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ABSTRACT

Aims. We present an optimized library of synthetic galaxy spectra that are to be used for the Gaia satellite observations of unresolved
galaxies. These galaxy spectral templates are useful for the optimal performance of the unresolved galaxy classifier (UGC) software.
The UGC will assign spectral classes to the observed unresolved galaxies by Gaia (classification) and estimate some of their intrinsic
astrophysical parameters, which were used to create the synthetic library (parametrization). We present the new optimized synthetic
library of galaxy spectra and the classification and parametrization results using the Gaia-simulated version of this library.
Methods. To optimize our synthetic library, we applied the principal component analysis (PCA) method to our synthetic spectra and
studied the influence of the star-formation rate parameters on the spectra, and how these agree with some typical characteristics of the
galaxy spectral types. We used support vector machines (SVM) to classify and parametrize the optimal simulated spectra.
Results. The library of synthetic galaxy spectra was optimized. In this new set of synthetic spectra, overlaps in spectral energy
distributions and colors are highly suppressed, while the results of UGC classification are improved.

Key words. methods: statistical – methods: data analysis – galaxies: fundamental parameters

1. Introduction

ESA’s cornerstone Gaia mission is going to repeatedly observe
a billion astrophysical objects of the entire sky during the next
few years. The faintest objects that are expected to be observed
will have approximately a G = 20 Gaia magnitude (unfiltered
light), which corresponds to a limit of V = 20−25 mag, de-
pending on the spectral type (Jordi et al. 2006). The final ob-
servational data will include low-resolution spectrophotometry
of millions of unresolved galaxies. This will be performed with
Gaia’s spectrophotometer, a slitless prism spectrograph with a
blue (BP) and a red (RP) channel over the wavelength range
between 330 nm and 1000 nm (Jordi et al. 2010). The classi-
fication of these galaxies into spectral classes and the prediction
of some of their significant astrophysical parameters (Kontizas
et al. 2011) are among the goals of the Gaia mission.

A corresponding software package (unresolved galaxy clas-
sifier, UGC) to accomplish this task is under development
(Bellas-Velidis et al. 2010). The UGC uses Gaia-simulated syn-
thetic galaxy spectra as templates, learning to successfully pre-
dict their spectral classes (classification) and the values of some
significant astrophysical parameters (regression). Classification

� The optimum synthetic galaxy spectra are only available at the CDS
via anonymous ftp to
cdsarc.u-strasbg.fr (130.79.128.5) or via
http://cdsarc.u-strasbg.fr/viz-bin/qcat?J/A+A/538/A38

and regression is performed by support vector machines (SVM,
Vapnik 1995).

An extended library of synthetic galaxy spectra has al-
ready been produced (Tsalmantza et al. 2009) with the
PÈGASE.2 model (http://www.iap.fr/pegase) of galaxy
spectral evolution (Fioc & Rocca-Volmerange 1997; Fioc &
Rocca-Volmerange 1999; Le Borgne & Rocca-Volmerange
2002). This model uses the stellar evolutionary tracks of the
Padova group, extended to the thermally pulsating asymptotic
giant branch (AGB) and post-AGB phases (Groenewegen &
de Jong 1993), and the BaSeL 2.2 library of stellar spectra, to
produce low-resolution (R ∼ 200) ultraviolet to near-infrared
synthetic spectra of galaxies. Each spectrum represents a spe-
cific evolutionary scenario, the latter including a star formation
rate (SFR) law, an initial mass function (IMF), etc.

The spectral library produced corresponds to four spectral
types (early type, spiral, irregular and QSFG – quenched star-
forming galaxies) at various random redshift values. The syn-
thetic spectra satisfactorily cover the (g− r) – (r − i) color–color
diagram of the DR4 SDSS galaxies. They have also been simu-
lated for Gaia’s BP and RP photometers (description in Sordo &
Vallenari 2009), with the addition of reddening, using the extinc-
tion law by Fitzpatrick (1999) and noise, for three G-band mag-
nitude values (G = 15, G = 18.5, and G = 20). Support vector
machines have been applied to the simulated spectra. Currently,
an extensive comparison of the synthetic spectra with observed
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SDSS spectra is under development, leading to a semi-empirical
library of galaxy spectra (Tsalmantza et al. 2012), combining
real SED with information about galaxy parameters from galaxy
evolution modeling.

