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FAST AUTONOMOUS LOST-IN-SPACE CATALOG-BASED
OPTICAL NAVIGATION (FALCON)

Antonio Rizza*, Justin Kruger†, Mike Timmerman‡, and Simone D’Amico§

Ensuring the safety and sustainability of the space environment requires com-
prehensive tracking of the rapidly growing number of Resident Space Objects
(RSO) in orbit, fused with robust autonomous navigation capabilities for active
satellites. This paper proposes an alternative space-based positioning, navigation,
and monitoring system called Fast Autonomous Lost-in-space Catalog-based Op-
tical Navigation (FALCON). Observer satellites use onboard cameras to obtain
bearing angle measurements to visible targets and match measurements to exist-
ing identities in an onboard RSO catalog. Measurement batches may be used to
triangulate the observer’s position, or to refine the observer’s orbit estimate us-
ing sequential estimation strategies. This methodology enables lost-in-space op-
tical orbit determination for the observer entirely independent of Global Naviga-
tion Satellite Systems (GNSS) or tracking of the observer from the ground. The
new methodology is validated using a a highly realistic simulation scenario based
on the NASA Starling mission. Flight data is combined with the Space-Track
catalog to generate realistic measurement inputs. Simulation results display pre-
cise matching of measurements to catalog objects in the presence of catalog orbit
uncertainties, without observer orbit knowledge, while remaining within feasible
computational bounds. Batch and sequential orbit determination demonstrates ac-
curate refinement of the observer’s orbit from a lost-in-space scenario in less than
one orbit with sub-kilometer accuracy when the proper set of beacons is selected.
The resulting implementation of the FALCON architecture demonstrates strong
new strategic capabilities for resilient optical navigation and RSO tracking.

INTRODUCTION

To facilitate the rapid growth of space operations, there is an urgent need to provide resilient
Positioning, Navigation, and Timing (PNT) and responsive Space Situational Awareness (SSA) for
on-orbit assets. Advances in miniaturized and commercial off-the-shelf satellite hardware, together
with reduced costs for satellite launches, have led to a three-fold increase in the number of tracked
Resident Space Objects (RSO) since 2010.1 It is also predicted that up to 3,000 satellites will be
launched annually by 2030.1 This increase is partially fueled by the proliferation of Distributed
Space Systems (DSS)2 launched by commercial, academic and government operators.

Ensuring the ongoing safety and sustainability of the space environment requires comprehen-
sive tracking of the RSO population, in combination with robust online navigation capabilities for
active space assets. RSO may be cooperative or uncooperative, known or unknown, and are typi-
cally tracked using passive measurements from ground stations (e.g. radar and optical telescopes).
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These ground-based measurements are subsequently used to generate a space object catalog. These
procedures are resource-intensive and measurements are sparse, leading to limited responsiveness,
accuracy, and coverage of the catalog.3, 4 Active satellites in Earth orbit instead rely on Global
Navigation Satellite Systems (GNSS) for PNT. Although such methods are accurate, they possess
limited resilience in scenarios such as hardware failure, signal jamming, or deep space operation.

To address these shortcomings, this work proposes a new space-based PNT/SSA system known as
Fast Autonomous Lost-in-space Catalog-based Optical Navigation (FALCON). FALCON is hosted
on one or more observer satellites carrying passive optical sensors. Observers obtain bearing angle
measurements to visible RSO targets. Detected RSO are matched to existing identities in an on-
board RSO catalog and subsequently act as purely optical “beacons” providing known geometric
information to the observer. This enables lost-in-space orbit determination for the observer, entirely
independent of GNSS. Simultaneously, target measurements obtained on-orbit are fed back into
the catalog for improved SSA coverage and timeliness. The only hardware requirement posed by
FALCON is the presence of an optical sensor, which are already ubiquitous on modern spacecraft
in the form of star trackers. Thus, FALCON may serve as a primary or secondary on-board PNT
system with minimal additional hardware requirements.

Realization of FALCON presents fundamental algorithmic challenges related to target identifica-
tion, batch orbit initialization, sequential orbit refinement, and system design. The contributions of
this work address the first three of these aspects. First, it is assumed observers possess an on-board
RSO catalog but do not possess a-priori observer orbit information. A Catalog Matching (CAM)
algorithm is proposed for robustly matching onboard bearing angle measurements to catalog ob-
jects, for a lost-in-space observer, i.e. with no prior on the observer position, within the limited
computational envelope of satellite avionics. The identified measurements are subsequently used
to produce an observer position estimate. Next, a new Batch Orbit Determination (BOD) method
is developed which solves for an initial observer orbit estimate, by exploiting catalog matches over
several epochs. Finally, a Sequential Orbit Determination (SOD) framework is proposed which uses
new measurements to refine the observer orbit estimate over time. This framework achieves the nec-
essary accuracy to support a range of mission profiles while taking the limitations of angles-only
observability into account.

