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Abstract— Current orbit-determination methods rely heavily
on Earth-based infrastructure like the Deep Space Network
(DSN), ground-based radars, or Global Navigation Satellite Sys-
tems (GNSS). This paper introduces a joint orbit-and-attitude-
determination method using one or more low-cost RGB cameras,
angular-velocity data from a gyroscope, and ranging data from
other satellites. Machine-vision algorithms are used to identify
known landmarks in images captured by the spacecraft. These
landmark locations are fused with gyro data and satellite-ranging
measurements and combined with a spacecraft dynamics model
in an Iterated Extended Kalman Filter (IEKF) that estimates the
position, velocity, and attitude of the spacecraft, as well as the
gyroscope bias. All measurements and computations are performed
onboard the spacecraft, without the use of any exogenous Earth-
based inputs. We explore the benefits of extending the number of
networked satellites and investigate different network topologies.
We validate the performance of the approach in simulation using
real satellite imagery.
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1. INTRODUCTION
As more spacecraft venture into deep space, there is a
growing need for scalable navigation systems that are less
dependent on Earth-based resources like ground-based radar
and Global Navigation Satellite Systems (GNSS). Current
missions beyond Earth orbit rely on ground stations such as
NASA’s Deep Space Network (DSN) [1] or ESA’s European
Space Tracking (ESTRACK) system [2]. These systems,
with their large dishes, can only support a limited number
of spacecraft and are already oversubscribed. Meanwhile,
there are a growing number of missions planning to operate
in cislunar space and at Mars, including by private companies
like SpaceX [3].

To address the growing need for navigation beyond Earth
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Figure 1. The spacecraft uses visual bearing measurements
to landmarks on Earth’s surface and ranging measurements

to other spacecraft to estimate both its orbital state and
attitude.

orbit, novel navigation methods have to be developed that
can provide consistent, accurate information independently
of Earth-based resources. We propose a method that provides
a solution for networked satellite systems. Each satellite in
the network can autonomously localize itself and can thus
be used to bootstrap accurate position estimates for other
spacecraft or vehicles on a planetary surface. While our
simulations are based on the parameters of the upcoming
Argus low-Earth orbit demonstration mission, redeployment
the method to new planetary bodies is straightforward —
requiring only the retraining of landmark-classifier neural
networks with new surface imagery and adjustment of model
parameters.

Our contributions include: 1) the development of a joint orbit-
and-attitude-determination method using one or more low-
cost RGB cameras, angular-velocity data from a gyroscope,
and ranging data from multiple networked satellites; 2) an
analysis of scaling effects present in these satellite networks;
and 3) simulations to validate the theoretical analysis.

The paper proceeds as follows: We first provide a short
overview of the history of vision-based satellite navigation
and some theoretical background. We then provide a descrip-
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tion of the system and our state estimation approach. Network
scaling effects, their limits, and the impacts of changing the
satellite network topology are then analyzed. Finally, we pro-
vide simulations to validate the previous analysis and provide
a glimpse of promising applications of this technology.

2. BACKGROUND AND RELATED WORKS
Vision-Based Satellite Navigation Methods

Various vision-based approaches have been investigated for
precise satellite navigation. For relative navigation to passive
client spacecraft, bearing-only methods [4, 5] and range-only
methods [6] have both shown promise, as well as detecting
and tracking multiple other satellites in visual imagery [7].
Previous work [8] in the field of visual-inertial navigation has
aimed to solve the closely related “lost-in-space problem,”
where a spacecraft aims to localize itself after initializing in
an unknown state, using solely bearing measurements from
an RGB camera and an inertial measurement unit (IMU) with
a least-squares approach. This low-cost method performed
favorably against much more expensive systems, achieving
position errors less than 5 km within four orbits 85% of the
time in Monte-Carlo simulations [8]. Optical navigation tech-
niques, such as those based on star trackers [9, 10] or plane-
tary appearance analysis have shown consistent performance
thanks to their usage of well-studied spatial geometries and
classical computer-vision techniques [11–13].

