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Fig. 2: The observed (points) and simulated (histograms)
MDFs for Galactic halo stars obtained by assuming differ-
ent mass ranges for the first stars (see labels). We show C-
enhanced (violet) and C-normal stars (blue). Shaded regions
are ±1σ dispersion among 50 Milky Way merger histories.

metals and gas into the surrounding Milky Way environ-
ment, where the heavy elements gets instantaneously mixed
(see Salvadori et al. 2014 for the inhomogeneous metal en-
richment treatment). Both the efficiency of star-formation
and the SN winds are fixed to reproduce the global proper-
ties of the Milky Way and they are assumed to be the same
for all star-forming haloes. The only exceptions are mini-
haloes, in which the star-formation efficiency is supposed to
be reduced to account for ineffective cooling by molecular
hydrogen (Salvadori & Ferrara 2009; Salvadori et al. 2015).
For the details we remind the reader to the original papers.

Let’s first focus on Galactic halo stars. In Fig. 2 we com-
pare the observed Metallicity Distribution Function (MDF)
with model results obtained by assuming that first stars
form according to a Larson IMF with different mass ranges:
M∗ = (10 − 140)M⊙ (top) and M∗ = (10 − 1000)M⊙ (bot-
tom). We can immediately see that the low-Fe tail of the
MDF, which is populated by CEMP-no stars, is extremely
sensitive to the assumed mass range of the first stars (de

Bennassuti et al. 2014). Our models show that a good match
to the observations requires M∗ = (10 − 140)M⊙ (Fig. 2
top). This means that the early metal-enrichment should
be dominated by primordial faint SN, which have masses
M∗ ≈ (10 − 40)M⊙ and produce large amounts of C and
very small of Fe (e.g. Iwamoto et al. 2005). When the con-
tribution from energetic pair instability SN is also accounted
for (Fig 2, bottom), the chemical signature of faint SN is
completely washed out and CEMP-no stars at [Fe/H]< −4.5
are not predicted to exist. According to our findings CEMP-
no stars at [Fe/H]< −5 are truly second-generation objects,
which have been enriched by primordial faint SN only. As
we move towards higher [Fe/H], CEMP-no stars form in en-
vironments polluted by both primordial faint SN and normal
type II SN, which start to dominate the chemical enrichment
at very high redshifts (Salvadori et al. 2014). Normal SN
typeII are the main pollutants of the inter-stellar medium
of formation of C-normal stars, which are predicted to ex-
ist already at [Fe/H]≈ −4.75 (Fig. 2; de Bennassuti et al.
2014; Salvadori et al. 2015). In conclusion, the existence of
CEMP-no stars at [Fe/H]< −4 provide key information on
the mass range of the first stars, suggesting that faint pri-
mordial SN, with M∗ = (10 − 40)M⊙, must have dominated
the early phases of chemical evolution.
Thus, to investigate the incidence of CEMP-no stars in
dwarf galaxies with different luminosities, we can simply
assume that the first stars have all masses M∗ = 25M⊙
and evolve as faint SN (Salvadori et al. 2015). With this
working-hypothesis we find that, at [Fe/H]< −3, the aver-
age fraction of CEMP-no stars with respect to the total fol-
lows almost the same trend in all dwarf galaxies (see Fig. 3
of Salvadori et al. 2015). This “universal” shape is a con-
sequence of the underlying hierarchical ΛCDM model for
structure formation, according to which all galaxies built-
up through merging of progenitor mini-haloes (e.g. Sal-
vadori et al. 2010), where [Fe/H]< −3 stars predominantly
form. In spite of that, we find that the probability to ob-
serve a CEMP-no star in a given [Fe/H] range strongly de-
pends on the galaxy luminosity and it is one order of magni-
tude higher in ultra-faint dwarfs than in the Sculptor dwarf
galaxies (Salvadori et al. 2015). This is due to the dramatic
change, with increasing luminosity, of the MDF of dwarf
galaxies as shown in Fig. 3. We can see that, on average, the
MDFs of ultra-faint dwarfs cover a broader [Fe/H] range
than Sculptor-like dwarfs. Furthermore, they are flatter, and
thus contain more stars at [Fe/H]< −3, where CEMP-no
mostly reside. Such a shape is a consequence of the low star-
formation rate of ultra-faint dwarfs, which are predicted to
be associated to low-mass mini-haloes (Salvadori & Ferrara
2009; Salvadori et al. 2015). More luminous dwarf galax-
ies, instead, result from the merging of these small systems
and more massive progenitors, which assembled at later
epochs from metal enriched regions of the Milky Way envi-
ronment, and have higher star-formation efficiencies. Their
MDFs are hence peaked and shifted towards higher [Fe/H],
where CEMP-no stars can be more likely found.
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Figure 1. Scatter diagram of the corrected A(C) vs. [Fe/H] for our compilation of CEMP stars. The blue and red open circles represent
the 147 CEMP-s/rs stars and 127 CEMP-no stars, respectively (the 31 unclassified CEMP stars are not shown). The black dotted lines
indicate the estimated locations of the carbon peaks, based on a two-component Gaussian fit to the corrected A(C) distribution. The
majority of the CEMP-s/rs stars reside in a region surrounding the high-C peak at A(C) ⇠8.0, while the majority of CEMP-no stars
scatter around the low-C peak at A(C) ⇠6.3. The black solid line provides a reference at [C/Fe] = +0.7. The gray shaded histogram
in the top margin shows the metallicity distribution of the full sample. The gray shaded histogram in the right margin is the corrected
A(C) distribution; the green unfilled histogram is the “as reported” A(C) distribution. Note that the 31 unclassified CEMP stars are not
included in these fits. The black dashed line in the marginal histogram of A(C) represents the midpoint of the two A(C) peaks, used for
separation of CEMP-s/rs stars from CEMP-no stars, as described in the text. A typical error bar for the sample stars we consider is shown
at the bottom left.

teresting outliers” 6. Column (13) of the table provides
the reference to the original study from which our stellar
parameter and abundance information was drawn.
For convenience of the subsequent analysis, we have

listed our program stars in Table 1 in the groupings
described in Section 3 below (Group I, Group II,
and Group III, along with a group without sub-
classifications based on [Ba/Fe]).

6 We group these stars along with other outliers having similar
behavior in Table 3, as described below.

3. RESULTS

Figure 1 shows the corrected A(C) distribution, as
a function of [Fe/H], for our compiled sample of sub-
classified CEMP (147 CEMP-s/rs and 127 CEMP-no)
stars. The remaining 31 unclassified CEMP stars are
not included in Figure 1 and subsequent figures, due
to their lack of available [Ba/Fe] measurements. The
blue and red open circles represent the CEMP-s/rs and
CEMP-no stars, respectively. Note from the marginal
histogram shown on the right side of the figure that
a significant number of the stars among the CEMP-no
sub-sample (those with the lowest A(C), which gener-
ally correspond to the more evolved, higher luminosity

• Evidence for multiple Carbon-Enhanced Metal-Poor progenitors 

• Metallicity Distribution Functions (MDFs) provide crucial constraints for simulationsL8 S. Salvadori et al.

Figure 3. Mass distribution of metal-poor (MP) −2 < [Fe/H] ≤ −1 (left-hand panel), very metal-poor (VMP) −3 < [Fe/H] ≤ −2 (middle panel) and
extremely metal-poor (EMP) −4 < [Fe/H] ≤ −3 (right-hand panel) stars, in the cylindrical coordinate plane (r , |ζ |), normalized to the total MW stellar mass
in the simulation M∗

tot ≈ 4 × 1010 M⊙.

Figure 4. Average formation redshift of DM particles hosting [Fe/H] <

−1 stars in different regions of the (ρ, |ζ |) plane.

more pristine stellar generations becomes gradually more important
at large distances (Fig. 1). Beyond r ∼ 60 kpc very metal-poor stars
are mostly concentrated within dwarf satellites, which are clearly
identified in Fig. 3. This is in agreement with well-known evidence
that the MDF in dwarf galaxies is shifted towards lower [Fe/H]
with respect to the Galactic one (Helmi et al. 2006). Interestingly
extremely metal-poor stars are found only in two dwarfs and, even in
these objects, they represent a subdominant stellar population (≤13
per cent). Beyond 60 kpc the number of EMPs drops implying that
this population is more condensed within such a region.