All these numerous multi-parameter models have to be tested
additionally for overlaps and for how well they represent realis-
tic spectral classes. The quality of these spectra directly affects
the efficiency of the UGC. The principal components analysis
(PCA) method is able to compress the valuable information and
reveal the significant correlations among the data entries in these
huge databases. This is the reason why the PCA has become a
very popular tool for determining the abundance of large-extent
observations or simulations.

Section 2 briefly describes the structural characteristics of
the synthetic spectra library and the complexity of handling it.
Section 3 presents the PCA technique and its application to the
synthetic spectra. The PCA results were analyzed in the context
of the corresponding evolutionary scenario of each spectral type,
presented in Sect. 4. Section 5 deals with the impact of the op-
timization on the Gaia-simulated version of our library, which
is being used by the UGC. Discussion and conclusions are pro-
vided in Sect. 6.

2. The library of synthetic galaxy spectra

The synthetic spectra have been constructed by using two
different star-formation law (SFL) scenarios: exponential
star-formation rate (SFR) for early-type galaxies, and SFR pro-
portional to the mass of the gas for spiral galaxies, irregular
galaxies, and QSFG. These SFL were then modeled by varying
the corresponding SFR parameters (p1, p2 for the exponential
SFR and p1, p2, p3, tinfall for SFR proportional to the mass of
the gas), at a fixed galaxy age (13 Gyr for early-type and spirals,
9 Gyr for irregulars and QSFG). The parameters p1 and p2 of the
exponential SFR scenario do not correspond to the parameters
p1 and p2 of the SFR scenario that is proportional to the mass of
the gas. Their range was determined in a way to produce realistic
synthetic spectra. For more details about the library of synthetic
galaxy spectra, see Tsalmantza et al. (2009).

For the purposes of the UGC, the synthetic library should
contain a considerable variety of spectra, which should be as
typical as possible and, at the same time, as realistic as possi-
ble. This way, the relevant software would be able to classify
and parametrize the spectra of unknown galaxies that Gaia will
observe in a more efficient way.

This library contains spectra with realistic colors. However,
a wide range of SFR parameters for different SFL and ages were
used to produce SEDs with a huge variety of continua shapes
and emission line strengths. Moreover, it is not clear how the si-
multaneous variation of two, three, or even four SFR parameters
affects the shape of the produced SED, for example:

a) two different sets of SFR parameters of the same SFL can
result in similar spectra;

b) this similarity in spectra could possibly also occur for two
different sets of SFR parameters assuming two different SFL,
i.e. a spiral galaxy similar to an early type one;

c) the various spectral types could contain a considerable
amount of non-normal galaxy spectra.

To optimize the spectral library and use it for the purposes of
a learning-based algorithm like UGC, it is important to know
how the various sets of SFR parameters affect the shape of the
resulting spectra. This information could be used to identify
duplicated spectra of the same spectral type, spectral overlaps

between different spectral types, and non-normal spectra. The
corresponding suppression of these spectra could improve the
classification and regression efficiency of UGC. Additionally,
a better understanding of the modeling would be obtained for
the relation between input parameters and output spectra. This
would ensure a more productive future usage of the PÈGASE
code.

Of course, in reality spectral overlaps between different spec-
tral types as well as more complex cases such as mergers, are to
be expected, which will make the classification and parametriza-
tion more difficult and challenging. However, such a puzzling
task would be better addressed with a simple and realistic set of
spectral templates.

Each galaxy spectrum can be considered as a point in a mul-
tidimensional space, with as many axes as the number of its
wavelength bins. In each axis, this galaxy will have the flux value
of its corresponding bin. Because a plot like this would be im-
possible to draw, other methods are required to reduce the di-
mensionality to just two or three principal dimensions to gain an
overview of all spectra simultaneously and analyze the whole li-
brary of synthetic galaxy spectra at once. This can be done with
the principal components analysis method, as we show in the
next section.

3. Principal components analysis for the study
of the synthetic spectra

3.1. Outline

The principal components analysis is part of a family of methods
called unsupervised methods. Unsupervised methods are used to
visualize data, usually to indicate groups (clustering), or to clas-
sify data. They apply when no classes, such as spectral types,
are defined a priori or when existing classes are to be confirmed.
The PCA provides a linear orthogonal transformation of a data
set (e.g. galaxy spectra) into a new base, where a particular char-
acteristic of interest (e.g. the variance of the original data) is
preferentially highlighted. The new set of axes onto which the
original data are being projected is called the principal compo-
nents (PCs).