Relative Navigation

Research in the field of relative navigation for satellites has
produced a broad array of applicable measurement types.
Using carrier-phase differential GNSS signals, millimeter
localization accuracy has been achieved [14]. Light detection
and ranging (Lidar) methods have been used for proximity
operations near non-cooperative objects [15, 16]. Extensive
work has also been conducted on using camera-based mea-
surements, both in monocular [17] and stereo [18] setups.
Extensive work has been done on camera-based relative
bearing measurements as shown in [4, 5, 19, 20]. While
this may be theoretically possible with the current satellite
framework design, as we have multiple onboard cameras, it is
unlikely to work in practice with the same camera hardware,
as our chosen cameras have been optimized for detecting
surface features on Earth or other planetary bodies. This type
of camera would not function well with the lower signal-
to-noise ratio and higher dynamic range encountered when
imaging space objects [21]. For the purposes of this paper,
we will focus on ranging measurements that measure the
distance between two satellites because this can easily be
implemented using existing satellite radio hardware. The fol-
lowing sections will provide a detailed analysis of the benefits
of including ranging measurements in the filter design and
showcase key results associated with this setup.

Posterior Cramér-Rao Bound (PCRB)

The Cramér-Rao Bound (CRB) is a useful statistical result
that provides a lower bound on the performance of an es-
timator. In words, it states that the inverse of the Fisher
information matrix is a lower bound on the covariance of any
unbiased estimator. This bound works well for time-invariant
systems where estimated parameters θ do not change during
the estimation period. For dynamical systems, we can extend
the concept to the Posterior Cramér-Rao Bound (PCRB) [22].
We can define IP as representing the prior information and
IM representing the posterior after information from a set of
observations xk at timestep k is incorporated by means of the

function g(xk). Using the algorithm presented in [23], IP,k
can be defined recursively at timestep k using Ik−1:

IP,k = (A⊤Q−1)⊤(Ik−1 +A⊤Q−1A)−1(A⊤Q−1), (1)

where A is the discrete-time dynamics Jacobian and Q is
the process-noise covariance. If prior knowledge of the
system states exists, the initial information matrix I0 can be
initialized with the prior knowledge. Otherwise a zero matrix
can be used. Once the measurements are made, the standard
Fisher information matrix term can be calculated as:

IM,k = H⊤R−1H (2)

Combining the two we get the new information matrix:

Ik+1 = IP,k + IM,k (3)

This information matrix gets propagated to the next timestep
and used in the calculation of the next IP. To now calculate
the PCRB, we simply invert the information matrix. This
value defines the lower bound on the covariance at every
timestep. We can assess the performance of our filter by
checking the gap between it’s actual covariance and the
PCRB. For our system with unbiased estimators, the covari-
ance can never be lower than the PCRB. We can state this
as:

E([g(xk)− θ][g(xk)− θ]⊤) ≥ Ik (4)

3. MULTI-SATELLITE ESTIMATOR DESIGN
In this section we consider the architecture of a multi-satellite
system that fuses different measurement types to estimate the
full pose of each satellite. The existence of multiple satellites
allows us to consider measurements between the individual
satellites on top of measurements that each satellite obtains
individually. A schematic overview of this extended system
is provided in Figure 2.

Filter States

The filter estimates a total of 17 state variables: the space-
craft’s position r in an Earth-centered inertial (ECI) frame,
the spacecraft’s velocity v, also in ECI, the spacecraft’s
attitude q, represented using a quaternion, the gyroscope’s
bias wb, an unmodeled accelerations term ua that aims to
estimate dynamics terms that are not otherwise modeled, and
a drag scale factor dest that is used to provide an estimate of
the atmospheric drag on the spacecraft. We can express the
continuous time system dynamics of the filter as follows:

fc(x) =



ṙ = v

v̇ = −rGMEarth
∥r∥3 + ua + adrag-est + aJ2

ẇb = 0
q̇ = 1

2q⊛ ŵIMU

u̇a = 0

ḋest = 0

(5)
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Figure 2. A diagrammatic overview of the system. The filter design is a variation of an Iterated Extended Kalman Filter. The
measurements we receive are introduced in the prediction step, for the gyro measurement, and the measurement step for the

landmark-bearing and inter-satellite ranging measurements.

