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Traditionally, star sensors have used fairly large � elds of view and bright stars to perform tracking and iden-
ti� cation. Recent trends in space missions have brought out the need for smaller � eld-of-view sensors, capable
of performing multiple functions that will reduce spacecraft payload and cost. A number of different strate-
gies are used or have been suggested for identifying star � elds for attitude determination in space. We offer a
general classi� cation of the existing techniques and select three representative algorithms for more comprehensive
evaluation. The identi� cation rates and performance of the three algorithms are presented over a variety of noise
conditions using two different sized onboard catalogs. Substantial differences in algorithm performance are iden-
ti� ed for various noise levels, which should provide some indication of the suitability of the algorithm for smaller
� elds of view.

Introduction

A CCURATE attitude information is a necessity for deep-space
missions.Withoutreliableorientationestimates,theabilityof a

spacecraft to send collecteddata back to Earth, receive instructions,
perform maneuvers, and autonomously acquire targets is severely
compromised. The large amount of time and money invested in
space exploration projects requires reliable attitude determination
systems to limit this possibility.The systems should have the ability
to estimate the spacecraft’s orientation with high precision and au-
tonomouslyrecover the attitudeif it is lost or found to be unreliable.

Fortunately, there are several instruments that can supply atti-
tude information to spacecraftcontrol systems.Gyroscopesand sun
and star sensors frequently are integrated with onboard systems to
provide feedback regarding spacecraft angular displacement. The
signal from these instruments can be used to update and monitor
changes in the probe’s orientation with respect to some inertial ref-
erence frame.1 Each of these sensors has its own advantages (gyros
provide continuous and nearly instantaneous information, and sun
sensors are inexpensive, lightweight, and easily acquire their tar-
get), but star sensors are the most accurate and allow for attitude
estimationwithout prior informationor slewing the sensor. Because
star � elds typically are visible in all orientations (for deep-space
missions), � xed sensors can image a section of sky and determine
the correspondencebetween the imaged stars and a catalog of ref-
erence stars stored onboard. If no information is known about the
current orientation, the entire onboard catalog can be consulted to
determine the appropriatematching.

Algorithms that autonomously identify a star � eld with no a pri-
ori information regarding orientation are ideally suited for use in
attitude initialization, support of star trackers, and as a backup to
primary attitude estimationsystems.Current charge-coupleddevice
(CCD)sensorsprovidea relativelyinexpensiveway to image the sky
and extract information about stellar locations and apparent bright-
ness. A number of algorithms for star identi� cation exist that can
determine the correspondence between the viewed star � eld and a
set of catalog stars in a known reference frame. Kosik2 classi� es a
number of different techniques and provides a combinatorial argu-
ment with regard to their effectiveness along with some simulation

Received Dec. 27, 1994; revision received Nov. 24, 1996; accepted for
publication Nov. 26, 1996. Copyright c° 1997 by the American Institute of
Aeronautics and Astronautics, Inc. All rights reserved.

¤Member, Technical Staff, 4800 Oak Grove Drive.
†Associate Professor, Department of Electrical and Computer Engineer-

ing.

results.However, an extensiveexaminationof how noise affects the
performance and competence of star identi� cation algorithms has
not been carried out in a systematic way.

We are interested in providing a useful framework for under-
standing and evaluating star identi� cation techniques. It would be
impossible (and unproductive) to do a comprehensive analysis of
each existing star algorithm in the literature over the entire range of
possible sensor con� gurations.Hence, we limited our investigation
to algorithms that met the following criteria:

1) Fully autonomous (no a priori attitude knowledge required).
2) Representative of a general technique used in star identi� ca-

tion.
3) Return solutions promptly using nonspecializedhardware and

reasonable amounts of memory.
4) General technique suitable for a small � eld of view (FOV).
We believe that, in the future, spacecraft design will be toward

smaller, less expensive systems with fewer sensors. Moving a fully
autonomous star-trackingand identi� cation capability to either sci-
ence or navigationsensors eliminates the need for both star trackers
and sun sensors that are currently employed on most missions. The
trends in star identi� cation and tracking for space exploration will
be toward fully autonomous,inexpensive,� xed-sensor,narrow FOV
systems, and our selection criteria are biased to re� ect this. Many
of the star identi� cation algorithms in the literature are not fully
autonomous and rely on other information to work properly. Some
constrain the orientation of the sensor FOV with the use of a sun
sensor,3 or they use previous attitude estimates.4¡6 We are inter-
ested in techniquesthat performadequatelyin a typical workstation
environment and provide accurate solutions even when the size of
the onboard database is very large, as would be the case with small
FOVs (<8 deg).

In the Problem Descriptionsection the star identi� cationproblem
is developed in greater detail and the strategies used to solve it are
classi� ed into two general approaches. The algorithms we selected
for more in-depth evaluation also are described there. The simu-
lation results of each of the selected algorithms are presented that
re� ect different levels and types of sensor noise. This measures the
robustnessof the algorithm’s performanceand provides insight into
how well it might perform on more dif� cult problems.We conclude
with a discussion that concentrates on the dif� culties encountered
with star identi� cation for very large catalogs (i.e., small FOV).

Problem Description
Put simply, the object of the star identi� cation algorithm is to

establish a correspondencebetween at least two points in the sensor
259
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frame and star locations from an onboard catalog in a standard ref-
erence frame. In general, this problemis quite dif� cult; however, for
most natural, two-dimensional Euclidean problem instances, there
are a number of techniquesthat producegood results.We divide the
existing star identi� cation algorithms into a small number of classes
based on their formulation of the problem and the data structures
used to solve it. In addition, we discuss the procedure for gener-
ating an onboard catalog from a star catalog and conclude with a
more detailed description of the algorithms we have selected for
evaluation.

