
THE ASTROPHYSICAL JOURNAL, 541 :298È305, 2000 September 20
2000. The American Astronomical Society. All rights reserved. Printed in U.S.A.(

SPECTRAL CLASSIFICATION OF UNRESOLVED BINARY STARS WITH ARTIFICIAL
NEURAL NETWORKS

WM. BRUCE WEAVER1
Monterey Institute for Research in Astronomy, 200 Eighth Street, Marina, CA 93933

Received 2000 February 29 ; accepted 2000 April 25

ABSTRACT
An artiÐcial neural network technique has been developed to perform two-dimensional spectral classi-

Ðcation of the components of binary stars. The spectra are based on the 15 resolution near-infraredA�
(NIR) spectral classiÐcation system described by Torres-Dodgen & Weaver. Using the spectrum with no
manual intervention except wavelength registration, a single artiÐcial neural network (ANN) can classify
these spectra with Morgan-Keenan types with an average accuracy of about 2.5 types (subclasses) in
temperature and about 0.45 classes in luminosity for up to 3 mag of di†erence in luminosity. The error
in temperature classiÐcation does not increase substantially until the secondary contributes less than
10% of the light of the system. By following the coarse-classiÐcation ANN with a specialist ANN, the
mean absolute errors are reduced to about 0.5 types in temperature and 0.33 classes in luminosity. The
resulting ANN network was applied to seven binary stars.
Subject headings : binaries : general È infrared : stars È methods : analytical È

stars : fundamental parameters È techniques : spectroscopic

1. INTRODUCTION

Automated spectral classiÐcation had been a capability
sought for at least 30 years. Kurtz (1984, 1994) and von
Hippel et al. (1994a) review the history of these e†orts. The
goal had been to create a system that could automatically
classify stellar spectra as well as a human expert. The moti-
vation for such systems had increased in recent years as the
combination of digital computers, Ðber optics multiplexing,
and high quantum efficiency area detectors has made large
automated survey programs feasible. These tools are
powerful enough to record spectral information efficiently,
permitting large spectrographic surveys. Galactic structure
and searches for rare objects are two examples of the poten-
tial subjects of such surveys. In order for such large spectro-
graphic surveys to be astrophysically efficient, the next layer
of tools, which would classify objects according to appear-
ance, spectra, etc., at a rate comparable to real time, making
optimum use of the capabilities of computers and detectors,
had to be developed.

The goal has been met with artiÐcial neural networks
(ANNs). ANNs have been quite e†ective when applied to
stellar spectra. Early successful e†orts included the classi-
Ðcation of Wolf-Rayet stars (Weaver 1990, 1994) and the
classiÐcation of blue objective prism spectra by von Hippel
et al. (1994b). The latter research, extended recently by
Bailer-Jones, Irwin, & von Hippel (1998), is signiÐcant
because it shows the applicability of ANN spectral classi-
Ðcation to blue survey spectra taken with Schmidt tele-
scopes. Bailer-Jones et al. achieved an accuracy of about 1
type (subclass) in temperature. They had difficulty in clas-
sifying luminosity classes, due in part to the paucity of good
luminosity criteria in the blue region of stellar spectra.

In order to make maximum use of the red sensitivity of
modern detectors and to address the luminosity issue,
Torres-Dodgen & Weaver (1993, hereafter TW) developed
an extension of the blue MK system into the silicon-based
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near-infrared (NIR) in the wavelength range 5800È8900 A�
using a spectral resolution of 15 We showed that MKA� .
types form well-deÐned sequences in both temperature and
luminosity in the NIR.

After an efficient classiÐcation system, the second com-
ponent required to make large spectroscopic surveys practi-
cal is a technique for automated spectral classiÐcation.
Most methods currently under development for automatic
classiÐcation are discussed in Corbally, Gray, & Garrison
(1994, p. 285). Ideally, such a technique should use the
lowest practical spectral resolution to produce two-
dimensional classiÐcations at least as accurate as those
made by expert human classiÐers, be sensitive to spectral
peculiarities including stellar multiplicity, be insensitive to
the e†ects of interstellar reddening while making the classi-
Ðcation, degrade slowly with decreasing signal-to-noise
ratio in the spectra, and require a minimum of human inter-
vention at all stages of the process. The results reported in
two subsequent papers by Weaver & Torres-Dodgen satisfy
these criteria except that of sensitivity to spectral pecu-
liarities such as multiplicity.

