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Abstract—This paper presents a distributed framework for angle-
only relative orbit determination in satellite networks, motivated
by the increasing need for autonomous and scalable navigation in
congested orbital environments. Angles-only approaches are getting
a lot of attention because they rely on passive optical sensors,
which are lightweight, low-power, and already available on most
spacecraft. However, single-observer configurations are strongly
limited by poor observability, leading to fragile and inaccurate
estimates. To overcome these challenges, we introduce a complete
pipeline that integrates three key components: (1) a geometric
initialization algorithm that estimates the initial target state from
synchronized line-of-sight measurements of multiple observers; (2)
an analytical covariance derivation that quantifies the accuracy of
the initial estimation, independently of orbital dynamics; and (3)
a distributed extended Kalman filter (DEKF) based on information
consensus, that fuses measurements across the network to provide
continuous tracking of the target spacecraft. Numerical simulations
in a realistic low Earth orbit scenario demonstrate that the proposed
method achieves estimation performance close to a centralized
EKF, while maintaining full distribution and robustness to network
topology. The DEKF ensures consensus among observers and limits
position errors to a few meters and velocity errors below 10−4 km/s,
significantly outperforming independent filters. These results prove
that consensus-based distributed angle-only navigation can provide
accurate and scalable orbit determination capabilities, paving the
way for future multi-satellite missions and space-based surveillance
architectures.
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1. INTRODUCTION
The rapid expansion of human activity in orbit has led to
increasingly congested orbital regimes, raising the risk of
collisions and making Space Situational Awareness (SSA) a
critical priority for both civil and defense missions [1]. Tradi-
tional SSA architectures rely heavily on ground-based radar
and optical monitoring systems. While mature and effective
for Earth-orbiting objects, these systems suffer from inherent
limitations: restricted visibility due to Earth’s rotation and
atmosphere, long communication delays for cislunar or deep-
space regimes, and scalability challenges in monitoring a
rapidly growing population of resident space objects (RSOs).
To overcome these barriers, there is a growing consensus
on the need for space-based SSA, where orbital observers
provide continuous coverage unconstrained by the Earth’s
atmosphere [2].

A cornerstone of space-based observation and multi-satellite
missions is the ability to achieve autonomous Relative Orbit
Determination (ROD), namely the estimation of the relative
state of nearby RSOs or cooperating spacecraft. Among
the available sensing modalities, angles-only techniques have
emerged as particularly attractive [3]. In this case, the only
measurements available are line-of-sight (LOS) directions to
the observed object, without direct range information. Such
measurements are naturally provided by vision-based sen-
sors, including star trackers and navigation cameras, which
are already available on most modern spacecraft. These
sensors are passive, lightweight, and low-power, while of-
fering high accuracy and wide dynamic range [4]. This
makes angles-only ROD especially suitable for distributed
and resource-constrained missions.

Despite these advantages, angles-only ROD with a single ob-
server is fundamentally limited by observability: under stan-
dard linearized relative dynamics (e.g., Clohessy–Wiltshire
equations), the relative range cannot be estimated from
bearing directions alone [5]. Several strategies have been
proposed to overcome this limitation, including the use of
maneuvers to excite the dynamics [5], stereoscopic or dis-
placed cameras to induce parallax [6], or the adoption of
richer dynamical models that increase the diversity of angular
measurements [7], [8], [9], [10]. However, these solutions
remain only partially effective in practice: they often require
additional hardware, consume propellant, or depend on ex-
tended observation windows.

The feasibility of single-observer angles-only navigation has
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nonetheless been demonstrated in orbit. The ARGON experi-
ment (DLR, 2012) validated autonomous navigation between
two spacecraft relying solely on camera-based angle mea-
surements [11], and the subsequent AVANTI mission (DLR,
2016) showcased angles-only guidance and navigation for au-
tonomous proximity operations with a non-cooperative target
[12]. These missions underline both the promise of optical
navigation and the intrinsic limitations of single-observer
geometries: even when feasible, angles-only ROD in this
setting remains fragile and heavily constrained.

For these reasons, a natural and promising route is to ex-
ploit cooperation among multiple satellites. By fusing LOS
measurements from different observation points, geometric
ambiguities can be resolved without maneuvers or active
sensors. Beyond the geometric benefits, multi-agent archi-
tectures align with a broader trend in space exploration:
distributed systems and spacecraft swarms are increasingly
considered for applications in Earth orbit (e.g., GRACE
[13], TanDEM-X [14], MMS [15]) and beyond (e.g., ANS
[16]), offering robustness, scalability, and novel capabilities
unattainable with monolithic spacecraft.

Within this context, the literature has advanced along sev-
eral complementary directions. Early work established the
observability conditions for multi-observer configurations,
showing that geometric diversity can restore the information
lost in single-observer scenarios [17]. A graph-theoretic per-
spective linking target observability to network topology was
later introduced, leading to distributed orbit determination
methods exploiting this structure [18]. On the estimation
side, consensus-based distributed Kalman filters have been
shown to approach centralized performance while preserving
scalability and robustness in optical tracking networks [19].
A comprehensive framework for cooperative self-navigation
and distributed multi-target tracking using only angular mea-
surements was presented in [20], while a geometric initializa-
tion method reconstructing the target state from LOS-derived
planes and their derivatives was proposed in [21].

