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ABSTRACT

There are currently only a few thousand asteroids with known classifications. Our aim is
to increase this number to over 20,000 by classifying asteroids identified in the Sloan Digital
Sky Suvey (SDSS) Moving Object Catalogue using an artificial neural network that has been
developed using the Neural Network Toolbox in Matlab. With this neural network, we are
able to provide classifications for 22,847 asteroids based on normalized relfectances derived from
the g′, r′, i′, and z′ SDSS magnitudes. The neural network was trained using a combination
of previously classified asteroids, asteroids from known dynamical families, and asteroids we
classified by hand from the SDSS reflectances. The previously classified asteroids were from the
Small Main-Belt Asteroid Spectroscopic Survey (SMASS) and the Small Solar System Objects
Spectroscopic Survey (S3OS2). Asteroids were divided into 13 spectral classes (T, D, B, C, X,
K, S, L, A, R, Q, V and O), based on the previous taxonomies of Tholen (1984) and Bus and
Binzel (2002). A major advantage of the neural network approach is that it generates a set
of possible classifications for each asteroid, along with associated probabilities that emulate the
continuum between classes observed in asteroid taxonomy. Our neural network solution can be
applied to any new asteroid observations made in the g’, r’, i’, z’ system. We anticipate that this
network and any supporting algorithms will be made publicly available in the near future via the
world wide web. We will present a description of this artificial neural network and the resulting
classifications as well as a discussion of its accuracy and limitations. This work was conducted
through a Research Experience for Undergradutes (REU) position at the University of Hawaii’s
Institute for Astronomy, funded by the NSF.

Subject headings: asteroids,asteroid families, SDSS, SMASS, S3OS2, asteroid taxonomy

1. Introduction

Knowing the composition of the overall popu-
lation of asteroids is essential to modeling Solar
System origins and evolution. Taxonomic clas-
sifications, while not precise mineralogy, do give
some indication of the composition of asteroids.
Perhaps more importantly, taxonomy provides an
easy way of conveying information about asteroids
with only a handful of letters. Previously there
have only been a few thousand classified asteroids.
By comparison, there are hundreds of thousands
of asteroids with known orbital elements. How-
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ever, with large scale photometric surveys such as
the Sloan Digital Sky Survey (SDSS), it is possible
to classify an order of magnitude more asteroids
than what is currently known. We have done this
by training an artificial neural network to classify
asteroids from the SDSS Moving Object Catalogue
(SDSS MOC) based on the g′,r′,i′, and z′ magni-
tudes from the SDSS.

Previous asteroid classifications have usually
placed a single, unique classification to asteroids.
The approach we have taken is to give each as-
teroid a probability of belonging to one class or
another. This strategy embraces the idea that
the different types of asteroids form a continuum
in spectral parameter spaces. Unlike with stellar
classifications, there are not definite boundaries
between different asteroid classes.
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We chose to use an artificial neural network
to classify these asteroids because of the conve-
nience of having a computer program to classify
asteroids and because of the pattern recognition
abilities of these non-linear algorithms. Artificial
neural networks can be trained to recognize pat-
terns by using training data sets and then can use
those patterns and apply them to new data by
running a simulation. Additionally, a neural net-
work lends itself to emulating the continuum of
asteroid classes. The neural network produces a
probability distribution for each asteroid so that
there are no absolute classifications. All these fac-
tors make neural networks an appealing approach
to the subject of asteroid classifications on a large
scale.

One anticipated use of this work is that it is
possible to use our methods and algorithms for
any set of g, r, i, and z magnitudes and get an
asteroid classification. This could be very useful
considering that future all-sky surveys such as the
Panoramic Survey Telescope and Rapid Response
System (Pan-STARRS) and the Large Synoptic
Survey Telescope (LSST) will likely use the Sloan
filter set, allowing our neural network to be used
with any asteroid data from these and other sur-
veys.

2. Artificial Neural Networks

Artificial neural networks were inspired by bi-
ological nervous systems. The network contains
many simple elements that are interconnected into
one large, complicated system. The overall func-
tion of the network is determined by the connec-
tions between the elements and the weights be-
tween them.