It is important to note the difference in acceleration dynamics
between the ground-truth simulation and the filter. The filter
v̇ dynamics shown above are simplified. The ground-truth
simulation uses:

v̇ =
−rGMEarth

∥r∥3
+ adrag-gt + aJ2 + asun + amoon (6)

where aJ2 represents the acceleration due to the J2 pertubation
[24], and amoon and asun account for third-body accelerations
due to the moon and sun, respectively.

Dynamic Model Compensation (DMC)—We utilize an un-
modeled acceleration term ua to compensate for differences
between the ground-truth dynamics and filter dynamics.
Since these differences are time-correlated, simply using
zero-mean Gaussian process noise does not suffice. The
addition of this ua term is commonly known as Dynamic
Model Compensation (DMC) and it has been shown to work
for satellites in both lunar [25] and low-Earth orbits [26]. For
our purposes, we assume that the unmodeled accelerations
follows a stochastic random-walk process. We can express
this in discrete time as:

ua(k + 1) = w(k), w(k) ∼ N (0, σua
) (7)

Drag Estimation—For the purpose of our ground-truth simu-
lation, we calculate the atmospheric density using the Harris-
Priester model [27, 28]. This takes the form:

adrag-gt = −
CdL
2M

ρHPv∥v∥ (8)

where Cd represents the drag coefficient of the spacecraft,
L is the surface area of the spacecraft, M the mass of the
spacecraft and ρHP is the atmospheric density as calculated
by the Harris-Priester model. Due to the multiple orders-of-
magnitude range of the drag acceleration that the spacecraft
encounters [29], directly estimating the density is difficult.

Instead, we estimate a drag scaling parameter, resulting in the
following model for the atmospheric density based on [30],

ρE = destρ0e
− ||r||−RE

H (9)

where ρ0 refers to a nominal density value, RE refers to the
equatorial radius of Earth, and H is a reference height set,
in our case, to 600km, a reasonable altitude for a low Earth
orbit spacecraft. Replacing the atmospheric density in the
drag equation with this model, we get the drag acceleration
used by the filter:

adrag-est = −
CdL
2M

ρEv||v|| (10)

Gyro Bias Estimation—The spacecraft possesses a gyro that
is used to measure angular velocity. These measurements
are incorporated in the prediction step of the filter. The
simulation uses the following gyro model [31]:

y =

[
1 + s1 m12 m13
m21 1 + s2 m23
m31 m32 1 + s3

][
wx
wy
wz

]
+wb +N (0, σw)

(11)
The gyro model takes a ground-truth angular velocity w and
produces the output y. The constants si refer to scaling
factors present in the gyro, leading to a “stretching” of the
signal. The mxy terms refer to axial misalignment between
axis x and y. The gyro also possesses an additive bias wb that
we need to consider in order to correctly estimate the attitude
state of the spacecraft. The gyro bias is modeled to follow a
random walk. The final term in the gyro model applies white
noise sampled from a zero-mean Gaussian distribution.

Measurement Model

Each satellite has a set of four cameras with which it captures
RGB images. We developed a machine-vision pipeline that
can extract usable bearing measurements from these images.
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These bearing measurements take the form:

b̃k,i,j,c =
rk,i − lj
∥rk,i − lj∥

Rc S (12)

where rk,i is the position of satellite i at timestep k, lj is the
position of landmark j, Rc is the rotation from the body frame
to the camera frame c, and S is the noise rotation matrix,
created by sampling an axis-angle vector from a Gaussian,
that impacts the bearing measurement.

We can express the range measurement model between satel-
lite i and satellite j as:

r̃k = ∥ri,k − rj,k∥+ vk (13)

where ∥ri,k − rj,k∥ is the norm of the difference in state
position between the two satellites at timestep k and vk is
Gaussian white noise assumed to be drawn from a normal
distribution with zero mean.

