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Most of the existing autonomous star identi� cation algorithms use direct-match algorithms that prestore the
star feature vectors in a database. During recognition, the measurements are compared with the reference feature
vectors in sequence or by using binary-tree search. The computation time for the star recognition with a traditional
model-based system is high, and it increases as the number of the feature patterns in the database increase.
We propose an autonomous star identi� cation algorithm using fuzzy neural logic networks. This is a parallel
star identi� cation algorithm with fast training speed. The simulation results based on the SKY2000 star catalog
(Myers, J. R., Sande, C. B., Miller, A. C., Warren, W. H., and Tracewell, D. A., “The SKY2000 Master Star
Catalog,”AAS/AIAA Space Mechanics Symposium, AAS, San Diego, 1997,pp. 1–16) show that the proposed system
can achieve both high recognition accuracy and fast recognition speed. Errors due to star magnitudemeasurement
imprecision can also be minimized.

Introduction

S TAR observationis widely used by spacecraft for attitudedeter-
mination. Star sensors measure star magnitude and star coordi-

nates in the spacecraft frame. The measurementsare then compared
with a reference star catalog to obtain the attitude information of
the spacecraft. Traditional methods use a priori attitude estimates
to identify observed stars. However, the coarse attitude may not al-
ways be available. Budget restrictions are also pushing spacecraft
designers to reduce the redundantsensor hardware.This means that
autonomous star identi� cation is becoming more important. With
autonomous star identi� cation, system failures can be reduced, and
the spacecraft is less dependent on ground communication links.

Many of the existing autonomous star identi� cation systems
use direct-match algorithms that store the star feature vectors in
a database.1,2 During recognition, the measurements are compared
with the reference feature vectors in sequence2 or by using binary-
tree search,3 until a correct match is found. The computation time
for star recognition with direct-match algorithms is high, and it
increases as the number of the feature patterns in the database in-
creases.

Fuzzy logic and neural networks can help deal with these prob-
lems. The parallelism of neural networks can help speed pattern
search,and fuzzy logic can help deal with measurementuncertainty.
However, star recognitionis very differentfrom other pattern recog-
nition problems in that the number of star patterns is quite large.
For example, the number of star triplet patterns in the submillime-
ter wave astronomy satellite (SWAS) catalog is 17,533. Therefore,
when applying neural-networkmodels to star recognition,network
complexity and recognition speed are two major concerns. Many
neural-networkmodelsare restrictedby these limitations.For exam-
ple, the Hop� eld network has found successfulapplicationin object
recognition.4 The Hop� eldnetworkrequiresfull connectionsamong
the nodes, which leads to N 2 nodes; in this case it leads to 17,5332

nodes. This quickly leads to very large and complex networks. The
number of patterns stored in a Hop� eld network is limited by the
number of neurons in the network.

The neural logic network (NLN) is a neural-network model
that combines the strength of both neural networks and rule-based
systems.5 We proposean autonomousstar identi� cationsystem that
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uses a fuzzy NLN. The algorithmused by the fuzzyNLN for pattern
matchingis calledsupervisedclusteringand matching(SCM).6 Dur-
ing training, a speci� c hidden node learns and encodes the input
pattern only when both the input and output patterns match well
enough. This gives the algorithmfast training capabilities.With the
fuzzy NLN, no a priori attitude knowledge is required. The simula-
tion results based on data from the SKY2000 master star catalog7

show that fuzzy NLN has the advantage of fast learning speed and
high accuracy in star pattern recognition.Other fast learning meth-
ods such as radial basis function networks were explored as part of
this work.8 However, these networks took a long time to train and
had low accuracy rates because there are many similar patterns in
the star triplets and the function de� ned by the input–output pairs
is not a continuous function.