Using equivalent widths, Weaver & Torres-Dodgen
(1995, hereafter Paper I) developed ANNs that can classify
A star spectra to an accuracy of 0.4 types (subclasses) in
temperature and 0.15 classes in luminosity. Using only the
stellar spectra, with no manual intervention except wave-
length registration, additional ANNs were developed that
can classify these NIR spectra with an accuracy comparable
to that of 2 resolution MK classiÐcation : 0.5 types inA�
temperature and 0.35 classes in luminosity. ANNs that can
concurrently determine interstellar reddening to an accu-
racy of 0.05 in E(B[V ) were also developed. The use of
ANNs to determine E(B[V ) was later extended to the
ultraviolet by Gulati, Gupta, & Singh (1997b).

The A star classiÐcation was extended in Weaver &
Torres-Dodgen (1997, hereafter Paper II), where accuracies
of about 0.5 types in temperature and about 0.25 classes in
luminosity were achieved for stars of all temperature and
luminosity classes using ANNs. This accuracy is also com-
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FIG. 1.ÈExample of two single-star spectra combined to form the spec-
trum of an artiÐcial binary.

parable to that obtained by human experts (Houk 1982,
1996) using 2 resolution blue spectra. The accuraciesA�
achieved by Bailer-Jones et al. in classifying objective prism
spectra and by Paper II in classifying slit spectra are
approaching the limits of the morphological classiÐcation
systems in which they work.

Paper II presents an architecture for an automated classi-
Ðcation system based on a network of ANNs. The Ðrst
network would separate incoming spectra into ordinary
objects, known unusual objects, and objects outside the
realm of ANN knowledge that would require human inter-
vention. Ordinary stars, for example, would be classiÐed
with the networks described in Papers I and II. Known
unusual objects would be further separated into categories
such as Wolf-Rayet stars, T Tauri stars, and binary stars. A
critical ANN in that architecture is the ANN for classi-
Ðcation of ubiquitous binary stars. This paper shows that
such an ANN can be successfully constructed. As in Paper
II, networks of ANNs that Ðrst perform a coarse classi-
Ðcation, knowing nothing about the binary, followed by a
specialist network that classiÐes only restricted ranges of
stellar spectral types, were found most e†ective.

The application of ANNs to the classiÐcation of stellar
spectra has now moved beyond the morphological classi-
Ðcation for which ANNs are naturally suited to more astro-
physically oriented applications. Gulati, Gupta, & Rao
(1997a) have used ANNs to relate observed and synthetic
spectra to determine stellar atmospheric parameters. Bailer-
Jones et al. (1997) also used ANNs trained on synthetic
spectra to classify objective prism spectra ; they showed that
their ANNs were sensitive to metallicity as well as e†ective
temperature. Qu et al. (1998) have used ANNs to estimate
e†ective temperatures, gravities, and metallicities from
survey spectra of Galactic halo stars.

The classiÐcation of the components of binary star
systems with combined spectra is another stellar classi-
Ðcation problem to which ANNs should be well suited. This
is unlike the ANN classiÐcation problems described in the
earlier papers in this series, as it is an opportunity for ANNs
to perform better than human experts with the same quality
data. As a substantial fraction of stars are, in fact, binary
systems, such a technique should have wide applicability.
SigniÐcant issues to which the classiÐcation of binary stars
can be applied often center about stellar evolution because
binaries are assumed to be coeval.

The Ðrst suggestion that ANNs would be able to perform
accurate classiÐcations of the components of binary systems
was reported by Weaver (1994). An ANN designed to give
the probability of temperature class from the spectra of
single stars was presented with synthetic binary spectra.
The ANN responded with high probabilities for the tem-
perature classes of both starsÈin essence, an artiÐcial intel-
ligence discovery of the binary star phenomena.