For the purpose of our simulation, we also have to ensure
that a measurement is only generated when two satellites
have a direct line of sight. We achieve this by calculating a
ray between the two satellites and checking whether this ray
intersects with an oblate-spheroid Earth model at any point. If
an intersection exists, we disregard the ranging measurement.
The full measurement vector takes the form:

ỹ =



b̃1
...
b̃m
r̃1
...
r̃n


∈ R3m+n (14)

where m represents the numbers of visible landmarks and n
the number of visible satellites.

The ranging measurement naturally has some amount of
noise associated with its measurement. For a current gen-
eration CubeSat, previous work [32] has shown that the
ranging error expected with this type of system is around one
meter. Consequently we can extend our measurement noise
covariance W with a new diagonal matrix with these entries.

The gland function described in Algorithm 2 is the landmark
bearing function that one satellite uses to estimate bearings to
landmarks it observes on the Earth. For notational simplicity
we define the rotation matrices B as the rotation from body
frame to ECI frame and E as the rotation from ECI to ECEF
frame.

The grange function described in Algorithm 3 is the ranging
estimation function that one satellite uses to estimate the
distance between itself and other satellites. The function
fvis-sats is used to extract the identity of the other satellite from
the received ranging measurement.

4. IMPACT OF RANGING ON STATE ESTIMATE
The most straight-forward way to fuse data from multiple
satellites is to consider them to all be part of a single larger

Algorithm 1 Measurement Step
Given: Pk+1|k ∈ R16×16, xk+1|k ∈ R16, num iter ∈ R,
(b̃, l) ∈ (Rm×3)2, r̃ ∈ Rn, t ∈ R
for i = 1:num iter do

if i == 0 then
x̄i ← xk+1|k

else
x̄i ← xi−1

k+1|k+1

end if
hi
land ← gland(x̄

i, l, t)

Hi
land ←

∂gland

∂x

∣∣∣
x̄i,l,t

hi
range ← grange(x̄

i, r̃)

Hi
range ←

∂grange

∂x

∣∣∣
x̄i ,̃r

hi ← concatenate(hi
land,h

i
range)

Hi ← concatenate(Hi
land,H

i
range)

ỹ← concatenate(b̃, r̃)
Ki ← Pk+1|kH

i(HiPk+1|kH
i⊤ +W)−1

xi
k+1|k+1,̸q ← x̄i +Ki(ỹ − hi)

xi
k+1|k+1,q ← x̄i ∗Ki(ỹ − hi)

Pk+1|k+1 ← (I16 −KiHi)Pk+1|k(I16 −KiHi)⊤ +

KiRKi⊤

end for
return xk+1|k+1,Pk+1|k+1

Algorithm 2 gland

Given: x ∈ R16, l ∈ Rm×3, t ∈ R
B← fqtoR(xq)
E← fECItoECEF (t)
lECEF ← E l
rECEF ← Exr
cECEF ← fcam(rECEF ,EB)

b̂ECEF ← (lECEF − cECEF )/∥lECEF − cECEF ∥
b̂body ← (EB)⊤ ∗ b̂ECEF

return b̂body

system. This means we stack the state vectors and com-
bine the covariance matrices of all satellites, allowing us
to properly consider cross terms between all the states of
all the satellites. It is interesting to consider how exactly
the information from the ranging measurement flows into
the measurement update from satellites that may or may not
share a measurement link. For this, we must consider the
measurement Jacobian of a multi-satellite network as this
is the mechanism by which information between satellites
is exchanged. For illustration purposes, we will consider a
system with two satellites and a single ranging measurement
between them, but in theory this can be extended to any size
of satellite network. Consider the measurement vector for this
system, assuming that the two satellites can see each other
and both see a certain number of landmarks (denoted as m1
and m2 respectively):

y =

b̃1
r̃1
b̃2
r̃2

 ∈ R3m1+3m2+2 (15)
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Algorithm 3 grange