Amongst the numerous relevant publications, we refer
the reader to the PCA applications on stellar spectra from the
Michigan Spectral Survey (Bailer-Jones et al. 1998) and the
SDSS/SEGUE project (Re Fiorentin et al. 2007), and on galaxy
spectra from SDSS (Yip et al. 2004), DEEP2 Redshift Survey
(Madgwick et al. 2008), the 2dF Galaxy Redshift Survey (Folkes
et al. 1999) and the Spitzer Infrared Spectrograph (Wang et al.
2010). The PCA has also been applied to spectroscopic imag-
ing observations (Heyer et al. 1997; Steiner et al. 2009), where
spatial information is available. Steiner and collaborators man-
aged to discover the existence and the location of an active nu-
cleus of very low luminosity in the NGC 4736 galaxy. Finally,
Ronen et al. (2008) analyzed synthetic galaxy spectra, includ-
ing PÈGASE spectra, with different ages, star-formation histo-
ries and metallicities, while Tsalmantza et al. (2007) visualized
PÈGASE spectra corresponding to Hubble types.

3.2. Usage

For a (n spectra si) × (m wavelength bins) data set, the PCA
applies as follows:

(a) either the correlation matrix (standardized PCA) or
the variance-covariance matrix (unstandardized PCA) of
the data is computed;
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(b) the eigenvalues λ and the eigenvectors (eigenspectra) u
(principal components) of either the correlation matrix or
the variance-covariance matrix are calculated. If n ≥ m,
then m eigenvalues and m corresponding eigenvectors are
computed;

(c) the eigenvalues are sorted in decreasing order. The first prin-
cipal component, u1 (PC1), corresponds to the first (higher
value) eigenvalue λ1 and accounts for the maximum amount
of the total variance of the data. The second principal com-
ponent, u2 (PC2), corresponds to the second eigenvalue λ2,
is orthogonal to PC1 and accounts for the second high-
est variance fraction. Lower-order principal components are
found the same way.

Thus, each original spectrum si is decomposed onto the new set
of axes u (eigenspectra) as

si =

m∑

k=1

ak,iuk,

where ak,i is the admixture coefficient (the projection of the ith
spectrum onto the kth principal component). In many cases, the
first few principal components account for practically the total
variance of the original spectra. This means that the most sig-
nificant PCs can be used to reconstruct the original spectra with
high accuracy, thus providing an efficient data compression. The
reduced reconstruction s(r)i of si by using the r most significant
PCs is

s(r)i =

r∑

k=1

ak,iuk.

If r ≤ 3 is satisfactory, then the data set can be visualized by two-
or three-dimensional plots and be further analyzed. The reduced
reconstruction can be also used to remove noise and identify un-
usual spectra. For this reason, the PCA can preprocess data be-
fore they are analyzed by a classifier (Bailer-Jones et al. 1998).
The above denote the main advantages of PCA: data compres-
sion and dimensionality reduction.

3.3. Application to the synthetic spectra

We applied the PCA method to the library of 28 885 synthetic
galaxy spectra with z = 0. Because we aim to retain the rela-
tive strengths of the spectral features of the synthetic spectra, we
used the unstandardized PCA procedure (see also Steiner et al.
2009). We computed the variance-covariance matrix, where the
diagonal elements represent the variances of the flux bins and
the off-diagonal elements the covariances between them.

The amount of the total variance and the corresponding cu-
mulative variance of the five most significant eigenvectors are
listed in Table 1. Figure 1 shows the first three principal com-
ponents of the synthetic galaxy spectra. The first eigenvector is
a “red” spectrum with emission lines, probably related to the
brightness of the synthetic spectra. The linear Pearson correla-
tion coefficient between the total fluxes of the spectra and the
admixture coefficients of PC1 is 0.998. The second and the third
eigenvectors are “bluer” with more dominant emission lines. The
most prominent ones are OII (372.7 nm), OIII (500.7 nm), Hα
(656.2 nm), and SIII (906.9 nm).

The reconstruction error that corresponds to the use of up to
a specific eigenvector is listed in Table 1. This error is the mean
absolute percentage error in the total normalized flux. Figure 2
illustrates the reconstruction error for each spectral type. The

Fig. 1. First (upper), second (middle) and third (lower) eigenvectors of
the synthetic library of galaxy spectra.

Table 1. Amount of the total variance of the five most significant eigen-
vectors, the cumulative variance, and the corresponding reconstruction
error for the synthetic galaxy spectra.