Types of Strategies for Star Identi� cation
The most common approachin problemformulationfor star iden-

ti� cation is to treat the known stars as vertices in an undirectedgraph
G, with the angular separationbetween each pair of stars serving as
the edge weights. The set of points extracted from the sensor forms
an undirected graph G s . The problem of identi� cation is then cast
as � nding a subgraph of G that is isomorphic to Gs . Star identi� -
cation algorithms that make use of this formulation typically carry
a database of precomputed distances between pairs of stars, or in
some instances, polygons (mainly triangles). The goal is then to
construct an isomorphic subgraph(s) from the database with a sim-
ilarly constructedsensor graph. The algorithms that form polygons
or match groups perform star identi� cation in this fashion.2;5;7¡11

The other major formulation of the star identi� cation problem
is to associate a pattern with each star in the onboard catalog. The
pattern found for an individual star should only make use of its
neighboring sky characteristics.This will allow similar patterns to
be constructedfrom the sensor image.The goalof identi� cation is to
� nd the catalogpattern that is closest to the sensorpattern generated
using sensor star s j . More formally, given a location vector vci for a
star ci in the onboardcatalog, the goal is to � nd some function f that
generatespattern pi . The input to f is a neighborhoodregionaround
the location vector that consists of the expected sky for that region
as viewed by the sensor. Ideally, f should have the property that

match.ci ; s j / $ f vci ¡ f vs j

· ² < f vck ¡ f vs j ; 8k 6D i

The ² parameter de� nes a neighborhood around each catalog pat-
tern to prevent matching a pattern generated by a sensor star with
no correspondingcatalog star.

In essence,this approachattempts to derivea signature,uniquefor
each star in the catalog, that can be found when viewing the section
of sky with the star in it. Matching seeks to � nd the closest cata-
log star signature to a given sensor star’s signature. A database for
this approach consists of the patterns for each onboard catalog star,
typically stored in a lookup or hash table for ef� ciency. Algorithms
employing this approach can be found in the literature.4;12;13

Onboard Star Catalog
The onboard star catalog C is simply a subset of the stars whose

locations are known in a standard reference frame. Each entry i in
C typically will contain a location vector vi and an apparent bright-
ness value bi . Deciding which particular stars to include in C is a
decidedly dif� cult task. The selection of the stars is dependent on
the range and FOV area of the sensor, the algorithm used for iden-
ti� cation, and the degree of con� dence required in identifying an
arbitrarystar � eld.The goal is to havea roughlyuniformdistribution
of stars across the sky contained in C so that the chosen identi� -
cation algorithm performs competently over all possible spacecraft
attitudes.

To generate a suitable C , we need to � nd the set of stars that is
likely to be imaged by the sensor. Using a standard star catalog, we
can � nd those stars whose corrected apparent brightness is greater
than the minimum sensitivity of the sensor. The stellar magnitude
value given in typical star catalogs14;15 is not necessarily the same
valuemeasured during imaging; it usuallyrequiressome normaliza-
tion with respect to the sensor. Not all of the stars brighter than the
sensor’s minimum sensitivity should be included in C . Stars that
are close to each other when imaged on the focal plane (e.g., bi-
nary stars) tend to interfere with each other during localization and

brightness determination.Other stars have variable brightness.The
location and brightnessmeasurements for these two classes of stars
are unreliableand are removed. The remaining stars that are usually
detected by the sensor serve as the set from which C is generated.

The distributionof stars is not uniform over the sky. Some orien-
tations will have many more stars that the sensor is likely to image
than others (see Fig. 1). Typically, the star identi� cation algorithm
will require some constant number of stars k ¸ 2 at every orienta-
tion to identify a star � eld unambiguously.The value for k depends
on the algorithmand the expected level of noise in the image. Little
or no noise allows for tighter thresholdtolerances,resultingin fewer
distance/brightness matches between star pairs or star patterns. In
these cases, k can be reduced without reducing the probability of
identifying the star � eld.

If we wish at least k stars in every orientation, then some criteria
will have to be used to select the best stars for C . Typically, the
brighter stars in any given sensor FOV are more reliably imaged
and extracted than are dimmer stars. A simple scan over the entire
sky can be conducted with the remaining stars. The brightest stars
at each orientation in the sensor FOV can be placed in C . A similar
strategy can be employed with the objects imaged by the sensor
in order to locate likely elements of C in cases where the image
contains many stars.

Selected Algorithm Descriptions
We chose to evaluate three of the existing star identi� cation algo-

rithms using the extraction scheme for C as described earlier. Two
of the algorithms selected treat identi� cation as a subgraph isomor-
phismproblemwhereasthe third looksto establisha correspondence
based on a best matching pattern. Although this is not a complete
survey of the existing techniques, the algorithms selected are repre-
sentative. Many of the remaining algorithms in the literature can be
considereda variationof one of the techniqueswe selected.Most of
the others are either unsuitable for fully autonomous star identi� ca-
tion or would be prohibitivelyexpensivewith respect to computing
resources, especially with large star catalogs. The algorithms se-
lected include a triangle matching approach, one based on forming
match groups or pole stars, and � nally a pattern-based approach
using an oriented grid.

