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Abstract. Stellar libraries are fundamental tools for the study of stellar
populations since they are one of the fundamental ingredients for stellar
population synthesis codes. We have implemented an innovative method
to perform the calibration of atomic line lists used to generate the synthetic
spectra of theoretical libraries, much more robust and efficient than the
methods so far used. Here we present the adaptation and validation of
this method, called Cross-Entropy algorithm, to the calibration of atomic
line list. We show that the method is extremely efficient for calibration of
atomic line lists when the transition contributes with at least 10−4 of the
continuum flux.
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1. Introduction
Stars are the main source of energy in galaxies. Their signatures are not only detected
in normal, non-active galaxies, whose spectra are dominated by absorption lines, but
also in starburst galaxies, where the emission lines usually dominate. Even in active
galaxies, where the main source of energy comes from accretion processes instead of
nucleossynthesis, studies show that a significant fraction of the energy comes from the
ionizing radiation of stars (González-Delgado, Heckman & Leitherer 2001, and references therein). The spectra of galaxies contain an enormous volume of information
and their analysis can reveal key parameters like metallicity, age and star-formation
history. One method that is largely used to analyze integrated spectra of galaxies is
the use of stellar population synthesis models (e.g. Bruzual & Charlot 2003, 2003;
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Cerviño & Mass-Hesse 1994, Leitherer et al. 1999, Fioc & Rocca-Volmerange 1997;
Vazdekis 1999; Gonzalez-Delgado et al. 2005, Maraston 2005, Coelho et al. 2007).
Stellar libraries are one of the main ingredients for these stellar population models
(e.g. STELIB - Le Borne et al. 2003, MILES - Sánchez-Blázquez et al. 2006, Martins et al. 2005, Coelho et al. 2005). The advantages of an empirical or theoretical
library for the stellar synthesis population is still debated in the literature. One disadvantage of theoretical models is that to compute a high resolution stellar library for a
significative number of stellar parameters and for an extensive spectral range is very
challenging since it requires precise lists of molecular and atomic opacities, which are
necessary for the detailed reproduction of real stars. On the other hand, synthetic libraries overcome limitations of empirical libraries, the most important of those being
the incapacity of extrapolation to abundance patterns that differ from the stars of the
own library, which are in their vast majority from the solar neighborhood. It is impossible to reproduce the spectrum of systems which have undergone star-formation
histories that are different from local systems with models based on empirical libraries
alone. Nowadays, the only way to produce stellar population models with abundance
patterns that differ from the solar neighborhood is using synthetic stellar spectra.
One of the major challenges for these models are the lists of molecular and atomic
opacities. In the atomic line lists, besides the information about the central wavelengths and the energy levels, there is also information about the oscillator strength
and broadening parameters. Very few of these parameters were measured in laboratory, and therefore they are very uncertain. Until today, the most common method of
calibrating these parameters for each line is done manually, changing the values on
the line list, generating models and comparing them with observations of very well
known stars (like the Sun or Arcturus, for example). This process is repeated until
the results are adequate (Barbuy et al. 2003, Coelho et al. 2005). Although capable
of producing significant improvements (e.g. Martins & Coelho 2007), this process is
very slow and subjective, and can only be applied to reasonably strong lines.
Aiming to overcome these limitations and to develop a robust automatic method,
we introduce a powerful statistical technique recently developed to deal with multiextremal problems involving optimization: the Cross-Entropy algorithm (hereafter,
CE). In this work we validate our CE method to calibrate atomic line lists using
synthetic spectra of very well known stars. In this paper we will only work with
the atomic transitions. We show the great capability of the method to determine the
atomic parameters of the atomic lines only by comparing the models with the desired
spectra.