Feasibility of the FALCON concept is verified through simulation results for the CAM, BOD
and SOD systems, using a scenario drawn from flight data from the NASA Starling mission.5 Af-
ter this introduction, an overview of the state-of-the-art in optical PNT/SSA is presented, followed
by a description of the overall FALCON architecture. Algorithms for lost-in-space target identi-
fication, initial observer positioning, and sequential orbit refinement are then described, together
with the pipeline used to generate physically-accurate imagery. Finally, each of the algorithms is
demonstrated in simulation, followed by conclusions.

STATE OF THE ART

For FALCON, a primary challenge is the matching of target measurements to known identities
in the RSO catalog, without observer position knowledge. A similar task is commonly performed
with stars during attitude determination via a star tracker.6, 7 However, stars are effectively sta-
tionary in an inertial frame, with angular positions known to sub-arcsecond accuracy; conversely,
RSO are dynamic objects and RSO catalogs typically feature large orbit uncertainties of hundreds
of arcseconds in Low Earth Orbit (LEO).4, 8 This prevents the straightforward application of star
identification techniques such as Pyramid or TETRA9, 10 to the FALCON problem. Target identifi-
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cation is also a critical component of ground-based RSO tracking, to which a variety of methods are
applied, such as multi-hypothesis tracking and �ltering,11 statistical correlation in state or measure-
ment space,12,13 and pre-sorting of catalog data to avoid costly processing of irrelevant objects.14

Each assumes good knowledge of the observer state, and limited computational resources are typi-
cally not accounted for, which is again incompatible with FALCON.

A second challenge is achieving accurate angles-only orbit estimation. Target relative orbit esti-
mation using bearing angles from a known observer is a well-studied problem in literature, with sev-
eral prior attempts in �ight or on ground. These include the Advanced Rendezvous using GPS and
Optical Navigation (ARGON) experiment,15,16Autonomous Vision Approach Navigation and Tar-
get Identi�cation (AVANTI) experiment,17,18 Starling Formation-Flying Optical Experiment (Star-
FOX),7 and Debris Detection Using Star Trackers (DeDUST)19 algorithm. Among these, only
StarFOX has considered angles-only tracking of multiple targets while performing simultaneous
observer absolute orbit determination. However, StarFOX relied upon a cooperative swarm with
consistent presence in the camera Field of View (FOV) and its algorithms cannot be directly applied
here. The StarFOX+ extended mission has proposed performing on-board optical RSO identi�-
cation,7 similar to FALCON, but it currently assumes observer position knowledge and does not
leverage the resulting measurements for observer state updates.

More broadly, recent work in angles-only Initial Relative Orbit Determination (IROD) has ap-
plied iterative batch least squares,20 second-order dynamics modeling,21,22 and reformulation of
the measurement space to maximize observability.23 Prior research in angles-only sequential or-
bit determination has typically utilized Extended Kalman Filter (EKF) or Unscented Kalman Filter
(UKF) architectures, which feature nonlinear models at a reasonable computational cost.24 How-
ever, the inverse problem, i.e. observer absolute orbit estimation using bearing angles to known
targets, is less well-studied. It is partially considered by recent angles-only architectures which ap-
ply multi-observer measurement sharing to estimate the observer's absolute orbit,25 though in that
case, targets are assumed persistent (not transient), and multiple observers are required for long-
term convergence. It has also been explored in the context of triangulation where the known targets
are celestial objects,26 but these targets are again persistent with no uncertainty in their positions.
Therefore, to realize the FALCON concept, the development of new algorithms and architectures is
necessary, as described in the following.

FALCON ARCHITECTURE

Figure 1 illustrates core system blocks and data �ow for a single instance of the proposed FAL-
CON architecture, which operates on a generic observer spacecraft. There are four core software
modules, in green: Image Processing (IMP), Catalog Matching (CAM), Batch Orbit Determination
(BOD) and Sequential Orbit Determination (SOD). Figure 2 presents a broader diagrammatic view
of the multi-observer target identi�cation, observer localization and catalog re�nement task. FAL-
CON is implemented identically on each observer and proceeds via �ve core steps, which invoke
the various algorithms in Figure 1. The steps are summarized as follows.