The most basic element of a neural network is
a neuron. A neuron takes in a scalar or vector
input, multiplies it by a vector or scalar weight,
and adds on a scalar bias. The result of that is
then inputted into a transfer function. The output
of the transfer function is either sent into another
neuron (or layer of neurons) or is outputted as
the result of the neural network. By adjusting
the weights, biases, and transfer functions a neural
network can be trained to give some desired result.

While there are many different types of neural
networks, we utilized a multi-layer feed-forward
backpropagation network. This type of network

feeds training data through multiple layers of neu-
rons until the error between the neural network
output and the expected training result reaches a
low enough value. We used a network with two
layers, meaning that our input data was sent into
one set of neurons (a layer), and the output from
those neurons were sent into another layer before
the network gave the result. We used two different
training sets with slightly different structures. The
first network’s first layer had 20 neurons, and the
second layer had 13 neurons, one neuron for each
of the 13 taxonomic asteroid classes we defined.
The transfer functions used were a tangent sig-
moid function for the first layer and a logarithmic
sigmoid function for the second layer. The differ-
ence between the network for the first training set
and the second training set was that the second
network utilized 25 neurons in the first layer. We
trained both networks over 10,000 iterations using
the training data, which will be discussed in the
next section.

3. Training Data

The training data for the neural network con-
sisted of a set of classified asteroids that the neural
network could use to determine patterns. As pre-
viously stated, we used two different training sets.

The first training set contained asteroids from
multiple sources. First we found previously pub-
lished taxonomic classifications from SMASS (1)
and S3O2 (7). There were 249 of these asteroids
that were also contained in the SDSS MOC. These
two surveys were based on the Bus and Binzel
taxonomy, presented in their 2002 paper. This
system recognized 26 different taxonomic classes.
However, with only the SDSS magnitudes to clas-
sify asteroids we were not able to differentiate be-
tween all of their distinct classes, resulting in a
more slimmed down version of the Bus and Binzel
taxonomy which contained 13 classes. The differ-
ences between the two different systems are shown
in Table 1. For example, the Ch class was ab-
sorbed into the C class because the difference be-
tween a typical Ch and a typical C asteroid, along
with the strength of the 0.7 µm absorption feature,
is typically within the expected error and cannot
be differentiated based on the Sloan bandpasses
(Vilas 2005).

Another source of training set objects was as-
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teroid families. The SDSS MOC not only found
asteroids, it also compared these objects to aster-
oids with known orbital elements. All the SDSS
asteroids we classified also have known proper
semi-major axes, eccentricities, and inclinations.
Using this orbital data, we were able to find po-
tential asteroid families (Bus 2009, in progress).
These were compared to known families and many
matches were found, along with several possible
new families. All the asteroids within a family are
expected to have similar compositions, and there-
fore should have approximately the same spectra
Cellion et al (2). This meant that once we knew
that a group of asteroids was from the same family,
we assumed they all had the same classification.
Once we determined the classifications for the fam-
ilies, both from our own examination of the data
and comparison to previous work, we took a sub-
set from each family and added it to the training
set. The total training set contained 534 asteroids
from the families.

The last source of asteroids for the training set
was hand-classified asteroids from the SDSS data
set. Certain asteroid classes, such as the Q, R, A,
T, and O classes, had very few known members
and no known families that we could use. There-
fore we manually added asteroids of these types
by examining individual asteroids in the overall
data set based on inspection of their spectral re-
flectances and their locations in spectral parame-
ter space, which are based on principal component
analysis. This provided us with 107 additional as-
teroids. Later this was expanded to include more
asteroids in well-defined classes, such as the C
and S classes, in order to provide more balance
in the training set and also to strengthen the neu-
ral networks classification abilities. Adding aster-
oids from these classes added 897 asteroids (all of
which were concentrated around specific points in
principal component space).

The second training set was the culmination
of several different attempts at alternate training
sets. We tried using training sets based on aver-
age asteroid spectra taken from Bus & Binzel (1).
We also tried training only with a solid core of as-
teroids for each class (with the core being defined
as the center of each class in principal component
space). None of these attempts worked as success-
fully as the original, so in the end we went through
a set of approximately 586 asteroids and classi-

fied them by eye, based solely on their spectral
reflectances calculated from the Sloan magnitudes
and created a training set from our classifications.
This was the second training set we used to deter-
mine the asteroid classifications. Plots of the two
training sets in principal component space can be
found in Figure 5 on page 18.