Building on these contributions, this work proposes a new
approach to distributed angles-only ROD that integrates the
main building blocks into a unified framework. A geometric
initialization method was extended with a novel analytical
procedure to estimate the associated covariance matrix di-
rectly from sensor characteristics and other known quanti-
ties[21]. This derivation is dynamics-free, relying solely on
measurement geometry, and thus remains valid in any orbital
regime. The resulting state and covariance estimates are
then used to initialize a distributed extended Kalman filter
(DEKF) based on consensus on the innovation [22]. While
the consensus strategy itself is independent of dynamics, the
prediction model can be adapted to the regime of interest,
ensuring flexibility across diverse mission scenarios.

The proposed pipeline combines geometric initialization, co-
variance construction, and distributed filtering into a com-
plete and versatile framework for autonomous angles-only
orbit determination in satellite networks. It provides a consis-
tent, analytically grounded, and fully distributed solution that
leverages the geometric diversity of multiple observers and is
applicable across a broad range of dynamical environments.

2. INITIAL ORBIT DETERMINATION METHOD
The proposed Initial Orbit Determination (IOD) method
builds upon the geometric approach described in [21], where

Figure 1. Reference scenario and geometry: observers at
(ri,vi) measure LOS ℓi towards the target (rt,vt). The unit
vectors Ri = −ri/∥ri∥ define the planes used to define the

linear constraints.

the state of a target object is reconstructed from simultane-
ous line-of-sight (LOS) measurements acquired by multiple
observer satellites. This section recalls the main steps of the
method and introduces the main ingredients of the proposed
framework.

Assumptions

Two working assumptions are adopted in this formulation:

• Assumption 1 (Known observer states). Each agent i is
assumed to know its own inertial position ri ∈ R3 and
velocity vi ∈ R3 at the measurement epoch. This is con-
sistent with the focus of the present work, which is on the
relative orbit determination (ROD) of the target with respect
to the observer network. In practice, this assumption can be
relaxed: observer states can be supplied from ground-based
orbit determination or maintained onboard through coopera-
tive autonomous navigation algorithms, as demonstrated for
example in [17].

• Assumption 2 (Synchronous measurements). LOS mea-
surements are assumed to be synchronized across the observ-
ing agents, i.e.,

t
(1)
k = t

(2)
k = · · · = t

(N)
k = tk,

so that all constraints refer to the same epoch. This greatly
simplifies the derivation. While precise synchronization may
be challenging in heterogeneous or opportunistic systems,
it is realistic in purpose-built missions with inter-satellite
communication and clock alignment. Moreover, small timing
offsets can be absorbed into the measurement noise model if
needed.

Geometric formulation

Consider a network of N observing agents at a given epoch.
Each agent measures the LOS unit vector ℓi ∈ R3 towards
the target:

ℓi =
rt − ri
∥rt − ri∥

,

and the discrete-time LOS rate (by finite differencing)

ℓ̇i(tk) ≈
ℓi(tk)− ℓi(tk−1)

∆t
, ∆t = tk − tk−1. (1)
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Define Ri = −ri/∥ri∥ ∈ R3 and two orthogonal plane
normals

n1,i = ℓi ×Ri, n2,i = n1,i × ℓi (n1,i,n2,i ∈ R3).

By construction, the target position rt ∈ R3 lies on the two
planes through ri with normals n1,i and n2,i, which implies

Ai rt = bi,

Ai =

[
n⊤

1,i

n⊤
2,i

]
∈ R2×3, bi =

[
n⊤

1,iri
n⊤

2,iri

]
∈ R2.

(2)

By differentiating these relations, two additional constraints
coupling rt and vt can be obtained:

Ȧi rt +Ai vt = ḃi, Ȧi ∈ R2×3, ḃi ∈ R2, (3)

where Ȧi, ḃi are functions of (ri,vi) and of the measured ℓ̇i.

Stacking all agents yields the global linear system

Hx = y, x =

[
rt
vt

]
∈ R6, (4)

with block structure and sizes

H =


A1 02×3

Ȧ1 A1
...

...
AN 02×3

ȦN AN

 ∈ R(4N)×6 y =


b1
ḃ1
...

bN
ḃN

 ∈ R4N (5)

Since the system is generally overdetermined for N ≥ 2, the
initial estimate of the target state is obtained by least squares:

x̂ = argmin
x
∥Hx− y∥22, x̂ = (H⊤H)−1H⊤y. (6)

This provides a consistent initialization of both the target
position and velocity solely from synchronized angle-only
measurements collected by multiple observers.

3. COVARIANCE ESTIMATION
This section analytically derives an estimate on the covari-
ance of the geometric least–squares (LS) initializer presented
in Sec. 2. The key idea is that small angular errors in
the line-of-sight (LOS) measurements perturb the geometric
constraints and their time derivatives. These perturbations
propagate to the final LS state estimate. By linearizing this
propagation chain, we obtain a closed–form expression for
the state covariance that depends only on the sensor accuracy
and the geometry of the observer network, not on the target
dynamics.