For a discussion of the background of the ANN tech-
niques used see Paper I. The research reported here is based
on the data in the atlas of stellar spectra on the near-
infrared system described by TW and on additional stars
observed on the same system and listed in Paper II.

2. DATA AND OBSERVATIONS

The stellar spectra of single stars that were combined to
construct binary star spectra were taken from the data
described in Table 1 of Paper II. We had observed stars
that are MK standards or that have been well classiÐed in
the MK system. All the spectral data from Paper II were
used. A detailed description of the instrumentation, obser-
vations, and data reduction was given in TW. BrieÑy, the
spectra were taken with the 36 inch Monterey Institute for
Research in Astronomy (MIRA) telescope, a grating
spectrograph, and a 512 pixel Reticon. The wavelength
range of the spectra is D5750È8950 and the resolutionA�
D15.5 For the purposes of demonstrating the capabil-A� .
ities of this system, there is no signiÐcant di†erence between
the use of a Reticon and a CCD in the NIR wavelength
region.

The reductions of the spectra presented here are
described in Paper I and TW. Almost all stars were
observed two or more times. All spectra were aligned in
pixels to one reference spectrum of the A5 II star HR 6081.
The amount of the shift was determined from either a cross-
correlation function in the data reduction program
RETINA or interactively at the computer terminal. The
maximum deviation found in Paper I between our spectro-
photometry and the points from the spectrophotometric
standards is 6%; co-adding the spectra dramatically
improved the accuracy of the continua compared to those
in TW. We used the single, unaveraged spectra as well as
the co-added spectra in training and testing the ANN solu-
tions. In the case of the coarse classiÐcation across all tem-
perature classes, this data set was composed of 817 spectra.
As the spectra are calibrated spectrophotometry, they were
automatically normalized by dividing by the maximum
value to remove apparent magnitude e†ects before they
were presented to the ANN.

ArtiÐcial binary star spectra were constructed by selec-
ting from this data set at random. Since some of the ANNs
described below were designed to specialize in speciÐc tem-
perature ranges, in these cases of constructing binary
spectra data sets for the specialist ANNs, only stars that Ðt
the spectral restrictions of the deÐnition of those ANNs
were used. The spectra were then combined, weighted in
intensity by their absolute magnitudes for their classi-
Ðcations. Thus, the blended spectra of unassociated stars
were not considered ; however, a few runs with such stars
indicated similar results as those reported for the physically
related cases described here. Binaries with luminosity di†er-
ences greater than 2.5 mag were discarded. These individual
magnitudes then were convolved with a Gaussian of 0.5
mag variance to account for cosmic scatter and to prevent
the ANN from deducing too much from the magnitude
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di†erences. Thus, with the convolution, magnitude di†er-
ences of 3 or greater are possible. With the random selection
of binary components and the use of the 0.5 mag random
magnitude variance, large sets of unique spectra could be
constructed. The resulting combined spectra were then nor-
malized. An example of such a combination is shown in
Figure 1.

3. ANN TECHNIQUES USED IN THIS INVESTIGATION

For most of our studies of the applications of ANNs to
astronomical classiÐcation projects, we have taken advan-
tage of commercially available neural network software
packages ; all the work reported in this paper was performed
with the NeuroShell and NeuroShell 2 programs by Ward
Systems Group, Frederick, Maryland.

BrieÑy, the ANN is trained by being repeatedly shown a
training set of data in which both the input and desired
output vectors are speciÐed. For this study, the input vector
is a set of 512 stellar Ñux values and the output vector is
composed of two temperature and luminosity classiÐcations
and the relative Ñux contribution of each of the stars. The
purpose of this supervised training is to develop a set of
signed neuron interconnection weights that minimize the
errors of the calculated output vectors. During training, the
errors are propagated back toward the input vector, provid-
ing the information necessary to alter the weights according
to some function minimization.

Because of the large number of interconnections in
ANNs, overlearning can occur : the total error associated
with the training set continues to decrease during training
but the errors of classifying a test set pass through a
minimum and start to increase. The ANN then has gone
beyond generalizing with the available information and has
started to memorize the idiosyncrasies of the training set.