4. Data Analysis

The SDSS data was part of the third release of
the SDSS MOC (5). We used only entries that
had been linked to known asteroids and that had
relatively low errors associated with each of the
g′, r′, i′, and z′ magnitudes. We chose not to
use the u′ magnitudes because of the large errors
on these measurements that are typical relative to
the other filters. We also used the v magnitude,
which is calculated from the g and r magnitudes
and provided in the MOC.

We were able to calculate four different col-
ors from these five magnitudes. We found cg−v,
cv−r, cv−i, and cv−z using the following equations,
which are modified from Ivezic et al (4) in order
to account for the use of the V magnitude:

cg−v = g − v − .2720 (1a)
cv−r = v − r − .1780 (1b)
cv−i = v − i− .2780 (1c)
cv−z = v − z − .3180 (1d)

These four colors can then be used to calculate
the relative reflectances for each band:

Fg = 10−.4∗cg−v (2a)
Fr = 10.4∗cv−r (2b)
Fi = 10.4∗cv−i (2c)
Fz = 10.4∗cv−z (2d)

These relative reflectances (Fg, Fi,Fr, and Fz)
were what we used to determine the spectral clas-
sifications of the asteroids.

We also conducted principal component analy-
sis on these relative reflectances. While these num-
bers were not used as part of the neural network,
they did prove convenient for plotting the aster-
oids in two-dimensional space. Principal compo-
nent analysis is a technique that can be used to
reduce the dimensionality of a data set. The gen-
eral idea behind this is to project the data onto
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a small number of axes such that the maximum
amount of the original data’s variance is preserved.
Usually when principal component analysis is per-
formed on asteroid spectra the first component of
the analysis is very closely correlated to the slope.
Therefore, we manually took out the slope from
the relative reflectances. We calculated the slope
by fitting a line to each set of four reflectances.
These fits were constrained such that the value
at .55 µm fixed at 1, in order to keep the point
that corresponds to the V filter the same for all
spectra. Once this best-fit line was calculated we
subtracted the slope of the line from the data,
and performed principal component analysis on
the residual reflectance values. Finally, in order to
make the second principal component score close
to what was computed in previous studies, i.e. Bus
& Binzel (1), we adjusted the second principal
component score by adding a constant and then
scaling by taking the natural logarithm.

5. Results

Once the neural network was trained using the
aforementioned training sets, we were able to sim-
ulate the network with the reflectances from the
entirety of the SDSS MOC. After eliminating as-
teroids with large uncertainties in the SDSS mag-
nitudes, we were left with 22,847 asteroids. The
neural network output for each asteroid is similar
to a probability distribution. It gives a probabil-
ity of an asteroid belonging to each of the thirteen
taxonomic classes used. In this paper, we will be
looking mostly at the highest probability of each
asteroid, and evaluating how strong (high proba-
bility) or weak (low probability) the classification
is.

To get these results, we used the weights and
biases calculated by the neural network. To clas-
sify an asteroid with four relative reflectances, we
used the formula that the neural network would
have used:

result = logsig(lw∗tansig(iw∗ref+b1)+b2) (3)

where ref is the relative reflectances of an aster-
oid, lw is the layer weight, iw is the input weight,
b1 is the bias for the input layer, and b2 is the
bias for the second layer. The values for needed
matrices and vectors can be found in tables 3, 4,
5, 6, 7 and 8. The functions logsig and tansig

are the logarithmic sigmoid and tangent sigmoid,
respectively. The tangent sigmoid function is the
inverse tangent normalized to have a maximum
and minimum of ± 1.

We used this equation with both training sets,
normalized the results, and then took the mean of
the two different resulting matrices to get our final
results.

The total number of asteroids classified into
each type is shown in table 2.

To more easily view the results, we took a ran-
dom sample of 1000 asteroids from the results, and
plotted them in principal component space. We
did this for each training set, and for the final re-
sults. These plots can be seen in Figures 7 and
8.

6. Evaluation of the Neural Network

We evaluated the performance of the neural
network by comparing the network outputs to
known classifications, simulating the network with
average spectra, and looking at the results in prin-
cipal component space.