2. The synthesis code and the cross-entropy method
To compute a synthetic stellar spectra, the synthesis code need a model atmosphere,
and a list of molecular and atomic opacities. From the many model atmospheres
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available in the literature we choose the library from Castelli & Kurucz (2004 - based
on ATLAS9). This is an extense grid of models and according to Martins & Coelho
(2007) it is the one that in average, best reproduces the colors of observed stars. To
generate the synthetic spectra we chose the code SYNTHE (Kurucz & Avrett 1981).
The synthesis codes use the atomic line lists to solve the continuum radiative
transfer equation and the absorption lines formation. These lists contain the parameters needed for the computation of each line profile: the central wavelength, the
transition levels energy, the oscillator strength and the broadening parameters (natural, Stark and Van der Waals broadening). We choose to start our implementation of
CE by calibrating the 3 most uncertain parameters of the list: the oscillator strength
and the two pressure broadenings - Stark and Van der Waals. It is important to realize
the amount of calculation needed to calibrate these lists. For example, for the Kurucz line list used here, there is an average of 12 atomic lines per angstrom, each of
these with at least 3 adjustable parameters. It is unfeasible to calibrate all these lines
manually for hundreds or thousands of angstroms as a stellar library would need.
As the intensity of each line will also depend on the temperature and surface
gravities of the stars, ideally we have to attempt to calibrate the lists to a variety of
stellar spectral types simultaneously.

2.1

The cross-entropy algorithm

The CE analysis was originally used in the optimization of complex computer simulation models involving rare events simulations (Rubinstein 1997), having been modified by Rubinstein (1999) to deal with continuous multi-extremal and discrete combinatorial optimization problems. The CE procedure uses concepts of importance
sampling, which is a variance reduction technique, but removing the need for a priory
knowledge of the reference parameters of the parent distribution. The CE procedure
provides a simple adaptive way of estimating the optimal reference parameters.
The CE method was already applied successfully to astrophysical problems like
the study of sources with jet precession (Caproni et al. 2009), fitting of the colormagnitude diagram of open clusters (Monteiro et al. 2010) and modeling very long
baseline interferometric images (Caproni et al. 2011).
The basic procedures involved in the CE optimization can be summarized as follows (e.g., Kroese, Porotsky & Rubinstein 2006):
• (i) Random generation of the initial parameter sample, obeying predefined criteria;
• (ii) Selection of the best samples based on some mathematical criterion;
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• (iii) Random generation of updated parameter samples from the previous best
candidates to be evaluated in the next iteration;
• (iv) Optimization process repeats steps (ii) and (iii) until a pre-specified stopping criterion is fulfilled.
The relevant equations can be found at Caproni et al. (2011).

2.2

The performance function

In order to select the best models that represent a given observation we need to define
a performance function, based on the desired characteristics of the solution. Usually,
for continuous problems this is done by defining a likelihood function and then maximizing it, or alternatively requiring that the sum of the residuals squared be minimal.
In this work the performance function has to be defined as a way to compare
model with observed spectra pixel by pixel. To do this comparison we choose as a
performance function the combination of the sum of the squared residuals and their
respective variance, as suggested in Caproni et al. (2011).
Let the quadratic residual R j,m (k) at a given pixel m of a star j and iteration k be
defined as the squared difference between the observed spectrum we want to reproduce, I j,m , and the generated model spectrum M j,m (k) at a k-iteration, i.e. R j,m (k) =
[I j,m − M j,m (k)]2 . The mean square residual value of the model fitting R̄ j (k) can be
calculated from:

Npixel

1  X

(1)
R j,m (k) .
R̄ j (k) =
Npixel m=1
As mentioned in the previous section, we need the spectra of many different stars in
order to guarantee that the lines we want to calibrate will have signal in the observable.
Considering Ns the number of stars used in the calibration, we choose to rank our
tentative model spectra obtained from the Ns parameters xi (k) at iteration k through
the performance function:
S prod (xi , k) =

NS
Y
j=1

R̄ j (k) ×

1
Npixel

Npixel

 X 
2 

R j,m (k) − R̄ j (k)  ,


(2)