In Step 1), the onboard Vision Based Sensor (VBS) acquires the observed scene and provides
an image to the IMP algorithm. IMP applies state-of-the-art image processing steps to: 1) detect
regions of interest, 2) perform centroiding, 3) identify stars, and, 4) estimate the VBS attitude.7 The
output of IMP is a list of inertial unit vectors to detected objects which may correspond to RSO.

In Step 2), the observer uses the CAM algorithm to identify which objects correspond to catalog
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Figure 1: High-level block diagram of the FALCON architecture. Core algorithms are in green;
exchanged data is in blue; and data sources are in dark gray.

targets, without a-priori knowledge of its own orbit. It is assumed the observer possesses knowledge
of the image epoch, the sensor parameters (e.g., �eld of view, distortion models), and the sensor
attitude, and has access to an onboard RSO catalog. Core outputs are the identities of RSO targets
visible in the image and their inertial position vectors according to the catalog.

In Step 3), the observer leverages the geometric relationship between the inertial position of each
identi�ed target at that epoch, and target measurements at that epoch, to �x its own inertial position.
Figure 3 presents a notional schematic of the problem: the red observer position vector is solved
for by examining correspondence between blue unit vector measurements and red catalog position
vectors. The BOD algorithm uses a batch of observer position estimates over sequential epochs to
initialize the complete observer orbit estimate. Subsequently the SOD algorithm is used to re�ne

Figure 2: Notional illustration of data �ow for target identi�cation, observer localization and space
catalog re�nement.
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Figure 3: Notional schematic of the PNT problem for six catalog objects and three visible targets
orbiting a central body.

the observer orbit estimate over time, using new bearing angle measurements from CAM. Observers
may also leverage the onboard orbit estimate to simplify the target identi�cation task in upcoming
images.

In Step 4), if multiple observers are present, they may cooperatively share measurement informa-
tion with one another over an Inter-Satellite Link (ISL). Distributed stereo-vision has been shown
to signi�cantly improve angles-only observability in practice.7,27

In Step 5), if the observer has consistently imaged a target not present in the catalog, it may
apply the BOD module to compute an initial orbit estimate for that target. Similarly, the observer
may apply the SOD module to re�ne the orbit estimates of observed catalog targets, using on-orbit
measurements. Catalog updates are then communicated to other observers in both a centralized and
decentralized fashion (i.e., to a common database on ground and/or between observers).

In particular, this paper presents new methods to solve the fundamental algorithmic challenges of
Steps 1) to 3). This corresponds to the CAM, BOD and SOD blocks in Figure 1. The new methods
can be combined with an image processing system (such as that developed for the StarFOX �ight
experiment7) to enable a complete pipeline for lost-in-space optical positioning for a single observer
spacecraft.

METHODOLOGY

Preliminaries

IMP produces angles-only measurements by computing the time-tagged bearing angles to objects
detected in VBS images. First, de�ne the observer VBS coordinate frameV, which consists of
orthogonal basis vectorŝxV , ŷ V , ẑV whereẑV = x̂V � ŷ V is aligned with the camera boresight.
Bearing angles consist of azimuth and elevation[�; � ]> and subtend the line-of-sight vector� r V

from the observer to the target. The measurement modely for the bearing angles from observer to
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wherer is a Cartesian position vector. The unit vectorv̂ corresponding to[�; � ]> is v̂ V =
� r V

jj � r V jj2
.

It is also useful to de�ne the Radial/Tangential/Normal (RTN) frame of the observer, denoted
R. It is centered on the observer28 and de�ned by orthogonal basis vectors withx̂R axis directed
along the observer's absolute position vector;ẑR axis directed along the observer's orbital angular
momentum vector; and̂y R = ẑR � x̂R .

Measurements and states are referenced with respect to an inertial reference frame centered on
an arbitrary central body, denotedI . Here, the Earth-Centered Inertial (ECI) J2000 frame is used.28

Bearing angles are related toI by rotating� r V into I , as per� r I = V �!
R I � r V whereV �!

R I denotes
a rotation from frameV into frameI . This rotation is typically computed by performing attitude
determination using stars identi�ed by the VBS.

For propagation of catalog orbits within FALCON, analytical models of perturbed orbital motion
in an integration constant state space are leveraged. Speci�cally, the Simpli�ed General Perturbation
(SGP4) model is applied to rapidly propagate Two Line Elements (TLE) in the catalog. Though
propagation accuracy is somewhat coarse, and higher �delity models could be used, this enables
highly ef�cient propagation of many catalog orbits on board. Note that TLE are generally de�ned
with respect to the inertial True Equator Mean Equinox (TEME) frame,29 denotedT , and must be
rotated intoI when appropriate.

