem involves determining the position and
orientation of a camera from 2D image points and their corresponding 3D world coordinates. Accurate
pose estimation is crucial for applications such as visual navigation and 3D reconstruction, where precise
alignment between the camera’s perspective and the physical environment is critical. In literature, many
traditional methods rely on iterative optimization and high order complexity (O(m?)). Alternatively, the
Efficient PnP (EPnP) algorithm, developed by Vincent Lepetit et al. [15], provides a non-iterative and
computationally efficient solution to the PnP problem with O(m) time complexity for m > 4, where m is
the number of points. In particular, EPnP expresses 3D points as a weighted sum of four virtual control
points, transforming the problem of pose estimation into determining the coordinates of these control

The reproduction and distribution with attribution of the entire paper or of individual

@ Except where otherwise noted, content of this paper is licensed under 049 -5 . . . . . .
a Creative Commons Attribution 4.0 International License pages, in electronic or printed form, including any material under non-CC-BY 4.0
- : : licenses is hereby granted by the authors and respective copyright owners.


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

points in the camera reference frame. Given the known 3D world coordinates and their corresponding
2D image projections, the four control points are combined using homogeneous barycentric coordinates,
which are straightforward to compute and uniquely defined for each configuration. This representation
can be applied in the camera coordinate system, enabling the formulation of a linear system without
the need for 2D projection normalization. This closed-form solution is robust to noise and suitable for
real-time applications, with an optional Gauss-Newton refinement step that improves accuracy while
maintaining linear complexity with respect to the number of points.

Essentially, given the 3D world coordinates pyoq and their corresponding 2D projections ppixe of at least
four points, EPnP efficiently solves for the rotation matrix R and the translation vector ¢ that describe
how the camera is oriented and placed with respect to the world reference system. Considering the
Pinhole projection model (6), which relates the image points ppixel to the 3D coordinates pcam expressed
in camera frame, R and ¢ are determined such that the following relation holds:

Pcam = Rpworld +t (7)

In this work, the EPnP algorithm is applied to simulate pose measurements of chasers’ cameras with
respect to the target object, under the assumption that its 3D model is known.

2.4 Sequential Estimation Techniques

Kalman filtering is a consolidated method for sequentially estimating state variables and reducing
the associated uncertainty. Many variants exist in literature, each designed to handle specific types
of mathematical models for dynamics and measurements or state representations. Among these, the
Extended Kalman Filter (EKF) is widely used for managing non-linear systems, where state and mea-
surement models are linearized around the current estimate. However, for systems involving attitude
estimation, where a quaternion representation is commonly used, the conventional EKF formulation
may lead to inconsistencies due to the normalization constraint imposed by this parametrization. To
overcome this issue, the Multiplicative Extended Kalman Filter (MEKF) estimates the attitude error as a
three-dimensional, unconstrained vector relating the true orientation to a unit reference quaternion. This
formulation preserves the quaternion normalization and ensures consistent attitude updates within the
recursive filtering process.

Both these algorithms constitute the basis for the developed distributed filter for relative navigation in
target’s proximity, and they are briefly described in the following paragraphs.

2.4.1 Extended Kalman Filter

A generic iteration from time step #x to f4 1s subdivided in state prediction, expected measurements
forecasting, and state update by correcting the previous prediction with measurements acquired through
the sensors. Particularly, state estimate mean X; is forward propagated until 744 according to the
non-linear dynamical law:

X = (Epup) (8)

while its corresponding covariance Py is propagated through the STM ®; of the function f evaluated in
X, as following:
_ 0f (xk,up)

axk -fk

p— T

el = PiPr®, + Qrii D 9
with u being the control input at ¢, the matrix Q41 describes the process noise uncertainty, while the
superscript "—" refers to the a priori estimate. The expected measurements are computed through the
measurement model A, and the residual is obtained as the difference between actual measurements z; 1
and the predicted ones.
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Subsequently, the innovation matrix Sy, is retrieved according to:
Si+1 = Hi1 P (HY | + Risi Hiyy= —/— (10)