Triangle Algorithm
The triangle identi� cation algorithm is a variant of perhaps the

most common currently used technique.This approach is similar to
that outlined by Groth,11 and attempts to match uniquely a triangle
con� gurationon the sensorwith an isomorphictrianglefrom the on-
board catalog. One of two methods are typically used in identifying
isomorphic triangles:either side-angle-side(SAS) or side-side-side
(SSS). In our implementation,we chose SSS, which requiresonly a
single threshold,²d , to establishedge matches.The other technique,
SAS, is also appropriate (and perhaps more � exible) but would re-
quire two different threshold parameters.

To achieve ef� ciency in triangle identi� cation, those triangles in
C that are viewable in a single-sensororientationmust be identi� ed
initially and stored in a database. Otherwise, the cost of generating
all possible triangles in C would be incurred for each identi� cation.
For small FOVs and large Cs, this would be prohibitive. In our
algorithm, we implement this database as three arrays sorted by
angular distances.Each array holds the distance of a single leg of a
triangle and a unique number that identi� es the triangle.

To generate the database, a consistent labeling of each derivable
triangle in C is required. Our labeling is based on the angular sepa-
ration values of an arbitrary catalog triangle, 1ci c j ck . The angular
separation values between each pair of vertices are calculated and
ordered, a < b < c. The vertices then can be labeled uniquely such
that vertex 1 shares both a and c, vertex 2 shares a and b, and ver-
tex 3 shares b and c. For each triangle in C , a unique identi� cation
number n is given and entered along with a, b, or c into one of three
lists (list¡1, list¡2, or list¡3, respectively). After all triangles from
C are entered, the lists are sorted by distance so that ranges can be
extracted in O(log N ) time using a binary search.16 This distance
database is useful for extracting the catalog triangle identi� cation
numbers based on leg length.
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Fig. 1 Probability distribution for viewing N stars in an orientation for a 4-deg-radius FOV for stars down to magnitude 7.5.

Fig. 2 Triangle star identi� cation algorithm (see text for description).

A table called the triangle index is used to hold the vertices asso-
ciated with a particular catalog triangle. The triangle identi� cation
number serves as the table location. At each location, the catalog
star for each vertex is identi� ed. Thus, the distance database serves
to identify the particular triangle and the triangle index locates the
corresponding catalog stars. Identi� cation is based on determining
which catalog triangle best corresponds to a given sensor triangle.

Figure 2 providesan overview of the signi� cant steps in the triangle
identi� cation algorithm.

A triangle from the sensor image, 1si s j sk is labeled in the same
manner as the catalog triangles. Each leg size is used to index the
appropriate section of the distance database and � nd all triangle
identi� cation numbers within §²d . A counter associated with each
catalog triangle is incremented for each identi� cation number of
a matched leg. A sensor triangle that matches three edges with a
catalog triangle is considered isomorphic. The individuals stars of
the catalog then are paired with the labeled sensor stars using the
triangle index.

There are two major dif� culties with the triangle algorithm that
still need to be addressed.The � rst problem deals with how the sen-
sor triangles are formed. From Fig. 1, it is obvious that if triangles
are made for each set of three stars in the sensor, an inordinately
large number of sensor triangles will go through the matching pro-
cess. However, the numberof stars in C is aboutk per orientationby
construction. Hence, we can limit the number of stars from which
sensor trianglesare constructedto the brightest®k. The ® term helps
ensure that most of the sensor stars that are also in C are available
to be matched. Otherwise, measurement noise in brightness deter-
mination might inadvertentlyexclude stars that we want to include.

The second problem has to do with evaluating the matched sen-
sor/catalog star pairs. Ideally we would like to correctly identify as
many sensor stars as possible because this typically would provide
a better estimated attitude.17 This suggests that all of the matched
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sensor triangles be used in generating the correspondence (instead
of the best matched triangle, for instance). The problemis that some
of the sensor trianglesmatchesmay be spurious(i.e., they are paired
with the wrong catalog triangle). This occurs when a sensor triangle
is matched with more than one catalog triangle or a sensor triangle
not in C is inappropriately identi� ed with a catalog triangle. These
cases arise because noise and measurement error require looser tol-
erances, forcing a larger value for ²d , whereas large numbers of
catalog triangles require tighter tolerances to ensure uniqueness. In
any event, some method must be used to reduce the possibility of
incorrectly identifying an imaged section of sky with a spurious
triangle match.

Our solution is to initially remove any matched catalog triangle if
the apparentbrightnessof any star at a vertex is not within §²b of the
brightness at the corresponding sensor vertex. Although this does
entail the use of another parameter (dependent on sensor accuracy),
it should serve to make each of the catalog triangles more unique,
resulting in fewer spurious matches. Our � nal evaluation step is to
look at the locations of the stars identi� ed. If there are no spurious
matches, all of the identi� ed stars should be within a single FOV
diameter. We can use this idea to search the identi� ed locations for
the area with the greatest number of stars. Provided that the sensor
FOV is small with respect to the entire sky and spurious matches
occur uniformly over it, more than three identi� ed stars in a single
area is good evidence that the matches are not spurious.Those iden-
ti� ed stars not in the area are removedas spurious.The identi� cation
portion of the triangle algorithm is summarized as follows.

1) Find the brightest ®k objects from the sensor image.
2) Generate a list of C.®k

3 / sensor triangles for identi� cation.
3) For each triangle, label the vertices, and increment a triangle

identi� cation counter for each catalog edge that is within §²d of the
appropriate sensor edge.

4) For each counter with value three, determine whether the
brightness for each labeled sensor vertex is within §²b of corre-
sponding catalog star. If they are, put the star pairs in a matched
list.