Synthetic Rendering of Stars and RSO

A radiometrically consistent rendering pipeline is put in place to accurately emulate the scene
observed by the VBS on board. Four steps are followed to generate the scene: 1) the apparent mag-
nitude of the star or the RSO is computed, 2) radiometric properties are derived based on magnitude
values and a set of empirically-derived hyperparameters, 3) objects are rendered using a Moffat dis-
tribution centered on the subpixel centroid of the light source and 4) a Gaussian background noise
is added to the whole image. In particular, the local pixel brightnessNDN (u; v) provided by the
Moffat distribution is given by

NDN(u; v) = NDN;peak

�
1 +

(u � � u)2 + ( v � � v)2

� 2

� � �

(3)

where(u; v) are discrete pixel coordinates on the image plane,NDN;peak is the peak pixel brightness,
(� u ; � v) is the subpixel centroid of the source,� is the point-spread width, and� is a sharpness
parameter. Speci�cally,� is expressed as a function of the total pixel brightnessN tot

DN via

� = 1 + �� 2 N tot
DN

NDN;peak
(4)

The photon �uxF arriving at the sensor aperture per unit area and per unit time is determined
using radiometric models. The �ux is computed relative to a reference star using standard magnitude
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scaling laws30,31

Fstar = � Pref � 10� 0:4(mstar� m ref) [photons=m2=s] (5)

Fobj = K � 10� 0:4mobj [photons=m2=s] (6)

whereK = 5 :6 � 1010 andmstar ; mref ; mobj are the apparent magnitudes of the observed star, a
reference star and the observed RSO respectively.� is the ratio between the camera bandwidth and
the photon energy of the signal, andPref is a reference energy �ux. The apparent magnitude of
stars is tabulated and retrieved from a star catalog.32 RSO magnitudes are instead calculated as30,33

mobj = msun � 2:5 log10

�
2�
3� 2

A
R2 [(� � � s) cos � s + sin � s]

�
(7)

wheremsun = � 26:74 is the sun's apparent magnitude,� � 0:17 is the object's bond albedo,R
is distance from the observer,A is cross-sectional area and� s is the solar phase angle. FluxesFj

represent the incoming photon rate per unit aperture area, and the total number of photons collected
by the star tracker over the exposure duration� t is then given by

N 
 = S �
�d 2

lens

4
� � t � Fj [photons] (8)

whereS is a sensitivity factor capturing the quantum ef�ciency and optical transmittance of the
system, anddlens is the lens diameter. Using as reference star� -Lyrae and typical values found in
literature31 the values reported in Table 1 are applied. For the sensor, a lens diameter of 50 mm and
an exposure time of120ms are considered.34

Table 1: Selected properties for the reference star.

Property Value

mref 0:03
Pref 3:44� 10� 2 W/m2

� 9:7894� 1011 m/J
S 0.4

The analog photon signal is subsequently converted to a digital signal using the full-well capacity
N 
; max and the bit depthnbits. The resulting total digital pixel value is thus computed as

N tot
DN =

2nbits � 1
N 
; max

� N 
 [DN] (9)

assumingnbits = 10. The full-well capacityN 
; max, the ratior = N tot
DN=NDN;peak in Equation 4,

and the point-spread width� in Equation 3 are each estimated for the proposed application by means
of a calibration process. This approach consists in performing a least square �tting of stars detected
in real �ight images from the Starling mission7 with the Moffat distribution de�ned in Equation 3,
leading to the estimated values reported in Table 2.

The NASA Starling mission obtained �ight imagery from Blue Canyon Nano Star Trackers on
each satellite, possessing a resolution of1280� 1024, a FOV of12� � 10� , and a maximum detectable
magnitude of� 7.5. Figure 4 presents a side-by-side comparison of a synthetically rendered image
and the corresponding �ight image with star magnitudes labeled. Similarly, Figure 5 compares a
synthetically rendered RSO (a Starling spacecraft) against the same object imaged in �ight. In both
cases the Moffat model results pretty accurate in reproducing the point spread function behaviour
of the �ight image.
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Table 2: Estimated values of the radiometric hyperparameters used for rendering.

Parameter Value

N 
;max 1:6 � 104

r 0:0445
� 1:0222

(a) (b)

Figure 4: Star rendering comparison between (a) synthetic scene, and (b) �ight image.

(a) (b)

Figure 5: RSO rendering comparison between (a) synthetic scene, and (b) �ight image. The green
circle indicates the location of the RSO in the �ight image.

Image Processing

The objective of the IMP module is to produce batches of time-tagged bearing angle measure-
ments to any potential RSO in the image, so they can be identi�ed by the CAM algorithm. To
minimize possible sources of ambiguity, it is desirable to remove other types of objects (e.g. stars
and pixel noise) from the list of measurements provided to CAM. This work leverages the IMP
system developed for the StarFOX experiment7 �own on the NASA Starling mission.