NLNs
The NLN is a neural-networkmodel that combines the strengthof

both neural networks and rule-basedexpert systems. Arti� cial neu-
ral networks are computational models that have the capability of
learning and adaptation, but they cannot reason with symbolic lan-
guages.Rule-basedexpertsystemssimulatehuman problemsolving
process in the form of heuristic rules, but they can not adapt to the
new inputs. An NLN combines the two systems to incorporate hu-
man problem solving skills with the area of pattern recognitionand
information evaluation.5

An NLN builds up its inference engine with the neural network
as its underlying structure, so that it can simulate human decision
making behavior as well as learn adaptively. In star identi� cation,
the NLN is used as a neural-networkmodel, where parallel pattern
learning and recognition is most important.

There are three typesof NLNs: BooleanNLN, three-valuedNLN,
and fuzzy NLN.6 In a Boolean NLN, 0 is used to denote true and 1
false. In a three-valued NLN, {(1, 0), (0, 1), (0, 0)} are used as the
truth values, where (1, 0) denotes true, (0, 1) denotes false, and (0,
0) denotes unknown. In a fuzzy NLN, the truth value domain A is
de� ned by6

A = {(x , x̄): x 2 [0, 1], x̄ 2 [0, 1], x + x̄ = 1} (1)

where x represents the on responseand x̄ =1 ¡ x is the complement
of x , representing the off response. Complement coding preserves
both the on responseand the off response to an input vector. It shows
if a feature is present or absent and to what degree. This helps the
fuzzy NLN handle measurement uncertainty.

The structure of a fuzzy NLN for star pattern recognition resem-
bles a three-layer feedforward neural network as seen in Fig. 1. The
hidden nodes are called cluster nodes becauseone hidden node may
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Fig. 1 Structure of a fuzzy NLN.

be used to encode more than one pattern. Each input and output
pattern can be represented by

X = [(x1, x̄1), (x2 , x̄2), . . . , (xM , x̄M )] (2)

Y = [(y1, ȳ1), (y2 , ȳ2), . . . , (yN , ȳN )] (3)

where (xi , x̄i ) denotes the truth value of the i th input node and
(y j , ȳ j ) denotes the truth value of the j th output node. The weights
w i j and w j k representtemplatesor prototypesof the inputand output
patterns, respectively.

The fuzzy NLN is trained with the SCM algorithm.6 This al-
gorithm is derived from the adaptive resonance associative map,9

which is a model from the supervised adaptive resonance theory
(ART) network family.10 During training, a cluster node is chosen
if both its input and output weight templates match the input and
output patterns to a certain degree. The match similarity between
the input and the jth hidden node is measured as follows6:
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The match degrees m x
J and m y

J must both exceed preset recognition
thresholds for the input and output layer, q x 2 [0, 1] and q y 2 [0, 1],
for learning: m x

J ¸ q x and m y
J ¸ q y . If both the input and output

matches exceed the thresholds q x and q y , the cluster node learns the
input and output pattern by updating its weight vectors as follows:
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where b x 2 [0, 1] and b y 2 [0, 1] are the learning rates for the input
and output layer, respectively.

If the node does not satisfy the recognition thresholds q x and q y ,
the network selects another node. If no existingcluster nodes satisfy

the recognition thresholds q x and q y , a new cluster node is added to
encode the given input and output pattern. The advantage of using
two different thresholds is to allow the network to respond properly
to differentpattern recognitionproblems.Higher values can impose
stricter matching criteria, which partition the input set into � ner
categories.Lower vigilancevalues tolerate greatermismatch,which
will result in coarser recognition. In star recognition, we used high
inputand outputthresholdsbecausevery similar triplet featuresmay
correspond to different triplet patterns due to measurement errors.

System Design
Because a single star does not have enoughdistinctivefeatures to

classify it from thousands of other stars, successful star identi� ca-
tion algorithms use features generated by a group of stars. Previous
studies have shown that groups of three stars work well for star
identi� cation.3,11 We use star triplets for feature extraction in our
system, then the features are sent to the fuzzy NLN to get the recog-
nition result.