What determines the spatial distribution of stars with different
[Fe/H]? In addition to the underlying structure formation governed
by DM, there are two key ingredients: (i) the virialization epoch of
the star-forming haloes, which affects the final distribution of DM
and hence of stars; (ii) the metal enrichment history of the GM,
setting the initial Fe abundance of the ISM in newly virializing
haloes. In Fig. 4 we show the average formation redshift of DM
particles hosting [Fe/H] < −1 stars, ⟨z⟩, in the ρ–ζ plane. The
oldest stars populate the innermost region; moreover, ⟨z⟩ gradually
decreases with r =

√
ρ2 + ζ 2. Beyond ∼30 kpc on average ⟨z⟩ < 7.

As for z < 8 the GM has been already enriched up to [Fe/H]GM ≈
−3, extremely metal-poor stars become more rare in such outer
regions; this explain their spatial condensation. Very metal-poor
stars, instead, extend up to 100 kpc as [Fe/H]GM ≈ −2 when z = 5.
Finally, as metal-poor stars predominantly form via self-enrichment
their spatial distribution is unaffected by the GM enrichment and it
is solely determined by hierarchical history of collapsed structures.

A final remark concerns dwarf satellite galaxies. Beyond ∼30 kpc
the dwarf systems can be identified as clumps of high ⟨z⟩ against
the more uniform background. All satellites found in the simulation
are ‘classical’ dwarf galaxies, i.e. they have L > 105 L⊙. Only
two of them, corresponding to rare > 2σ fluctuations, were hosting
Population III stars as they virialized and began to form stars when
z > 11 and ZGM < Zcr. The powerful explosions following the
evolution of Population III stars2 caused the complete blow-away of
gas and metals; long-living stars only form at later times when more
pre-enriched gas is collected by the dwarfs through accretion and
merging processes. No clear imprint of their pristine formation can
be found in these galaxies, which have similar stellar populations
(⟨[Fe/H]⟩ ∼ −2) of ‘normal’ dwarf satellites. Note however that
these galaxies represent the most massive dwarfs we found with
Mh = 1–2 × 109 M⊙ and M∗ = 0.7–1.2 × 107 M⊙. The remaining
80 per cent of dwarfs correspond to <2σ fluctuations which virialize
at later epochs z = (6–8) when [Fe/H]GM > −3. The lack of [Fe/H]
< −3 stars (Helmi et al. 2006) is hence naturally explained in these
objects which have a dark matter Mh = (1–7) × 108 M⊙ and stellar
mass content M∗ = (0.5–7.5) × 106 M⊙ consistent with that of the
observed dwarf spheroidal galaxies.

4 DISCUSSION

Old, [Fe/H] < −2 stars are intrinsically rare in the Galaxy, repre-
senting only ≤ 1 per cent (i.e. ≤ 5 × 108 M⊙) of the total stellar
mass. This makes the selection of VMP stars one of the major chal-
lenges of stellar surveys devoted to their investigation. Our study
shows that (i) the density of −2 < [Fe/H] < −1 stars as a function of
distance from Earth is very steep, following a power law, R−γ , with
γ = 2.2; on the contrary (ii) the density distribution of VMP/EMP
stars exhibits a central core, closely following a β-function,
[(1 + (R/Rc)2]−3β/2, with β = 1.4 and Rc = 20 kpc. Hence,
though both populations are more concentrated towards the centre,
(iii) the relative contribution of [Fe/H] < −2 stars increases from
16 per cent in the inner halo (at galactocentric distances r < 20 kpc)
to >40 per cent in the outer halo, in good agreement with the obser-
vational results by Carollo et al. (2007, 2009).3 Our findings suggest

2 Massive Population III stars evolve as pair-instability SN. For mPopIII =
200 M⊙ the explosion energy is 2.7 × 1052 erg.
3 The low-metallicity bias in their data sample, leading to an underestimate
of the number of [Fe/H] >−2 stars, prevents a rigorous comparison between
simulated and observed MDFs.
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SDSS - UV EXCESS

Fig. 2.—Correlation of spectroscopic effective temperature (top left) and metallicity (top right) with the position of a star in the g! r vs. u! g color-color diagram.
The color scheme shows the median values in all 0.02 mag by 0.02 mag large pixels that contain at least 10 stars. The distribution of stars in an imaging sample with
g < 19:5 is shown by linearly spaced contours. The filled circles show the synthetic colors for the Pickles (1998) solar metallicity standards (F0, F2, F5, F6, F8, and G0,
from bottom to top), taken from Covey et al. (2007). The triangular region marked ‘‘TOO FAINT’’ in the top right panel contains no stars, due to the g < 19:5 flux limit
and the fact that low-metallicity stars are generally more distant and fainter than high-metallicity stars. The bottom left panel shows the median residuals between the
spectroscopicmetallicity and photometric estimates based on eq. (4). Their rms scatter (over all pixels) is 0.06 dex. The bottom right panel shows amap of the rms scatter of
metallicity for individual stars in each pixel. Its median value is 0.21 dex. The scatter is larger for weak-lined low-metallicity stars ("0.3 dex) than for high-metallicity stars
("0.15 dex), as expected.

(Ivezić et al. 2008)

Fig. 2.—Correlation of spectroscopic effective temperature (top left) and metallicity (top right) with the position of a star in the g! r vs. u! g color-color diagram.
The color scheme shows the median values in all 0.02 mag by 0.02 mag large pixels that contain at least 10 stars. The distribution of stars in an imaging sample with
g < 19:5 is shown by linearly spaced contours. The filled circles show the synthetic colors for the Pickles (1998) solar metallicity standards (F0, F2, F5, F6, F8, and G0,
from bottom to top), taken from Covey et al. (2007). The triangular region marked ‘‘TOO FAINT’’ in the top right panel contains no stars, due to the g < 19:5 flux limit
and the fact that low-metallicity stars are generally more distant and fainter than high-metallicity stars. The bottom left panel shows the median residuals between the
spectroscopicmetallicity and photometric estimates based on eq. (4). Their rms scatter (over all pixels) is 0.06 dex. The bottom right panel shows amap of the rms scatter of
metallicity for individual stars in each pixel. Its median value is 0.21 dex. The scatter is larger for weak-lined low-metallicity stars ("0.3 dex) than for high-metallicity stars
("0.15 dex), as expected.

➤ (u-g) (g-r) polynomials, saturation below [Fe/H] < -2.2



SKY MAPPER 

SkyMapper Extremely Metal-poor Stars 7

0 0.5 1.0 1.5 2.0

(g-i) APASS

-0.5

0

0.5

1.0

m

[Fe/H]
-5
-4
-3

-2

-1

0

6500K 4500K

(g-i) APASS

0.8 1 1.2 1.4 1.6 1.8

-5

-4

-3

-2

-1

0

[F
e/

H
]

%
 R

ecovered

Figure 4. Left: The m, (g � i) colour-colour diagram for a typical field. Here standard (g � i) is utilised for the purpose of comparison
of the 12 Gyr isochrones from Dotter et al. (2008) with a range of metallicities (solid lines). Near-vertical solid lines show indicative
e↵ective temperatures from 6500K to 4500K in 500K steps. Right: The selection probability as a function of target (g � i) colour and
metallicity.
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Figure 5. The synthetic spectra of a Solar metallicity Teff = 5200 K, log g = 2.5 star (solid line), compared to that of a scaled-solar
composition star with [Fe/H] = �5.5 (dashed) and a [Fe/H] = �5.5 star with [C/Fe] = +4 (dotted) with identical temperature and
surface gravity. Overlain are the filter bandpasses for the SkyMapper u, v, and g filters.

approach (e.g., excitation and ionisation balance for
FeI and FeII lines) the stellar parameters are deduced.
Stars from the 2.3m residing in the footprint of exist-

ing VISTA Hemisphere Survey photometry, are the ba-
sis of observations with the UVES spectrograph (Dekker
et al. 2000) on the European Southern Observatory’s
Very Large Telescope. These observations are facilitated
by collaboration with the Gaia-ESO Survey (Gilmore
et al. 2012). The Gaia-ESO Survey will target the range
of Galactic components, bulge, disk, and halo, in or-
der to constrain the evolution of these fundamental

structures. SkyMapper-based EMP stars with confirm-
ing medium-resolution spectra, are observed UVES fi-
bres in Gaia-ESO Survey fields, where available. The
stars are observed for between 4-8 hours with the stan-
dard UVES RED580 setting (providing R ⇠ 47, 000).
The spectra of SkyMapper targets are then pipeline re-
duced and analysed by the Spectroscopy Made Easy
(SME, Valenti & Piskunov, 1996) -based analysis pack-
age. The package uses MARCS model atmospheres by
Gustafsson et al. (2008) and line lists that are common
to the Gaia-ESO survey (Heiter et al. 2014). Previously,