First, an iterative weighted center of gravity35 algorithm is used to simplify the raw VBS image
into a list of pixel cluster centroids. Centroids are converted to Line of Sight (LOS) unit vectors in
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the VBS frame using a calibrated sensor model. Next, the Pyramid star identi�cation algorithm9

is applied to remove stars from the list of vectors. Uncataloged stars are detected by considering
objects with unchanging inertial unit vectors between images. Similarly, camera hotspots are re-
moved by considering objects with unchanging pixel coordinates. The VBS attitude is estimated
by applying the q-method to identi�ed star LOS vectors in theI andV frames.36 The remaining
minimalistic set of inertial unit vectors likely corresponds to known or unknown RSO in the FOV.

Lost-in-Space Catalog Matching

Consider the problem of a spacecraft located atr I
obs observing two RSO. The IMP extracts from

the FOV, at a known epochtk two LOS measurements, i.e.v V
1 andv V

2 , in theV frame. Assuming
an attitude determination solution is available on board, the two LOS can be expressed inI .

The expected positioncI
i of catalog objects at timetk can be grouped in a matrixC (t)

C (t) =
�
cI

1 ::: cI
i ::: cI

N

�
(10)

with N begin the number of objects in the catalogs. The matching thus aims to �nd the column
indicesK i associated with the objects observed in the FOV. OnceK i are found, the observer posi-
tion r obs can be estimated as the geometric intersection of the two LOS or through a least squares
minimization if more than two LOS are considered.26

In this work, the indicesK i are found by ef�ciently looping over the catalog objects and exploit-

ing the fact that two LOS,v I
i andv I

j , de�ne a family of observation planes� ij

�
v I

i ; v I
j

�
with

normaln I
ij = v I

i � v I
j , where the offset of this plane depends on the observer position. The match-

ing is then performed by �nding the two catalog objects that belong to the same plane of this family,
and comply with a certain set of visibility constraints, as shown in Figure 6.

Figure 6: Representative example of the matching algorithm. The RSOc1 andc2 are matched with
the LOSv1 andv2 because they both belong to the plane� 12 (in red).

In particular, the set ofN LOS f v1; :::; vN g detected by the image processing at timetk , is
grouped inN � 1 tuples asf v1; v2g, f v1; v3g,..., f v1; vN g. For each tuplef v1; v j g the algorithm
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loops over the columns ofC (tk ). For each columnci , the equation of the observation plane crossing
ci and de�ned byn1j is then given by

� ci (r jn1j ) = f r 2 R3 s.t. n1j � r = � D (ci ) = n1j � ci g (11)

If no uncertainty is considered,ci is then a match forv1 if there exist acj 6= ci in C (tk ) that
belongs to the plane� ci . If this is true it means thatcj is also a match forv j . An ef�cient approach
to assess this, is developed by looping, for each tuplef v1; v j g, over the columnsci of C (tk ),
computing the offsetD (ci ) = � n1j � ci and then sort these values. This leads to a matrixCS (t)

CS (t) =
h
cS;I

1 ::: cS;I
i ::: cS;I

N

i
(12)

such thatD
�
cS

i +1

�
> D

�
cS

i

�
. The matching is then implemented by looping over the columns

of CS, computing the distancedi = D
�
cS

i +1

�
� D

�
cS

i

�
, and then picking the minimum value.

To reduce possible ambiguities associated with catalog objects that lie on the plane but are very
far away from each other, or otherwise violate visibility constraints, the search space is reduced by
adding a range constraint

jjci +1 � ci jj < 2� rmax (13)

and two orientation-preserving constraints

� (v1 � (v1 � v2) v2) �
�
cS

i +1 � cS
i

�
> 0 (14)

(v2 � (v1 � v2) v1) �
�
cS

i +1 � cS
i

�
> 0 (15)

that are associated with the geometric relative orientation of the RSO in the FOV. Two additional
constraints are added to reduce the feasible set by requiring the observed target to be below a maxi-
mum visibility range� rmax.

�
�
�
�ci � r̂ obs

�
cS

i ; cS
i +1

� �
�
�
� � � rmax (16)

�
�
�
�cj � r̂ obs

�
cS

i ; cS
i +1

� �
�
�
� � � rmax (17)

The application of these constraints reduces the size of the matrixCS and makes the two observed
targets consecutive elements.