In order to avoid overlearning, the progress of the learn-
ing was monitored by occasionally computing an external
error determined from classifying a set of randomly selected
test stars excluded from the training set. This is similar to
the train and test strategies used by von Hippel et al. (1994a)
and Gulati et al. (1994). The weights associated with the
minimum test set error are kept as those used to classify
unknown spectra but are not used to modify the course of
the learning (optimization of the weights). The optimization
process is complete when no further decrease in the test set
error occurs ; this typically requires several hours with a
Pentium-class personal computer.2 Usually, the errors from
the training set are still decreasing at this time. This use of
test sets was done manually by Weaver (1990) but has sub-
sequently been accomplished automatically. For many of
the ANN solutions, the accuracy determined from clas-
sifying the training set with the optimum weights was about
the same as that determined from classifying the test set.

In Paper I we sometimes kept a third set of stars in
reserve as an additional test set when the training was com-
plete ; however, this reserved test set did not produce sub-
stantially di†erent results from the regular test set so this
practice was omitted for the research described in Paper II
and here. All the accuracy Ðgures reported here are for the
test set, i.e., spectra not used by the ANN for training.

2 It is important to distinguish between the time required to train an
ANN and to apply it. During training, each spectrum is examined thou-
sands of times ; when the ANN classiÐes an unknown spectrum, it is exam-
ined once. ClassiÐcation rates for the coarse ANN developed here classiÐed
unknown stars at a rate of 20 binaries s~1.

Two forms of ANN architecture were found most e†ec-
tive for the networks in this study. The Ðrst is a standard
fully connected three-layer back-propagation neural
network as described in Paper I and found to be most
e†ective in both Paper I and Paper II. This is referred to as
ANN type 1 in the tables. The second architecture that was
found to be e†ective was one in which dampened feedback,
providing a tentative classiÐcation as an input, was used.
Shown in Figure 2, this architecture was investigated
because, in some cases, the three-layer solutions showed
systematic biases in their classiÐcations. Although designed
to accommodate time series data, it was chosen here to
permit initial, tentative classiÐcation to assist in Ðnal classi-
Ðcation. This was more successful in all of the semispecialist
classiÐcations and in some of the specialist classiÐcations.
This architecture is referred to as ANN type 2 in the tables.

The number of neurons in the hidden layer is determined
empirically. As shown in Figure 18 of Paper I, the mean
absolute classiÐcation error decreases to a minimum for a
speciÐc number of hidden nodes. The results of ANNs with
a range of hidden nodes are sampled to determine the
minimum for each case. The optimal number of hidden
nodes, sometimes called feature detectors, increases with the
complexity of the classiÐcation. Accordingly, 3È5 times as
many hidden nodes were required for binary star classi-
Ðcation as were required for the classiÐcation of single stars.
Because the larger number of feature detectors provides an
increased number of ANN weights to be determined, large
numbers of binary spectra were created. This large number
also permitted a large test set. For the coarse classiÐcation,
25,500 combined spectra were used for the training set and
4,500 were used for the test set. For the specialist ANNs,
5000 combined spectra were used for the training set and
1000 were used for the test set. While these large sets
required days of training on Pentium-class PCs, they per-
mitted excellent sampling of a wide range of possible binary
combinations. This stability of the training precluded the
need for techniques such as ““ committee ÏÏ solutions
employed by Bailer-Jones et al. (1998), where they averaged

FIG. 2.ÈRecurrent artiÐcial neural network architecture that uses a set
of feedback neurons as input into the single hidden layer.
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several solutions obtained on the same training data and
neural network but with di†erent initial neuron intercon-
nection weights. With the large sample sizes used here, no
gain in accuracy was found by using such an approach.

In Paper I, we determined that use of the spectra directly
was almost as e†ective as using carefully measured equiva-
lent widths. Since the use of spectra is much more appropri-
ate to the application of this technique to automated
spectral classiÐcation projects, as in Paper II, we dealt only
with the spectra in this study.