Throughout, we use the skew-symmetric operator: for any
vector a ∈ R3, [a]× denotes the 3×3 matrix such that
[a]×b = a× b for any b ∈ R3.

Noise Model on LOS and LOS Rate

Each agent i measures a unit line-of-sight (LOS) vector
ℓi ∈ R3 and its rate of change ℓ̇i ∈ R3, obtained by finite
differencing (see Eq. (1)).

• Assumption 3 (LOS noise model). We assume that LOS
measurement errors can be represented as small random
angular perturbations of the true direction ℓtrue

i . Specifically:
- We assume the measurement error is purely angular, mean-
ing the error vector is always orthogonal to the true LOS
direction. This reflects the physics of optical sensors, which
produce errors in pointing direction, not in the vector’s mag-
nitude (which is fixed at unity).
- We assume the error is isotropic (i.e., has no preferred
direction) in the plane perpendicular to the LOS.
- We assume the magnitude of the angular error follows a
zero-mean Gaussian distribution. This is a standard modeling
choice that is both physically plausible and mathematically
convenient for analysis and filter design.
To formalize these assumptions, the noisy LOS is modeled as

ℓi = exp([θiui]×) ℓ
true
i , (7)

where ui ∈ R3 is a unit vector drawn uniformly at random
from the plane orthogonal to ℓtrue

i , and θi ∼ N (0, σ2
θ) is a

small random angle. This representation corresponds to the
standard axis–angle parametrization of rotations, with ui the
rotation axis and θi the rotation angle. To first order in θi, the
perturbation δℓi = ℓi − ℓtrue

i is

δℓi ≈ θi [ui]× ℓtrue
i (8)

which guarantees δℓi ⊥ ℓtrue
i . The resulting covariance is the

projector onto the tangent plane scaled by the variance of the
angular error:

Σℓ = E[δℓi δℓ⊤i ] = σ2
θ

(
I3 − ℓiℓ

⊤
i

)
, (9)

where the measured ℓi is used in place of the true one.

Finally, the noise affecting the LOS rate ℓ̇i is directly in-
duced by the differencing of consecutive noisy LOS vectors.
Consequently, its statistics depend only on the angular error
variance σ2

θ and on the differencing interval ∆t. Assume the
measurement errors at tk and tk−1 are independent and have
the same covariance Σℓ (that is, the sensors share the same
accuracy), the resulting error covariances for the LOS rate
and the cross-covariance are as follows:

Σℓ̇ =
2

∆t2
Σℓ =

2σ2
θ

∆t2
(
I3 − ℓiℓ

⊤
i

)
,

Σℓℓ̇ = E
[
δℓi(tk) δℓ̇i(tk)

⊤] = 1

∆t
Σℓ

=
σ2
θ

∆t

(
I3 − ℓiℓ

⊤
i

) (10)

The joint noise covariance matrix for agent measurements i
is therefore the block matrix

Σi =

[
Σℓ Σℓℓ̇
Σ⊤

ℓℓ̇
Σℓ̇

]
∈ R6×6. (11)

Linearization of the LS Solution

We recall from eq. (6) that the LS solution is

x̂ = (H⊤H)−1H⊤y.

Noise in the LOS measurements induces perturbations also in
the system matrix and vector:

(H,y) 7→ (H+ δH, y + δy).
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Let M .
= H⊤H. The perturbed state estimate is

x̂+ =
(
(H+ δH)⊤(H+ δH)

)−1

× (H+ δH)⊤(y + δy).
(12)

To find the first-order perturbation in the state, δx .
= x̂+− x̂,

we linearize this expression. Using the identity

(M + δM)−1 ≈M−1 −M−1δM M−1,

with δM
.
= δH⊤H + H⊤δH and neglecting all second-

order terms (products of perturbations), we obtain:

δx ≈ M−1H⊤δy +M−1δH⊤y

−M−1
(
δH⊤H+H⊤δH

)
x̂.

(13)

Assuming that the linearization is performed around the true
state x, for which the residuals are zero (y = Hx), and
noting that x̂ = x in this noise–free reference point (i.e., the
LS estimate coincides with the true state when evaluated with
exact measurements), the expression simplifies significantly:

δx ≈M−1H⊤(δy − δHx
)
. (14)

This relation relates the state error δx to the perturbation of
the residual, which we define as

δe
.
= δy − δHx.

The vector δe ∈ R4N stacks the residual perturbations from
all N agents, δe = [δe⊤1 , . . . , δe

⊤
N ]⊤.

The relationship can be written compactly as

δx = K δe,

with K
.
= (H⊤H)−1H⊤ ∈ R6×4N .

(15)

From this, the covariance of the LS solution follows directly
as

Cov(x̂) = K Cov(δe)K⊤. (16)

From Measurement Noise to Residual Perturbation

For each agent i, the residual vector is defined as

ei = yi −Hix,

where the full system (H,y) was introduced in eq. (4) - (5).
For clarity, we now isolate the contribution of a single agent
i as

Hi =

[
Ai 0

Ȧi Ai

]
∈ R4×6, yi =

[
bi

ḃi

]
∈ R4.