The matrix Hy is the Jacobian of the measurement function with respect to the state, linking small state
perturbations to the corresponding measurement variations, while Ry.; denotes the measurement noise
covariance matrix. The update step involves the computation of the Kalman gain K, defined as:

Kir1 = PestHp, Sil (11)

Finally, the state estimate mean and covariance are updated according to the following equations, where
the superscript "+" denotes the posterior estimate:

£ =%+ Keat [z — h(EL))] P!, = (I - KinHe) Py, (12)

The whole process is then repeated for the next time step by setting as new initial conditions the results
of the last iteration, enabling sequential estimation.

2.4.2 Multiplicative Extended Kalman Filter

As previously mentioned, the MEKF is specifically tailored for systems involving attitude estimation,
where quaternion representation is typically employed. The core concept of the algorithm is to estimate
an unconstrained, three-component attitude error @ while using a normalized four-component g.f to
provide a globally non-singular attitude representation. Specifically, the prediction step is arranged to
preserve a zero attitude error, while the update through the Kalman gain assigns a finite value a}, ,. Such
information is then moved to the propagated reference quaternion through quaternion multiplication:

Gretisr = 04, ) ® Qrogpa (13)

The mathematical relationship between d¢q and a depends on the chosen attitude error representation, as
specified by Markley [13]. To conclude, the attitude error estimate is reset to zero, preparing the filter for
the next iteration.

3 Methodology

In the following section, the simulation setup for the presented preliminary analysis is described,
with particular emphasis on the design of target pointing control law, the modeling of the acquired
measurements, and the distributed navigation architecture developed for close-range target inspection.
It is important to note that the first version of the presented filter is focused on one chaser, referred to
as the primary chaser, or Ch.1, while the secondary observer, or Ch.2, continuously provides additional
measurements from a different viewpoint. The overall scheme is shown in Fig. 1, in which the objective
is indeed to refine the current state estimate, including primary chaser’s relative position, velocity,
orientation, and angular velocity with respect to the inspected object, whose shape and inertia properties
are known.

3.1 Control Law for Target Pointing

As the focus of the presented analysis is on navigation performance, guidance and control laws
are excluded from the loop, unlike in complete GNC implementations. For this reason, the chasers’
orientations and control torques are precomputed from ground-truth trajectories and attitudes.
Specifically for the generic i-th chaser (i = 1,2), its orientation with respect to the inertial reference
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Fig.1 Diagram representing the overall simulation scheme.

frame [ is retrieved by aligning the camera axis towards the target. The quaternion ¢qcj corresponding to
this rotation is computed as:

rre'l re_l
gciy = [0 0 1] xRy [-—= gcio=1+[0 0 1]7-Ry |-—= (14)
|[rEt]] ||

with vector [0 O 1]T is the camera axis in body frame, rrcei1 is chaser’s position relative to the target

expressed in LVLH frame, and Ry is the rotation matrix required to pass from the LVLH frame to the
inertial frame. This rotation is defined as the transpose matrix of Ryj whose rows are respectively:

I'T,ECI _ _ T, ECI X VT, ECI
[T T Ydir = Zdir X X dir Zdir =

Xdir = (15)

[l cil| |lrt, BCt X VT, ECil|

where rt gcr and vt gcr are target’s position and velocity expressed in Earth Centered Inertial (ECI)
reference frame. The quaternion gc; is formed by combining the vector component gcir v and the scalar
component gcir,o into a 4-element vector, which is normalized to ensure it represents a valid rotation.
The resulting angular velocity and the control torque required to follow the obtained orientation can be
retrieved as:

wci =2 qci ® it 7ci = Jiwci + wci X (Jiwc;) (16)

The quaternion derivative §cj and wc;j are approximated using a central finite difference scheme adopted
for non-uniform time steps, while forward and backward three-point schemes are employed at the
boundaries.