PASA (2014)
doi:10.1017/pas.2014.xxx

(Keller et al. 2014)

• Australian National University Spring Observatory 

• Broadly based on SDSS ugriz filter set 

• Introduced intermediate-band v filter 

• Anticipated ~1,300 EMP stars ([Fe/H] < -3) 

• Found most metal-poor star known ([Fe/H] < -7.1) 
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of the 12 Gyr isochrones from Dotter et al. (2008) with a range of metallicities (solid lines). Near-vertical solid lines show indicative
e↵ective temperatures from 6500K to 4500K in 500K steps. Right: The selection probability as a function of target (g � i) colour and
metallicity.
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Figure 5. The synthetic spectra of a Solar metallicity Teff = 5200 K, log g = 2.5 star (solid line), compared to that of a scaled-solar
composition star with [Fe/H] = �5.5 (dashed) and a [Fe/H] = �5.5 star with [C/Fe] = +4 (dotted) with identical temperature and
surface gravity. Overlain are the filter bandpasses for the SkyMapper u, v, and g filters.
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Figure 5. The synthetic spectra of a Solar metallicity Teff = 5200 K, log g = 2.5 star (solid line), compared to that of a scaled-solar
composition star with [Fe/H] = �5.5 (dashed) and a [Fe/H] = �5.5 star with [C/Fe] = +4 (dotted) with identical temperature and
surface gravity. Overlain are the filter bandpasses for the SkyMapper u, v, and g filters.
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Figure 1. Synthetic spectra using (OS)MARCS stellar atmo-
spheres and the Turbospectrum code (see section 2.1 for details)
of stars on three di↵erent places on the giant branch with metallic-
ities [Fe/H] = 0.0 (red), [Fe/H] = �1.0 (orange), [Fe/H] = �2.0
(green), [Fe/H] = �3.0 (blue), and for a star with no metals
(black). In the top panel the throughput of the Ca H & K filter
used in Pristine is overplotted (black dashed line).

Figure 2. Scaled throughput curves of the Pristine Ca H & K
filter (red) and the SkyMapper v filter (grey) plotted over syn-
thetic model spectra of an extremely metal-poor giant. The black
spectrum is additionally enhanced in C and N by 2 dex.

oldest) components of the Milky Way halo that will help
dissect the Milky Way’s past.

2 THE SURVEY AND DATA REDUCTION

2.1 The Ca H & K filter properties

Figures 1 and 2 illustrate the properties of the Ca H & K
filter used for Pristine (a.k.a. CFHT/Megacam narrow-band
filter 93032). The filter is manufactured by Materion and was
received by CFHT in November 2014. It is designed to be

2 See http://www.cfht.hawaii.edu/Instruments/Filters/

megaprime.html for the filter curve.

close to top-hat in its throughput filter curve as a function

of wavelength. By design, the filter with a ⇠ 100
�
A width

covers only the wavelengths of the Ca H & K doublet lines

(at 3968.5 and 3933.7
�
A), making it especially suited for our

science. For the remainder of the paper we will refer to this
filter as the CaHK filter, and to its measured magnitudes
as CaHK magnitudes. For comparison, we also show the
SkyMapper v filter used for the same purpose. Clearly, the
CFHT CaHK filter is narrower and more top-hat, resulting
in a better sensitivity to the Ca H & K line strength and
less danger of leakage from other features such as strong
molecular bands in C- and N-enhanced stars, as can be seen
from the di↵erence between the blue and black spectra on
the figure.

The expected discriminative power of the CaHK filter
is further demonstrated in Figure 3. The left panel of this
figure shows the rang Fe of a spectral library in temperature
and gravity and compares this with the stars as expected in
a 100 deg2 high- latitude field in an anti-centre direction as
indicated by the Besançon model of the Galaxy (Robin et al.
2003). We have created a library of synthetic spectra, illus-
trated here by the grey boxes, with large ranges in e↵ective
temperature, gravity and metallicity (�4.0 <[Fe/H]< +0.0)
using (OS)MARCS stellar atmospheres and the Turbospec-
trum code (Alvarez & Plez 1998; Gustafsson et al. 2008;
Plez 2008). All elements are treated as scaled from solar
abundances, with exception of the ↵-elements that are en-
hanced relative to scaled solar by +0.4 in the models with
[Fe/H]< �1.0. Several individual spectra from this library
are shown in Figures 1 and 2. For each combination of stellar
parameters in the synthetic grid, we evaluate if indeed such
a star is physically expected, by checking if that box of tem-
perature, log(g) and metallicity is filled with a star in the Be-
sançon model. All verified synthetic spectra are subsequently
integrated with the response curves of the photometric Sloan
bands and average response curve of the CaHK filter. If a
star with [Fe/H]< �2 is found for that combination of stellar
parameters, we include all models of [Fe/H]< �2 and lower,
motivated by the fact that these stars are too rare to find all
possible physical combinations in a 100 deg2 field-of-view in
the Besançon model, but that isochrones generally change
very little at these lowest metallicities. We additionally syn-
thesise all [Fe/H]=�4 models while taking out any absorp-
tion lines by atoms or molecules heavier than Li. This set of
additional synthetic spectra represents our approximation
to stars without any metals at all. The right panel of Figure
3 demonstrates that the added CaHK filter compared with
Sloan broad bands is a very powerful tool to select metal-
poor stars. The additional (g � i)0 term on the y-axis is
purely used to flatten the relation such that the fanning out
of the di↵erent metallicities is oriented from top to bottom.
The size of the symbols is inversely proportional to their sur-
face gravities (larger symbols are giant stars, smaller symbol
stars are main-sequence dwarfs). As can be seen from Fig-
ure 3, the surface gravities have some impact on the exact
placement of the star in this colour-colour space but, espe-
cially for low-metallicity stars, the e↵ect of gravity di↵er-
ences between a main-sequence star red giant is much less
pronounced than the metallicity information. The synthetic
spectra that are run without any metals are shown as black
symbols. As the Ca H&K absorption lines get weaker with

MNRAS 000, 000–000 (0000)

• 1,000deg2 of the Galactic Halo, within SDSS 

• 26% success rate for uncovering [Fe/H]<-3.0 

• 80% of remaining candidates [Fe/H]<-2.0
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Figure 12. Left: Same as Figure 11 for the favoured SDSS/SEGUE SSPP metallicity values FEHANNRR. The coloured lines are fits to
synthetic spectra model predictions for stars with [Fe/H] = �1.0, �2.0, �3.0, and with no metal lines (orange, green, blue, and black,
respectively). Right: The same, but with contaminants removed (see sub-section 3.1 for more detail).

Figure 13. Left panel: Pristine photometric [Fe/H] as determined by the photometric calibration described in the text using the CaHK 0

magnitudes and SDSS g0 and i0, compared to the spectroscopic [Fe/H] as determined from SDSS and SDSS/SEGUE spectra by the
FEHANNRR method in SSPP. Middle panel: Pristine photometric [Fe/H] compared to the spectroscopic [Fe/H] as determined by the
LAMOST pipeline in the LAMOST DR2 sample. Right panel: Broad-band photometric [Fe/H] as determined from SDSS u0, g0, and
i0 alone, following the calibration of Ivezić et al. (2008) and their colour cuts for their more stringent sample restricted to stars with
(g�r)0 < 0.4 (i.e., the hotter stars close to the turn-o↵). The symbol sizes in all panels are inversely linearly dependent on the metallicity
on the x-axis, to allow both a good view on the sparser metal-poor population and dense metal-rich population. The numbers in the
panels indicate the number of stars in the sample. Because of the extra colour cuts for the metallicity calibration with broad-band colours
by Ivezić et al. (2008), the right panel has far fewer stars than the left panel.

sian fit standard deviation of only ⇡ 0.22 dex throughout
the full metallicity range. The Gaussian fit is systematically
o↵set by ⇡ �0.08 dex, in the sense that the Pristine metal-
licities are generally a bit more metal-poor. The dominance
of high-metallicity outliers scattering into the lower metallic-
ity regime, as mentioned above, is probably the driving force
behind this small systematic o↵set and we therefore decide
not to correct for it. The standard deviation remains sta-
ble at the low-metallicity end and increases only slightly to
⇡ 0.23 for [Fe/H] < �1.5 and to ⇡ 0.24 for [Fe/H] < �2.0.
In particular, for this lower metallicity regime, this means

that the total uncertainty is not much larger than the un-
certainty expected from systematics in the measurement of
CaHK magnitudes. Even though this set of data is iden-
tical to the training set, and thus they are by definition
on the same metallicity scale, the small scatter in the full
sample does illustrate the excellent metallicity sensitivity of
the CaHK filter. Further, more precise, metallicity measure-
ments and the determination of abundance ratios for several
elements can be reached by follow-up spectroscopy.