Expanding this expression leads to

ei =

[
bi −Airt

ḃi − Ȧirt −Aivt

]
.

Recalling that the rows of Ai are n⊤
1,i and n⊤

2,i (see eq. (2)),
and defining the true relative position and velocity as

ρi
.
= ri − rt, ηi

.
= vi − vt,

the four scalar components of the residual vector can be
written as

e1,i = n⊤
1,iρi, (17)

e2,i = n⊤
2,iρi, (18)

e3,i = ṅ⊤
1,iρi + n⊤

1,iηi, (19)

e4,i = ṅ⊤
2,iρi + n⊤

2,iηi. (20)

The perturbation δei is then the vector of first-order differen-
tials

δei =


δe1,i
δe2,i
δe3,i
δe4,i

 ,

whose explicit dependence on the LOS perturbations δℓi and
δℓ̇i will be derived in the next step.

To compute these differentials, we first need to derive the
variations of the normal vectors n1,i,n2,i and their time
derivatives with respect to the measurement noises δℓi and
δℓ̇i. The observer states (ri,vi) and thus Ri = −ri/∥ri∥
are known, so their variations vanish. Applying the product
rule for differentiation we get:

δn1,i = δℓi ×Ri = −[Ri]× δℓi, (21)

δn2,i = δn1,i × ℓi + n1,i × δℓi

=
(
− [ℓi]×[Ri]× + [n1,i]×

)
δℓi, (22)

δṅ1,i = δℓ̇i ×Ri + δℓi × Ṙi

= −[Ri]× δℓ̇i − [Ṙi]× δℓi, (23)

δṅ2,i = δṅ1,i × ℓi + ṅ1,i × δℓi + δn1,i × ℓ̇i + n1,i × δℓ̇i

=
(
[ℓi]×[Ri]× + [n1,i]×

)
δℓ̇i

+
(
[ℓi]×[Ṙi]× + [ṅ1,i]× + [ℓ̇i]×[Ri]×

)
δℓi. (24)

Here, the time derivative of the radial unit vector is

Ṙi = −
1

∥ri∥
(
I3 −RiR

⊤
i

)
vi.

Substituting equations (21)-(24) into the expressions for the
residuals, we find the linear relationship between the mea-
surement noise and the residual perturbation for agent i:

δe1,i = δn⊤
1,iρi, (25)

δe2,i = δn⊤
2,iρi, (26)

δe3,i = δṅ⊤
1,iρi + δn⊤

1,iηi, (27)

δe4,i = δṅ⊤
2,iρi + δn⊤

2,iηi. (28)

This can be expressed in matrix form as:

δei = Ji

[
δℓi
δℓ̇i

]
, Ji ∈ R4×6,

where the Jacobian matrix Ji is shown in full in eq. (29).

4



Ji =


−ρ⊤

i [Ri]× 0⊤

ρ⊤
i

(
− [ℓi]×[Ri]× + [n1,i]×

)
0⊤

−ρ⊤
i [Ṙi]× − η⊤

i [Ri]× −ρ⊤
i [Ri]×

ρ⊤
i

(
[ℓi]×[Ṙi]× + [ṅ1,i]× + [ℓ̇i]×[Ri]×

)
+ η⊤

i

(
− [ℓi]×[Ri]× + [n1,i]×

)
ρ⊤
i

(
[ℓi]×[Ri]× + [n1,i]×

)

 . (29)

Final State Covariance

Using the linear map defined by Ji, the covariance of the
residual perturbation for a single agent is

Cov(δei) = JiΣiJ
⊤
i ∈ R4×4, (30)

where Σi is the joint measurement noise covariance from
(11). Since we assume measurement errors are uncorrelated
between agents, the covariance matrix of the stacked residual
perturbation vector δe is block-diagonal:

Cov(δe) = diag
(
Cov(δe1), . . . ,Cov(δeN )

)
, (31)

Cov(δe) ∈ R4N×4N

Finally, substituting this into (16) gives the desired covariance
of the LS state estimate:

Cov(x̂) = K diag
(
J1Σ1J

⊤
1 , . . . ,JNΣNJ⊤

N

)
K⊤, (32)

where Cov(x̂) ∈ R6×6 and K ∈ R6×4N is defined in (15).
This expression provides the complete first-order uncertainty
of the initializer.

4. DISTRIBUTED FILTERING
Once the target state is initialized with the geometric proce-
dure and its covariance is derived (Secs. 2–3), the next step is
to transition to sequential tracking. This requires a recursive
filter that can incorporate new measurements over time and
maintain accuracy in a distributed fashion.