The MK process calls for determination of the classi-
Ðcation of stars only by comparison to an orderly
assemblage of standards. Following ° 3.4 in Paper I, this
spirit is continued by only comparing to such standards and
not making any predetermined assumptions, such as presel-
ecting spectral lines known to be sensitive to changes in
temperature or luminosity. Although it may seem more like
the human visual classiÐcation process to use predetermi-
ned key spectral lines, classiÐers also examine the entire
spectrum in comparison to the standards. Unexpected
peculiarities intrinsic to the spectrum in the spectral classi-
Ðcation region, even if extreme in nature, would be totally
ignored if they fell into a region excluded by preselection. In
addition, we found that the ANN discovered features useful
for classiÐcation that we had not noticed by visual inspec-
tion (see Fig. 17 in Paper I).

In addition to theoretical reasons, there is a more prag-
matic reason for attempting automatically to classify the
spectra directly : this approach meets our criterion of mini-
mizing the amount of human interaction in order to maxi-
mize the number of spectra that can be accurately classiÐed
per astronomer hour.

4. RESULTS

4.1. Training and Test Results
As was discovered in Paper II, the ANNs are more accu-

rate if they are applied in stages. Therefore, a coarse classi-
Ðer, trained on the spectra of spectral types possible under
the magnitude constraints described above, Ðrst determines
the region of spectral classiÐcation interest of the two stars
and then a specialist network, which has been trained on a
speciÐc temperature class (and all luminosity classes) for
each component, completes the classiÐcation. There are too
many combinations of spectral temperature classes to
address completely in a demonstration study such as this.
For the binary star problem, an intermediate class of ANNs
was added, a semispecialist, which combined the best classi-
Ðed star (presumably the primary) from the coarse classi-
Ðcation with any physically possible temperature and
luminosity class secondary.

An examination of the 1982 Bright Star Catalogue shows
that one-half the binaries are separated by one class or less ;
one-half of the remainder are B/A stars with G/K compan-
ions. Thus, for specialist ANNs, stars of the same tem-
perature class were examined as well as the (A, K) and (BA,
GKM) combinations.

The summary results for the coarse classiÐcation are
shown in Table 1. and are the mean absolute errorseT

h
eL

hof the temperature and luminosity of the hotter star of the
pair, while and are the mean absolute errors of theeT

c
eL

ctemperature and luminosity of the cooler star ; ef is the error
in the determination of the fractional contribution of each
star to the total luminosity. Only one ef is shown in the

TABLE 1

COARSE CLASSIFICATION

Binary eT
h

eL
h

eT
c

eL
c

ef ANN Typea

X, X . . . . . . 2.52 0.53 2.60 0.40 0.11 2

a ANN type 1 is a three-layer back-propagation neural network ; type
2, a recurrent artiÐcial neural network, is shown in Fig. 2.

table, as the ANN, which does not know a priori that the
sums of the spectra are normalized, quickly learns that the
sum of the two fractional luminosities sums to 1. This pro-
duces identical errors in the fractional contribution for each
star.

Figure 3 shows the e†ect of fractional luminosity on the
quality of the temperature classiÐcation for the coarse-
classiÐcation ANN solution. Figures 3(a) and 3(d) display
the errors for the full set of 4500 test binary spectra for the
hotter and cooler stars, respectively. The errors are calcu-
lated as observed (canonical) classiÐcation minus that cal-
culated by the ANN. Figures 3(b) and 3(c) display the mean
absolute errors for these cases. The calculated temperature
values are relatively unbiased until the contribution of the
secondary drops below about 10% of the light of the
system. Then the classiÐcations of the secondary move in
the direction of the primary star. This is reÑected in a sharp
increase in the mean absolute errors of the temperature
determination for the secondary.