1: Given: x ∈ R16, r̃ ∈ Rn

2: visible sats← fvis-sats(r̃)
3: ranges← None
4: for sat← 1 to visible sats do
5: ranges← append

(
ranges, ∥xr − satr∥)

6: end for
7: return ranges

r̃1 and r̃2 represent the respective ranging measurements that
satellite 1 and satellite 2 take to each other. Since these
are both noisy, they will not match precisely. We can now
consider the system measurement Jacobian H of this system
in block form:

Sat 1 Sat 2



1 Hb(l11) 03×16

2 Hb(l12) 03×16
...

...
...

m1 + 1 Hr(r̃1) Hr(r̃2)
m1 + 2 03×16 Hb(l21)

...
...

...
m1 +m2 + 2 Hr(r̃1) Hr(r̃2)

(16)

The landmark bearing measurement Jacobians, denoted Hb,
are not coupled between satellites and are identical to what
would be found in a single-satellite case. Each of these
Jacobian blocks consists of:

Hb(l) =
[
∂zl
∂r 03×3 03×3

∂zl
∂q 03×3 03×3

] ∣∣∣
zl=l

(17)
The matrix block that is responsible for allowing the in-
formation from one satellite’s measurements to “flow” and
impact the other satellite’s states are the ranging measurement
Jacobians. Each block consists of:

Hr(r) =
[
∂zs
∂r 03×3 03×3 03×3 03×3 03×3

] ∣∣∣
zs=r

(18)

Since one individual ranging measurement results in ranging
Jacobians Hr for both satellites involved in the measurement,
the system Jacobian H introduces coupling effects between
the states and covariances of different satellites. The im-
plication is that any one satellite can benefit from another
satellite’s bearing measurements, even if those measurements
have nothing to do with the first satellite. The entirety of the
information contained in these measurements is exchanged
solely through the cross terms in the measurement Jacobian.
The result is that the state estimate of a satellite can be
drastically improved even if it gets no bearing measurements
of its own. We can show that the state estimate of these
“blind” satellites is improved by the simple fact that they can
take a single ranging measurement to another satellite.

We can also conduct a residual analysis to check convergence
of the filter. To this end we are interested in analyzing the
Normalized Innovation Squared (NIS). Using the definition
of the innovation v as the difference between the measure-
ment and the estimate, and the innovation covariance C that
we calculate as part of the measurement step in Algorithm 1,
we can define the NIS as:

v = ỹ − h

C = HPH⊤ +W

NIS = v⊤C−1v

(19)

The NIS is a dimensionless measure of the size our innovation
relative to the uncertainty that the filter predicts for it. A
larger NIS value therefore indicates a more ”surprising”
measurement, suggesting that the filter has diverged in its
system outlook from the ground truth.

5. LIMITS ON NAVIGATION ACCURACY
Using the information matrix and Cramér-Rao Bound pre-
sented earlier, it is possible to show that the amount of
information in a system cannot decrease through additional
measurements. This does not necessarily mean that more
measurements will guarantee a better state estimate, as the
measurements may not have any impact from an information-
theoretic point of view. Instead, this means that any additional
measurement will not result in a worsened upper bound on the
uncertainty present of the system. We can assess the system
uncertainty expressed by the covariance matrix against the
Posterior Cramér-Rao Bound (PCRB). By checking the gap
between the Root Mean Square Error (RMSE) and the PCRB
we can assess the performance of our estimation filter. A
smaller gap indicates that the filter is operating closer to the
optimal state it can achieve, while larger gaps indicate weaker
performance. We can use this knowledge to effectively tune
the initialization and noise parameters associated with the
filter itself. It is straightforward to apply this concept of
bounded uncertainty to the presented satellite networks. In
this case, additional measurements are introduced by adding
additional satellites to the system, which can be used for
additional ranging measurements by other satellites. It is
then of interest to observe how the satellites’ state estimates
perform with each new additional measurement.