As a benchmark, a centralized Extended Kalman Filter (EKF)
would combine the measurements from all the agents at a
single fusion node, obtaining an optimal estimate. However,
such a setup is not ideal in satellite networks, where com-
munication bandwidth is limited and robustness is critical.
Instead, we adopt a Distributed Extended Kalman Filter
(DEKF) based on consensus on information [22]. The central
idea is that each agent computes additive information terms
(innovation and information matrix) from its local measure-
ments, then reaches agreement with neighbors through a
lightweight consensus routine. This guarantees statistical
consistency, exploits the independence of LOS measure-
ments, and avoids the need for a central fusion node, making
the system robust to single point failure. It is important to
note that, in this architecture, agents never exchange their
state estimates or covariances. Only compact information
derived from the local measurements is shared among neigh-
bors during consensus, while each spacecraft maintains and
updates its own filter locally.

Process and measurement models

The global state is defined as

xk =

[
rt(k)
vt(k)

]
∈ R6,

where rt and vt are the inertial position and velocity of the
target at time k.

The nonlinear process model is expressed in discrete time as

xk+1 = f(xk) +wk, wk ∼ N (0,Q), (33)

where dt is the sampling interval and Q ∈ R6×6 is the
process noise covariance. The state evolution function is

f(x) = x+ dt

[
vt

−µ rt
∥rt∥3

+ aJ2
(rt)

]
, (34)

with the J2 perturbation term

aJ2
(rt) =

3J2µR
2
e

2∥rt∥5


xt

(
1− 5

z2t
∥rt∥2

)
yt

(
1− 5

z2t
∥rt∥2

)
zt

(
3− 5

z2t
∥rt∥2

)

 . (35)

Here (xt yt zt) are the components of the target inertial po-
sition vector, µ is the gravitational parameter, Re the Earth’s
mean equatorial radius, and J2 the second zonal harmonic
coefficient. The measurement available to agent i at time k is
the normalized line-of-sight (LOS):

ℓik = hi(xk) + νi
k, hi(x) =

rt − ri
∥rt − ri∥

, (36)

where νi
k ∼ N (0,Ri) is the measurement noise with covari-

ance Ri ∈ R3×3.

Jacobian matrices

The EKF requires linearization of both dynamics and mea-
surements.

The process Jacobian is

Fk =
∂f

∂x
=

 I3×3 dt I3×3

dt

(
∂agrav

∂rt
+

∂aJ2

∂rt

)
I3×3

 , (37)

where the Keplerian component is

∂agrav

∂rt
= −µ

(
I

r3t
− 3

rtr
⊤
t

r5t

)
, rt = ∥rt∥.

For the J2 contribution, let rt = (xt, yt, zt) and define

k =
3J2µR

2
e

2
.
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Then

∂aJ2

∂rt
=


∂ax

∂xt

∂ax

∂yt

∂ax

∂zt
∂ay

∂xt

∂ay

∂yt

∂ay

∂zt
∂az

∂xt

∂az

∂yt

∂az

∂zt

 ,

with elements

∂ax
∂xt

= k

(
1

r5t
− 5(x2

t + z2t )

r7t
+

35x2
t z

2
t

r9t

)
,

∂ax
∂yt

= k

(
−5xtyt

r7t
+

35xtytz
2
t

r9t

)
,

∂ax
∂zt

= k

(
−15xtzt

r7t
+

35xtz
3
t

r9t

)
,

∂ay
∂yt

= k

(
1

r5t
− 5(y2t + z2t )

r7t
+

35y2t z
2
t

r9t

)
,

∂ay
∂zt

= k

(
−15ytzt

r7t
+

35ytz
3
t

r9t

)
,

∂az
∂zt

= k

(
3

r5t
− 30z2t

r7t
+

35z4t
r9t

)
.

The matrix is symmetric, since it derives from the Hessian
of the J2 gravitational potential. Therefore, the off–diagonal
elements satisfy

∂ay
∂xt

=
∂ax
∂yt

,
∂az
∂xt

=
∂ax
∂zt

,
∂az
∂yt

=
∂ay
∂zt

.

For agent i, the measurement Jacobian is obtained through a
single linearization around the predicted state:

Hi
k =

∂hi

∂x
=

[
1

∥ρi∥

(
I − ρiρ

⊤
i

∥ρi∥2

)
03×3

]
. (38)

Distributed EKF with information consensus

The DEKF consists in the following steps at each time step k:

1. Prediction. Each agent i propagates its state and
covariance:

x̂i
k|k−1 = f(x̂i

k−1), (39)

P i
k|k−1 = Fk−1P

i
k−1F

⊤
k−1 +N Q, (40)

where the scaling by N (number of agents) ensures equiv-
alence with centralized information fusion when consensus
converges [22].

2. Information terms computation. Each agent i computes
the local additive quantities

zi
k = (Hi

k)
⊤(Ri)−1 ℓik, (41)

z̄i
k = (Hi

k)
⊤(Ri)−1 hi(x̂i

k|k−1), (42)

Si
k = (Hi

k)
⊤(Ri)−1 Hi

k. (43)

Here zi
k, z̄

i
k ∈ R6 are information-weighted versions of the

actual and predicted LOS, while Si
k ∈ R6×6 is the lo-

cal information matrix, symmetric and positive semidefinite,
quantifying how informative sensor i is about the target state.