When uncertainties in the RSO states are considered, the correct match is not necessarily given
by the minimum value ofD

�
cS

i +1

�
� D

�
cS

i

�
. A more robust approach is thus adopted, returning all

sets of feasible matches that are compliant with the constraints in Equations (13) to (17) and whose
distance from the reference plane is below a certain threshold� D tol

D
�
cS

j

�
� D

�
cS

i

�
< � D tol (18)

Following this pipeline, for each tuplef v1; v j g a matrixK 1j 2 RN1j � 2 of feasible matches is
identi�ed, with N1j being the number of feasible matches corresponding to observationsv1 andv j .
Each row ofK 1j contains the indexes of the catalog objects associated with thec1 andcj RSO. The
N � 1 feasibility matrices are then compared generating the feasible matches for the second column
components. The satisfaction of feasibility constraints, Equations (13) to (17), on this new set is
checked and the combination that violates them are removed from the list generatingN � 1 reduced
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Figure 7: Explanatory example of the consistency check reduction.

feasible tuples~K 1j . These are then combined to obtainN f �nal feasible matchesK (tk ) 2 RN f ;N

. This process is illustrated for the simpli�ed case of only three LOS in Figure 7.

A prior on the observer position, for example provided by either ground-based or on-board orbit
determination can be used to further reduce the search space, but the proposed methodology works
well even in a lost-in-space scenario in which no information on the spacecraft position is provided.
While reducing by several order of magnitudes the search space, the procedure illustrated in Figure 7
can still lead to aK (tk ) with more than one row (N f > 1), typically less than �ve. In this case,
under the assumption that the star tracker acquisition frequency is such that the observer can detect
the same RSO for a few consecutive frames, sequential observations can be exploited to solve the
remaining ambiguity and �nd a unique solution for the match. An example of this procedure is
shown in Figure 8 in which three consecutive observation of the NASA starling spacecraft are
suf�cient to uniquely identify the correct match starting from a catalog size of more than 20,000
objects with no apriori information on the observer position.

Figure 8: Lost-in-space initial acquisition. After three acquisition the matching algorithm is capable
to assign a unique ID to each RSO detected in the FOV.

The computation time associated with this new pipeline clearly depends on the number of ob-
servations but, in a prototype implementation in MATLAB R2022a running on a MacBook Air M1
processor clocked at 3.5 GHz, computation time remained below 2 seconds which shows promise
for good performance in �ight-representative hardware.
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Batch Orbit Determination

The Direct Linear Transform (DLT) algorithm26,37 is used to triangulate observer position given
the outputs from CAM. Considern � 2 LOS measurementsf v̂ i gn

i =1 corresponding to points with
known 3D locationsf r i gn

i =1 . Each LOS measurement must be parallel with the relative position
vector of the RSO with respect to the observer at that epoch. Taking the cross product leads to

v̂ i � � r i = v̂ i � (r i � r obs) = 0

! v̂ i � r obs = v̂ i � r i
(19)

If many measurements are available, they may be combined into a linear system
0

B
B
B
@

[v̂1� ]
[v̂2� ]

...
[v̂n � ]

1

C
C
C
A

r obs =

0

B
B
B
@

[v̂1� ]r 1

[v̂2� ]r 2
...

[v̂n � ]r n

1

C
C
C
A

(20)

where[�� ] is the skew-symmetric cross-product matrix[v̂ � ]r = v̂ � r . This linear system can be
solved via least squares to estimate observer positionr obs.

The objective of the BOD system is to produce an initial observer orbit estimate� 2 R6 and ac-
companying covariance� � 2 R6� 6 at estimation epochtest. The method applied in this work mir-
rors the BOD approach developed for StarFOX.38 The algorithm operates on bearing anglesy i (t j )
collected over epochsj = 1 ; :::; N t , collectively denotedt . De�ne No(t j ) as the number objects
visible at epochj , such that the total number of measurements in the batch isNy =

P N t
j =1 No(t j ).

The concatenated measurement batch vectorz(� (test); t ) is

z(� (test); t ) =

0

B
B
B
B
B
@

y1(� (test); t1)
y2(� (test); t1)

...
yNo (N t )� 1(� (test); tN t )
yNo (N t ) (� (test); tN t )

1

C
C
C
C
C
A

2 R2N y (21)

The sensitivity matrix for the bearing angle measurements with respect to state components is

S(� (test); t ) =
@z(� (test); t )

@� est

�
�
�
�
� (test)

2 R2N y � 6 (22)

BOD initializes the state estimate attest = t j by using ther obs(t j ) solution for position, and
[r obs(t j +1 ) � r obs(t j � 1)]=(t j +1 � t j � 1) for velocity. BOD then performs iterative batch least squares
re�nement for each sample. De�ne the batch of measured angles from IMP aszmeas, and a batch of
modeled angleszmodel computed by propagating� and the onboard catalog to each epoch int . The
difference between measured and modeled angles is

� z = zmeas� zmodel(� (test); t ) (23)

Subsequently, the state estimate update

� z = S(� (test); t )� � (24)

�  � + � � (25)
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is computed and the unknown� � is solved for via least squares. Re�nement continues until� �
is smaller than a convergence threshold.