5) If there are no items in the matched list, indicate failure. Oth-
erwise check to see that all catalog stars are within the same sensor
FOV diameter. If they are not and a largest grouping of catalog
stars exists within the same FOV, consider this group the identi� ed
stars. If no largest group exists (they are all of equal size), indicate
failure.

Match Group Algorithm
The match group algorithm is another common approach to star

identi� cation that seeks to � nd an isomorphic subgraph in the cata-
log for a speci� c con� guration of sensor stars. This technique was
� rst discussed by Kosik2 and further re� ned by others.8;9 Our im-
plementation and description of the match group algorithm is es-
sentially as described by van Bezooijen,7 though we do not fully
utilize all of the veri� cation steps. Instead, we simply check for the
largest set of stars in each matched group that meets the distance
tolerance. Although other veri� cation steps certainly could be em-
ployed that may marginally improve the identi� cation rate, we are
mainly interested in the performance and competence of the under-
lying algorithm, and so, it is our intention to have the veri� cation
steps be as similar as possible. The veri� cation step employed by
the match group algorithm is more powerful than those used by the
triangle and grid algorithms, but the identi� cation strategy requires
additional checking to preserve its integrity.

The idea in this algorithmis to � nd a catalogstar (pole star) whose
distances to its neighbors are most similar to a given sensor star and
its neighboringstars (satellites). The con� guration to be matched is
shown in the upper-left-handpanel of Fig. 3. The distance from the
pole star to each of the other sensor stars is used to index a table of
distancesbetween pairs of stars in C whose distance is less than the
FOV diameter.

The entries in the table consist of a distance value and pointers
to the two catalog stars. The table entries within §²d of the sen-
sor distance are located using the strategy described for the triangle
algorithm(binary interval search). The brightnessvalues of the cat-
alog stars are used to determine the appropriatematch between the

Fig. 3 Match group star identi� cation algorithm (see text for descrip-
tion).

sensor segment and each matchedcatalog segment. If the brightness
values are within §²b for both endpoints, the segment is considered
matched. It is possible that the catalog segment could match in two
ways, in which case both matches need to be included.

Once all of the matched catalog segments are extracted from the
table, the algorithm determines the largest match group. Because
the pole star in the sensor appears in each of the segments used
in indexing the table, its corresponding catalog star should appear
in the set of matched segments for each satellite star. Because of
measurement error, the addition/loss of stars from the star � eld, and
noise, this may not be the case, but large match groups do provide
goodevidencethat a correspondencemay exist.The lower-left-hand
panel in Fig. 3 demonstratesa method for keepingtrackof the match
groups.

Each match group is identi� ed by the catalog star ci , paired with
the sensor pole star s p . For the endpoint associated with ci , the
catalog star identi� cation number is entered into match group i
under its correspondingsensor star. After all of the catalogsegments
havebeen entered, the match groups for the particularchoiceof pole
stars is complete. As was the case for the triangle algorithm, this
procedure is then repeated with other sensor stars so that ®k stars
are processed.

After � nding the match groups for each of the sensor pole stars,
the next step is to determine which of the large match groups are
consistent.This can be doneby verifyingthat the satellitestars in the
match group and the associated catalog stars are within tolerance.
Of course, many of the match groups will be redundant because
they are the same section of sky centered on different pole stars.
Because these are easily identi� ed, they are removed and simply
treated as a single match group. The largest consistentmatch group
then is considered the appropriate correspondence. The algorithm
is summarized as follows.

1) Find the brightest ®k objects from the sensor image.
2) Make each of the ®k objects a pole star, calculate the distance

between it and its neighbors, and � nd the segments in the distance
database that are the same size §²d .

3) For each sensor group, if possible, label the vertices of each
catalog segment so that the brightness values of the sensor and
catalog stars are within §²b of each other. Register each segment in
the appropriate match group.

4) Find the largest consistent match group by verifying the dis-
tance relationships amongst the satellite stars in the group.

5) If there is no largest match group or the size of the largest
match group is not suf� cient, the algorithm returns failure. Other-
wise, the match group providesthe correctcorrespondencebetween
the sensor and the catalog.
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a) c)

b) d)

Fig. 4 Pattern formation in the grid algorithm (see text for description).

Grid Algorithm
The last algorithm that we have selected forms a pattern around

a given star and searches a set of patterns generated from the stars
in C to determine the best match. The algorithm described here can
be viewed as an extensionof the algorithmdescribedby Liebe.13 In
that algorithm, a pattern is generated from a given star and its two
nearest neighbors. The pattern consists of the angular separation
between the given star and each neighbor and the angle between
them. Each measurement is normalized and concatenated together
to form a single number that then is used to index a hash table. The
entry in the table gives the appropriate correspondence.In the grid
algorithm,12 the pattern is formed from the entire surrounding star
� eld, thus encapsulating more information. Figure 4 demonstrates
pattern formation in the grid algorithm.

The patternsaregeneratedby initiallypickinga star si , � nding the
closest neighbor sn , outside some radius r , and orienting a grid on
the coordinate system de� ned with si at the origin and sn indicating
the positive x axis. All stars within the pattern radius r p then are
projected onto the grid. This process is shown in Figs. 4a–4c. The
grid is of size g £ g and is typically at a much lower resolution than
is the sensor. The resultant pattern is simply a bit vector with a 1 in
each grid cell that has a star and 0 in cells that don’t have a star (see
Fig. 4d). This pattern is the signature for star si .