3. Consensus. Each agent exchanges the information
terms (zi

k, z̄
i
k,S

i
k) only with its neighbors Ni, where Ni

denotes the set of nodes directly connected to agent i in
the communication graph. The exchange is repeated for a
fixed number of consensus iterations, during which each node
updates its variables as weighted averages with those received
from neighbors. The consensus iterations are assumed to be
instantaneous with respect to the orbital dynamics, occurring
entirely within the sampling interval. This low-pass consen-
sus filter [22] asymptotically leads all agents toward aligned
values (zk, z̄k,Sk) without requiring global communication
or a fusion center.

4. Correction. After a finite number of consensus iterations,
each agent i holds its own versions (zi

k, z̄
i
k,S

i
k), which

approximate the global information but are in general not
identical across the network. Using these locally available
terms, agent i performs the update

P i
k =

(
(P i

k|k−1)
−1 + Si

k

)−1
, (44)

x̂i
k = x̂i

k|k−1 + P i
k(z

i
k − z̄i

k). (45)

Here P i
k is the corrected covariance and x̂i

k the corrected
state estimate at agent i. Because the information terms
(zi

k, z̄
i
k,S

i
k) are shaped by local measurements but influenced

by consensus with neighbors, the correction step reflects both
the agent’s own observation and the information indirectly
received from the rest of the network.

Initialization

At k = 0, each agent i performs the IOD process described
in Sec. 2 using only the LOS (and LOS-rate from finite
differencing) available within its neighborhoodNi. This pro-
vides a local state estimate x̂i

0 and an associated covariance
P i

0 = Cov(x̂i
0), obtained through the procedure described in

Sec. 3. Because each agent exploits only partial information,
the resulting priors differ across the network.

To initialize the distributed filter consistently, a consensus
phase is then performed on both states and covariances. After
this alignment step, each agent sets

x̂i
0 =

1

N

N∑
j=1

x̂j
0, P i

0 = N P̄0,

where P̄0 is the consensus average of the local covariance
estimates. This guarantees that all agents start the recursive
DEKF from a coherent and statistically consistent prior.

Summary

The information-consensus EKF enables each satellite to
maintain a local filter while exchanging only compact in-
formation terms with neighbors. The method is statistically
consistent, fully distributed, and converges to the centralized
EKF under ideal consensus, while remaining robust to realis-
tic communication constraints in satellite networks.

For clarity, Algorithm 1 summarizes the proposed pipeline,
from geometric initialization to distributed EKF tracking.
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Algorithm 1 Distributed Angle-Only Navigation via Geo-
metric IOD and DEKF
Input:

LOS and LOS-rate measurements {ℓi, ℓ̇i},
Observer states (ri,vi)
Process and measurement noise covariances (Q, R)

1. Geometric IOD: each agent i computes (x̂i
0,P

i
0) from

its own and neighbors’ LOS data.
2. Consensus Alignment: agents exchange (x̂i

0,P
i
0) with

neighbors Ni; a short consensus phase aligns priors
across the network.

3. Recursive DEKF: for each time k
3.1. Prediction: propagate (x̂i

k|k−1,P
i
k|k−1) with orbital

dynamics.
3.2. Local Information: compute (zi

k, z̄
i
k,S

i
k) (see Sec. 4).

3.3. Consensus: exchange these terms with Ni for a fixed
number of iterations.

3.4. Correction: update (x̂i
k|k,P

i
k|k) using the consensus-

influenced terms.
Output:

Local estimates x̂i
k|k, P i

k|k at each agent.

5. SIMULATION SCENARIO
The numerical simulations are performed in a Low Earth
Orbit (LEO) environment. Both the observer constellation
and the target are propagated with the SGP4 model [23],
the standard analytical orbit propagator used in conjunction
with Two-Line Elements (TLEs). SGP4 accounts for the
dominant perturbations acting on near-Earth satellites (e.g.,
J2 oblateness, atmospheric drag, luni-solar effects), and
provides reliable ground-truth trajectories over limited time
spans. All tests have been performed in the MATLAB en-
vironment, using the reference open-source implementation
[24] for orbit propagation.

The observer network consists of three satellites arranged
in an in–track formation. All observers share the same
orbital elements and differ only in mean anomaly, which
creates a stable trailing geometry without the need of active
station–keeping. The nominal parameters of the observer
constellation are listed in Table 1.

Table 1. Nominal orbital parameters of the observer
constellation.

Parameter Value
Semi-major axis a 6963 km
Eccentricity e 0.0001
Inclination i 85.0◦

RAAN Ω 10.0◦

Argument of perigee ω 14.0◦

Mean anomaly M 288◦, 290◦, 292◦

Propagation model SGP4

The target is placed on a slightly different orbit and its orbital
parameters are listed in Table 2.

The difference in inclination (86.0◦ vs. 85.0◦) and
semi–major axis (6949 km vs. 6963 km) guarantees relative
drift between target and observers, while the similarity in
RAAN and argument of perigee ensures that the target period-
ically crosses the formation’s field of regard. This geometry is

Table 2. Nominal orbital parameters of the target.

Parameter Value
Semi-major axis a 6949 km
Eccentricity e 0.0001
Inclination i 86.0◦

RAAN Ω 10.0◦

Argument of perigee ω 14.0◦

Mean anomaly M 290.0◦

Propagation model SGP4

representative of a tracking scenario in which a constellation
monitors a nearby but not co–orbital object.