Feature Selection
Star features that can be used for recognition include star mag-

nitude, angular separation, the group geometry, or the variations
of these features, such as the square of the separation. Star magni-
tudes can be dif� cult to determine accurately because different star
spectral types can cause shifts in intensity measurements unique to
particular imaging systems,7 and star magnitudes can change over
short periods of time. Data from the X-ray Timing Explorer (XTE)
mission showed that the observed magnitude difference could be
greater than 1.0 relative to the predicted magnitude.12 After cali-
bration and catalog corrections, this error has been reduced to 0.3
orders of magnitude.13 Therefore, star magnitude is not always a
very reliable parameter for recognition. The angular separation has
small variation and can be measured with high accuracy.Therefore,
we use the angularseparationbetween the stars in a triplet as the fea-
ture vector. The geometry of the triplet is determined by reordering
the stars according to their magnitudes. The procedure to generate
the triplet feature vector is as follows:

1) Choose a reference star from the central portion of the � eld of
view (FOV).

2) Select the two brightest neighbors within the FOV. For the
SWAS CT-601 star tracker,14 the FOV is 8 £ 8 deg.

3) Reorder the triplet from brightest to faintest according to star
magnitude, that is,

M1 < M2 < M3 (8)

Calculatetheangularseparationsbetweeneachpairof stars,which is
denotedby di j . Therefore, the input feature vector to the fuzzy NLN
network is h d12 , d23 , d31 i , where d12, d23 , and d31 are the distances
between the three vertices, as shown in Fig. 2.

System Structure
The reference star catalog used by our research is the SWAS

star catalog, which is a run catalog created from SKY2000 master
catalog.7 The originalSWAS star catalogcontains33,379stars.This

Fig. 2 Star triplet features.
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catalog can be downloaded from http://fdd.gsfc.nasa.gov/attitude/
skymap.html. Considering only those stars whose magnitudes are
brighterthan 6.5, the totalnumberof tripletpatternsfor a sensorwith
an 8 £ 8 deg FOV is 17,533. With this large number of patterns, it
is inef� cient to train a single neural network. The solution is to
divide the problem into smaller NLNs that can be trained more
ef� ciently.

From analysis, we know that the angular separation is a more
reliable parameter than star magnitude. The histograms of the three
angular separations of the triplet (Figs. 3–5) show that d12 (the dis-
tance between star1 and star2 in a triplet) is the most evenly dis-
tributed attribute; therefore, we used d12 to select which NLN to
use. During recognition, direct match is � rst used on d12 to decide

Fig. 3 Histogram of d12 .

Fig. 4 Histogram of d23 .

which fuzzy NLN to use, then the correspondingNLN will give the
classi� cation result, as shown in Fig. 6.

Although angular separation is more reliable than star magni-
tude, with many patterns distributed in a small range, two different
patternsmay have very similar featurevectors.To improve the iden-
ti� cation accuracy, the star magnitudes are used for veri� cation of
the � nal recognition results. The one among the � rst two winners
that has a smaller magnitude error between the observed stars and
reference stars is considered to be the � nal winner. The check on
magnitude is especially necessary, when the truth values are very
close.

The range for d12 is [0.0031, 7.855] deg. Because the CT-601 is a
512 £ 512 pixel charge-coupleddevice CCD imager with an FOV
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Fig. 5 Histogram of d31 .

Fig. 6 System structure for star recognition: triplet measurement d12
selects which subnetwork NLN to use; numbers in brackets give the
range of d12 in degrees.

of 8 £ 8 deg, we choose 0.1 deg as the overlap of each interval of
d12 for error tolerance. The number of triplet patterns in each NLN
is (from NLN-1 to NLN-14): 1102, 847, 1126, 1253, 1200, 1498,
1574, 1432, 1616, 1389, 1264, 1476, 1452, and 1198. This is a very
quick and ef� cient method for dividing the total triplet patterns,
which also maintains the error tolerance performance. We used an
overlap of 0.03 deg (108 arc-s) in this study. This number comes
from the sensor accuracy of 60 arc-s (Ref. 14) for unprocessed star
data and the star catalog position with a maximum uncertainty of
1.8 arc-s (Ref. 7).