To determine the best match with the catalog patterns, a bit com-
parison is made with each pattern in the catalog. The agreement
between two patterns is found by � nding the total number of on-
grid cells that are shared. Between sensor pattern ps and catalog
pattern pc , this value is expressed as

g ¤ g

i D 1

ps i ^ pc i

where ^ is logical and of the two bits.
The closest matching catalog pattern pc is consideredto have the

largest sum from the above expression. If the value of the sum is
above a threshold m, sensor star s is paired with catalog star i . The

value of m is set to make it highly unlikely that two randompatterns
with the average number of stars a would have a sum greater than
m. The probability of getting more than m matches must be quite
small (i.e. m must be relatively large), because the sensor pattern
is compared with thousands, or perhaps even tens of thousands, of
catalog patterns.

Implementation of a bit vector and the comparison of the sensor
pattern with each catalog pattern is inef� cient. The bit vector typ-
ically is quite sparse, enough so that simply keeping track of each
grid cell with a star in a list uses less memory. This alternative rep-
resentation also suggests a convenient storage mechanism for the
catalog patterns. Instead of keeping an array of catalog patterns,
each pattern can be entered into a table indexed by grid cell loca-
tion. A table entry is simply a pointer to a catalog star that has the
correspondinggrid cell in its pattern. The identi� cation process for
a sensor pattern is to read the entries in the table at each grid location
with a star, increment a counter associatedwith each individualstar
in the table entries, and keep the catalog star index of the counter
with the greatest value. The star pattern associated with this star is
then the closest matching catalog pattern. If the number of matches
is greaterthan a thresholdparameter(describedearlier as ²), a match
occurs between the sensor star and catalog star at the center of each
respective pattern.

As was the case in the � rst two algorithms,we are only interested
in formingpatternsfor sensor stars that have a correspondingcatalog
star, so that we only select the ®k brightest stars in the sensor � eld
for identi� cation. Unlike the � rst two algorithms, however, there
is no excessive computational demand in using all of the stars in
the sensor � eld to form the patterns. Utilization of all stars makes
each of the patterns more unique, providing greater assurance that
the matched star pairings are correct. This requires that the catalog
patterns include the entire surrounding star � eld that the sensor is
expected to see (not just other catalog stars). The following is a
brief outline of the identi� cation portion of the algorithm (see our
previous work12 for additional details).

1) Find the brightest ®k objects from the sensor image.
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2) For each object, � nd the nearest neighboring star outside r p ,
orient a grid, and form a pattern using the entire sensor � eld.

3) Find the closest matching catalog pattern. If the number of
matches is greater than m, pair the sensor star with the catalog star
associated with the pattern.

4) Perform a consistency check similar to the triangle algorithm;
look for the largest grouping of identi� ed stars within the FOV
diameter of each other. If the size of this group is greater than 1,
return the pairings in this group. If no largest group exists, or no
identi� cations occur, report failure.

Sky Simulation
To perform star identi� cation, a raw image is received from the

sensor and processed to extract a set of objects and their properties.
Unlike most problems in machine vision, however, the propertiesof
stars typically used for identi� cation (location and apparent bright-
ness) are well de� nedand dif� cultiesarisingfromscalingand object
appearance are not of major concern. Stars, because of their great
distance, can be treated as point sources of light from a location on
the unit sphere. Using an idealized model of a sensor (see Fig. 5),
the location .x; y/ of an imaged star on the focal plane can be deter-
mined from the star’s unit vector v in the sensor’s reference frame
as follows:

x D f ¤ v1=v3 y D f ¤ v2=v3

The coordinate (x ,y) is the location point of the object on the
sensorplane,and f is theeffectivefocal lengthin the sameunits.The
star locations are derived by translating the spherical coordinates
foundin standardstellarcatalogsto a rectangularsystemandrotating
the sky to the appropriate sensor orientation.

The minimum sensitivity of the sensor is used to decide whether
a star in the FOV is bright enough to be imaged. A high-range term
(low stellar magnitude) indicates the extent of useful brightness

Fig. 5 Idealized sensor geometry for locating stars on the sensor focal
plane (value is the effective focal length).

Fig. 6 Generating a set of stars for identi� cation (systematic error is introduced in the box labeled Image Production; Noise Production adds simple
Gaussian error to both the brightness and location values).

measurements on a star. A star brighter than this value is imaged
but the reported value is simply equal to the maximum brightness.
Also included in the sensorcon� gurationare noise terms specifying
location and brightness accuracy, expected deviation in effective
focal length, and its correspondingmean value.

To provide realistic sensor locations, however, the accumulated
error from imaging and object extraction should be re� ected in a
star’s location. The amount of error that occurs in the individual
locations arises from a number of different sources. Dispersion,
aberration, distortion, focal-length deviation, etc., tend to perturb
how the light falls on the sensor plane that if uncorrected would
change the point-to-pointcorrespondencebetween the image plane
and the true world state. Most of this type error can be corrected
during calibration and would be sensor speci� c.15 However, some
sources of systematic error will not be corrected for (e.g., change
in effective focal length). This type of error is easily incorporated
in the simulation environment by modifying the focal length and
providing a � xed bias to stellar magnitude.