Figure 4 shows the e†ect of fractional luminosity on the
quality of the luminosity classiÐcation for the coarse-
classiÐcation ANN solution. Figure 4 is arranged as is
Figure 3. Of course, the range in possible luminosity classi-
Ðcation is much smaller than that for temperature classi-
Ðcation. For comparison, for individual stars, an untrained
ANN produces a mean absolute error of 1.55 luminosity
classes. Here, the excellent properties of spectral lines in the
NIR for the determination of the luminosities (TW, Paper
II) are degraded in an approximately monotonic fashion as

FIG. 3.ÈErrors in temperature classiÐcation as a function of fractional
luminosity for the coarse-classiÐcation ANN solution. N \ 4500 artiÐcial
binaries in the test set. (a) (Observed classiÐcation minus ANN-calculated
classiÐcation) for the hotter stars. (b) Mean absolute error for the hotter
stars. (c) (Observed classiÐcation minus ANN-calculated classiÐcation) for
the cooler stars. (d) Mean absolute error for the cooler stars.
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FIG. 4.ÈErrors in luminosity classiÐcation as a function of fractional
luminosity for the coarse-classiÐcation ANN solution. N \ 4500 artiÐcial
binaries in the test set. (a) Observed classiÐcation vs. ANN-calculated
classiÐcation for the hotter stars. (b) Mean absolute error for the hotter
stars. (c) Observed classiÐcation vs. ANN-calculated classiÐcation for the
cooler stars. (d) Mean absolute error for the cooler stars.

the fractional luminosity contribution decreases. In the case
of the hotter star, even when it contributes most of the light
of the binary system, the mean absolute errors are still
about 25% larger than those obtained from the classi-
Ðcation of single stars in Paper II. For the cooler star of the
pair, when it is the primary, the errors in the luminosities
are comparable to those obtained in Paper II.

Figure 5 shows the distribution of mean absolute errors
for the coarse classiÐer as a function of both the spectral

class of the star for which the error is being reported and the
spectral class of the companion. There seems to be a general
rise in errors with the hottest and coolest companion stars.
The quality of the determination of temperature classes for
the frequent case of stars of the same class is a relative valley
in the distribution.

The quality of the classiÐcation by the coarse classiÐer is
critical, as this is required before the more accurate semi-
specialist or specialist ANN is employed. Specialized ANNs
can give classiÐcations outside their training, but, since they
have not trained on such spectra, it amounts to an extrapo-
lation ; however, they do this well over a limited range. In
such cases, where the specialist classiÐcation is in the
domain of another specialist, another classiÐcation is
required. An alternative, successfully explored in Paper II
for individual stars, is to use an intermediate network
between the coarse and specialist ANNs. In that case, the
semispecialist was restricted to two temperature classes. In
the case of the binary star problem, semispecialists are
usually ANNs based on one known temperature class and
one unknown charged with reÐning the known temperature
class to a type, reclassifying the luminosity, and classifying
the unknown star.

The mean absolute errors for semispecialist classi-
Ðcations are shown in Table 2. Here the temperature class3
of one star is known; it may be the primary or the second-
ary. The semispecialist ANN attempts to determine the
two-dimensional spectral types of both stars. Since the
other star can be drawn from any spectral and luminosity
types, within the magnitude restrictions, it can be hotter or
cooler. While the temperature determination of the
restricted component is greatly improved, the luminosity

3 Any of 10 temperature types (subclasses).

FIG. 5.ÈDistribution of the mean absolute temperature errors as a function of the spectral class of the binary star components for the coarse ANN
classiÐer. The errors are plotted as a function of spectral class of the star for which the error is being reported (abscissa) and the spectral class of the
companion star (ordinate).
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TABLE 2

SEMISPECIALIST CLASSIFICATION

Binary eT
h

eL
h

eT
c

eL
c

ef ANN Type

A, X . . . . . . . . . . . . . 1.35 0.53 2.67 0.44 0.10 2
B, X . . . . . . . . . . . . . 0.80 0.52 3.22 0.49 0.11 2
F, X . . . . . . . . . . . . . 1.87 0.43 1.83 0.28 0.07 2
G, X . . . . . . . . . . . . 2.46 0.41 1.36 0.20 0.09 2
K, X . . . . . . . . . . . . 2.58 0.42 0.60 0.17 0.08 2
BA, GKM . . . . . . 1.11 0.45 0.88 0.16 0.02 2

determinations of both stars and the temperature determi-
nation of the second star are not signiÐcantly improved. A
special case is that of a B or A hotter star and a G, K, or M
cooler, primary star. As discussed above, for evolutionary
reasons, this is an interesting case. This is an example of
where the magnitude limits aid in the luminosity determi-
nation of the primary and the fractional contribution to the
light. Figure 6 shows the plot of mean absolute error of the
temperature determination as a function of the spectral
classes of the two stars. The errors are much reduced from
those shown in Figure 5.