3.2 Simulated Measurements Modeling

Within the simulation framework, the synthetic measurements modeling plays a key role in enabling
a quasi-realistic test of the navigation architecture presented in this work. Fig. 2 illustrates the logic
behind the generation of simulated measurements: in particular, the acquired measurements correspond
to those utilized by the filter to compute innovation and gain, while the so defined auxiliary measurements
are data assumed available from external entities, i.e. other onboard sensors or ground stations.
More specifically, the 3D position of target’s traceable features prt defined in the respective body frame
T are converted and translated into camera frame through the following relation:

Peam = Reirpr — ReiuRiprs (17)
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Fig. 2 Diagram of the synthetic measurements modeling. Measurement noise is indicated by red boxes.

where matrix Rc;r represents the relative rotation of the i-th chaser with respect to the target, and matrix
R;; is the absolute rotation of Ch.i’s body frame with respect to the inertial frame. Subsequently, the
Pinhole model described in Sec. 2.2 is applied to convert pc,y, into the 2D pixel coordinates ppix.

To improve the realism of the simulated cameras, several visibility constraints are imposed on the 2D
measurements. First, depending on the relative distance between chaser and target, a feature may fall
outside the camera’s Field Of View (FOV), thus becoming undetectable. Given the FOV dimensions,
this constraint is easily implemented. Second, a geometric condition is enforced: a point is considered
invisible if it lies behind the target relative to the chaser, as it would be occluded by the target’s structure.
Assuming a simplified target geometry, this condition is verified by checking the sign of the scalar
product between the norm vector of each target face to which the feature belongs and the feature-to-
camera direction vector. Finally, an illumination constraint is applied using a similar criterion: a face is
illuminated only if the scalar product between the face normal vector and the Sun position, expressed in
the target body frame, is positive. For both the geometric and illumination checks, features associated
with multiple faces (e.g. edges or vertices) are considered visible if at least one of the corresponding
faces satisfies the visibility condition; otherwise, they are discarded.

At this point, the EPnP algorithm briefly recalled in Sec. 2.3 is exploited to retrieve relative pose
measurements position #gppp and rotation Rgp,p whenever the number of the remaining 2D measurements
is larger than or equal to five. As stated before, the algorithm requires at least four correspondences to
properly function. However, since solutions with four points yeld a higher position error, the threshold
was increased by one. Otherwise, if fewer features are available, their 2D pixel coordinates are directly
employed as acquired measurements.

In addition to the camera-derived acquisitions, the presented architecture also relies on a set of auxiliary
measurements that provide complementary but necessary information. These include the target’s orbit,
chasers’ inertial orientation, and their mutual position, all of them computed as function of the ground-
truth trajectories and orientations. The reference target’s orbit is assumed to be provided by a ground
station after some orbit determination process, while the chasers’ orientation with respect to the inertial
frame are possibly given by attitude estimation filters and onboard attitude sensors. Finally, the secondary
chaser’s position with respect to the primary one is assumed to be retrieved by CDGNSS data processing.
To conclude the measurements modeling discussion, it is worth noting that predefined uncertainties are
included to simulate realistic sensor acquisitions. Specifically, measurement noise is added to the 2D
features after the Pinhole projection, as well as to all auxiliary measurements, as highlighted by the red
boxes in Fig. 2.
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3.3 Distributed Relative Navigation Filter

Building upon the previously defined control and synthetic measurement models, this section presents
the distributed navigation architecture developed to estimate the relative state of the primary chaser with
respect to the target. While Ch.1 runs the estimation process onboard, Ch.2 provides complementary
visual or pose measurements from a different perspective, effectively increasing the spatial diversity of
observations. The overall structure related to a generic iteration of the sequential filter is depicted in Fig.
3. As anticipated, this filter is a combination of the EKF with a MEKEF, both deepened in Sec. 2.4, which
integrate the system dynamics and acquired measurements for robust estimation.

Previous Ch.1
estimate > Ch.1 measurements

v

Outliers
rejection

Prediction Meas.
step type

Ch.2 measurements # Innovation Update step

v

Simultaneous
measurements

v

Ch.1 control
torque

\ 4

Updated Ch.1
estimate

A\ 4

Auxiliary Distributed Acquired
measurements measurements measurements

Fig. 3 Diagram of the distributed navigation filter architecture.