It is then necessary to estimate the state uncertainty. The equation applied isR = S�S > which
maps measurement batch covarianceR 2 R2N y � 2N y to state covariance� � via sensitivityS.20

The covarianceR measassociated with individual bearing angles is estimated via

R meas=
1

Ny

N yX

j =1

�
(zmeas(t j ) � (zmodel(t j ))( zmeas(t j ) � (zmodel(t j ))>

�
2 R2� 2 (26)

This estimation of sensor noise using post-�t measurement residuals allows operation even when an
accurate a-priori model of sensor noise is unavailable. BOD is then able to estimate the initial state
uncertainty from known terms via� � = S� RS �> where� denotes a pseudoinverse.

Sequential Orbit Determination

The SOD module continually re�nes the orbit estimate of the observer by utilizing new bearing
angle measurements from CAM. SOD is based on an adaptive, ef�cient UKF with fully nonlinear
dynamics and measurement models. In comparison to an EKF, the UKF captures higher order
effects in the probability distribution, which enables improved angles-only navigation performance
without excessive computational cost.7,24

SOD leverages quasi-nonsingular absolute Orbit Elements (OE) as the observer state parametriza-
tion. The absolute orbit� is de�ned as

� =
�
a ex ey i 
 u

� >
=

�
a ecos! e sin ! i 
 ! + M

� >
(27)

wherea; e; i; 
 ; !; M are the Keplerian orbit elements. SOD propagates the observer orbit using
fourth-order Runge-Kutta integration of Gauss' Variational Equations (GVE). The osculating OE of
the observer evolve according to_� = G(� )dR whereG 2 R6� 3 is the GVE matrix39 anddR is
the perturbing acceleration expressed inR. Depending on the orbit regime, common perturbations
include spherical harmonic gravity terms, atmospheric drag, third-body gravity and solar radiation
pressure.40 Onboard, FALCON applies a 10x10 GGM01S41 spherical harmonic gravity model, a
Harris-Priester atmosphere model with cannonball drag, and a 30 second RK4 step.

At each �lter epochtest, the observer orbit estimate is propagated to the epoch of the new image
t im, and the uncertainty associated with each RSO bearing angle from IMP is computed. For a
single bearing angley 2 R2, its measurement covarianceR meas 2 R2� 2 must encompass two
contributions: sensor noiseR VBS, and catalog TLE errorR cat(tprop), such that

R meas= R VBS + R cat(tprop) (28)

Here, constant Gaussian noise of2000(1� ) is assumed for the diagonal azimuth and elevation terms
in R VBS. This emulates the performance of a modern CubeSat star tracker.6,38

The effects of TLE uncertainties are more dif�cult to capture given their precise components are
not well-known and vary depending on the RSO in question. To address this, FALCON combines
model-agnostic and empirical methods. Recall that the IMP module computes an attitude estimate
I �!

R V
qm for the image, i.e. the rotation such thatv̂ V = I �!

R V
qmv̂ I . The `qm' subscript denotes the

q-method algorithm36 which provides an optimal estimate forI �!
R V . Typically, the set off v̂ Vgn

i =1
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andf v̂ I gn
i =1 vectors is drawn from identi�ed stars in the FOV. The resulting attitude is considered

to be accurate within the bounds of star tracker noise, i.e. within tens of arcseconds.

Similarly, this attitude can be computed using LOS vectors to identi�ed RSO. The TRIAD algo-
rithm36 provides a method to estimateI �!

R V
tr from two [v̂ V ; v̂ I ] sets. Consider[v̂ V

i ; v̂ I
i ] provided by

an identi�ed star, and[v̂ V
j ; v̂ I

j ] provided by an identi�ed RSO. The majority of error inI �!
R V

tr is in-
troduced by the catalog error inherent in thev̂ I

j term. The resulting angle� ij between RSO-derived

attitudeI �!
R V

tr and reference attitudeI
�!
R V

qm prescribes a cone around̂v V
j , which is the angular un-

certainty for that RSO measurement. For a speci�c RSOj and all identi�ed starsi = 1 ; :::; n, the
uncertainty� j =

P n
i =1 � ij =n.