6. NETWORK TOPOLOGY
With multiple satellites, there is also the possibility of utiliz-
ing different network topologies. In this paper, we differen-
tiate between two approaches: a mesh network, where every
satellite exchanges information with every other satellite, and
a star network where one “chief” satellite takes measurements
with all other satellites, but those other satellites do not take
measurements among each other. Figure 3 illustrates these
two network topologies for a set of four satellites.

Different network topologies provide different advantages
and disadvantages: A more connected network will provide
the ability to gather more information for each satellite and
thus improve their own state estimate. However, this comes
at the cost of requiring more exchanges of measurements and
states between satellites, and can increase power consump-
tion. Especially on small-scale CubeSats, this cost has to be
carefully weighed against other vital objectives such as down-
linking information to a ground station.

7. EVALUATION
The following simulation setup was used to benchmark the
system. Besides the given parameters, it must also be noted
that all spacecraft were placed in (near) polar circular orbits,
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Figure 3. Comparison of the different satellite topologies.
Left: Mesh network with ranging measurements between all

satellites. Right: Star network with one central “master”
satellite collecting measurements to all other surrounding

satellites.

similar to what would be expected for the upcoming Argus
CubeSat mission. The satellites where normally distributed
around the latitude, longitude pair stated in the parameters
below. Furthermore, the angular velocity was parameterized
to describe a rotation akin to a wobbling motion. ∆t corre-
sponds to the simulations step size and t to the current step.

Parameter Value Unit
Time Step 0.5 s
Sim Duration (Multi Sat.) 21600 s
Starting Epoch 60431 MJD
Iterated EKF Steps 5 –
Monte Carlo Trials 5000 –
Initial Altitude 600 km
Initial Latitude 0.0 ◦

Initial Longitude -73.0 ◦

Measurement Rate 60 s

Angular Velocity x cos
(

2πt
10/∆t

)
rad s−1

Angular Velocity y sin
(

2πt
10/∆t

)
rad s−1

Angular Velocity z π
18 rad s−1

Init. position error sample cov. 10000 m2

Init. velocity error sample cov. 10 m2 s−2

Init. att. error sample cov. 0.001 – (DCM)
Init. gyro bias error sample cov. 2× 10−3 rad2 s−2

Init. drag scalar 1 –

Table 1. Simulation Parameters

Exchanging Ranging Measurements

The benefit of adding a single measurement between two
satellites can be seen in Figure 4. In the first situation,
shown by the solid lines, the two satellites are not coupled
through a ranging measurement, essentially creating two
independent, single satellite systems. The observed error
shows a significant blowup occurring during the first eclipse,
when vision measurements are unavailable, and subsequent
reductions in error once those measurements are available
again. The second scenario, shown by the dashed lines,
illustrates the benefit of a ranging measurement. Starting
in the first full orbit, the ranging measurement reduces the
observed peak error magnitude significantly. It is notable that
when landmark measurements are available, the benefit that
the ranging measurement yields diminishes greatly.

Figure 4. Comparative plot showing the error norm
differences between two satellites operating independently
(solid lines) and two satellites coupled by a single ranging
measurement between them (dashed lines). Gray shading

indicates eclipsed parts of the orbit where landmark bearing
measurements are not possible. The estimation filter requires

about half an orbit to stabilize after initialization.

Figure 5. Root-mean-square error for fully connected
networks containing between 1 and 5 satellites over four
orbits. Gray shading indicates eclipsed parts of the orbit
where landmark bearing measurements are not possible.

Again note the initial error blowup after initialization and
subsequent decrease. The more satellites are added, the

smaller the error blowup during eclipse.

Network Scaling Effects

A question that naturally arises after seeing the benefit of
adding a single satellite ranging measurement is; what hap-
pens when more satellites are added?