Eigenvector Variance Cumulative variance Reconstruction
(% of total) (% of total) error (%)

u1 94.61 94.61 6.86
u2 4.25 98.85 1.87
u3 1.05 99.90 0.32
u4 0.07 99.98 0.12
u5 0.02 99.99 0.07

Table 2. Amount of the total variance of the two most significant eigen-
vectors for randomly selected subsamples of the spectral library.

Subsample Variance of u1 Variance of u2

(% of total) (% of total)
mean stdev mean stdev

1/2 94.62 0.03 4.24 0.04
1/4 94.62 0.07 4.25 0.07
1/8 94.66 0.11 4.20 0.09
1/16 94.65 0.16 4.22 0.13

Notes. The PCA was applied ten times for each subsample.

first eigenvector seems to favor the efficient reconstruction of
the early-type and spiral galaxies. The second and the third
eigenvectors, which have more dominant emission lines (Fig. 1),
preferably fix the irregulars and the QSFG.

Therefore it is sufficient to consider the first two principal
components to accurately analyze the whole library of synthetic
galaxy spectra and use them in UGC, because we have a low
error of 2% (on average) in spectral reconstruction and a 99%
inclusion of the total variance. The data dimensionality is vastly
reduced, apparently without significant loss of information.

Table 2 presents the results of the tests carried out to investi-
gate the stability of the principal components. The PCA method
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Fig. 2. Reconstruction error for the whole sample and for each spectral
type. Because this error drops very quickly, this plot shows the contri-
bution of only the first four eigenvectors.

Fig. 3. Projection of the early-type synthetic galaxy spectra on the first
and the second principal components. Light gray points show emission-
line spectra, black points show non-emission line spectra, while dark
gray points show non-emission line low-SFR spectra.

was applied to randomly selected subsamples of the spectral li-
brary, ten times for each subsample. The amount of the total vari-
ance of the two most significant PCs was calculated. Table 2 lists
the corresponding mean and standard deviation values for each
subsample. The eigenvectors remain practically unchanged.

Figure 5 shows the sampling effect in terms of selected
galaxy type, confirming the stability of the PCs. A PCA was car-
ried out separately for each type. The first principal component
(PC1) reflects the main variance for the selected spectral type,
and is different in each case (see also Ronen et al. 2008), which
reflects the major differences in their SEDs. Spiral galaxies ap-
pear to have strong absorption lines in PC1 rather than emission

Fig. 4. Mean QSFG spectra for various ranges of the p3 SFR parameter.

ones, but the sign of the PCs is arbitrary. Because these lines
have the same relative sign, spirals are similar to the other types
in this aspect. The second principal component (PC2) practically
remains unchanged.

Figure 6 shows the projection of the synthetic galaxy spec-
tra on the first and the second principal components. The repre-
sentation of all the galaxies on the plane of the first two princi-
pal components can help us investigate a) among which spectral
types there are overlaps and b) which sets of SFR parameters
cause these overlaps. This investigation can help us optimize the
existing library of synthetic galaxy spectra by suitably adjusting
the SFR parameters space, and define the context of a future ex-
tension through a better knowledge of the modeling. However,
this approach has to be implemented in a way that the optimum
set of synthetic spectra is still realistic.

In Fig. 6, early-type galaxies are distributed toward the lower
part of this plot, where the emission-line dominant PC2 is of
less importance. The majority of them has negative PC2 values,
which decreases the emission line strengths of the PC1 contri-
bution. On the other hand, irregulars and QSFG tend to be dis-
tributed toward the upper left part of the diagram, where PC2
is more significant than in the previous case. Spirals show a
broader variety of PC1-PC2 combinations.

This rough distinction together with overlaps between the
various spectral types up to some reasonable level are to be ex-
pected. However, this figure shows that the overlaps are quite
extended. Spiral galaxies are highly overlapped with early type
galaxies and QSFG, while QSFG are also highly overlapped
with irregular galaxies. Less overlap occurs between spirals and
irregulars and between QSFG and early-type galaxies. No over-
lap exists between early-type and irregular galaxies.

4. Optimization of the library of synthetic galaxy
spectra

The findings of the previous section could explain the classi-
fication performance of the scientific tests for the UGC soft-
ware, using the Gaia-simulated version of the synthetic library.
For example, most of the misclassified early-type galaxies are
classified as spirals, while not a single early-type galaxy is
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Fig. 5. First and the second eigenvectors when the PCA is applied separately for each spectral type.

misclassified to the irregular spectral class. An optimized ver-
sion of the synthetic library of galaxy spectra with less over-
laps could increase the spectral type classification and the pa-
rameters regression performance of UGC (Sect. 5). The results
of the PCA application to the synthetic galaxy spectra are ana-
lyzed in the next paragraphs for each specific spectral type, and
main conclusions for all analyzed galaxy types are summarized
in Sect. 4.5.