In addition to the SDSS/SEGUE sample, 21,800 Pris-
tine stars are also present with measurements for their ve-
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certainty expected from systematics in the measurement of
CaHK magnitudes. Even though this set of data is iden-
tical to the training set, and thus they are by definition
on the same metallicity scale, the small scatter in the full
sample does illustrate the excellent metallicity sensitivity of
the CaHK filter. Further, more precise, metallicity measure-
ments and the determination of abundance ratios for several
elements can be reached by follow-up spectroscopy.

In addition to the SDSS/SEGUE sample, 21,800 Pris-
tine stars are also present with measurements for their ve-

MNRAS 000, 000–000 (0000)



JAVALAMBRE PHOTOMETRIC LOCAL UNIVERSE SURVEY
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Table 3. J-PLUS filter system

Name Central Wavelength FWHM Comments
[nm] [nm]

u 348.5 50.8 In common with J-PAS
J0378 378.5 16.8 [OII]; in common with J-PAS
J0395 395.0 10.0 Ca H+K
J0410 410.0 20.0 H�
J0430 430.0 20.0 G-band
g 480.3 140.9 SDSS
J0515 515.0 20.0 Mgb Triplet
r 625.4 138.8 SDSS
J0660 660.0 13.8 H↵; in common with J-PAS
i 766.8 153.5 SDSS
J0861 861.0 40.0 Ca Triplet
z 911.4 140.9 SDSS

by the width of the intermediate line filters. In addition, the two
narrow band filters are ideal for mapping the star formation rates
in nearby galaxies in the range 0 < z < 0.015. These considera-
tions will be revisited later in Sect. 4.

2.4. J-PLUS survey strategy

As explained in Sect. 1, one of the main goals of J-PLUS is to
provide reliable stellar SEDs for millions of stars in the MW
halo. For this goal, simulations reveal that it is su�cient with
getting SNR� 50 for all stars brighter than AB⇠18 in each J-
PLUS filter. Given the T80Cam field of view of 2 deg2, there are
more than one thousand stars per pointing and filter that reach
AB⇠18 in the Galactic halo. In terms of limiting magnitude,
guaranteeing the above numbers is approximately equivalent to
reaching AB⇠21.0 for SNR� 3 for point-like sources, in a circu-
lar aperture of 3 arcsec. This depth is su�cient for guaranteeing
unprecedented IFU-like science for thousands of nearby galax-
ies, both for 2D stellar populations gradients and SFR studies.

Table 4. Summary of the J-PLUS limiting magnitudes and zero point
calibration.

Filter mJ�PLUS
lim mEDR

lim hZPi �ZP
u 21.00 21.6 20.3 0.05

J0378 21.00 21.5 20.3 0.06
J0395 21.00 21.4 20.3 0.07
J0410 21.25 21.5 20.3 0.06
J0430 21.25 21.5 20.3 0.06
g 22.00 22.2 20.3 0.04

J0515 21.25 21.4 20.3 0.04
r 22.00 21.9 20.3 0.04

J0660 21.25 21.3 20.3 0.04
i 21.75 20.8 20.3 0.04

J0861 20.50 20.8 20.3 0.05
z 20.75 20.5 20.3 0.02

The exposure times of J-PLUS are computed in order to
guarantee the required signal-to-noise at mag 18 (or, which is
the same, the limiting magnitudes which have been discussed
before). Since J-PLUS is observed at di↵erent moon phases and
moon distances, it is obvious that the optimal exposure time will
depend on the brightness of the sky. For this reason, during com-
missioning we have modeled empirically the dependence of the
sky brightness with both distance and phase of the Moon. The
sky brightness at every J-PLUS pointing is then given as input

to the exposure time calculator, which is used to determine the
particular exposure time for that pointing at that time. Given the
change of background, observing in the 12 filters lasts typically
about 35 minutes in dark time and about 1.5 hours in bright time.

With the goal of observing the same ⇠ 8500 deg2 in the foot-
print of J-PAS, J-PLUS is scheduled in ⇠ 4000 pointings. For
the most immediate observations, three priority areas have been
selected amounting to about 1500 deg2:

– Priority Area – North 1 (PAN1): 120 < RA < 180 and 30
< DEC < 42. This area (580 deg2) overlaps with eROSITA-
Germany and UKIDSS-LAS-1 fields.

– Priority Area – North 2 (PAN2):180 < RA < 245 and 42.5
< DEC < 57; this area (610 deg2) overlaps with HETDEX,
ELAIS-N1, and ALHAMBRA-6 fields.

– Priority Area – South (PAS); 0 < RA < 42.2 and -5 < DEC
< 8; this area (550 deg2) overlaps with the SDSS Stripe 82.

In general, each field is observed when its observability is op-
timal. In any case, at airmass lower than 1.5 and seeing better
than 1.5”. The ultimate observing sequence is managed by the
J-PLUS Scheduler and Sequencer according to predefined ob-
servability, e�ciency and image quality criteria.

The time domain is also considered as part of the J-PLUS
strategy. Whenever the night conditions are not good enough to
guarantee a reliable photometric calibration of the data, the pri-
ority is given to repeat fields that have already been observed by
J-PLUS (in which filters? XXX). This strategy allows to end up
with several fields in which di↵erent epochs are available to face
time domain science. Because of the unpredictable character of
weather, we cannot guarantee a certain time base in these data,
typically varying from a day to a few weeks but with no regular
cadence.

2.5. J-PLUS pipelines and data management

The J-PLUS data are handled and processed using the pipelines
and data management software developed by the Data Process-
ing and Archiving Unit (Unidad de Procesado y Archivo de
Datos; hereafter UPAD) at CEFCA to process both the J-PLUS
and J-PAS data. In this sense, J-PLUS data can be seen as a
workbench in the development of the J-PAS pipelines. The data
management infrastructure is designed to handle the enormous
data flow produced by the OAJ panoramic cameras making op-
timal use of the hardware deployed at the datacenter. In a first
stage, the Data Management Software automatically processes,
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Figure 12. Left: Same as Figure 11 for the favoured SDSS/SEGUE SSPP metallicity values FEHANNRR. The coloured lines are fits to
synthetic spectra model predictions for stars with [Fe/H] = �1.0, �2.0, �3.0, and with no metal lines (orange, green, blue, and black,
respectively). Right: The same, but with contaminants removed (see sub-section 3.1 for more detail).

Figure 13. Left panel: Pristine photometric [Fe/H] as determined by the photometric calibration described in the text using the CaHK 0

magnitudes and SDSS g0 and i0, compared to the spectroscopic [Fe/H] as determined from SDSS and SDSS/SEGUE spectra by the
FEHANNRR method in SSPP. Middle panel: Pristine photometric [Fe/H] compared to the spectroscopic [Fe/H] as determined by the
LAMOST pipeline in the LAMOST DR2 sample. Right panel: Broad-band photometric [Fe/H] as determined from SDSS u0, g0, and
i0 alone, following the calibration of Ivezić et al. (2008) and their colour cuts for their more stringent sample restricted to stars with
(g�r)0 < 0.4 (i.e., the hotter stars close to the turn-o↵). The symbol sizes in all panels are inversely linearly dependent on the metallicity
on the x-axis, to allow both a good view on the sparser metal-poor population and dense metal-rich population. The numbers in the
panels indicate the number of stars in the sample. Because of the extra colour cuts for the metallicity calibration with broad-band colours
by Ivezić et al. (2008), the right panel has far fewer stars than the left panel.

sian fit standard deviation of only ⇡ 0.22 dex throughout
the full metallicity range. The Gaussian fit is systematically
o↵set by ⇡ �0.08 dex, in the sense that the Pristine metal-
licities are generally a bit more metal-poor. The dominance
of high-metallicity outliers scattering into the lower metallic-
ity regime, as mentioned above, is probably the driving force
behind this small systematic o↵set and we therefore decide
not to correct for it. The standard deviation remains sta-
ble at the low-metallicity end and increases only slightly to
⇡ 0.23 for [Fe/H] < �1.5 and to ⇡ 0.24 for [Fe/H] < �2.0.
In particular, for this lower metallicity regime, this means

that the total uncertainty is not much larger than the un-
certainty expected from systematics in the measurement of
CaHK magnitudes. Even though this set of data is iden-
tical to the training set, and thus they are by definition
on the same metallicity scale, the small scatter in the full
sample does illustrate the excellent metallicity sensitivity of
the CaHK filter. Further, more precise, metallicity measure-
ments and the determination of abundance ratios for several
elements can be reached by follow-up spectroscopy.