At current time 7, the filter state comprises the Ch.1 relative position, velocity, orientation error and

angular velocity: ol el rel el ] T (18)

te=[ré vE el of

State propagation is performed according to the dynamical models presented in Sec. 2.1, embedding the
primary chaser’s control torque 7c;. Since the relative attitude error arcei is reset to zero at the previous
iteration, as required by the MEKF variant, the propagation of the relative angular velocity relies on the
kinematics of the reference quaternion qiglf , alone. However, although aee} is instantaneously null, its
dynamics affects the integration of the STM associated with the relative attitude motion, ®,o. Specifically,

the rate of change of the orientation error can be expressed as the cross product:
.rel _ _lwrel X rel (19)
dc1 = 73%c1 * 4

Furthermore, since the relative attitude dynamics depend on the absolute rotational motion of Ch.1,
the STM is also influenced by ac; and wc;. For this reason, an augmented STM ®,,, is retrieved by
integrating the variational equation ((1)aug = A®,,;), where the Jacobian A is a function of both the
absolute and relative attitude and angular velocity dynamics. The complete expression of A is given as:

6ac1 6ac1 aag// aag/{ 0dc1 l(w )/\
rel rel = —z\w(Cl1
daci dwci  gag, JWg, dac 2
. . ) . . . rel
(90)/@1/ 0 (9(1)% (90)5}( 0dci aarcel
dacy dwci g P doci o [
A= C} Cll where Cl (20)
+ 1€ + 1€, 1C +1C .
6(&)1/ 6aK/}/ dagz, dag doct ., R .
Faci Fooi Fad o 9o~ Jai lwe)™Jer - (Jerwen)”]
Cl Cl ag, g Cl
. e . rel - rel - rel oare
dwg 0wg, dwg, dwg, C} _ —l(wg’} A
rel rel oarc 2
_/%Cl dwcr  dag; W | Cl
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The last term Od)rce{ / Garce{, along with all subsequent complex derivatives and Jacobians in this work, has
been derived using the ®MATLAB Symbolic Math Toolbox to ensure mathematical consistency. The
matrix I is the identity matrix while the superscript "A" denotes the skew-symmetric matrix operator.

Finally, the useful STM @, is extrapolated from ®,,,, and the complete STM ®y is retrieved as:

Dcw  Ooxo
Pr = [06><6 q)rot] @)
with matrix ®cw given by Eq. (2). At this point, the covariance matrix Py associated with the state
estimate mean can be propagated until 741, concluding the prediction step.
Subsequently, the algorithm models the expected measurements and associated measurement Jacobians
based on those available at time 7441, which may be acquired from Ch.1, Ch.2 or simultaneously from
both. Moreover, the same logic employed in the simulation of acquired measurements is applied to decide
whether to use pose measurements or directly the 2D coordinates of the detected features. With the
measurements acquired by the generic i-th Ch.i, the expected measurement vector and the corresponding
Jacobian are composed as follows.

* If pose measurements are available through EPnP method:

—RcilRi, 033 03x3 0343
rel
dag;

rel
('MC1

~ A A ~rel Arel T
Zen1 = [-RcaRw A ag] Hy, = (22)

03x3  03x3 0353
The derivative c’)arceil / (’)arce} results in the identity matrix for primary measurements, while it is
symbolically retrieved for secondary measurements. The obtained rotation matrix Rgppp is con-
verted into the corresponding quaternion ggppp, Which is then used to compute the true relative

orientation error with respect to the reference attitude described with qigllc w1+ Consequently, its

expected counterpart drcei] is a null vector.
 If 2D features are directly used, because less than five features are detected:

. 15 5 B an
e = K- (RCiTPT - RCiIRILrCei]) foc o _focX
with B=|d9Z d7> | (23
OPcam 0 0 foc focY
>3 dzZ ~dz?