4.1. Early-type galaxies

The synthetic early-type galaxy spectra were constructed using
an exponential SFL with SFR

S FR(t) =
p2

p1
· e
−

t
p1

by varying the SFR parameters p1 and p2 until the age of 13 Gyr.
The available mass is normalized to 1 M�. This SFL mainly
aims to produce galaxies that have undergone a strong episode of
star formation during the first years of their life. At present time
(t = 13 Gyr) star formation should have practically stopped. In
this context, an intense and rapidly decreasing SFR should be
desirable. Note that the aim was to produce typical red galaxies
and not to include the special cases of ellipticals that produce
stars at a low rate at present or interact with other galaxies and
become enriched with gas.

However, the range of the SFR parameters p1 and p2 arith-
metically allows long-lived star formation (high p1 values) or
inefficient SFR right from the first years of a galaxy’s life (low
p2/p1 ratio). In the first case, present star formation is relatively
high because the exponential SFR drops slowly, and emission
lines will appear in the spectrum (Karampelas et al. 2010). In
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Fig. 6. Projection of the synthetic galaxy spectra (Tsalmantza et al. 2009) on the first (PC1) and the second (PC2) principal components for each
spectral type.

the second case, an unreal scenario will take place, with very
inefficient and rapidly decreasing SFR.

Figure 7 shows how the initial choice of p1 and p2 param-
eters affects the SFR, the final SEDs, and the corresponding
colors. Three different groups of spectra were investigated, as
mentioned above: 1) non-emission line spectra; 2) non-emission
line low-SFR spectra; and 3) emission line spectra. The first
group (first column of Fig. 7), defined by p1 < 2000 Myr and
p2 > 0.5 M�, includes the desirable SEDs and SFRs, with a
low color–color overlap with spirals. The second group (sec-
ond column of the same figure), defined by p1 < 2000 Myr and
p2 < 0.5 M�, has weak star formation and a noticeable color–
color overlap with spirals. The third group (third column of the
same figure), defined by p1 > 2000 Myr, corresponds to active

star formation, resulting in spectra with strong emission lines,
whose colors heavily coincide with those of spirals. The cor-
responding boundaries of the SFR parameters were determined
both from the examination of the actual SEDs and the distribu-
tion of their colors in the (g − r) − (r − i) color–color diagram.

The PCA findings (Sect. 3.3) agree with the above, because
they reveal an extended overlap between early-type galaxy spec-
tra and spiral ones (Fig. 6). They also reveal a less extended
overlap between early-type and QSFG spectra. Figure 3 shows
the distribution of the synthetic early-type galaxies on the first
two principal components, corresponding to the presence or not
of emission lines and the SFR intensity, as in Fig. 7. In agreement
with the above analysis, we suppressed the early-type galaxies
with p1 > 2000 Myr and p2 < 0.5 M� (the second and the third
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Fig. 7. Investigation of the properties of synthetic early-type spectra, corresponding to the presence or not of emission lines and the SFR intensity.
First row: the diagram of the p1 vs. p2 SFR parameters used to produce the early-type synthetic galaxy spectra for each selected group of spectra.
The thick black line separates the non-emission line from the emission line spectra. Non-emission line spectra are represented by the points to the
left of this line. Second row: the corresponding (g − r) − (r − i) color–color diagram of these spectra (dense area of black points) overplotted on
the colors of the SDSS spectra (black dots) and the synthetic spiral spectra (dense area of gray points). Third row: the corresponding mean spectra
that characterize each selected group of early-type galaxies. Fourth row: an example of the evolution of the SFR of one galaxy for each selected
group.

group as described in the previous paragraph), which correspond
to emission line spectra and very low SFR spectra, respectively,
which selects typical red spectra.

4.2. Spiral galaxies

The synthetic spiral galaxy spectra were constructed using an
SFR that is proportional to the mass of the gas Mgas(t) at a given
time t:

S FR(t) =
1
p2
· Mgas(t)

p1 .