In addition to the SDSS/SEGUE sample, 21,800 Pris-
tine stars are also present with measurements for their ve-
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Å

�
1
]

Spectral class : K3

3000 4000 5000 6000 7000 8000 9000
Wavelength [Å]
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Fig. 10. J-PLUS photo-spectra of the four stars marked in Fig. ??. The gray lines show the SDSS spectra of these stars.

Fig. 11. Left: Surface temperature predictions for a subset of J-PLUS EDR made with a synthetically trained network. Right: Metallicity predictions
for a synthetic validation set. In both networks, estimates are compared to the accepted values from the SSPP.

significantly the evolutionary and chemical path of the stars in-
volved.

A continuum plus emission-line spectrum is characteristic
of these two kind of nebulae. They show strong hydrogen and
helium recombination lines (e.g. H↵, He ii) as well as a number
of low- and high-excitation lines (e.g [O iii], or even [Fe v] and
O vi in the case of SySts) thus being ideal targets to be searched
by J-PLUS, in the direction of the north Galactic halo. Moreover,
SySts’ spectra (see, for instance, Munari & Zwitter 2002) are
also rich in absorption features, like TiO, VO and others, due to
the presence of the cool companion (with M, K or G spectral
types).

Besides the strong e↵orts to increase the number of Galactic
PNe presently known (⇠3000, Parker et al. 2012), only 14 of

them are classified as halo PNe (HPNe; Otsuka, Hyung & Tajitsu
2015). Nevertheless, much more PNe are certainly hidden in the
Galactic halo, since PNe (SySts) range of masses dominates the
halo stellar population. Regarding SySts, 251 are known in our
Galaxy and from them only 5 percent are located in the regime
of latitudes |b|>30 degrees (Akras et al., submitted).

Given the lack of PNe and SySts in the Galactic halo, we
aim at performing the first systematic search of these evolved
objects, at high latitudes, by using the set of the 12 filters of
the J-PLUS survey. These twelve magnitudes allow a number of
colour combinations, by far more numerous than those used in
any previous search (for instance in IPHAS, Drew et al. 2005,
or VPHAS, Drew et al. 2014), making much easier to distin-
guish them from other emission line objects. In Fig. ?? we re-
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Figure 1. (a) A mathematical model of a biological neuron. (b) A schematic diagram of a neural network with one hidden layer.

output feature maps, we convolve each feature map with a set of
weights called filters, and apply a non-linearity such as ReLU to
the weighted sum of these convolutions. Di↵erent feature maps use
di↵erent sets of filters, but all neurons in a feature map share the
same set of filters. Mathematically, we replace the dot product in
Equation 1 with a sum of convolutions. Thus, the k-th feature map
is given by

yk = �

0
BBBBB@
X

m
w

k
m ⇤ xm +bk

1
CCCCCA , (6)

where we sum over the set of input feature maps, ⇤ is the convolu-
tion operator, and w

k
m represent the filters.

Typically, a pooling layer computes the maximum of a lo-
cal 2⇥ 2 patch in a feature map (Krizhevsky et al. 2012). Since
the pooling layer aggregates the activations of neighboring units
from the previous layer, it reduces the dimensionality of the fea-
ture maps and makes the model invariant to small shifts and dis-
tortions (Boureau et al. 2010) . Two or more layers of convolution
and pooling are stacked, followed by more convolutional and fully-
connected layers.

3.3 Neural Network Architecture

We present the overall architecture of our ConvNet model in Ta-
ble 1. The network consists of eleven trainable layers. The first
convolutional layer filters the 5⇥44⇥44 input image (i.e., 44⇥44
images in five bands ugriz) with 32 square filters of size 5⇥ 5⇥ 5.
We have also experimented with using only three bands gri (for
three channels of RGB) and four bands ugri and griz (correspond-
ing to RGBA), and using only colors, e.g., u�g, g� r, r� i, and/or
i�z, but we find that using magnitudes in all five bands ugriz yields
the best performance.

The leaky ReLU non-linearity is applied to the output of the
first convolutional layer (and all subsequent layers), and the sec-
ond convolutional layer filters it with 32 filters of 32⇥ 3⇥ 3. In
the second convolutional layer (and all subsequent convolutional
layers), we pad the input with zeros spatially on the border (i.e.,
the zero-padding is 1 pixel for 3⇥3 convolutional layers) such that
the spatial resolution is preserved after convolution. Max-pooling
with filters of size 2 ⇥ 2 follows the second convolutional layer.
A stack of six additional convolutional layers, all with filters of
size 3⇥3, is followed by three fully-connected layers. The first two
fully-connected layers have 2048 channels each, and the third per-
forms binary classification.

The output of the final fully-connected layer is fed to a softmax
function. The softmax function is given by

P(G | x) =
ex·wG

P
i ex·wi

, (7)

where we sum over the di↵erent possible values of the class label
(i.e., star or galaxy), and interpret its output as the posterior prob-
ability that an object is a galaxy (or a star). We note that we could
also try to solve a regression problem, e.g., by normalizing the out-
put values that the network produces for each class. However, we
find that solving a regression problem instead of using the softmax
function results in significantly worse performance.

We have performed a manual search to explore more than 200
combinations of di↵erent architectures and hyperparameters to find
an architecture that minimizes the loss function (Equation 4) on the
validation set of the SDSS data. The architecture described in this
section provides the best performance on the SDSS validation set.
To test how this model performs across di↵erent, related data, we
use the same architecture on the CFHTLenS data set.

The architecture of Krizhevsky et al. (2012) uses relatively
large receptive fields (11 ⇥ 11) in the first convolutional layers.
Zeiler & Fergus (2014) and Dieleman et al. (2015b) also use large
receptive fields of 7⇥ 7 and 6⇥ 6 in the first convolution layer, re-
spectively. However, we find that using a receptive field larger than
5⇥ 5 in the first convolutional layer leads to worse performance.
This result is in agreement with the network of Simonyan & Zis-
serman (2014), which has become known as “VGGNet". VGGNet
features an extremely homogeneous architecture that only performs
3⇥ 3 convolutions. Using a large receptive field instead of a stack
of multiple 3⇥ 3 convolutions leads to a shallower network, and it
is often preferable to increase the depth by using smaller receptive
fields. However, we find that replacing the first layer with a stack
of two 3⇥3 convolutional layers increases the validation error, and
thus use a 5⇥5 convolution in the first layer.

In the remaining layers, we still follow VGGNet and add many
3⇥ 3 convolutions (with zero-padding of size 1 pixel). Note that
with the padding of 1 pixel for 3⇥3 convolutional layers, the spatial
resolution will be preserved after convolution. Such preservation
of spatial resolution allows us to build relatively deep networks, as
shown in Table 1. The main contribution of VGGNet is in showing
that the depth plays an important role in good performance. In our
case, we start with four convolutional layers and progressively add
more layers, while monitoring the validation loss; we stop at eight
convolutional layers after we find that adding more layers leads to
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output feature maps, we convolve each feature map with a set of
weights called filters, and apply a non-linearity such as ReLU to
the weighted sum of these convolutions. Di↵erent feature maps use
di↵erent sets of filters, but all neurons in a feature map share the
same set of filters. Mathematically, we replace the dot product in
Equation 1 with a sum of convolutions. Thus, the k-th feature map
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where we sum over the set of input feature maps, ⇤ is the convolu-
tion operator, and w
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m represent the filters.