6.1. Simulation of Average Spectra

We used data from Bus & Binzel (1) to cre-
ate average spectra for every asteroid class. We
then used the neural network to classify these av-
erages. The results were very good. For the thir-
teen spectral classes we used, most of the average
spectra were classified correctly with probabilities
over 70%. Some of the average spectra were not
classified very accurately, such as with the K and
T spectra. The T’s are not considered to be a very
strong class to begin with, and the difference be-
tween a K and an S, which is what the K spectrum
was primarily classified as, is quite small, so these
results are still promising.

As for the other classes, the spectra were classi-
fied correctly with probabilities of 70% or higher,
even for some of the weakest classes, such as the R
and Q classes that have very few known members
based on previous spectral surveys. Many of the
other classes, such as the B, C, S, and V classes,
were classified with even higher probabilities.
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6.2. Principal Component Plots

Another way we evaluated the results of the
neural network is to look at the results in principal
component space. We plotted slope versus princi-
pal component 2 and each class clearly fell into a
distinct group. A graph of this can be see in Figure
1 on page 14. This figure shows that the different
classes form distinct groups, as is expected from
previous work in this area. We also looked at a
random sample of 1000 asteroids from the results
to see a clearer pictures of the boundaries between
the asteroid classes. From this graph it is clear
that not only do the classifications match the ex-
pected results in principal component space, they
also agree with the idea that asteroid classes form
a continuum in spectral parameter space, where
the boundaries between hese taxonomic classes are
not well-defined.

Additionally, we looked at contour plots of
probabilities for each class. We divided the aster-
oids into groups according to how high the proba-
bility was for each type of asteroid, and then plot-
ted the results in principal component space. An
example of this is seen in Figure 6 on page 19. The
plot shows where the V type asteroids are found
in PC space, along with the strength of the V clas-
sifications. The figure shows that the V types are
found in the bottom left corner, which is expected,
and that there are many very strong V classifica-
tions from the neural network. Additionally, once
again it is clear that there is a region where the
probabilities of V-type classifications is not very
high.

As for the other classes, the D, B, C, X, K, S
and L types, along with the V types, have many
strong classifications in a well-defined region of PC
space. The T, A, R, Q and O types are not neces-
sarily incorrectly classified, but there are far fewer
asteroids in these groups, and for the T, R and Q
classes, there are not many strong classifications.

6.3. Orbital Elements

We also looked at each class in orbital element
space. We were able to find families, such as the
Vesta family by plotting semi-major axis versus
inclination. While we did not perform an extensive
study on the orbital data for each class, the data
did confirm that our results were accurate.

Within the Vesta family, many of the asteroids

were classified as both R and Q types. While orig-
inally concerned, we later discovered that there is
significant spectral disparity within the Vesta fam-
ily. Therefore, not every asteroid was classified as
V type. The orbital elements plots can be found in
Figure 3 on page 16. Also, a graph of the spectra
for the V and R types asteroids within the Vesta
core is in Figure 4 on page 17.

7. Conclusions

The neural network does a fairly good job of
classifying asteroids based on the g′, r′, i′ and z′

magnitudes from SDSS. Over 90% of the asteroids
from the SDSS MOC were classified with greater
than a 50% probability, meaning that the neural
network provides a relatively good estimation of
an asteroid’s taxonomic classication.

However, the neural network works better for
some classes than others. The results for the V
class are very promising. The network accurately
classified the average V-type and the V-type from
the test portion of the training set. Also, there is
a large number of very strongly classified V-type
asteroids. As shown in Table 2, there were over
1000 V-types classified by the network.

The neural networks main weakness seems to
be in finding Q, R, and T type asteroids. These
asteroids are fairly rare, making it harder to de-
velop patterns for these classes in the training sets.
However, the neural network performs well with
the other types of asteroids, and at the very least
can easily provide a classification for any input of
the g′,r′,i′ and z′ SDSS magnitudes.