At t = 0 the model assumes that the galaxy has no mass and it is
starting to be formed by accretion of gas with a total normalized
mass of 1 M�. The accretion rate AR is

AR(t) =
e−t/tinfall

tinfall
·

These galaxies were produced by varying the SFR parame-
ters p1, p2 and tinfall until the age of 13 Gyr. Several experi-
ments were carried out to investigate the effect of varying the
SFR parameters on the SFR. This was made by executing the
PÈGASE.2 code for various values of a specific SFR parame-
ter, while keeping the other two parameters constant. The same
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Fig. 8. Normalized SFR for various combinations of the SFR parameters for the spirals (left) and the irregulars (right). The examples illustrate the
effect of varying the p1 (upper), p2 (middle) and tinfall (lower) SFR parameters to the SFR.

procedure was repeated for the other two parameters, too. The
results are illustrated in the left part of Fig. 8. Evidently, the
SFR in spirals is increasing at first until it reaches a maximum,

and then starts decreasing. Indeed, when the galaxy starts to be
formed, low amounts of gas are available to form stars. Star for-
mation is still poor, because it is proportional to the mass of
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Fig. 9. Projection of the spiral galaxies on the first and the second principal components for various ranges of the p1 (first row), p2 (second row)
and tinfall (third row) SFR parameters.

the gas. Subsequently, SFR is increased as accreted, unused and
returned gas from the death of fast-evolving higher-mass stars is
accumulated. Then, as gas accretion is decreasing exponentially
and SFR continues, the available mass of the gas is reduced, re-
sulting in lower SFR. The parameters p1, p2 and tinfall adjust the
maximum value of SFR (efficiency of star formation) and the
age of the galaxy that this happens (timescale of star formation).
These, in addition to the selected age of spiral galaxies (13 Gyr),
modulate the final spectrum.

Figure 9 illustrates the effect of varying the p1, p2 and tinfall
SFR parameters on the PC1-PC2 distribution. Higher p1, p2 and
tinfall values define weaker and longer-timescale star formation,
producing spectra similar to QSFG and irregulars. The projec-
tion of the spiral galaxies on the PC1-PC2 plane shows that

particularly the high values of p2 shift the spectra toward these
spectral types. In agreement with the above analysis, we sup-
pressed the spiral galaxies with p2 > 5000 Myr/M�.

4.3. Irregular galaxies

The synthetic irregular galaxy spectra were constructed with the
same SFR and AR as for spirals, but until an age of 9 Gyr. The
SFR of irregulars follows the trend of spirals, but it stops at an
“earlier” time. Additionally, the p1, p2 and tinfall SFR parameters
can be much higher than those of spirals, resulting in some cases
in extremely weak SFR. The right part of Figs. 8 and 10 illus-
trate the effect of varying the SFR parameters to the SFR and
the PC1-PC2 distribution of the irregular galaxies, respectively.
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Fig. 10. Projection of the irregular galaxies on the first and the second principal components for various ranges of the p1 (first row), p2 (second
row) and tinfall (third row) SFR parameters.

Very high p2 and tinfall values (p2 > 40 000 Myr/M�, tinfall >
20 000 Myr) tend to construct very weak SEDs, highly mixed
with QSFG, that are crowded toward the origin of the PC1-PC2
plot, despite the wide SFR parameter range. Consequently, the
SEDs are not very sensitive to the variation of high p2 and tinfall
values, which is not desirable when producing a spectral library,
because of the risk of creating duplicates. In agreement with
the above analysis, we suppressed the irregular galaxies with
p2 > 40 000 Myr/M� and tinfall > 20 000 Myr.

4.4. QSFG

The quenched star-forming galaxies can be thought of as irreg-
ulars that have stopped forming stars since 1–250 Myr. The p3

parameter value defines this timescale. This means that SFR= 0
for (9000 − p3) Myr ≤ t ≤ 9000 Myr. The choice p3 = 0 Myr
would produce irregular galaxies. The SFR is the same like spi-
rals and irregulars, while the p1, p2 and tinfall parameters span
the same range as irregulars.

Figure 11 illustrates the effect of varying the SFR parame-
ters on the PC1-PC2 distribution of the QSFG. We show no SFR
examples because of the similarity with the corresponding di-
agrams of the irregular galaxies. Again, very high p2 and tinfall
values tend to construct very weak SEDs, highly mixed with ir-
regulars, toward the origin of the PC1-PC2 plot. Additionally,
p3 > 10 Myr values characterize spectra that significantly mix
with spirals and early-type galaxies. Figure 4 shows that these
spectra do not have emission lines, because the massive stars
have already died. In agreement with the above analysis and the
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Fig. 11. Projection of the QSFG on the first and the second principal components for various ranges of the p1 (first row), p2 (second row), p3 (third
row) and tinfall (fourth row) SFR parameters.

corresponding analysis of the irregular galaxy spectra, we sup-
pressed QSFG with p2 > 40 000 Myr/M�, p3 > 10 Myr and
tinfall > 20 000 Myr.

