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Using photometric data from the Deep Lens Survey (DLS) we develop a star-galaxy separation
algorithm based on objects’ colors in six bands (B,V,R,z,J,K). Using a training set selected from a
catalog of stars classified via their DLS shapes, we fit a third order polynomial to approximate the
stellar locus. Our algorithm produces a weighted probability of an object being a star. Based on
each object’s distance from the stellar locus in color space, we fit the resulting histogram as the sum
of two Gaussians. We find that near-infrared information (J and K) provide the best separation,

but explore using optical information alone to determine the classification as well.

Our results

demonstrate that the use of color information has the potential to dramatically improve star-galaxy
classification when used in conjunction with existing shape-based algorithms.

I. INTRODUCTION

The advent of large telescopes in the modern era of
astronomy have pushed the amount of data available to
new levels. However, as we push to study fainter galaxies
at higher redshifts, we are still limited by the resources
available. One of the most fundamental problems is that
of object classification, as we must first isolate the objects
that we wish to study amongst the millions of objects
observed. One of the most basic and most important
classifications is that of star/galaxy separation, that is,
separating the population of stars local to our Milky Way
galaxy from external galaxies. Studies of Galactic struc-
ture need a clean sample of local stars to identify the
structure of Galactic components without contamination
from faint galaxies, which could bias estimates of these
structures. Cosmological studies, on the other hand, of-
ten rely on the large-scale clustering of galaxies to deter-
mine the growth of structure, so a clean sample with no
local stars is optimal for clustering measurements. How-
ever, more importantly, one of the most powerful tools
for modern cosmology is the use of weak gravitational
lensing, where measurement of the distortion of galaxy
shapes by intervening massive structure is used to infer
the amount of mass along the line of sight to distant
galaxies. In order to calibrate this very small effect, we
must understand the imprint of the telescope and detec-
tor on the measured shapes of objects. This is usually
done by identifying a set of point-like reference stars in
order to measure the point-spread-function (psf) induced
by the atmosphere and detector. Thus, identifying a pris-
tine sample of stars is essential for weak lensing measure-
ments.

The information available for each object consists of
both its measured shape, as well as information about the
object’s spectral energy distribution (SED), the amount
of flux the object emits as a function of wavelength.
Nearly all star/galaxy classifiers to date!** use shape
alone to determine whether an object is a point-like star,
or an extended galaxy. In this paper, we will examine
using an object’s color to determine the likelihood that
it is a star or a galaxy.

If a high resolution spectrum is available for an ob-
ject, star/galaxy classification is almost always trivial,
as spectral features unique to stars or galaxies are eas-
ily identifiable. However, due to limitations in telescope
time and current detector technology, we do not have a
spectrum for each object, rather we only have total flux
measured through a broad band filter. The set of filters
can be thought of as a very low resolution spectrum. We
define an object’s color as the (log) ratio of the fluxes
in two filters. Due to the limited number of such filters,
ambiguities between object types appear, as objects with
very different spectra can have very similar colors.

The Deep Lens Survey is a twenty square degree,
ground-based, multi-band survey which provides infor-
mation about local and deep-space objects.? Specifi-
cally, it provides flux values for objects (galaxies, stars,
quasars, etc.) from which spectra can be plotted and
color can be calculated. As seen in figure 1, the spec-
trum of an object is a plot of its wavelength vs. flux; the
spectra of objects are uniquely shaped, which is the key
to being able to use flux values to decipher them.

Filters (or bands), as related to spectra, are pieces
of glass that allow only certain ranges of wavelengths
through, so that an object can be measured from the
viewpoint of several bands separately and compared.
These bands are useful when calculating color for an ob-
ject, which is defined using two fluxes from the spectrum
of one object. The equation for a color index is as follows:

Color X-Y=-2.5log(Fx/Fy) where Fx is flux of x, Fy
is flux of y

It is common to calculate multiple color indices for
an object, and plot one against the other; this creates a
color-color diagram. Color-color diagrams are the chief
piece of information that we will use for separating ob-
jects based on their color. Some color-color diagrams
show us visually the separation between stars and galax-
ies, as seen on the right in figure 2, while others show
very little separation, as seen on the left in figure 2. In
both cases, there exists a stellar locus; this is defined as
the imaginary line where stars fall on a color-color dia-
gram. The line is somewhat straight, but imperfections
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FIG. 1. Four galaxies’ spectra are shown on the top panel:
an elliptical, irregular, and two spiral, with two stars and
an elliptical galaxy shown on the bottom panel. In black, 6
filters are plotted to show the ranges of wavelengths which
they cover. They are labeled on the bottom panel, B, V, R,
z, J and K. Each spectrum has a unique shape, and therefore
a unique value in each filter. Using the ratio of values in two
separate filters offers a more unique definition of an object’s
color. Seen later in the formal definition of color, multiple
filters are used to identify objects more accurately.

are evident more so in some color-color diagrams than in
others. In either case, the stellar locus can be defined by
fitting exclusively stellar data to a polynomial, and then
applying that line to the entirety of the data (including
non-stellar objects).