This provides a general model for the magnitude of angular uncertainty from catalog errors, but
assumes a symmetric covariance shape. To capture shape properties, an empirical model is used.
De�ne TLE uncertainties as a vector� � � , where� � 2 R6 are the quasi-nonsingular Relative Orbital
Elements (ROE) introduced by D'Amico.42 The ROE vector is� � = [ �a; ��; �e x ; �ey ; �i x ; �i y ]>

where�a is the relative semimajor axis,�� is the relative mean longitude,� e = [ �ex ; �ey ]> is the
relative eccentricity vector and� i = [ �i x ; �i y ]> is the relative inclination vector. The uncertainties
applied here, derived from NASA Starling �ight data,7 are

� � � = [150; 500 + 1500tprop; 300; 300; 300; 300]> m (29)

wheretprop is catalog propagation time in days between the TLE epoch and the image epoch. The
ROE uncertainty model is then converted toR cat in bearing angle space via an unscented transform.
Finally, R cat;j is scaled such that the semimajor axis of the bearing angle covariance ellipse has the
same magnitude as the attitude-derived uncertainty� j . This formulation aims to capture the time-
and shape-dependence of TLE uncertainties (which are typically largest in the velocity direction
and grow with time) and their projection onto the image plane.

The UKF then has access to all necessary measurement and uncertainty information with which
to perform a measurement update. Sigma points are computed from the observer orbit estimate and
covariance, and for each sigma point, a vector of modeled measurementsz(test) is computed using
Equation 2. ForNy measurements in the image,z = [ y >

1 ; :::; y >
N y

]> 2 R2N y and

R =

2

6
4

R VBS + R cat;1 : : : 0
...

...
...

0 : : : R VBS + R cat;N y

3

7
5 2 R2N y � 2N y (30)

The modeled and true measurement vector are used to compute the state innovation and complete
the standard UKF update.43

VALIDATION SCENARIO

The proposed methodology is tested within the framework of the NASA Starling mission.7 Star-
ling consists of four propulsive 6U CubeSats launched in July 2023, denoted SV1, SV2, SV3 and
SV4. Figure 9 displays swarm evolution in the RTN frame over one orbit, from �ight data obtained
on March 24, 2024. The SV3 VBS remains pointed in the velocity or tangential direction to en-
sure visibility of the other three swarm agents, and is thus selected as the observer spacecraft. The
half-FOV of the onboard VBS is approximately 5 degrees, as presented in Figure 9.
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Figure 9: Geometry of the Starling swarm on March 24 2024, at 00:00:00 UTC. RT and RN motion
is plotted in curvilinear coordinates with respect to SV3.

Post-processed GNSS �ight data is used to de�ne the initial Cartesian state of the observer
spacecraft as described in Table 3. A catalog of 21200 space objects is downloaded from Space-
Track.org44 in the form of: 1) TLE sets de�ned at a given epochtcat, and 2) object mean cross-
sectional area to be used in Equation 7.

Table 3: Initial position and velocity in ECI.

r I
x (km) r I

y (km) r I
z (km) vI

x (km/s) vI
y (km/s) vI

z (km/s)

1041.845 4752.220 -4962.418 0.589 -5.511 -5.155

The ground truth is simulated via numerical integration of the GVE by means of an high-�delity
astrodynamics simulator.45 Modeled perturbations include60 � 60 GGM05S spherical harmonic
gravity; an NRLMSISE00 atmosphere model;46 solar radiation pressure; and third-body lunisolar
gravity, with a variable RK45 step of 1-10 seconds. The observer attitude is de�ned to always point
the camera boresight in the velocity direction. To simulate catalog uncertainties, RSO states attcat

are converted from TLE to RTN coordinates, are perturbed in position and velocity, then reconverted
to TLE and propagated to the current simulation epoch using SGP4.29 A Gaussian distribution with
uncertainties of 1� position uncertainties of 1000 m (along-track) and 300 m (radial and cross-track)
and 1� velocity uncertainties of 0.1 m/s (along-track) and 0.01 m/s (radial and cross-track) is used to
perturb the TLE. Subsequently, the ground truth trajectory, nominal attitude pro�le, and perturbed
catalog states are fed into the synthetic rendering pipeline to generate synthetic VBS images. The
VBS provides an image to the IMP system every 120 seconds. The unperturbed catalog is also
provided to FALCON for onboard use.

RESULTS

Catalog Matching Results

Performance of the matching algorithm is shown in Figure 10 by visualizing the RSO detected
in the camera FOV over 10 orbits, across a total of 474 images. As anticipated, the majority of the
RSO detected belong to the Starling swarm, as shown in Figure 9. However, some other objects
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