4.5. Selection of optimum spectra

The analysis of the previous section implies to truncate a)
emission line early-type galaxies that resemble spirals; b)
non-emission line low-SFR early-type galaxies; c) spiral galax-
ies with high p2 values that resemble QSFG and irregulars; d)
irregulars and QSFG with extremely high p2 and tinfall values,
similar to each other; and e) QSFG without emission lines that

resemble spirals. Table 3 lists the optimized range of the library
of synthetic galaxy spectra.

The PCA method was applied to the library of the optimal
spectra to investigate the changes it has undergone. The most
significant components of the optimum spectra are almost iden-
tical to the corresponding PCs of the original library. Figure 12
illustrates the distribution of the optimum spectra to the two
most significant PCs, which have a corresponding error of 1%
in spectral reconstruction and a 99% inclusion of the total vari-
ance. Because the PCs did not change much, the distribution of
the optimum spectra on them reveals similar trends like those
illustrated in Fig. 6. However, the optimization results are evi-
dent. Early-type galaxies form a distinct group, separately from
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Fig. 12. Projection of the optimized synthetic galaxy spectra on the first (PC1) and the second (PC2) principal components for each spectral type.

spirals, with a desired SFR, and the spiral-irregular and spiral-
QSFG overlaps have been limited to a relatively narrow region.
Additionally, the high concentration of late-type galaxies in the
lower left part of this plot has been reduced. A notable overlap
between irregulars and QSFG is present in the optimized data.
This is not surprising, because the corresponding spectra do have
many common characteristics. In any case, overlaps between the
various spectral types are to be expected in real data.

Clearly, it is not necessarily correct to have galaxy spectra
anywhere in a PC1-PC2 diagram. Physical constraint limit the
possible spectral diversity, and a robust spectral decomposition
like the one provided by the PCA method must reflect these lim-
itations.

Figure 13 presents the (g − r) − (r − i) color–color cover-
age of real (SDSS) spectra from the synthetic ones, both before
and after the optimization. The suppression of overlaps in spec-
tral colors follow the corresponding suppression in spectra. Note

especially the distinct group of early-type galaxies in (g − r) >
0.8, and the elimination of the extended overlap between spirals
and QSFG in 0.5 < (g − r) < 0.6. The good coverage of obser-
vations (SDSS galaxies) was retained.

5. UGC and optimum Gaia-simulated spectra

It is important for the development of the unresolved galaxy
classifier to investigate the impact of optimizing the library of
synthetic galaxy spectra to its performance. The UGC uses the
Gaia-simulated version of the synthetic library. It is an algorithm
that is based on the implementation of the supervised learning
method SVM. These SVMs (Vapnik 1995) can be used for data
classification through the definition of an optimum hyperplane
that separates the members of the various classes that describe
the data. For this purpose, a set of training data is used to train
the SVMs and prepare it to classify data of unknown class. The
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Fig. 13. (g− r)− (r − i) color–color coverage of
real (SDSS) spectra (black dots) from the syn-
thetic ones (dense areas of dots), before (left)
and after (right) the optimization.

Fig. 14. Classification performance of UGC for the noisy, reddened,
and redshifted simulated spectra, for each spectral type. Each pair of
columns demonstrates the successful predictions of the corresponding
spectral type, before (left column) and after (right column) the optimiza-
tion.

SVMs can also be used for parameter regression. Again, a set of
training data is necessary to train the SVMs and prepare them to
predict the parameter values of data that lack this information.

The SVMs are trained to predict the spectral type (classi-
fication) and the SFR parameters p1, p2, p3 and tinfall values,
together with extinction and redshift values (regression). We ap-
plied this procedure to two sets of simulated data, the first con-
taining “clean” spectra without any addition of noise, extinction,
or redshift, and the second containing noisy, reddened, and red-
shifted (“realistic”) spectra, for G = 15 Gaia magnitude.