Because of the overlap between each two nearby intervals of d12,
one triplet may fall into two NLNs. For example, assume that the
original angular separationd12 is 2.47 deg. However, it is measured
as 2.49deg.This patternwill fall into two NLNs, NLN-3 andNLN-4,
which correspondto the d12 intervalsof [1.97, 2.50] and [2.47, 3.0],
respectively.The correctpatternbelongsto NLN-3. The hiddennode
truth value T j is calculated:
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Table 1 Magnitude difference of star tripletsa

Range of
magnitude
difference

Number of star triplets

j M1 ¡ M2 j (%) j M2 ¡ M3 j (%) j M1 ¡ M3 j (%)

[0, 0.1] 935 (5.33) 713 (4.07) 6 (0.0003)
[0, 0.2] 1927 (10.99) 1396 (7.96) 50 (0.29)
[0, 0.3] 2993 (17.07) 2109 (12.03) 147 (0.84)
[0, 0.4] 4037 (23.03) 2765 (15.77) 270 (1.54)
[0, 0.5] 4950 (28.23) 3452 (19.69) 406 (2.32)
>0.5 2691 (15.35) 7098 (40.48) 16,654 (94.99)

a M1, M2, and M3 are the magnitudes of the brightest, the second brightest, and the
faintest star in a triplet.

The hidden node with the maximum truth value T j is selected.Here,
w x

ji is the weight connecting the i th input node and the j th hidden
node and xi is the i th input feature value. Wx

J is the weight vector
connecting input vector with the j th hidden node. X is the input
vector. T j is a similarity measurement between the input pattern
and the stored pattern. A larger value of T j means that the input is
more similar to the stored pattern. If the truth values are very close,
then the magnitudes of the possible star triplets are used to decide
which pattern is correct.

Star Identi� cation Algorithm
The magnitudemeasurement errors have an indirect in� uence on

the performance of the fuzzy NLN because they can cause the star
triplet to be improperly ordered. Histograms of the absolute mag-
nitude difference between each two stars in a triplet are shown in
Figs. 7–9. Table 1 lists the statistical information of the star magni-
tude difference based on the histograms.

Table 1 shows the number of potential magnitude errors that
would result in a wrongly ordered triplet. For example, if star1
or star2 has a magnitude error of up to 0.3, then the probability
of misordering the � rst two stars in a triplet can be as large as
28.17%. The in� uence on the order of the � rst and third star drops
to 0.85% when the magnitude error is 0.3. This is a worst-case
analysis because the magnitude errors for most stars are relatively
small.

A solution for this problem is to present the triplet patterns
in different orders to the recognition system if the star magni-
tudes are close. For example, assume the original feature vector
is h d12, d23 , d31 i (mode I); we present it to the recognition system
and get solution I. Then we present the feature vector h d12 , d31,
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Fig. 7 Histogram of j M1 ¡ M2 j , the absolute magnitude difference between the � rst and second brightest stars in a triplet.

Fig. 8 Histogram of j M2 ¡ M3 j , the absolute magnitude difference between the second and third brightest stars in a triplet.

d23 i (mode II) to the system, in case star2 is actually brighter
than star1 (thus we switch star1 with star2), and get solution II.
Next, we reorder the triplet features to h d31, d23, d12 i (mode III)
and get solution III. This result is possible if star3 is in fact
brighter than star2. This gives six modes for one triplet. The other
three modes are h d31, d12 , d23 i , h d23 , d31 , d12 i , and h d23 , d12, d31 i .
The choice of the � nal solution depends on the maximum hid-
den node truth value. The solution with the maximum hidden
node truth value is considered to be the � rst winner. This proce-
dure minimizes the in� uence of the magnitude error on the system
performance.