Color-color diagrams become more complicated when
the objects shown are at fainter magnitudes. Because
galaxies can be seen to great distances that redshift their
spectra, they have lines that serve as functions of where
they show up on color-color diagrams based on how far
away from the observer they are, while stars remain in
very similar regions of the color-color diagrams because
they are all local to our own Galaxy. This comes across
as galaxies showing up all over the diagram, including
along the stellar locus as objects become fainter. The
stellar locus is better defined at brighter magnitudes.

The general problem we are trying to answer is whether
there is a good way to utilize color-color diagrams to sep-
arate star and galaxy populations. The general method,
described further below, is to find the stellar locus, and
then find distances of each object from that line. We
will then have a population of objects that is close to the
stellar locus, and a population that is farther away (stars
and galaxies, respectively).

FIG. 2. Color-color diagrams are flux ratios plotted against
each other in different combinations. They force populations
to show up differently, depending on the ratios (color indices)
used. In the above figure it can be seen on the right side that
R-z vs. J-K, populations of stars and galaxies are very well
separated, while on the left side, B-V vs. R-z shows popula-
tions that are less well separated, and instead fall somewhat
in the same place on the diagram.

II. METHODS/DATA

From the Deep Lens Survey, we are provided with
fluxes of several thousand objects in various filters; choos-
ing the color indices in which to work is the first task.
It was previously known that colors in the near-infrared,
specifically R-z vs. J-K provides well-separated popu-
lations, making a good starting point for a star-galaxy
separator. The next preliminary step was to decide on a
magnitude at which to cut objects, so that there was still
some separation to work with. We chose R = 20, as there
was enough data to use to fit a polynomial for the stellar
locus, but there was also still an obvious separation.

Next, we queried a DLS database called StarDB, which
is a collection of exclusively stellar objects. These were
identified using a shape-based algorithm, and were hand-
verified as being accurately classified as stars. There were
some objects that fell into a population other than the
stellar locus, that was discovered in Covey et al. to be
quasars. Subtracting these objects from the database,
and taking the data of stars with a magnitude of greater
than 18 (R ; 18), we used the downhill simplex method
to fit the data to a polynomial.3

The downhill simplex method of fitting data to a poly-
nomial works as follows: A simplex, which is defined as a
shape of N+1 vertices in an N-dimensional space (a tri-
angle for our 2-dimensional space), is created with data
points. The shape is then reflected, contracted, and ex-
panded with other data points, finding fixed minima val-
ues where data are most highly concentrated. This is
done repeatedly until the data are fit to a polynomial.
The algorithm can fall into local minima if not enough
range is specified.

After fitting the stellar data with a polynomial (now,
the stellar locus) and overlaying it onto the entirety of
the data, we binned the data using 12 lines tangent to
the polynomial, in which the bin sizes are equal in the
x direction, as seen in figure 3. This led to some discre-



FIG. 3. This is all bright data, including galaxies. We have
placed 12 bins that are orthogonal to the stellar locus. The
plot is distorted, so visually the lines are not obviously or-
thogonal.
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FIG. 4. The red data points in the figure are not stars, and
in Covey et al it was found that in J-K at above a value of
.27, a cut can be made to assume that any object above this
line is a quasar. These objects made it into StarDB because
of their point-like shape. Disregarding the quasars, we used a
minimizer to fit the data to a polynomial, which defines the
stellar locus. This entailed defining a likelihood equation, and
using the downhill simplex method.

tion when the bins were tilted, because transformations
needed to be made. This method captured the major-
ity of the data points in some bin, but for those that it
didn’t, a stipulation was added that if an object was not
in a bin, its distance to all the bin centers was calculated,
and it was placed in the bin which had the closest center.