In addition to the systematic error generated by the lens/sensor
system, there is a considerable amount of noise introduced by this
system and during the preprocessing of the sensor image. Diffuse
lighting, radiation, planetoids, and limited sensor precision cause
the addition or deletion of expected viewable objects and under-
mine the ability of the extraction process to accuratelymeasure the
brightness and location of a star. The star extraction process itself
also introduces additional error in locating a star because of pix-
elization and in calculating its apparent brightness. Imaged stars
near the sensor threshold face the possibility of being eliminated as
sensor objects if none of the pixels in their image blobs is above
the threshold.This results in the loss of stars that are expected to be
viewed. The opposite situation is also possible in that stars slightly
below the minimum sensitivityof the sensor could be imaged, pro-
viding additional, unexpected objects.18;19 The calculated location
of the star on the sensor plane as determined by the precedingequa-
tions is used as the expected locationand is perturbedusing an error
parameter (in pixel units of standard deviation) and Gaussian noise.
A similar process occurs for the measured brightness values.

Another source of noise is due to the onboard catalog itself. The
values incorporatedin a star catalogtypicallyhavea small amountof
error14 due to stellar motion, measurementprocesses,visual magni-
tude to sensorbrightness,unidenti� ed stars, etc. For largeFOVs, the
error introduced by the catalog is relatively small when compared
to other sources of noise; however, for larger catalogs and smaller
narrower sensors, this noise may be signi� cant. Catalog parameters
indicatingthe deviationfor the locationand brightnessof individual
stars are used to generate each of the onboard catalogs used by the
star identi� cation routines. The stellar catalog used to generate the
sky images is considered the true sky.

Figure 6 shows an overview of the sky simulation process. Star
identi� cationalgorithmsare testedunder a great variety of changing
noise conditions so that some measure of an algorithm’s robustness
can be learned. In addition, a set of parameters for a single-system
con� gurationcan be tested against a number of different algorithms
or their parameter settings to discover which particular algorithm
or setpoints is most effective. Our evaluation of the selected star
identi� cationalgorithmmakes use of this methodologyin the results
reported in the Results section.
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Results
In this section, we describe the performance and competence of

each selected star identi� cation algorithm. Performance issues are
concerned with the amount of memory the catalog and data struc-
tures consume as well as the time it takes to determine the corre-
spondence. For our purposes, algorithm competence deals with the
overall robustnessof the algorithmin handlingnoise and examining
which situations lead to failure.

The true sky for the simulation environment is from a catalog
provided by the Autonomous Feature and Star Tracking (AFAST)
projectat the Jet PropulsionLaboratory.The catalogcontainsnearly
36,000 stars down to a stellar magnitude of 8.0. The sensor con� g-
uration simulated in these experiments was designed to make max-
imal use of the available stars. The simulated CCD used a 512 £
512 pixel array (11.8 mm) with each dimension spanning a full 8-
deg arc. The minimum sensitivity of the sensor was set at 7.5 units
stellar magnitude and the reported values ranged to a maximum of
2.5 units. The star-� eld images for such a system containedapprox-
imately45 stars on average.The FOV area was about 64 square deg,
and the effective focal length was 84.2 mm.

The onboardcatalogsC for the star identi� cationalgorithmswere
constructedas described previouslyusing the values of the true sky
perturbedby a small amount of Gaussian noise for both the location
(1 arcsecond standard deviation) and the apparent brightness (0.1
units stellar magnitude standard deviation) values. Two different
size catalogs were generated, one requiring at least � ve stars per
FOV and the other nine stars. The resultant core catalogs contained
7548 and 11,901 stars, or about 9 and 14 stars on averageper image,
respectively.

Performance
For core (onboard) catalogsof both sizes,we generateda database

suitablefor eachof the selectedalgorithms.Table1 providesthe total
number of data structures required to build the supporting database
for each algorithm. The total memory for each algorithm is some-
what dependenton implementationdetails, but assuming that a star
reference can be made with 2 bytes while a � oat requires 4, a fairly
accurate estimation can be performed.

The triangle algorithm requires three � oats for each leg of a tri-
angle in the database, plus a reference to the triangle (4 bytes) and
each of its stars for a total of 22 bytesper triangle.The total memory
consumedby thealgorithmalso includesthe cost of storingeach star
in C , which requires two � oats to specify each location and a � oat
to indicate apparent brightness. The memory for the smaller core
catalog totals nearly 3 Mb, whereas the larger catalog uses about
12 Mb.

The match group algorithm uses much less memory for database
structures as compared to the triangle algorithm. It has traded
the static memory allocation strategy of the triangle algorithm’s
database for a much larger scratch space in active memory in or-
der to form the groups. The size of the scratch space needs to be
as large as the worst-case condition (or employ some complicated
checking), which depends on the number of matches per edge and
the total number of edges involved in the matching. Forming pairs
with the 10 brightest stars results in a scratch space nearly as large
as or larger than the space for C . For the smaller core catalog, this
works out to be about 0.7 Mb, whereas the larger catalog consumes
over 1.6 Mb.

The memory consumed by each pattern in the Grid algorithm
depends on the average number of stars included in the pattern. For
the sensor system and parameters we are using, this works out to
about 25 stars. Because each column in the lookup table represents
a pattern grid cell, only a single reference to the central star of the

Table 1 Size of supporting data structures
for each algorithm

Algorithm jC j D 7548 jC j D 11,901

Triangle 134,000 triangles 555,000 triangles
Match group 66,000 pairs 166,000 pairs
Grid 7,548 patterns 11,901 patterns

Table 2 Average time in seconds to identify
a star � elda

Algorithm jC j D 7548 jC j D 11,901

Triangle 1.8 8.3
Match group 1.6 7.4
Grid 0.04 0.12

aLocation error is 0.5 pixels and brightness error is 0.3 units
stellar magnitude (plus systematic error incorporated in the
catalog).

pattern is required. As was the case with the triangle algorithm, the
active memory is quite small compared to the catalog and lookup
table, so we do not include it. The total memory for the smaller core
catalog is nearly 0.5Mb, whereas the large catalog requires a little
over 0.7 Mb.