Based on the analysis and system design described, we propose
the algorithm for autonomous star identi� cation as follows:

1) Generate a triplet for the reference star that is in the central
portion of the FOV. Reorder the triplet according to the star magni-
tude.

2) Calculate the angularseparationfor the triplet to get the feature
vector: h d12, d23, d31 i .

3) Choose one of the six modes for identi� cation.
4) Use the direct match on d12 to choose a proper NLN for iden-

ti� cation.
5) If more than one NLN is used, calculate the hidden node truth

value of each NLN. Choose the NLN with the largest hidden node
truth value.

6) If all of the modes have been tested, choose the two modes
with the maximum hidden node truth values. Otherwise, go back to
step 3.

7) For each of the chosen modes, compare the � rst and second
maximum hidden node truth values. If the difference is less than a
thresholdTc =7 £ 10 ¡ 6 or Tc =7 £ 10 ¡ 2, calculatethe mean square
error of the magnitudes between the observed stars and reference
stars. Choose the one with the smallest error as the winner.
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Table 2 Results for autonomous star identi� cation

Number NLN Number NLN
Magnitude Distance error, misclassi� ed, % correct, misclassi� ed, % correct,
error arc-seconds Tc = 7 £ 10 ¡ 6 Tc = 7 £ 10 ¡ 6 Tc = 7 £ 10 ¡ 2 Tc = 7 £ 10 ¡ 2

§0 §30.6 2 99.98 00 100
§0.25 §30.6 587 96.6 578 96.7
§0.50 §30.6 1160 93.4 553 96.8
§0 §61.2 11 99.9 46 99.7
§0.25 §61.2 618 96.5 337 98.1
§0.50 §61.2 1157 93.4 594 96.6
§0 §121.4 204 98.8 263 98.5
§0.25 §121.4 768 95.6 508 97.1
§0.50 §121.4 1301 92.6 1104 93.7

Fig. 9 Histogram of j M1 ¡ M3 j , the absolute magnitude difference between the � rst and third brightest stars in a triplet.

8) Calculate the output of the network as

(yi , ȳi ) = f s

³X

j

w y
j i t j ,

X

j

w̄ y
ji t̄ j ,

´
(10)

where (t j , t̄ j ) = (1, 0) if it is the maximum hidden node, otherwise
(t j , t̄ j ) = (0, 0). (Y, Ȳ ) is the output truth vector for all values of yi .
The slope threshold function f s is de� ned by

f s(a, ā) =

8
<

:

(1, 0) if a ¡ ā ¸ 1

(0, 1) if a ¡ ā · ¡ 1

(a, 1 ¡ a) otherwise (11)

This binary representation of (Y, Ȳ ) gives the index number of the
star triplet.

Simulation Results
The simulation is done in three steps. First, generate a reference

catalog of star triplets from the SWAS star catalog. Second, train
the fuzzy NLNs using triplet feature vectors. Third, test the system
using simulated observation data.

The procedurefor creatinga triplet catalog from SWAS star cata-
log is shown in Fig. 10. In the SWAS star catalog, � ag7 is the track-
ability near-neighbor � ag. This � ag maps the angle to the nearest
star either brighter than or up to 4.0 magnitude fainter. Flag8 is
the identi� ability near-neighbor � ag. It maps the angle to the near-
est star within 1.0 magnitude. In Fig. 10, the comparison for � ag7
and � ag8 is to ensure that a reference star has no neighbors within
0.1 deg that are within 4 magnitudesof the referencestar brightness,

according to the CT-601 star tracker’s manual.13 This ensures that
the star parameters can be measured correctly by the star tracker.