Figure 5 illustrates the position residual as a function of the
number of satellites. The satellites for this experiment are
all arranged in a fully connected network. The plot clearly
illustrates that adding more satellites to a network improves
the performance of the whole system, as the Root Mean
Square Error (RMSE) moves closer to its respective CRB
(shown as the black dashed line). Note that the CRBs for all
numbers of satellites lie so closely together that differences in
value are not discernible on this scale. Figure 6 also illustrates
that each additional satellite results in a diminishing marginal
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Figure 6. A close up of Figure 5. We can see that the gains
made by adding a satellite are not linear, as each additional

satellite results in a diminishing marginal gain. More
satellites also lead to an earlier reduction in error (indicated

by earlier drops for higher numbers of satellites).

gain. The performance gain from adding the fifth satellite is
not as great as the gain from the fourth and the fourth satellite
in turn has less impact than the third. And this is only for
the night-section of the orbit. During the daytime, there is
little discernible difference at all. This reinforces the point
made previously that when landmark bearing measurements
are available, the benefit of having an additional ranging
measurements is greatly diminished.

Mesh vs. Star

As discussed in Section 6, two natural network arrangements
that trade off estimation accuracy with power consumption
are the “star” network on one side, where all ranging mea-
surements are made with one central satellite, and the “mesh”
network, where all satellites exchange measurements with
one another. Figure 7 compares the performance of the two
discussed approaches for a set of four satellites. The mesh
network performs favorably against the star network during
eclipse after the filter states have settled. Note the consistent
estimation accuracy advantage that the mesh network has
over the star network. However, the plot once more illustrates
the point made previously: when more landmark-bearing
measurements are available, the estimation performance of
the two networks are nearly equivalent.

Convergence Analysis via NIS

We can consider the performance of the filter through the
lens of the NIS as defined in Section 4. For this purpose
we consider the case of two satellites exchanging ranging
measurements and taking landmark measurements.

8. CONCLUSIONS & OUTLOOK
The primary contribution of this work is the creation of a
framework for vision-based navigation for satellite networks.
While our figures only present results for position states, it is
important to note that our system estimates the full spacecraft
pose. We neglected to present error plots for other states,
such as attitude, as these are not impacted by the ranging
measurements that we are primarily interested in. We have
shown that the full pose can be accurately estimated using

Figure 7. A comparative plot of a fully connected
(“meshed”) network of four satellites, shown in blue, and a

centralized (“star”) network, shown in red. Exchanging more
measurements reduces the impact of the eclipse blowup, but

also comes at a higher power consumption cost which,
especially on a constrained system, may be more limiting.
Initial error spikes (especially for the meshed network) are
indicative of poor initial state estimates being exchanged

between satellites.

Figure 8. A plot illustrating the dimensionless magnitude of
the NIS as a function of time for two satellites, averaged

over all Monte Carlo simulations. Note the high spikes when
the satellite initially observes the Earth and takes

measurements and the subsequent decrease in magnitude as
the measurements becomes less “surprising.” As the filter

must propagate its state and covariances through the eclipse
of the orbits, in gray, small spikes are observed on

recommencement of Earth observation. As the orbits
progress, these continue to decrease in magnitude. During

the eclipse itself, satellites can only exchange measurements
between each other which on their own carry little

interesting information, thus leading to minimal spikes.
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only measurements derived from a realistic gyroscope and
a machine-learning-based vision pipeline. We have also
analyzed the positive impact on state error of extending the
satellite measurements to incorporate measurements received
from other satellites in the form of the inter-satellite distance.

Our primary conclusion is that extending the network to more
satellites has a benefit on the state error that diminishes as
more satellites are included in the network. We have shown
that different network topologies bring different trade-offs.
One interesting avenue for future work is to consider the
network topology through the lens of energy consumption.
Since the mesh network has more exchanges and thus a
higher power usage, it is hard to justify using it when the star
network performs just as well. A conclusion that all multi-
satellite evaluations were able to reach is that exchanging
measurements with other satellites becomes drastically less
important when other types of measurements are also avail-
able.

The next step in this project is to test this system in low-
Earth orbit on Carnegie Mellon’s upcoming ARGUS CubeSat
mission. Future work will also study porting our framework
to Lunar and Martian orbits. The vision pipeline can, in
principle, be re-trained using existing datasets collected from
these bodies. The lack of a significant atmosphere and
resulting visual occlusions (such as clouds) on these bodies
means that feature matching should work even better than on
Earth.
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