The other major element in performanceis the amount of time re-
quired to return the correspondenceor indicate failure.The time per
identi� cation is dependenton a number of factors: the size of C , the
amount of noise, the individual algorithm parameter settings, and
how many stars from the sensor image are tested for membership in
C . The subgraph strategies (match group and triangle algorithms)
are extremely sensitive to the particular thresholds used, and times
vary considerablydependingon their settings.To make the compar-
ison between the algorithms, we report the time for conditions that
are likely to be experienced.

The acceptable tolerance for distancematching for either triangle
edges or star pairs was set at the smallest value (i.e., the value that
generatedthe fewest distancepairmatcheson average) that achieved
thehighestidenti� cationratewhen the locationof a staron the sensor
was perturbed with Gaussian noise of 1 pixel standard deviation
around the true location. This resulted in about 1250 matches per
edge with the smaller-sized C , and over 3000 matches on average
for the larger catalog. The actual noise environmentused in the test
was maintained with a location error of 0.5 pixels and brightness
deviation of 0.3 units stellar magnitude. For the triangle algorithm,
matching was conducted using only the seven brightest stars on
the sensor for a total of 56 triangles. The match group algorithm
made use of the top 10 edges for a total of 45 pairs, whereas the
grid algorithm composed patterns with the 15 brightest stars as the
central star for the smaller catalog, and 27 brightest for the larger-
sized C . The grid algorithm made use of a 40 £ 40 grid.

Table 2 presents the results of the time experiments. The table
clearly shows the cost inherent in expanding the catalog. Both of
the subgraphstrategiesappearto havea quadraticgrowthratehidden
in the matching strategy so that very large catalogs could be prob-
lematic (the number of sensor stars evaluated in both algorithms
was held constant). For the grid algorithm, the increased number
of stars evaluated is likely to explain most of the growth. Indeed, if
we evaluate 27 sensor stars in the smaller-sized C , the runtime per
identi� cation increases from 0.04 to 0.09 s. A strictly proportional
increase in runtime for the larger catalog would work out to about
0.14 s so that the reported time of 0.12 s re� ects the time hidden by
the lookup table.

Competence
The second focus of our results is on how well the algorithms

perform under various noise conditions.We concentrateon explor-
ing how the identi� cation rate changes as different types of noise
levels increase. Our methodology is similar to that of DeAntonio
et al.20 The algorithmparameters are � xed and a single noise source
is increasedwhile the othersare held at typical levels. The change in
identi� cation rate demonstrates the algorithm’s underlying robust-
ness.

Our � rst two tests look at each algorithm’s best identi� cation rate,
which returns the matching in less than 2 s. The distanceparameters
for the triangle and match group algorithmswere set as described in
the preceding section (about 1.5 pixels). The brightness threshold
was set at 1.0 units stellar magnitude.Both the triangle and the grid
algorithms made use of the smaller catalog to meet the required
time constraint. The triangle algorithm generated triangles using
the 7 brightest stars (56 triangles) on the sensor whereas the match
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Fig. 7 Three curves represent the percentage of star � elds identi� ed
over 500 random orientations of the sensor for each plotted point. The
brightness error was held constant with a standard deviation of 0.3
units stellar magnitude. The standard deviation for the location error
is shown along the horizontal axis in pixels.

Fig. 8 Three curves represent the percentage of star � elds identi� ed
over 500 random orientations of the sensor for each plotted point. The
location error was held constant with a standard deviation of 0.5 pix-
els. The standard deviation for the brightness error is shown along the
horizontal axis in units stellar magnitude.

groupalgorithmexploited the brightest10 stars (45 edges). Because
of its superior time performance, the grid algorithm used the larger
core catalog and attempted to match the top 27 brightest stars on
the sensor. The grid size was maintained at 40£40 during all of the
tests.

Figures 7 and 8 show the identi� cation rate for the three algo-
rithms as the instrument accuracy decreases. Each algorithm was
presented with a sequence of 500 randomly selected star � elds at
each shown noise level. The brightnessvalues reported to the algo-
rithm from the sensor were perturbed with Gaussian noise so that
some stars that typicallywould be visible were lost (i.e., below sen-
sor minimumsensitivity). About 2.6 stars per image disappeared,on
average, for 0.3 units standard deviation in stellar magnitude with
an average of 13.0 stars per image for 2.0 units. In addition to the
stars lost, some stars that would not normally be seen were imaged
so that 1.8 extra stars appeared per image on average at 0.3 units
deviation and 3.8 stars at 2.0 units. For Fig. 7 the brightness devia-
tion was maintained at 0.3 units stellar magnitude; Fig. 8 shows the
identi� cation rates with the location deviation held at 0.5 pixels.

The false-positive rate (indicating a wrong correspondence) for
the two subgraph matching algorithms varied linearly with the
position accuracy. At 0.5-pixel deviation, the percentage of false
identi� cations was 1.5% and increased to nearly 15% for 2.0 pixels.
For high noise levels in brightness accuracy, nearly one-� fth of the
nonidenti�ed orientations were misidenti� ed. Of the misidenti�ed
cases, however, close to one-eighth identi� ed the correct section of

Fig. 9 Three curves represent the percentage of star � elds identi� ed
over 500 random orientations of the sensor for each plotted point. The
brightness error was held constant with a standard deviation of 0.3
units stellar magnitude. The standard deviation for the location error
is shown along the horizontal axis in pixels. The triangle and the grid
algorithms use an adaptive threshold and the grid algorithm uses the
smaller catalog while checking only the brightest 10 sensor stars.