Hiii = |[-BRciRy, 0 B rel

Ci

The derivative 0 pcam/ 6arceil 1s symbolically computed, taking into account the relation between

the attitude error and the reference quaternion expressed by Eq. (13). In this case, it is relevant
to remark that Z;,; has dimension 2m while the Jacobian Hy is a [2m X 12], with m being the
number of modeled features that have correspondence with the actual detected ones. The visibility
constraints are applied to the simulated features as explained in Sec. 3.2, while the modeled ones
are selected accordingly, without enforcing these constraints.

In the above expressions, matrices ﬁCiI and I§1L are computed as functions of the auxiliary measurements,
i.e. target’s orbit and chasers’ inertial orientations respectively. Furthermore, in the specific case of
secondary measurements, the algorithm computes Ch.2’s relative position and orientation with respect
to the target by employing Eqgs. (24) and (25), linking them to Ch.1 relative state.

Arel Arel 7
I‘E?z = l‘gl + dczc1 24)
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A l A A —1 A 1

queZT =qcu® (gci)” ® qrcelT (25)
where cfczCI is the auxiliary relative position between the two observers, §ci1 and oy are their auxiliary
. . . ~rel . 1
1ne1'rt1a1 attitudes, and quT corre§p0nds 'to the prop'a'gated reference quatermon' qigf’ kel '
To include the uncertainty associated with the auxiliary measurements, for which a constant uncertainty
is assumed over time, the Consider Covariance Analysis [16] approach is exploited. In particular, the
covariance matrix of each of the g auxiliary measurements is projected into the measurement space and

added to the main contributors in the computation of the Innovation matrix Sy, extending Eq. 10 to:

g
Siv1 = Hy Pr, H, + Riv1 + Z H;P;H] (26)
J=1
where P; denotes the covariance matrix of the j-th auxiliary measurement, and H; is its corresponding
measurement Jacobian. While the auxiliary covariance matrices are assumed constant over time, the
associated Jacobians are retrieved by differentiating the measurement vector with respect to each auxiliary
variable. These analytical expressions are likewise generated via the ®MATLAB Symbolic Math Tool.
Ultimately, this approach allows the filter to account for auxiliary measurement uncertainties without
explicitly augmenting the state vector. Moreover, when 2D features are employed, the measurement noise
matrix R4 is defined as a function of the camera noise. In the case of EPnP-based measurements,
instead, this matrix is obtained as the covariance of the simulated EPnP outputs, which are themselves
generated from noisy 2D feature acquisitions.
Next, the outlier-rejection process is carried out based on the Chi-Squared y? test [17]. At this aim, the
following Square Mahalanobis Distance (SMD) is employed as test statistics:

SMD = [ (x4s1) — Zas1]TSTL [ (Xks1) — Zasi] 27)

This passage is of paramount importance in order to prevent inconsistency between the expected and
the true simulated measurements. Whereas this test has a positive outcome, i.e. SMD < )(lzl.m, the filter
proceeds with the update step as defined in Egs. 11 and 12, while the reference quaternion is corrected
according to Eq. 13. Conversely, if the measurements are rejected, the update step is skipped, and
the current filter state and covariance remain equal to the predicted ones. After the appropriate reset of
variables, the current iteration ends and the process continues with the next set of acquired measurements.

4 Preliminary Analysis and Results

This section outlines the reference scenario adopted for the analysis and presents preliminary yet
significant results. The scenario covers the characteristics of the chasers and target object, including their
reference trajectories and attitude profiles, and monocular camera specifications. The initial and assumed
uncertainties for both the filter estimates and the auxiliary measurements are also detailed. Subsequently,
the standalone primary chaser navigation is assessed to demonstrate the limitations of single-agent
operations in close proximity. To conclude, the proposed distributed architecture is evaluated under
nominal and degraded operating conditions, highlighting its robustness and potential benefits.