After obtaining the triplet feature vector, the second step is to
train the fuzzy NLNs. The procedure for training the fuzzy NLN is
introduced in the second part of this paper. The inputs to each of
the fuzzy subnets are the angular separations,and so there are three
input nodes. The hidden nodes are dynamically created during the
training. Because there are 17,533 triplet patterns, each pattern can
be encoded with 15 binary digits:

N = b log2 17533c a 1 = 15 (12)

The number of output nodes for each fuzzy NLN is 15. Other pa-
rameters for training fuzzy NLN are

b x = 0.15, b y = 0.15, q x = 0.9, q y = 1.0 (13)

We used small learningrates b x and b y to get more stable learning
results. For star recognition, high input and output vigilance values
q x and q y were used to ensure high recognition accuracy.

The feature vector used to train the fuzzy NLN consists of 25
trainingsamplesfor each pattern.The trainingsamplesaregenerated
by adding uniformlydistributedrandomnoise to the original feature
vectors. The intensity of the noise is up to 2% of the maximum
feature value. The training time for each NLN was about 1 h on SGI
INDY/IRIX 6.2.

The maximum error for angular separation is set to §121.4
arc-seconds in the simulation of the SWAS � ight catalog data.
The maximum error for the magnitude is set to §0.5. The recog-
nition results are shown in Table 2. From Table 2, we can see
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Fig. 10 Diagram for generating triplet catalog.

that even when the magnitude error is up to 0.5 and angular
separation error is up to 121.4 arc-seconds, the proposed sys-
tem has recognition accuracy higher than 95%. The recognition
is also very fast. The major computations for the average NLN
include 6 £ (3 £ 1253 £ 2 + 1253 £ 15 £ 2) =270,648 multiplica-
tions, where 1,253 is the average number of stored patterns, 3 is
the number of input nodes, 15 is the number of output nodes, and
2 is for the complement coding. The storage required for the sys-
tem includes the weights connectingthe input layer with the hidden
layer and the weights connecting the hidden layer with the output
layer for each NLN. The fuzzy NLN algorithm compares very well
with other star recognition algorithms. This system can use a much
smaller FOV (8 £ 8 deg) and does not require specializedhardware,
unlike the neural-network star identi� cation algorithm of Williams
et al.,15 which requires a FOV as wide as 20 £ 20 deg. The accuracy
of the system is comparable to other star recognition systems.2,3,11

This algorithmis more robust to errormeasurements than the direct-
match algorithms.

The effect of different threshold values in step 7 of the algorithm
is also shown. In cases where the magnitude error and the distance
error are high, smaller valuesof Tc allow more solutionsto be tested.

Finally, we used some sample attitude maneuver data from the
XTE mission to test the system performance. The data was from
6 Jan. 1996. The star sensors were set to measure four stars at
a time. Most of the data included the same stars; however, there
were 113 distinct measurements in the data � le. The fuzzy NLN
star recognition system used the brightest three stars to construct
the star triplet. The star recognition system recognized 106 of the
star triplets. Some of the identi� cation errors were because some

of the stars that were measured by XTE were not in the SWAS star
catalog. Other errors were caused by the third and fourth measured
stars having very similar magnitudes.

Conclusions
In our research, we proposed an autonomous star identi� cation

systemthatuses fuzzyNLNs. The systemperformancewas success-
fully tested using the star catalog from the SWAS. Compared with
the direct-matchalgorithms, this system can obtain both high accu-
racy and fast recognition speed when a large star catalog is used.
When new patterns are added to the catalog, the NLN can learn
the new pattern by adding another cluster node to the network. In
contrast, the binary-tree search algorithms need to update the entire
tree. With the proposedalgorithm,the in� uence of magnitudeerrors
can also be minimized. Therefore, the proposedsystem shows great
promise for autonomous star identi� cation.

With a large reference catalog, the memory required to store the
weight vectors for the NLNs is high. The total memory required for
this study with 17,533 triplets is over 3 MB. Although the recog-
nition speed is not slowed, further work will be done to reduce the
amountofmemory neededfor implementationonboarda spacecraft.
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