Fig. 10 Three curves represent the percentage of star � elds identi� ed
over 500 random orientations of the sensor for each plotted point. The
location and brightness error were held constant with a standard devi-
ation of 0.5 pixels and 0.3 units stellar magnitude; the horizontal axis
plots 1 mm changes in the effective focal length of the sensing system
(calibrated at 84.2 mm).

sky but failed to pair the sensor/catalog stars correctly. Over the
range of tests discussed in this section, the grid algorithm experi-
enced only two false positives.

The steep drop in the identi� cation rate (as compared to the grid
algorithm) for the triangle and the match group algorithms stems
from the selection of the distance threshold. If we use an adaptive
threshold for these algorithms, there is a signi� cant improvement in
the curves. The stability of the grid algorithm’s identi� cation rate
is dependent on the number of sensor star patterns formed and the
size of the core catalog. If we use the smaller catalog and limit the
number of sensor stars checked to be comparable with the other
algorithms (10), a noticeabledecrease in the algorithm’s robustness
is apparent. Figure 9 shows how the respective identi� cation rates
change as the accuracy of the location information varies.

Our � nal resultexamineshow systematicerror affectsthe identi� -
cationrate for eachof the algorithms.To accomplishthis,we assume
that the effective focal length of the sensor system has changed, as
couldhappenif the system is subjected to substantial thermal stress.
As in the previous experiments, other sources of noise are held at
nominal values, in this case 0.5 pixels deviationfor locationand 0.3
units stellar magnitude for brightness. The effective focal length is
changed from the calibrated value (84.2 mm) in 1-mm increments.
Figure 10 shows the identi� cation rate for each algorithm (above
50%) as the effective focal length changes by 3.6%.
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Discussion
The results from the preceding section showed that the star iden-

ti� cation strategies based on distance matching between pairs of
stars are considerably less robust than the pattern-matching algo-
rithm tested. For the more accurate, smaller FOV star sensors en-
visaged for future space missions, denser (more stars in C ) onboard
star catalogs are a necessity. For such systems, systematic error due
to accuracy limitations of the stellar catalogs, optics, etc., will be-
come a larger portion of the noise environment. This will result
in proportionately greater noise levels for star identi� cation algo-
rithms. The expected operating range in terms of pixel error of the
star identi� cation algorithm will increase, meaning that the area of
interest in Fig. 7 will be to the right of the current range (about 0.5–

1.0 pixels). To achieve similar identi� cation rates for a single sensor
image, more informationwill need to be extracted from the star � eld
(see Ref. 21 for an alternative approach using a sequence of sensor
views). Figure 11 provides a conceptual depiction of the problem.

It is not our contention that the results of the preceding section
re� ect the highest identi� cation rate for the respective algorithms.
Certainly, a large number of additional changes could be made to
each algorithm and to C in order to increase its particular identi� -
cation rate for a given noise level. Our purpose in using a similar
consistency check in all the algorithms rather than a more compre-
hensive routine8 is to understand how well each basic star identi� -
cation strategy works, and to determine the underlying robustness
of the algorithm. The major distinction between the two star-pair
distance-matching strategies and the grid algorithm involves the
uniqueness of a match, not the type of veri� cation technique used.

The grid algorithmperforms identi� cation in an environment that
generatesfewer spuriousmatches (lower match noise), and provides
signi� cantly more evidence in the form of a larger underlyingstruc-
ture by making use of stars not in C . The two subgraph matching
strategiesare less robust becauseof the large amount of match noise
and the incorporation of less evidence during identi� cation (they
take advantageof fewer of the visible stars). The obvious solution is
to identify more triangles for the triangle algorithm or to attempt to
match larger groups for the match group algorithm. However, this
solution is problematic at best because performance considerations
alone weigh heavily against such an approach.

Clearly, the reason that the performancedegrades so dramatically
for both of these algorithms is the nonlinear growth rate associated
with the matching operation (the grid algorithm has a linear rate of
growth). If n is theaveragenumberof core starsper FOV, the triangle
database grows at O.n3/ whereas the size of memory required by
the match group algorithmgrows at O.n2/. A near 50% increase in
the size of C resulted in close to a 320% increase in match noise

Fig. 11 Sensor error does not decrease proportionally with the de-
crease in FOV area. For a given sensor, a � xed amount of noise limits
the absolute accuracy of the measurements, requiring additional evi-
dence to be accumulated for a sensor image to maintain the same star
identi� cation rate.

for the same noise environment (1.5 pixels). This greatly slowed
the identi� cation time, making it much too costly to increase the
number of sensor triangles or star pairs tested because this grows
nonlinearlyas well. If we let a be the number of sensor stars tested
(i.e., the brightesta stars), the growth rate of edge pairs is O.a2/ and
is even worse for triangles. The only bene� t then for increasing the
size of C is to make it more likely that the actual sensor stars have
a correspondingmatch in C , but this proved to be quite marginal.

Conclusion
We have reviewed two major strategies employed in star iden-

ti� cation. Our results and analysis indicate that pairwise matching
technique employed in the most recent systems may have dif� cul-
ties in the next generationof autonomousstar-sensingsystems. The
large, dense onboard catalogs required for such systems inevitably
generatea considerablenumberof false matches,making identi� ca-
tion more dif� cult. Pattern-matchingtechniques,such as those used
in a relatively simple grid algorithm, seem to hold more promise.
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