Typically, a pooling layer computes the maximum of a lo-
cal 2⇥ 2 patch in a feature map (Krizhevsky et al. 2012). Since
the pooling layer aggregates the activations of neighboring units
from the previous layer, it reduces the dimensionality of the fea-
ture maps and makes the model invariant to small shifts and dis-
tortions (Boureau et al. 2010) . Two or more layers of convolution
and pooling are stacked, followed by more convolutional and fully-
connected layers.

3.3 Neural Network Architecture

We present the overall architecture of our ConvNet model in Ta-
ble 1. The network consists of eleven trainable layers. The first
convolutional layer filters the 5⇥44⇥44 input image (i.e., 44⇥44
images in five bands ugriz) with 32 square filters of size 5⇥ 5⇥ 5.
We have also experimented with using only three bands gri (for
three channels of RGB) and four bands ugri and griz (correspond-
ing to RGBA), and using only colors, e.g., u�g, g� r, r� i, and/or
i�z, but we find that using magnitudes in all five bands ugriz yields
the best performance.

The leaky ReLU non-linearity is applied to the output of the
first convolutional layer (and all subsequent layers), and the sec-
ond convolutional layer filters it with 32 filters of 32⇥ 3⇥ 3. In
the second convolutional layer (and all subsequent convolutional
layers), we pad the input with zeros spatially on the border (i.e.,
the zero-padding is 1 pixel for 3⇥3 convolutional layers) such that
the spatial resolution is preserved after convolution. Max-pooling
with filters of size 2 ⇥ 2 follows the second convolutional layer.
A stack of six additional convolutional layers, all with filters of
size 3⇥3, is followed by three fully-connected layers. The first two
fully-connected layers have 2048 channels each, and the third per-
forms binary classification.

The output of the final fully-connected layer is fed to a softmax
function. The softmax function is given by
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(i.e., star or galaxy), and interpret its output as the posterior prob-
ability that an object is a galaxy (or a star). We note that we could
also try to solve a regression problem, e.g., by normalizing the out-
put values that the network produces for each class. However, we
find that solving a regression problem instead of using the softmax
function results in significantly worse performance.

We have performed a manual search to explore more than 200
combinations of di↵erent architectures and hyperparameters to find
an architecture that minimizes the loss function (Equation 4) on the
validation set of the SDSS data. The architecture described in this
section provides the best performance on the SDSS validation set.
To test how this model performs across di↵erent, related data, we
use the same architecture on the CFHTLenS data set.

The architecture of Krizhevsky et al. (2012) uses relatively
large receptive fields (11 ⇥ 11) in the first convolutional layers.
Zeiler & Fergus (2014) and Dieleman et al. (2015b) also use large
receptive fields of 7⇥ 7 and 6⇥ 6 in the first convolution layer, re-
spectively. However, we find that using a receptive field larger than
5⇥ 5 in the first convolutional layer leads to worse performance.
This result is in agreement with the network of Simonyan & Zis-
serman (2014), which has become known as “VGGNet". VGGNet
features an extremely homogeneous architecture that only performs
3⇥ 3 convolutions. Using a large receptive field instead of a stack
of multiple 3⇥ 3 convolutions leads to a shallower network, and it
is often preferable to increase the depth by using smaller receptive
fields. However, we find that replacing the first layer with a stack
of two 3⇥3 convolutional layers increases the validation error, and
thus use a 5⇥5 convolution in the first layer.

In the remaining layers, we still follow VGGNet and add many
3⇥ 3 convolutions (with zero-padding of size 1 pixel). Note that
with the padding of 1 pixel for 3⇥3 convolutional layers, the spatial
resolution will be preserved after convolution. Such preservation
of spatial resolution allows us to build relatively deep networks, as
shown in Table 1. The main contribution of VGGNet is in showing
that the depth plays an important role in good performance. In our
case, we start with four convolutional layers and progressively add
more layers, while monitoring the validation loss; we stop at eight
convolutional layers after we find that adding more layers leads to
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output feature maps, we convolve each feature map with a set of
weights called filters, and apply a non-linearity such as ReLU to
the weighted sum of these convolutions. Di↵erent feature maps use
di↵erent sets of filters, but all neurons in a feature map share the
same set of filters. Mathematically, we replace the dot product in
Equation 1 with a sum of convolutions. Thus, the k-th feature map
is given by
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0
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where we sum over the set of input feature maps, ⇤ is the convolu-
tion operator, and w

k
m represent the filters.

Typically, a pooling layer computes the maximum of a lo-
cal 2⇥ 2 patch in a feature map (Krizhevsky et al. 2012). Since
the pooling layer aggregates the activations of neighboring units
from the previous layer, it reduces the dimensionality of the fea-
ture maps and makes the model invariant to small shifts and dis-
tortions (Boureau et al. 2010) . Two or more layers of convolution
and pooling are stacked, followed by more convolutional and fully-
connected layers.

3.3 Neural Network Architecture

We present the overall architecture of our ConvNet model in Ta-
ble 1. The network consists of eleven trainable layers. The first
convolutional layer filters the 5⇥44⇥44 input image (i.e., 44⇥44
images in five bands ugriz) with 32 square filters of size 5⇥ 5⇥ 5.
We have also experimented with using only three bands gri (for
three channels of RGB) and four bands ugri and griz (correspond-
ing to RGBA), and using only colors, e.g., u�g, g� r, r� i, and/or
i�z, but we find that using magnitudes in all five bands ugriz yields
the best performance.

The leaky ReLU non-linearity is applied to the output of the
first convolutional layer (and all subsequent layers), and the sec-
ond convolutional layer filters it with 32 filters of 32⇥ 3⇥ 3. In
the second convolutional layer (and all subsequent convolutional
layers), we pad the input with zeros spatially on the border (i.e.,
the zero-padding is 1 pixel for 3⇥3 convolutional layers) such that
the spatial resolution is preserved after convolution. Max-pooling
with filters of size 2 ⇥ 2 follows the second convolutional layer.
A stack of six additional convolutional layers, all with filters of
size 3⇥3, is followed by three fully-connected layers. The first two
fully-connected layers have 2048 channels each, and the third per-
forms binary classification.

The output of the final fully-connected layer is fed to a softmax
function. The softmax function is given by

P(G | x) =
ex·wG

P
i ex·wi

, (7)

where we sum over the di↵erent possible values of the class label
(i.e., star or galaxy), and interpret its output as the posterior prob-
ability that an object is a galaxy (or a star). We note that we could
also try to solve a regression problem, e.g., by normalizing the out-
put values that the network produces for each class. However, we
find that solving a regression problem instead of using the softmax
function results in significantly worse performance.

We have performed a manual search to explore more than 200
combinations of di↵erent architectures and hyperparameters to find
an architecture that minimizes the loss function (Equation 4) on the
validation set of the SDSS data. The architecture described in this
section provides the best performance on the SDSS validation set.
To test how this model performs across di↵erent, related data, we
use the same architecture on the CFHTLenS data set.

The architecture of Krizhevsky et al. (2012) uses relatively
large receptive fields (11 ⇥ 11) in the first convolutional layers.
Zeiler & Fergus (2014) and Dieleman et al. (2015b) also use large
receptive fields of 7⇥ 7 and 6⇥ 6 in the first convolution layer, re-
spectively. However, we find that using a receptive field larger than
5⇥ 5 in the first convolutional layer leads to worse performance.
This result is in agreement with the network of Simonyan & Zis-
serman (2014), which has become known as “VGGNet". VGGNet
features an extremely homogeneous architecture that only performs
3⇥ 3 convolutions. Using a large receptive field instead of a stack
of multiple 3⇥ 3 convolutions leads to a shallower network, and it
is often preferable to increase the depth by using smaller receptive
fields. However, we find that replacing the first layer with a stack
of two 3⇥3 convolutional layers increases the validation error, and
thus use a 5⇥5 convolution in the first layer.