4.1 Description of the Reference Scenario

Given the preliminary nature of this study, the developed architecture relies on simplifying assump-
tions intended to investigate the presented approach. In particular, the two chasers and the target objects
are modeled as simple cuboids, whose dimensions and masses are reported in Table 1. Furthermore,
the features correspond to the vertices of the target geometry, while feature detection and matching are
assumed to be ideal. Although this simplification neglects outliers and false matches typical of visual
imagery, it allows for isolating and assessing the performance of the estimation logic.
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The target object orbits in a circular equatorial LEO with a radius of 8000 km, starting from a random
initial orientation. Its initial angular velocity is randomly generated and has a magnitude of a few hun-
dredths of a degree per second. The primary chaser is positioned close to the target object to simulate
the close-range inspection mission, maintaining a minimum relative distance of approximately 15 m,
while the secondary observer orbits at a greater distance. Both the chasers trajectories are assumed to
be ideal football orbits, as depicted in Fig. 4, while their inertial attitudes are defined according to Sec.
3.1. Both the chasers are equipped with the same camera, whose characteristics are defined in Table 2.

Table 1 Chasers and target physical properties. Table 2 Optical cameras characteristics.
Ch.1 | Ch.2 | Target Parameter Value
Length (m) | 0.2 0.2 10 Sensor size 2048 x 2048
Depth (m) 0.3 0.3 3 Focal length, foc 100 mm
Height (m) | 0.8 0.2 5 Pixel size, d 5.5 um
Mass (kg) 50 10 8000 FOV 20.59°x 20.59°
Minimal process noise is considered in the filtering
operation, since reality is simulated with the same dy- Target LVLH reference frame
namical models utilized for predicted estimates. Table o Eigz orbit
3 shows the selected values for camera noise, auxiliary o Chaser 1 initial pos
measurements noise and initial estimate uncertainties. 50 Chaser 1

e Chaser 2 initial pos
Chaser 2
KoZ

It is worth noting that the attitude uncertainties are ex-
pressed in the three-dimensional attitude error vector.
The two observers acquire images at different frequen-
cies, enabling the filter to process primary and sec-
ondary measurements either independently or simul- 100
taneously. Chaser 1 acquires images at a frequency

of 0.1 Hz, whereas Chaser 2 operates at 0.07 Hz. -50 25

Fig. 5 illustrates the distribution of the target’s fea- Y m x [m]
tures as observed from the two chasers’ viewpoints Fig.4 Chasers’ relative orbits.

during the inspection phase. Specifically, the colored

points correspond to the features projected onto each image plane over time. The black rectangle denote
the FOV, while the black squares enclose non-visible features, either because they fall outside the FOV,
are not illuminated, or are occluded by the target geometry. This visualization emphasizes the different
viewpoints of the two chasers: Ch.1, operating at a closer range, captures a more detailed portion of the
target surface but detects fewer features, which may cause its standalone navigation to fail.

Table 3 Initial uncertainties and measurements noise.

Variable Uncertainty (30)
Camera noise 5 pix
Target orbit in ECI 100 m, 0.5 m/s
Ch.1 & Ch.2 inertial attitude le-3

Ch.1 & Ch.2 relative position 0.10 m

Ch.1 relative pos. & vel. at ¢ 1m,0.01 m/s
Ch.1 relative att. & ang. vel. atzy | le-2, 0.057 deg/s

In further support of this, Fig. 6 depicts the number of visible features tracked by the two chasers.
Notably, as Ch.1 reaches its minimum distance from the target, which occurs twice per orbit, the number
of detectable features drastically drops to zero. On the other hand, Ch.2 observes a larger number of
features throughout the entire orbit, thereby supporting the primary chaser’s relative navigation. Even
with a dual-viewpoint, at least one feature is unobservable due to the illumination constraint.
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Fig.5 Acquired features from Ch.1 and Ch.2 perspectives. Colored points denote visible features.
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Fig. 6 Number of acquired features over time by the two chasers.