One very positive feature about the results is
that not only do the primary classifications seem
correct, but also the results help to reinforce the
continuum between the different classes. With a
data set so large, not every asteroid is going to
fall clearly into one class or another, and there are
some spectra that did not resemble anything found
in current taxonomic systems. Perhaps more sig-
nificant than the fact that 90% of the asteroids
were classified with probabilities better than 50%
is that 10% of the asteroids were not. For aster-
oids that lie in regions of spectra space between
classes or for asteroids with unique spectra, the
probabilities should not be very high. The use of
a neural network has allowed us to accommodate
this fact by assigning probabilities instead of ab-
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solute classifications.
This system also has future uses. Pan-Starrs

and LSST are most likely going to use filter sets
that uses the g′,r′,i′ and z′ bandpasses, meaning
that this neural network classification system can
be used on any asteroids observed with those sur-
veys.
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Table 1

Outline of our taxonomic system, as compared to the Bus and Binzel system

Bus and Binzel Revised System for SDSS data

A A
B B
C C
Cb 1

2B 1
2C

Cg C
Cgh C
Ch C
D D
K K
L L
Ld L
O O
Q Q
R R
S S
Sa 1

2S 1
2A

Sk 1
2S 1

2K
Sl 1

2S 1
2L

Sq 1
2S 1

2Q
Sr 1

2S 1
2R

T T
V V
X X
Xc 1

2X 1
2C

Xk 1
2X 1

2K
Xe 1

2X 1
2K

Table 2

Number of asteroids classified into each asteroid type. Also, this table shows the
percentage of asteroids in each type, based on both the neural network results and

previous results from Bus & Binzel (1).

Statistic T D B C X K S L A R Q V O

Neural Network Results 396 909 1804 3011 2381 1637 7399 2739 356 611 485 989 130
Percentage 1.74 3.98 7.90 13.18 10.42 7.16 32.38 11.99 1.56 2.67 2.12 4.33 .57
Training Set 1 60 154 141 222 1216 239 351 250 42 60 27 164 36
Training Set 1 % 3.33 8.53 6.53 10.46 11.28 12.26 18.56 12.80 1.61 2.68 1.16 8.88 1.93
Training Set 2 6.50 49.45 43.30 88.95 84.35 50.75 107.5 42.85 19.05 17.40 21.90 41.70 12.30
Training Set 2 % 1.11 8.44 7.39 15.18 14.39 8.66 18.34 7.31 3.25 2.97 3.74 7.12 2.10
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Table 3

Matrix for the input weights for the first training set’s neural network needed to
calculate the result for an asteroid’s four relative reflectances.

Input Weights

-19.1320 -2.3470 0.1742 3.0421
10.5720 14.0960 -2.8977 4.3701
-10.8020 -1.0018 -2.8798 1.0226
-19.3890 10.9100 2.5078 -0.4979
-13.3510 -4.8868 -6.7208 -4.1562
-6.3159 -10.8080 7.0112 4.4786
0.5326 1.7377 -10.0380 -5.3177

-11.3170 12.1800 6.2651 3.7456
-17.6870 -12.5270 2.5301 1.2932
2.6971 -15.1440 -10.3830 -0.6546
-5.4241 -1.2240 7.6595 -5.1017
-8.0361 17.0730 -6.0201 -0.7400
6.2013 15.4260 -8.0820 2.7102
2.7891 -22.0560 -4.6573 -1.4992
12.6590 11.3580 -6.9979 -3.0725
-4.0609 9.6895 4.2445 5.3477
-19.6100 -11.7730 -12.3930 -3.2268
17.0320 -6.4581 9.3197 0.4493
-10.8700 16.2030 4.4644 -4.8809
-13.2550 11.4170 -4.4041 3.4994
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Table 5

Bias vectors for the first training set’s neural network needed to calculate the results
for an asteroid’s four relative reflectances.

B1 B2

18.3430 -4.1574
-27.1480 1.2201
36.3810 1.5488
5.0516 -1.7618
30.1600 -2.4580
5.9690 -6.2356
-9.6362 -8.3198
-12.1690 -4.7525
25.2970 -3.6809
26.3110 -5.0758
2.5732 -5.3079
19.0980 -4.5044
-14.9990 -4.2646
28.4780 · · ·
-12.7500 · · ·
-18.6730 · · ·
25.5670 · · ·
2.6245 · · ·
-9.8636 · · ·
-0.0428 · · ·
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Table 6

Input weights for the second training set’s neural network.