In the remaining layers, we still follow VGGNet and add many
3⇥ 3 convolutions (with zero-padding of size 1 pixel). Note that
with the padding of 1 pixel for 3⇥3 convolutional layers, the spatial
resolution will be preserved after convolution. Such preservation
of spatial resolution allows us to build relatively deep networks, as
shown in Table 1. The main contribution of VGGNet is in showing
that the depth plays an important role in good performance. In our
case, we start with four convolutional layers and progressively add
more layers, while monitoring the validation loss; we stop at eight
convolutional layers after we find that adding more layers leads to

MNRAS 000, 1–13 (2016)

(Kim et al. 2016)

Feed-forward network 

Stochastic gradient descent 



ARTIFICIAL NEURAL NETWORKS
4 E. J. Kim and R. J. Brunner

x0
w0

w1x1

w2x2

w3x3

w

nxn

� (w · x+ b)
w · x+ b

�

...

(a)

Hidden
layer

Input
layer

Output
layer

(b)

Figure 1. (a) A mathematical model of a biological neuron. (b) A schematic diagram of a neural network with one hidden layer.

output feature maps, we convolve each feature map with a set of
weights called filters, and apply a non-linearity such as ReLU to
the weighted sum of these convolutions. Di↵erent feature maps use
di↵erent sets of filters, but all neurons in a feature map share the
same set of filters. Mathematically, we replace the dot product in
Equation 1 with a sum of convolutions. Thus, the k-th feature map
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where we sum over the set of input feature maps, ⇤ is the convolu-
tion operator, and w
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m represent the filters.

Typically, a pooling layer computes the maximum of a lo-
cal 2⇥ 2 patch in a feature map (Krizhevsky et al. 2012). Since
the pooling layer aggregates the activations of neighboring units
from the previous layer, it reduces the dimensionality of the fea-
ture maps and makes the model invariant to small shifts and dis-
tortions (Boureau et al. 2010) . Two or more layers of convolution
and pooling are stacked, followed by more convolutional and fully-
connected layers.

3.3 Neural Network Architecture

We present the overall architecture of our ConvNet model in Ta-
ble 1. The network consists of eleven trainable layers. The first
convolutional layer filters the 5⇥44⇥44 input image (i.e., 44⇥44
images in five bands ugriz) with 32 square filters of size 5⇥ 5⇥ 5.
We have also experimented with using only three bands gri (for
three channels of RGB) and four bands ugri and griz (correspond-
ing to RGBA), and using only colors, e.g., u�g, g� r, r� i, and/or
i�z, but we find that using magnitudes in all five bands ugriz yields
the best performance.

The leaky ReLU non-linearity is applied to the output of the
first convolutional layer (and all subsequent layers), and the sec-
ond convolutional layer filters it with 32 filters of 32⇥ 3⇥ 3. In
the second convolutional layer (and all subsequent convolutional
layers), we pad the input with zeros spatially on the border (i.e.,
the zero-padding is 1 pixel for 3⇥3 convolutional layers) such that
the spatial resolution is preserved after convolution. Max-pooling
with filters of size 2 ⇥ 2 follows the second convolutional layer.
A stack of six additional convolutional layers, all with filters of
size 3⇥3, is followed by three fully-connected layers. The first two
fully-connected layers have 2048 channels each, and the third per-
forms binary classification.

The output of the final fully-connected layer is fed to a softmax
function. The softmax function is given by

P(G | x) =
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, (7)

where we sum over the di↵erent possible values of the class label
(i.e., star or galaxy), and interpret its output as the posterior prob-
ability that an object is a galaxy (or a star). We note that we could
also try to solve a regression problem, e.g., by normalizing the out-
put values that the network produces for each class. However, we
find that solving a regression problem instead of using the softmax
function results in significantly worse performance.

We have performed a manual search to explore more than 200
combinations of di↵erent architectures and hyperparameters to find
an architecture that minimizes the loss function (Equation 4) on the
validation set of the SDSS data. The architecture described in this
section provides the best performance on the SDSS validation set.
To test how this model performs across di↵erent, related data, we
use the same architecture on the CFHTLenS data set.

The architecture of Krizhevsky et al. (2012) uses relatively
large receptive fields (11 ⇥ 11) in the first convolutional layers.
Zeiler & Fergus (2014) and Dieleman et al. (2015b) also use large
receptive fields of 7⇥ 7 and 6⇥ 6 in the first convolution layer, re-
spectively. However, we find that using a receptive field larger than
5⇥ 5 in the first convolutional layer leads to worse performance.
This result is in agreement with the network of Simonyan & Zis-
serman (2014), which has become known as “VGGNet". VGGNet
features an extremely homogeneous architecture that only performs
3⇥ 3 convolutions. Using a large receptive field instead of a stack
of multiple 3⇥ 3 convolutions leads to a shallower network, and it
is often preferable to increase the depth by using smaller receptive
fields. However, we find that replacing the first layer with a stack
of two 3⇥3 convolutional layers increases the validation error, and
thus use a 5⇥5 convolution in the first layer.

In the remaining layers, we still follow VGGNet and add many
3⇥ 3 convolutions (with zero-padding of size 1 pixel). Note that
with the padding of 1 pixel for 3⇥3 convolutional layers, the spatial
resolution will be preserved after convolution. Such preservation
of spatial resolution allows us to build relatively deep networks, as
shown in Table 1. The main contribution of VGGNet is in showing
that the depth plays an important role in good performance. In our
case, we start with four convolutional layers and progressively add
more layers, while monitoring the validation loss; we stop at eight
convolutional layers after we find that adding more layers leads to
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output feature maps, we convolve each feature map with a set of
weights called filters, and apply a non-linearity such as ReLU to
the weighted sum of these convolutions. Di↵erent feature maps use
di↵erent sets of filters, but all neurons in a feature map share the
same set of filters. Mathematically, we replace the dot product in
Equation 1 with a sum of convolutions. Thus, the k-th feature map
is given by
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where we sum over the set of input feature maps, ⇤ is the convolu-
tion operator, and w
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m represent the filters.

Typically, a pooling layer computes the maximum of a lo-
cal 2⇥ 2 patch in a feature map (Krizhevsky et al. 2012). Since
the pooling layer aggregates the activations of neighboring units
from the previous layer, it reduces the dimensionality of the fea-
ture maps and makes the model invariant to small shifts and dis-
tortions (Boureau et al. 2010) . Two or more layers of convolution
and pooling are stacked, followed by more convolutional and fully-
connected layers.

3.3 Neural Network Architecture

We present the overall architecture of our ConvNet model in Ta-
ble 1. The network consists of eleven trainable layers. The first
convolutional layer filters the 5⇥44⇥44 input image (i.e., 44⇥44
images in five bands ugriz) with 32 square filters of size 5⇥ 5⇥ 5.
We have also experimented with using only three bands gri (for
three channels of RGB) and four bands ugri and griz (correspond-
ing to RGBA), and using only colors, e.g., u�g, g� r, r� i, and/or
i�z, but we find that using magnitudes in all five bands ugriz yields
the best performance.

The leaky ReLU non-linearity is applied to the output of the
first convolutional layer (and all subsequent layers), and the sec-
ond convolutional layer filters it with 32 filters of 32⇥ 3⇥ 3. In
the second convolutional layer (and all subsequent convolutional
layers), we pad the input with zeros spatially on the border (i.e.,
the zero-padding is 1 pixel for 3⇥3 convolutional layers) such that
the spatial resolution is preserved after convolution. Max-pooling
with filters of size 2 ⇥ 2 follows the second convolutional layer.
A stack of six additional convolutional layers, all with filters of
size 3⇥3, is followed by three fully-connected layers. The first two
fully-connected layers have 2048 channels each, and the third per-
forms binary classification.

The output of the final fully-connected layer is fed to a softmax
function. The softmax function is given by

P(G | x) =
ex·wG
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, (7)

where we sum over the di↵erent possible values of the class label
(i.e., star or galaxy), and interpret its output as the posterior prob-
ability that an object is a galaxy (or a star). We note that we could
also try to solve a regression problem, e.g., by normalizing the out-
put values that the network produces for each class. However, we
find that solving a regression problem instead of using the softmax
function results in significantly worse performance.

We have performed a manual search to explore more than 200
combinations of di↵erent architectures and hyperparameters to find
an architecture that minimizes the loss function (Equation 4) on the
validation set of the SDSS data. The architecture described in this
section provides the best performance on the SDSS validation set.
To test how this model performs across di↵erent, related data, we
use the same architecture on the CFHTLenS data set.