The communication network among observers is modeled as
a line graph, with communication restricted to immediate
neighbors:

Agent 1←→ Agent 2←→ Agent 3

This non–fully connected topology reflects realistic con-
straints and highlights the role of the consensus–based fil-
tering algorithm, which must propagate information across
multiple hops. At each filtering step, 25 consensus iterations
are performed.

Every agent obtains LOS measurements every ∆t = 0.1 min
(6 s). Only epochs in which the target lies within 500 km
of the formation are processed, reflecting the limited optical
sensors’ field of view. While operational encounters may lead
to shorter or fragmented tracking intervals, the present study
focuses on a continuous visibility arc to isolate the intrinsic
convergence properties of the distributed filter, rather than the
scenario-dependent limitations of the observation geometry.
Measurement noise is modeled as in (7) with standard devia-
tion σθ = 10−4 rad. The measurement covariance is set as

R = I3 σ
2
θ · 104,

while the process noise covariance is chosen as

Q = diag(10−7, 10−7, 10−7, 10−9, 10−9, 10−9),

properly scaled by the number of agents during the DEKF
propagation step.

6. NUMERICAL RESULTS AND ANALYSIS
This section presents the results of the numerical simulations
described in Sec. 5. The analysis compares the proposed Dis-
tributed Extended Kalman Filter (DEKF), a centralized EKF
benchmark, and independent EKFs running on each agent
without information exchange. Additional tests evaluate the
impact of different initialization strategies for the DEKF
covariance. Results are shown in terms of the estimation error
evolution, reconstructed trajectories, and quantified using
Root Mean Square Error (RMSE) statistics.

Qualitative Analysis of Estimation Errors

Figure 2 shows the orbital geometry of the observer con-
stellation and the target. The three observers follow nearly
identical orbital tracks, separated only by a small difference
in mean anomaly, while the target orbit differs in inclination
and semi–major axis, resulting in a natural drift. The initial
positions of the observers are marked with dots, and both
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the true and estimated target trajectories are shown. The
DEKF estimate closely tracks the truth, and the zoomed
view highlights the initial separation of the observers and the
overlap of the estimated and true target orbits.
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Figure 2. Observer constellation and target (true and
estimated) orbit.

Figures 3 and 4 show the position and velocity error norms for
the three considered approaches. The centralized EKF serves
as a reference benchmark.

The DEKF exhibits performance that closely matches the
centralized solution. The position error remains below 140 m
during the first instants of the visibility window and decreases
steadily to less than 5 m when the relative distance reaches
500 km and the target disappears from the observers’ field of
view. For velocity, the error peaks at approximately 3.6m/s
and converges to below 5× 10−2 m/s at the end of the pass.

Independent EKFs, in contrast, show heterogeneous behav-
iors across agents. In this case, each filter only relies on its
own angular measurements, leading to diverging estimates:
position errors grow up to 650 m in the worst case and remain
around 100 m at the end of the window. Velocity errors reach
levels comparable to the DEKF at their maximum, but remain
nearly twice as large at the end of the pass (about 10−1 m/s).
These results prove that, without consensus, agents fail to
converge toward a consistent target trajectory.

Impact of Covariance Initialization

An additional experiment investigates the role of the initial
covariance P0 in the DEKF. Figure 5 compares the position
errors obtained when P0 is computed via the covariance
estimation procedure described in Sec. 3 against a manually
tuned diagonal initialization. The tuned diagonal matrix was
constructed by assigning equal values to the three position en-
tries and a (different) equal value to the three velocity entries;
these values were then refined through multiple trial runs
until further adjustments produced negligible improvement.
This manual tuning reflects common engineering practice but
requires repeated offline trials and is sensitive to scenario
parameters.

With the estimated covariance the maximum position error
is about 140m and rapidly decreases to ∼ 5m by the end
of the pass. In contrast, the tuned diagonal initialization
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Figure 3. Position error norm: DEKF vs. centralized EKF
vs. independent EKFs.
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Figure 4. Velocity error norm: DEKF vs. centralized EKF
vs. independent EKFs.

yields peaks up to ∼ 350m, although both runs converge
asymptotically to similar final accuracy for this particular
scenario.

For velocity (Fig. 6), both initialization strategies lead to
comparable peak and final errors, while the user-tuned co-
variance produces a larger mean error over the whole arc.
These results highlight the benefit of a principled covariance
initialization: it reduces the need for ad-hoc tuning and
improves transient performance, which is critical in online
operations where repeated trial-and-error is impractical.