m=1

in which the product between R̄ j and the variance-like factor was used. We also calculate the final performance function multiplying the performance function for each
star used in the calibration. The product is important to ensure that high luminosity
stars do not become more important than low luminosity stars.
Note also that, if I j,m and M j,m are expressed in terms of ergs cm2 Å−1 , S prod has
units of (ergs cm2 Å−1 )6NS .
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3. Validating the method
The first step to calibrate the atomic line list is to choose the wavelength range for the
calibration procedure. For this initial validation step we choose the range from 855.62
to 855.78 nm. There are two motivations for this choice: (1) it is a region relatively
free of molecular transitions, which makes the calibration of the lines more robust and
(2) It is inside the wavelength region covered by the Gaia Mission1 . In this range we
have 18 lines to calibrate.
We also have to choose the stars that will be used for the calibration. Although for
this validation procedure we will use synthetic spectra, it will only be realistic if we
use models with atmospheric parameters of real stars with good spectra available. As
we mentioned before, the ideal case would be to use many stars of different spectral
types. However, in practice, this is unfeasible. The real star spectra that will be used
to calibrate the atomic line list have to be from stars with atmospheric parameters
derived ideally in a way as model independently as possible. The spectra also must
have extremely high resolution and a very high signal-to-noise. In practice, there are
very few available spectra that satisfy these criteria. For this validation project, we
decided to use three well known stars, that have very well determined parameters,
and have very different spectral types: The Sun (G2V), Acturus (K1.5III) and Vega
(A0V).
To validate the technique we used synthetic spectra instead of real ones. These
spectra were generated with the original line list of Kurucz, so, in this way, we know
the values of the parameters the method has to recover. To make the test more realistic
we also introduced some noise in these spectra. The S/N we used here is 400 and is
smaller than what we actually expect for the real observations that will be used for
future calibrations.

4.

Results

Amongst the parameters the code has to calibrate, log gf was the one with higher
success of recovery. This is not surprising as log gf usually is the main parameter
(among the ones studied) that drives the line profile. For the broadening parameters
the recovery rate was lower.
As we mentioned before, not every line in the atomic line list is present in every
stellar spectrum. Clearly, if a line is too weak or not even present in at least one of
the stars used in the calibration, we don’t expect to recover its original parameters.
For strong lines we should recover all three parameters. This happened for only for 2
lines out of the 18 in the tested range. For 5 weaker lines we recover only log gf. For
1 http://gai.esa.int
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Table 1. Depth of the lines in each spectrum generated by SYNTHE.

λ (nm)
855.6267
855.6304
855.6325
855.6566
855.6706
855.6777
855.6805
855.6962
855.7041
855.7545
855.7783

Sun
1.0000
0.9999
1.0000
0.9991
0.9998
0.6031
0.6867
1.0000
0.9997
0.9989
0.9995

Vega
1.0000
1.0000
—
1.0000
—
0.9836
0.9902
—
0.9996
1.0000
1.0000

Arcturs
1.0000
0.9999
1.0000
0.9984
0.9982
0.6568
0.7723
0.9999
0.9999
0.9991
0.9984

Figure 1. Parameters convergence for line 855.6777 The dotted line is the expected value of
the parameter and the solid line represents the value obtained by the method as a function of
iteration number.

the remaining 11 lines in our range no parameter was recovered, suggesting that they
are too weak.
This result is supported by an output of SYNTHE, which tabulates the depth of
each line in the spectrum. Table 1 shows these values for the lines in our range for
each of the stars used in the test. In this table, the closer the indexes are to 1.0 (which
is the stellar continuum level), the weaker is the line. Lines weaker than 10−4 of the
continuum will not be present in this output.

Improving synthetical stellar libraries

99

Figure 2. Same as in Fig. 1 for line 855.6325.

Figure 3. Same as in Fig. 1 for line 855.6566.

The two lines for which we recovered all three parameters are 855.6777 and
855.6805. Table 1 shows that indeed, they are the strongest lines in the range. Fig.
1 shows that the code quickly recovers all the parameters for line 855.6777, for example. Line 855.6325 is one of the lines that we could not recover any parameter, as
shown in Fig. 2. Table 1 shows that this line is indeed too weak for the stars used in
the test. An example of a line for which we could recover log gf but not the broadening parameters is 855.6566, as can be seen in Fig. 3. Table 1 shows that this line
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is present at least in the Sun and in Arcturus, but is much weaker than lines 855.6777
and 855.6805.

5. Conclusion
In this work we adapt and validate the Cross-Entropy algorithm for the calibration
of atomic line lists used by spectral synthesis codes to generate stellar spectra. For
validating our technique we simulated a calibration against three well known stars
with very well determined atmospheric parameters: the Sun, Arcturus and Vega.
The results obtained show that the Cross-Entropy algorithm is effective to recover
the atomic lines parameters used in line lists of spectral synthesis codes for lines that
contribute at least with 10−4 of the continuum flux. The code was able to recover the
log gf of all the lines that had signal in at least one of the three stars. In addition,
the code also recovers the broadening parameters when the lines have signal in the
spectrum of the hot star (log Stark) or the cold star (log VdW). The next step will be
the real calibration of the lines with observed spectra.
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