4.2 Standalone Primary Chaser Navigation

Before assessing the distributed architecture, a baseline simulation featuring the primary chaser

operating in standalone mode is conducted. As anticipated by the visibility analysis in Fig. 6, the
close-range trajectory forces the primary chaser into periods of partial or total feature loss.
To assess the primary chaser’s standalone capabilities, a Monte Carlo (MC) simulation is conducted over
one target orbit, randomly varying the initial estimates, target’s orientation and angular rate, and Sun
position on the Ecliptic plane at fy. While the cooperative scenarios analyzed in later sections employ
500 realizations to establish robust statistical bounds, this baseline evaluation is deliberately limited to
20 runs. This reduced sample size is statistically sufficient to demonstrate the systematic divergence of
the standalone approach. Fig. 7 illustrates the resulting navigation performance without the support of
the secondary observer: as foreseeable, the scarcity of visual features causes the filter to diverge rapidly,
with position errors quickly exceeding tens of meters. By the time a sufficient number of features become
visible again, the accumulated estimation error is too large for the filter to recover and converge. This
outcome confirms that a standalone monocular approach, constrained by the limited FOV of the selected
optical sensor, is inadequate for this specific inspection profile, thereby providing a strong justification
for the proposed solution.
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Fig. 7 MC realizations of relative position and attitude (Euler angle) errors in standalone condition.

4.3 Results in Nominal Conditions

During nominal operations, the scenario corresponds to that described in Sec 4.1. Ch.1 performs

relative navigation with respect to the target object by fusing its own observations with those acquired by
the secondary chaser, effectively exploiting the suggested distributed architecture.
Building upon the baseline analysis, the same Monte Carlo framework is applied to evaluate this cooper-
ative setup, this time utilizing the full set of 500 samples. Unlike the divergent behavior observed in the
standalone case, the continuous integration of secondary measurements ensures stable and accurate esti-
mation. Fig. 8 illustrates the time evolution of Ch.1 relative position and attitude estimated errors, while
Tables 4 and 5 summarize the overall analysis results. In particular, both average and final Root Mean
Square Errors (RMSEs) of each estimated variable are reported together with the corresponding median
and 95-th percentile of the 30 realizations. While the median represents the typical 30~ uncertainty over
the considered time frame, the 95-th percentile quantifies the robustness against worst-case realizations.
All state components are correctly estimated, achieving uncertainty levels comparable with the current
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Fig. 8 MC realizations of relative position and attitude (Euler angle) errors in nominal conditions.
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Table 4 MC average results in nominal conditions.

Estimated Variable RMSE 30 1med 30 pos

Ch.1 relative position (mm) [9.4,14.1, 10.9] [31.2,40.4, 41.3] [103.8, 139.1, 85.3]
Ch.1 relative velocity (mm/s) [0.08, 0.09, 0.09] [0.86, 0.89, 0.87] [1.05, 1.1, 1.01]
Ch.1 relative attitude (deg) 0.083 0.324 0.523

Ch.1 relative ang. vel. (deg/s) | [TE-6, 6E-6, SE-6] | [0.003, 0.003, 0.003] | [0.004, 0.004, 0.004]

Table 5 MC final results in nominal conditions.

Estimated Variable RMSE 30°f med 3071 pos

Ch.1 relative position (mm) [2.7,5.5,5.9] [12.6,21.0,22.2] [18.2,23.1, 26.1]
Ch.1 relative velocity (mm/s) [0.01, 0.01, 0.01] [0.05, 0.06, 0.06] [0.06, 0.06, 0.06]
Ch.1 relative attitude (deg) 0.041 0.134 0.195

Ch.1 relative ang. vel. (deg/s) | [SE-7,4E-7, 3E-7] | [1E-4, 2E-4, 1E-4] | [2E-4, 2E-4, 1E-4]

literature. Position and attitude remain within a few centimeters and few tenths of a degree respectively,
while velocity and angular velocity estimates exhibit even higher accuracy. The comparison between
average and final metrics highlights the filter’s reliability and its convergence toward lower errors and
uncertainties. Moreover, the spikes in the 30- bounds can be associated to the reduced number of features
observed by the Ch.1, while secondary measurements are characterized by higher uncertainty, as better
evidenced in the degraded case simulation.