The results of the specialist ANN classiÐcations are
shown in Table 3. The specialist is applied after the coarse
classiÐer has made a preliminary determination of the spec-
tral types of both stars. Here the determinations are much
improved, aided in part by the limited choices. For example,
the very low error in the determination of the K star lumi-
nosity in the (A, K) binaries is because only K giants Ðt
within the magnitude limits of the construction of the
binary. This is reasonable physically, of course, and rep-
resents no more cues than a human classiÐer would receive.

The results of this series of papers and of the preceding
section make it apparent that a complete classiÐcation

TABLE 3

SPECIALIST CLASSIFICATION

Binary eT
h

eL
h

eT
c

eL
c

ef ANN Type

O, O . . . . . . . 0.35 0.60 0.44 0.80 0.14 2
B, B . . . . . . . . 0.42 0.39 0.83 0.50 0.13 1
A, A . . . . . . . 0.37 0.26 0.65 0.37 0.13 1
A, K . . . . . . . 0.61 0.31 0.18 0.07 0.014 2
F, F . . . . . . . . 0.32 0.23 0.55 0.30 0.11 2
G, G . . . . . . . 0.80 0.22 0.63 0.54 0.14 1
K, K . . . . . . . 0.29 0.18 0.29 0.14 0.11 1
means . . . . . . 0.45 0.31 0.51 0.39 0.11 . . .

system is probably beyond the capabilities of a single
network. However, we have demonstrated that ANN com-
ponents of a system of ANNs can successfully perform accu-
rate classiÐcations of restricted problems after one or more
layers of more broadly based ANNs have narrowed the
focus of the classiÐcation. As we have observed repeatedly
throughout this research, this seems analogous to a reason-
able model of human classiÐcation behavior. An initial
assessment of the spectrum is made to determine the overall
nature of the classiÐcation, that is, whether the object is an
ordinary single star or an unusual object. This is followed
by coarse and then Ðne classiÐcation.

4.2. ClassiÐcation of Single Stars
These ANNs know only a universe made of the spectra of

binary stars. However, how will these ANNs respond to the
spectra of single stars? A set of spectra of 140 single K stars
of all luminosity classes was created to test this issue. When
presented to the (BA, GKM) semispecialist classiÐer, it
assigned the (nonexistent) hotter star an average fractional

FIG. 6.ÈDistribution of the mean absolute temperature errors as a function of the spectral classes of the binary star components for the semispecialist
(BA, GKM) ANN classiÐer. The axes are arranged as in Fig. 5.



304 WEAVER Vol. 541

FIG. 7.ÈSpectra of the observed binaries. Some have been shifted verti-
cally for clarity of presentation.

luminosity of 0.04 and classiÐed the K star to a mean absol-
ute temperature error of 0.86 types and a mean absolute
luminosity error of 0.40 classes. When applied to the more
difficult G stars, the corresponding errors are 0.11, 1.56, and
0.80.

4.3. Application to Binary Stars
Since it is likely that these ANNs can classify binary star

spectra better than humans, the best tests of their capabil-
ities are given in ° 4.1 ; when applied to real binaries, the true
answer cannot be known. However, prompted by a request
by N. Ginestet, who was interested in the classiÐcation of
the cool components of binary stars in the NIR (e.g., Gines-
tet et al. 1997), seven binary stars were observed and the
ANNs described above were applied to their spectra in
order to determine the spectral classiÐcation of both com-
ponents.

The spectra were taken 1997 September 30. The grating
was inadvertently shifted by about 10% from the nominal
position for these classiÐcations. The only major classi-
Ðcation criterion that was missed was the sodium D lines ;
however, one of the powerful characteristics of ANNs is
that they are relatively insensitive to missing data. The
spectra are shown in Figure 7.