The classification efficiency (percentage of successful pre-
dictions) for the “clean” spectra before and after the optimiza-
tion is ∼100%. The corresponding results for the noisy, red-
dened, and redshifted spectra are shown in Fig. 14. Spectral
type predictions of these spectra are quite successful. Spectral

Fig. 15. Regression performance of UGC for the “clean” spectra for
each parameter. Each pair of columns gives the median values of the
absolute percentage errors, derived from the comparison between real
and predicted values of the corresponding parameter, before (left col-
umn) and after (right column) the optimization. The listed parameters
are (from left to right): p1, p2 of early-type galaxies, p1, p1, tinfall of spi-
ral galaxies, p1, p1, tinfall of irregular galaxies, p1, p1, p3, tinfall of QSFG,
redshift, and reddening.

optimization in general improved the classification efficiency
of UGC, especially for the early-type galaxies, where the pre-
dictions where about 25% more successful. Spirals and irregu-
lars are slightly better classified (∼3%), while the optimization
practically left the QSFG classification efficiency unchanged,
which was already high. These results reflect the suppression of
the overlaps between the various spectral types achieved through
the optimization of the spectral library.

The results of the parameter regression before and after op-
timization for the “clean” spectra are shown in Fig. 15. They are
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Table 3. Optimized range of SFR parameters for each galaxy spectral
type.

Early-type galaxies
p1 10–2000 (Myr)
p2 0.5–1.5 (M�)
Spiral galaxies
p1 0.3–2.4
p2 5–5000 (Myr/M�)
tinfall 5–16 000 (Myr)
Irregular galaxies
p1 0.6–3.9
p2 4000–40 000 (Myr/M�)
tinfall 5000–20 000 (Myr)
QSFG
p1 0.6–3.9
p2 4000–40 000 (Myr/M�)
p3 1–10 (Myr)
tinfall 5000–20 000 (Myr)

Notes. The p1, p2 parameters correspond to the adopted SFL
respectively.

given in terms of the median values of the absolute percentage
errors, derived from the comparison between real and predicted
parameter values. Although the prediction efficiency of some pa-
rameters did not improve or worsened, most of them were pre-
dicted more accurately. For a few cases of a close-to-zero pa-
rameter value, the predicted value could be negative, although
the SFR parameters, redshift, and reddening are always positive.
In these cases the predicted value was set to zero. The inclusion
of an acceptable treatment of unrealistic predicted values in the
UGC code is under development (Bellas-Velidis et al. 2010).

6. Discussion and conclusions

The main trend when using the current version of the unresolved
galaxy classifier code to predict the various parameters of the
synthetic spectra is that optimization in general improves the
prediction efficiency (Fig. 15). However, it is not straightfor-
ward to fully interpret these errors, especially to compare be-
tween different estimated parameters. Because varying the SFR
parameters does not linearly affect the corresponding spectrum,
comparisons should be made cautiously.

For example, if a spectrum is not very sensitive to the
variation of a specific SFR parameter, then even a high error
value on the prediction of this parameter could be acceptable.
Additionally, the spectral optimization could reject spectra that
can be unique compared to other spectra, affecting the efficiency
of the SVM. This is obvious in the prediction of the p1 SFR
parameter of the early-type galaxies. Although the rejection
of the high p1 values that produce emission lines is desirable,
the variety of spectra has been reduced, because the range fell
from 10 Myr < p1 < 30 000 Myr to 10 Myr < p1 < 2000 Myr.
Spectra are more realistic but less unique, making it harder for
the SVM method to “learn” how the p1 variation is linked with
the final SED. Moreover, a relatively low number of available
galaxy spectra could also affect the quality of the training and,
consequently, the prediction error. At the same time, advances

in the code itself, such as training the simulated spectra in dif-
ferent ranges of redshift and extinction, could limit the errors
even more. First results are encouraging (Bellas-Velidis et al.,
in prep.).

To conclude, we optimized the library of synthetic galaxy
spectra, which was produced with PÉGASE.2 code (Tsalmantza
et al. 2009), setting new boundaries in the space of the galaxy
parameters. The application of the principal component analysis
method to this extended library vastly reduced its dimensionality
without any significant loss of information and revealed spectral
overlaps. It also provided ways to a better understanding of how
the multi-parameter modeling affects the final shape of a syn-
thetic spectrum. Additionally, the investigation of the various
star-formation laws used in the modeling helped to trace some
non-normal synthetic spectra. This investigation led to a set of
more realistic synthetic spectra, where overlaps between spectra
and spectral colors were highly suppressed. The findings could
be used to define the context of a future extension of this spec-
tral library, because a better understanding of the modeling was
achieved.

The Gaia-simulated version of this optimum set of spec-
tra was used for training the unresolved galaxy classifier code,
which will be part of the Gaia satellite software. The training
was performed by applying the support vector machines method.
The classification efficiency was in general improved. Advances
in the code itself, which is currently under development, could
limit the errors even more.
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