For the data in each bin, we found the Euclidian dis-
tance from the point to the stellar locus and binned them
in a histogram. We then fit the histograms as a sum of
two Gaussians; the left distribution with mu set at zero,
and the other mu and sigmas set at initial guesses and
minimized to fit the data, as seen in figure 4. Using the
likelihood equation, a probability is then assigned to each
object based on where in the curve it is. This is only
a problem if an object falls into the part of the curves
where there is an overlap of the two gaussian fits. Oth-
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FIG. 5. Shown above is a bin in the middle of the data,
which is the best case scenario. Here, data is completely sep-
arated into two populations: stars under the half-gaussian on
the left, and galaxies under the curve on the right. There is
visible separation even in the color-color diagram, and there
are no ambiguous objects. Shown on the bottom are the two
gaussian distributions corresponding to stars on the left and
galaxies on the right.

erwise, the probability is 0 or 1. The likelihood equation
is defined as:

III. RESULTS

The probability that the object is a star is based on
the values of the two Gaussians at the distance of the
object in the bin by:

P(star) = P(star gaussian(dist))/
sian(dist)) + P(galaxy gaussian(dist))

(P(star gaus-

In the best case scenario, the population of stars is
completely separated from the population of galaxies,
such as in figure 5. There is whitespace visible even in
the color-color diagram, and there is a visible separation
in the gaussian curves. In these cases, the objects that
fall under the half-gaussian can be identified as stars,
and those that fall under the curve on the right can be
identified as galaxies.

When the populations overlap, results become some-
what more complicated. Such as in figure 6, where there
is a small amount of overlap in the populations, where
these objects must be assigned a probability that is not
0or 1.
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FIG. 6. Shown above is a bin located slightly to the left
of center. Here the curves begin to overlap, creating some
ambiguity which requires a normalized probability in order to
assign each object located under the overlap with a likelihood.
Shown below are the gaussian distributions, corresponding to
stars on the left and galaxies on the right.
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FIG. 7. Shown above is a bin located on the far side of the
data. Where objects are scarce, either because we have chosen
only bright objects, or simply because of the lack of objects
of that color, the algorithm fails expectedly. This is simply
because of small number statistics, and cannot be helped.
Shown below is the histogram and two gaussian curves corre-
sponding to stars on the left and galaxies on the right.

In the worst case scenario, such as on either far side
of the data in figure 7, there is a scarce amount of data,
and fitting it to a curve is unsuccessful. This is expected
for any bin where there are very few data points.

All of the results discussed above were from only the
R-z and J-K color indices; the algorithm worked well for
those near infrared bands, but when it was tested on B-V
vs. R-z (where there is little separation between popu-
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FIG. 8. Shown on the left are two probability cuts, where
P;.90 in the middle of the data. P;.50 along the stellar locus.
On the right, the results of the dlsqc shape algorithm are
shown where stars appear in red and galaxies in black.

lations in color-color diagrams), the results were not as
satisfying. This is because, as in figure 8, the algorithm
which is based on distance from the stellar locus does
not perform as well when most of the objects are clus-
tered around the stellar locus. There is some separa-
tion towards the ends of the data; unfortunately this is
also where we encountered problems with small number
statistics before.

To show our final results, we plotted objects with two
probability cuts: P is greater than .50, and P is greater
than .90, as can be seen in figure 8. There are more data
than seen previously in this plot because we added in
all data, including those objects with faint magnitudes.
This produces a plot with more galaxies in places where
we have only seen stars so far, such as in the lower right
hand side of the plot. (This can be attributed to redshift
tracks, as discussed previously.)

IV. CONCLUSIONS AND FUTURE WORK

The algorithm’s results are what was expected. A clus-
ter of objects around the stellar locus identifying as stars,
and ones closer to the line with a higher probability of
being a star. There is an issue with the actual stellar lo-
cus polynomial fit, which is that it is slightly misshapen
in that it should bend more toward zero on the left. This
can be attributed to a lack of blue stars in the original
StarDB data; this must have caused the fit to be pulled
upward instead of following the majority of the data.

Future work entails fixing the polynomial fit by adding
test stars to the StarDB data, and perfecting the algo-
rithm in R~z vs J-K. Following that, we will implement
this algorithm or another on several other color-color
combinations. The ultimate goal of the project is to
have multiple algorithms for color-color diagrams, weight
them based on importance and the amount of informa-
tion given, and finally combine them with the shape al-
gorithm for a superior separator.

In figure 9, the results of the shape algorithm are shown



as galaxies on the left and stars on the right. There are
problems with both; the galaxy results picked up some
objects on the stellar locus, probably because they were
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-t 0 R_Zl 2 -0 R_zl 2 sification to an algorithm that uses only one of the two
pieces of information.
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stars with a less point-like shape because of their dis-
¥ 4 F C ] tance. The star results included objects which we know
ot are not stars but quasars. Our color-based algorithm
ol ol ] combined with the shape algorithm will eventually cor-

FIG. 9. Shown on the left are stars detected by the dlsqc
shape algorithm, and galaxies on the right. There are objects
in both plots that have been misidentified: objects along the
stellar locus in the left plot, and objects above the stellar
locus (quasars) on the right plot.
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