Input Weights

6.0903 -20.02 6.053 -2.8315
2.1253 6.296 8.2403 7.1578
1.8978 8.941 -5.7742 -10.495
10.958 9.7077 -6.6312 -8.1932
-15.373 -6.7123 -1.2887 5.6194
14.386 18.032 -4.9885 -1.0621
-20.686 1.1959 4.9317 -2.7822
-6.5171 15.557 8.032 -4.2625
-9.927 -13.892 7.7646 4.2232
15.335 -10.912 5.288 -3.3498
-17.087 11.827 -6.1095 -2.3787
3.2614 17.495 4.8217 5.2035
6.0025 14.813 -11.444 -0.2785
5.1808 -11.114 -11.735 4.8518
14.687 -14.556 -8.8976 4.4494
-19.374 8.4353 -11.895 -2.1686
11.608 11.395 2.1165 -5.6704
1.2259 -12.231 -13.142 0.10297
10.815 -6.6653 11.113 -1.5737
-14.102 -14.808 0.2958 3.6998
1.5552 14.713 10.969 -2.4768
8.6236 15.385 -0.82078 4.6631
21.832 2.7898 3.0013 -3.291
-7.0343 0.64653 10.253 -2.3119
-16.444 -9.785 -5.7878 -1.4173
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Table 8

Bias vectors for the second training set’s neural network.

B1 B2

12.154 0.75998
-25.13 2.4705
-18.597 0.95916
-29.169 -2.4291
16.602 -3.2451
-25.987 -0.46432
16.92 -6.8776

-14.832 0.23401
11.647 -1.7093
-3.8512 -3.4536
12.109 -6.7669
-32.213 1.8366
-9.5428 -5.5231
17.177 · · ·
11.698 · · ·
0.8226 · · ·
-18.161 · · ·
27.29 · · ·
8.1008 · · ·
1.1608 · · ·
-26.482 · · ·
-29.129 · · ·
-19.65 · · ·
-26.392 · · ·
12.136 · · ·
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Fig. 1.— Principal component plot showing the
different asteroid classes. From this figure it is
clear that the different classes are organized nicely
into groups in PC space. This is expected from
previous work, and an indication that the neural
network’s results are accurate.

14



Fig. 2.— Histogram of highest probabilities for
each asteroid. 90% of asteroids have a probability
of 50% or higher, meaning that the neural network
can strongly classify the vast majority of asteroids.
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Fig. 3.— Plot of V and R types in orbital element
space. Some of the Vesta family asteroids are clas-
sified as R’s, either due to measurement errors or
inherent spectra disparity within the Vesta family.
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Fig. 4.— Spectra for asteroids classified as V and
R types in the core of the Vesta family. The V
types are in red, the R types in blue. There is
clearly a difference between the two groups of spec-
tra, indicating that there is either a measurement
error, or more likely, that there is true spectral
disparity within the Vesta family.
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Fig. 5.— Principal component plot of the two
training sets. This figure displays the asteroids
used in the training sets in principal component
space with the different classes differentiated by
color. The first training set includes over 1700 as-
teroids from previously published papers, known
families, and asteroids we manually classified are
included in this training set. The second train-
ing set contained around 600 asteroids that were
classified by eye.
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Fig. 6.— Probability contour for V class aster-
oids. The figure shows the different probabilities
the neural network gave for all the asteroids in
principal component space. The V asteroids are
found in the bottom left corner of the plot, which
is expected. Additionally, there are many very
strongly classified V-type asteroids in the SDSS
data set.
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Fig. 7.— Results for a random sample of 1000 as-
teroids from the SDDSMOC. The different colors
respresent the different classes, and the different
markers show the probability of each classification.
Solid markers are in the range of 75% and higher,
open markers are 50% to 75%, and the dots are
under 50%. On the left are the results for the first
training set, and the results for the second train-
ing set are on the right. The results are similar
with only subtle differences, such as the sharpness
of the boundaries and the strength of some classes.
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Fig. 8.— Final results for a random sample of 1000
asteroids from the SDSSMOC, using the same
color and marker scheme as in Figure 7. While
similar to the results from the two training sets,
the finals results show less sharp boundaries be-
tween the classes and a better balance between
the strength of the classes.
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