The results of these classiÐcations are shown in Table 4.
For comparison, the classiÐcations from the 1982 Bright
Star Catalogue (Hoffleit & Jaschek 1982 ; hereafter BSC),
the UV classiÐcations by Parsons & Ake (1998), and those
of the cool component by Ginestet et al. (1997) are given.

Presumably, the Ginestet classiÐcations of the cooler com-
ponents are the most accurate human classiÐcations. For all
four binaries for which Ginestet et al. have classiÐcations,
there is excellent agreement in both temperature and lumi-
nosity classiÐcations. For the other three stars, the cool star
classiÐcations seem in excellent agreement with the BSC
classiÐcations. There is similar good agreement with the
late-type star classiÐcations of Parsons & Ake (1998). The
missing sodium D lines, an important temperature classi-
Ðcation criterion in the NIR (Paper I), seem not to have had
a signiÐcant e†ect.

Although the early-type star luminosity classiÐcations by
the ANNs are in excellent agreement with those of the BSC,
the temperature classiÐcations, with the exception of HR
7536, are about 3 types earlier. The hot star in HR 7536,
with the coolest companion in the data, is classiÐed a full
temperature class earlier than the BSC early-type star clas-
siÐcation. There is a comparable bias compared to the IUE-
based classiÐcations of Parsons & Ake (1998).

The missing sodium D lines are not useful for classi-
Ðcation in OB stars (TW) ; however, Paper II showed that
they are considered an important classiÐcation criterion in
A stars by ANNs. Considering the lack of e†ect for the cool
star classiÐcation, it seems more likely that the human clas-
siÐcations are systematically cooler than the true classi-
Ðcations. A more deÐnitive classiÐcation of the hotter
components must wait for complete NIR spectra.

5. CONCLUSIONS

We have demonstrated that ANNs can classify the full
range of ordinary stars in binary systems with up to 3 mag
of brightness di†erence with low-resolution, NIR spectra.
Coarse classiÐcation achieves about 2.56 mean absolute
error in determination of the spectral type and about 0.46 in
luminosity class. Our median results for specialist networks
are 0.45 mean absolute error in temperature type and 0.30
in luminosity class. In both cases there is about a 10% error
in assigning relative Ñux. The ANNs were applied to seven
binary stars, and the resulting classiÐcations are in excellent
agreement with earlier determinations for the cooler com-
ponents. The ANN classiÐcation of the hotter stars may be
3 or 4 types too early, or the human classiÐcations may be
systematically late.

The NIR-ANN system has been demonstrated in Papers
I and II to produce two-dimensional classiÐcations at least
as accurate as those by expert human classiÐers while
requiring almost no human interaction. Compared with
other stellar spectrum classiÐcation systems, this system

TABLE 4

BINARY STAR CLASSIFICATION

Star BS ClassiÐcation Parsons & Ake Ginestet ANN ClassiÐcation f
c

HR 7536 . . . . . . . A0 V]M2 II B9]M3 . . . B0 V]M2 II 0.80
HR 7735 . . . . . . . B3 V]K2 II B4]K3 K2 Ib B2 IVÈV]K3 Ib 0.77
HR 7741a . . . . . . G3 IbÈII B8.5]G7 . . . B8.5 V]G2 II 0.62
HR 7751 . . . . . . . B3 V]K3 Ib B5]K5 . . . B1 V]K7 IbÈII 0.75
HR 8131 . . . . . . . A5 V]G0 III A4]G1 G8 III B9.5 V]G6 IV 0.23
HR 8572 . . . . . . . B8 V]M0 II B5p]M1 K6ÈM0 I B2 V]K9 Ia 0.60
HR 9003 A0 V]G5 Ib B9p]G7 G5 Ib B8 IV]G8 Ib 0.54

a Algol variable.
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requires lower dispersion and, hence, less observing time
than classical classiÐcation techniques to classify stars to a
given accuracy. This paper shows that ANNs can also
provide excellent classiÐcation of binary stars.

These results continue to support the NIR-ANN classi-
Ðcation system as a viable approach for efficient, accurate
automated classiÐcation projects.
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