Quantitative Analysis: RMSE Comparison

To provide a compact and insightful performance metric, we
compute the Root Mean Square Error (RMSE) of position and
velocity estimates with respect to the true target state. For a
sequence of N estimation steps, the RMSE is defined as:

RMSE =

√√√√ 1

N

N∑
k=1

||x̂k − xk||2 (46)

To better distinguish between transient behavior and asymp-
totic performance, the RMSE is computed over two distinct
intervals: the Full Window (covering the entire pass) and
the Steady-State (covering the last 60% of the simulation).
The full-window metric captures the initialization quality and
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Figure 5. Position error norm: DEKF with estimated vs.
user-defined covariance initialization.
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Figure 6. Velocity error norm: DEKF with estimated vs.
user-defined covariance initialization.

convergence speed, while the steady-state metric reflects the
ultimate accuracy limit imposed by sensor noise and geome-
try. Table 3 summarizes the RMSE values obtained through
the simulations. The DEKF reduces errors by nearly one
order of magnitude compared to independent filters, reaching
steady-state errors of 8.5 m in position and 3 × 10−5 km/s
in velocity, essentially matching the centralized performance
benchmark.

Discussion

The numerical results highlight three main aspects:

1. The DEKF ensures accuracy that is comparable to the cen-
tralized EKF benchmark. Both position and velocity er-
rors remain tightly bounded, with only marginal degradation
compared to the centralized solution. This confirms that
consensus-based information fusion is able to preserve the
benefits of centralized estimation while operating in a dis-
tributed setting.

2. Independent EKFs, in contrast, produce heterogeneous es-
timates across agents. Since each filter relies solely on
its own angular data, the resulting trajectories diverge and
the estimation errors remain significantly larger even in the
steady-state phase (up to 72 m position error vs 8.5 m for
the DEKF). This underlines the importance of cooperation
among observers: without information exchange, the network

fails to build a consistent and accurate picture of the target
state.

3. The choice of the initial covariance P0 plays a crucial role
in the transient performance. Comparing the two DEKF
initializations in Table 3, the steady-state RMSEs are nearly
identical (8.5 m vs 8.7 m), confirming that both methods
eventually converge to the same accuracy limit. However, the
Full Window RMSE for the user-defined covariance is three
times larger (64 m vs 21 m). This proves that the principled
covariance estimation significantly improves robustness by
minimizing the duration and magnitude of the initial transient
error, without requiring the extensive manual tuning used for
the benchmark.

Overall, the DEKF emerges as a scalable, robust, and
communication-efficient alternative to centralized filtering.
It enables each agent to reach a statistically consistent es-
timate by exchanging only compact information terms with
its neighbors, preserving accuracy, reducing communication
load, and ensuring robustness to network constraints.

7. CONCLUSIONS AND FUTURE WORK
This paper has presented a complete framework for dis-
tributed angle-only relative orbit determination in satellite
networks, combining a geometric initialization method, a
novel analytical covariance derivation, and a distributed ex-
tended Kalman filter based on information consensus. The
main strengths of the approach lie in its generality and consis-
tency: the geometric initialization exploits only measurement
geometry and remains dynamics-free, the closed-form co-
variance provides an analytically grounded quantification of
uncertainty directly from sensor characteristics, and the dis-
tributed filter achieves estimation performance close to that of
a centralized benchmark while avoiding the need for a fusion
center. Numerical results in a realistic LEO scenario confirm
that the proposed pipeline guarantees accurate and consistent
estimates, with position errors of the order of tens and veloc-
ity errors below 10−4 km/s, demonstrating the effectiveness
of cooperative angle-only navigation in mitigating the intrin-
sic observability limitations of single-observer geometries.
The distributed filtering stage shows that consensus mecha-
nisms can reproduce centralized accuracy while maintaining
robustness to network topology constraints, and at the same
time ensuring agreement among agents, unlike independent
filters which diverge significantly. Beyond these quantitative
results, the framework appears particularly promising for
several reasons. It is inherently general and can be applied
to different orbital regimes; it is purely angle-only, making
it suitable for low-cost constellations of small satellites; it
enables a complete end-to-end pipeline, from initialization
to recursive estimation, without requiring any manual co-
variance tuning. Although the simulation scenario adopts
some simplifications (synchronous measurements, perfectly
known observer states), the achieved performance is very
encouraging, especially considering that the ground truth
was propagated with a high-fidelity SGP4 model, and leaves
significant room for further exploration.

Future work will aim to progressively relax these simpli-
fying assumptions and move toward the realization of a
more realistic testbed. In particular, we plan to address
asynchronous measurement availability, partial knowledge of
observer states, and more complex communication topolo-
gies. Extending the approach to such scenarios will provide a
clearer assessment of its practical applicability and robustness
in real-world distributed satellite missions.
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Table 3. RMSE of position and velocity estimates: Full Window vs. Steady-State (last 60%).

Filter Pos. RMSE [km] Vel. RMSE [km/s]
Full Steady-State Full Steady-State

Ind. EKF Agent 1 0.1525 0.0220 6.5× 10−4 4.0× 10−5

Ind. EKF Agent 2 0.0773 0.0549 4.3× 10−4 6.0× 10−5

Ind. EKF Agent 3 0.1853 0.0721 7.2× 10−4 8.0× 10−5

DEKF (est. P0) 0.0207 0.0085 3.7× 10−4 3.0× 10−5

DEKF (user P0) 0.0635 0.0087 5.9× 10−4 3.0× 10−5

Centralized EKF 0.0130 0.0064 3.0× 10−4 3.0× 10−5
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