4.4 Results in Degraded Conditions

To assess the robustness of the developed architecture, the same Monte Carlo analysis is repeated
under degraded conditions. In this scenario, the primary chaser relies exclusively on measurements
provided by the secondary to maintain relative navigation around the target. This setup represents the
extreme situation in which the Ch.1’s optical camera is non-operational, or issues in feature detection
and matching occur. As in the nominal case, the MC realizations of relative position and attitude errors
are outlined in Fig. 9, while average and final RMSE values with medians and 95-th percentiles of the
30 bounds are reported in Tables 6 and 7.
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Fig. 9 MC realizations of relative position and attitude (Euler angle) errors in degraded conditions.
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Table 6 MC average results in degraded conditions.

Estimated Variable RMSE 3_0'med 3_0'p95

Ch.1 relative position (mm) [30.5, 44.6,33.1] | [159.5,200.9, 156.9] | [184.5, 237.7, 184.2]
Ch.1 relative velocity (mm/s) [0.12,0.13, 0.11] [0.93, 0.90, 0.86] [0.98, 0.95, 0.90]
Ch.1 relative attitude (deg) 0.135 0.528 0.687

Ch.1 relative ang. vel. (deg/s) | [7E-6, 7E-6, 8E-6] | [0.003, 0.003, 0.003] | [0.003, 0.003, 0.003]

Table 7 MC final results in degraded conditions.

Estimated Variable RMSE ¢ 307 ¢ med 307 pos

Ch.1 relative position (mm) [21.6, 6.79, 20.1] [95.7, 27.5, 90.7] [107.1, 28.85, 102.7]
Ch.1 relative velocity (mm/s) [0.01, 0.04, 0.01] [0.09, 0.15, 0.08] [0.10, 0.17, 0.09]
Ch.1 relative attitude (deg) 0.079 0.274 0.361

Ch.1 relative ang. vel. (deg/s) | [1E-6, 2E-6, 9E-7] | [0.0002, 0.002, 0.002] | [0.002, 0.002, 0.003]

Even in the degraded case, the filter is robust and consistent with respect to uncertainties. As expected,
Ch.1 relative navigation performance deteriorates due to the exclusive use of secondary measurements.
These are inherently noisier due to the larger operating range and depend on a higher number of auxiliary
measurements compared to direct ones. Consequently, the filter weights the prediction step more heavily,
causing the estimate to follow the underlying periodic orbital dynamics. This effect manifests as the
low-frequency oscillation depicted in the plot. Nevertheless, the uncertainty remains bounded, ensuring
that relative navigation can still be reliably carried out, and enhancing the overall redundancy of the
system.

S Conclusions and Future Developments

This study presents a distributed architecture for relative navigation during close-range inspection

of a target object using two cooperative chasers. The proposed filter performs sequential estimation of
primary chaser’s relative position, velocity, attitude and angular velocity by processing measurements
acquired by both Ch.1 and Ch.2. Particularly, the paper presents the chaser’s pointing control laws, the
simulation of acquired measurements and the design of the distributed navigation filter, which combines
an Extended Kalman Filter with its Multiplicative variant. Monte Carlo analyses are carried out in
both nominal and degraded conditions, demonstrating the potential advantages and robustness of the
architecture. Specifically, the baseline simulation demonstrated that the primary chaser alone fails to
perform reliable relative navigation due to features scarcity. Conversely, by processing the measurements
acquired by the secondary chaser, the architecture allows the primary inspector to accurately estimate its
relative pose with respect to the target, even under degraded conditions where it relies solely on secondary
measurements.
Future work will focus on extending this preliminary analysis towards more realistic scenarios, by
increasing the fidelity of both dynamical and measurement models implemented in the filter. Additional
studies will investigate configurations where the far chaser also exploits measurements sent from the
closer one, since feature detection and matching tend to fail at larger distances from the target. Further
developments will assess navigation performance in cooperative setups characterized by more than
two chasers, with the ultimate goal of enabling swarm-based proximity operations. Furthermore, the
integration of distributed closed-loop guidance and control laws will be explored to enhance target
observability.
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