The architecture of Krizhevsky et al. (2012) uses relatively
large receptive fields (11 ⇥ 11) in the first convolutional layers.
Zeiler & Fergus (2014) and Dieleman et al. (2015b) also use large
receptive fields of 7⇥ 7 and 6⇥ 6 in the first convolution layer, re-
spectively. However, we find that using a receptive field larger than
5⇥ 5 in the first convolutional layer leads to worse performance.
This result is in agreement with the network of Simonyan & Zis-
serman (2014), which has become known as “VGGNet". VGGNet
features an extremely homogeneous architecture that only performs
3⇥ 3 convolutions. Using a large receptive field instead of a stack
of multiple 3⇥ 3 convolutions leads to a shallower network, and it
is often preferable to increase the depth by using smaller receptive
fields. However, we find that replacing the first layer with a stack
of two 3⇥3 convolutional layers increases the validation error, and
thus use a 5⇥5 convolution in the first layer.

In the remaining layers, we still follow VGGNet and add many
3⇥ 3 convolutions (with zero-padding of size 1 pixel). Note that
with the padding of 1 pixel for 3⇥3 convolutional layers, the spatial
resolution will be preserved after convolution. Such preservation
of spatial resolution allows us to build relatively deep networks, as
shown in Table 1. The main contribution of VGGNet is in showing
that the depth plays an important role in good performance. In our
case, we start with four convolutional layers and progressively add
more layers, while monitoring the validation loss; we stop at eight
convolutional layers after we find that adding more layers leads to
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SEGUE DATABASE

- SEGUE: Medium-res (R~2,000) spectroscopic 
database 

- ~300,000+ stellar spectra 

- Train networks using synthetic magnitudes 

- Calibrate magnitudes to J-PLUS Early Data Release
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➤ Synthetic magnitude calibration possible with 
EDR cross-match (~1000 stars) 

➤ Enabled identification of potentially erroneous 
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CHALLENGES: INTERSTELLAR EXTINCTION
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FIG. 5.— Left Panel: Slope of the UV linear extinction component c2 plotted against R−1 (filled circles) for 31 sightlines from the Fitzpatrick & Massa
1990 (FM) sample plus HD 210121 (at R−1 = 0.45). The adopted linear relationship between these quantities is indicated with the dashed line and given by
c2 = −0.824+ 4.717R−1 . Right Panel: Intercept of the UV linear extinction component c1 plotted against the linear slope c2 (filled circles) for the full set of ∼80
extinction curves from the FM catalog. The adopted linear relationship between these parameters is indicated by the dashed line and given by c1 = 2.030−3.007c2.
The relationship between c1 and c2 implicit in the CCM formula is shown by the dotted line.

FIG. 6.— A new estimate of the wavelength dependence of extinction in the IR/optical region for the case R = 3.1 (thick solid curve). Plus signs represent the
extinction data from Bastiaansen 1992, normalized to R = 3.1; the dotted line shows the CCM curve for R = 3.1. The arbitrarily scaled profiles of the Johnson
UBVRIJHKLM and Strömgren uvby filters are shown for comparison. The new curve was constrained to reproduce the broad- and intermediate-band filter-based
extinction measurements listed in Table 2 and to fit the Bastiaansen data. For λ > 2700 Å (1/λ < 3.7µm−1) the curve is constructed as a cubic spline interpolation
between the points marked by the filled symbols (see Table 3). At wavelengths shortward of 2700 Å, the curve is computed using the FM fitting function with the
coefficients given in the Appendix.

We know interstellar extinction is a problem, particularly for UV filters 

Dust mapping - (Fitzpatrick et al. 1998) 

Recent recalibration with (Schlafly et al. 2011) 
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CHALLENGES: NOISE

➤ Introducing noise during network training 
increases performance with low S/N inputs

[Fe/H]=-2.5
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NEXT STEP: SURFACE GRAVITY

(VHRV). To select the best BSS candidates (as opposed to
foreground A-type stars in the disk populations), we applied a
restriction in metallicity, [Fe/H]< -0.4, reducing the sample to
18,560 objects.

It is relatively straightforward to identify BSSs in globular
clusters because the horizontal-branch stars, whose colors
blend with hotter main-sequence stars, are seen at different
apparent magnitudes (BHB stars are typically ∼2 magnitudes
brighter than BSSs, as noted by Preston et al. 1994; Deason
et al. 2012). Unfortunately, these two populations cannot be
easily separated in the field, because the stars are not at the
same distance.

In the temperature range of A-type stars, the Balmer lines are
the main tool to separate A-type main-sequence from giant
stars (BSSs from BHB stars, respectively). The temperature
modifies the depth of the Balmer lines, while the surface
gravity changes the width of its wings (as initially noted by
Pier 1983). These effects have a clear impact on the appearance
of the spectrum, as shown in Figure 1: for stars with the same
Teff (in this case, ∼8100 K), the Balmer-line wings are broader
for higher surface gravities.

3. THE BLUE-STRAGGLER AND BLUE HORIZONTAL-
BRANCH SAMPLES

In this section we describe the methods used to separate
BSSs from BHB stars, using the available medium-resolution
SDSS/SEGUE spectroscopy. Deason et al. (2012) states that
the differences between BSSs and BHB stars become most
evident for spectra with signal-to-noise ratio (S/N) > 5 (see the
bottom panels in Figure 3 of Deason et al. 2012). For this work,
we prefer to only use stars with spectra having an average S/N
(over the optical spectrum) of á ñ ⩾S N 10. This limit allows
for a confident distinction between BSSs and BHB stars where
they are photometrically indistinguishable, and for the reliable
stellar parameters from the SSPP.

Using the parameters calculated by the SSPP, we can
compare the surface gravities and effective temperatures of
BSSs with BHB stars (similar to Wilhelm et al. 1999; Deason
et al. 2012). However, the atmospheric parameters calculated
for stars with temperatures above 7500 K (where the BSSs and
BHB stars are usually found) require additional quantitative

validation. This is accomplished by comparing the results of
the SSPP with other methods for separating the BSSs from
BHB stars, which generally required higher S/N spectra,
typically greater than ∼15 (values typically achieved for SDSS
spectra of stars with apparent magnitudes <g 18).
It is also important to note that, even though stars with
>g 18 are usually not suitable for analysis by all the methods

presented below, they provide valuable information on the
populations of BSSs and BHB stars (especially since, as shown
below, the majority of likely BSSs in our sample are fainter
than g = 17). For the following analysis, we divided the
sample in two: (i) the Bright Sample ( <g 18) and (ii) the
Faint Sample ( ⩾g 18).

3.1. The Bright Sample: < <g14.5 18

Since the Bright Sample contains stars having spectra with
higher S/N ratios, it is possible to apply a series of quantitative
tests to distinguish between BSSs and BHB stars. These are
described below.

3.1.1. SSPP Restrictions

The parameters provided by the SSPP were used to identify
BSSs and BHB stars. Since the Balmer lines are strong in the
7500 K < Teff< 10,000 K range, it is possible to effectively
distinguish between BSSs and BHB stars from their
log g distribution (Wilhelm et al. 1999). Figure 2 summarizes
the adopted restrictions. The line separating these two groups
of A-type stars is log g = 3.80, as estimated from the
log g distributions, for stars with <g 18 (see top panel of
Figure 5). This value represents a threshold at which,
statistically, the contamination of the BSS population by
BHB stars is minimal. The limits lie at 3σ from the peaks in the
top panel of Figure 5 centered at log g = 3.38 (σ = 0.14 dex)
and log g = 4.33 (σ = 0.18 dex), which represent the BHB
stars and BSSs, respectively.

Figure 1. Normalized spectrum of a BHB star (red line) and a BSS (black line)
for the same Teff(∼8100 K) in the Hg–Hd region. The dashed line is drawn at
20% below the continuum, highlighting the difference between the Balmer-line
wings.

Figure 2. Distribution of the SSPP Teff vs. log g for stars with g < 18. There are
two stellar groups concentrated in Teff ⩾ 7500 K: one for log g ∼ 3.4 (BHB
stars: red dots) and other with log g ∼ 4.3 (BSSs: black dots). The gray squares
are cooler stars and are not considered further in our analysis. For convenience
of the reader, we highlight the positions where the RR Lyrae stars are often
found using the blue rectangle (Wilhelm et al. 1999), where the gap with no
stars present is the expected location of the instability strip; the purple rectangle
shows the region occupied by main-sequence turnoff stars (MSTO).
Overplotted is a Yale–Yonsei isochrone (Demarque et al. 2004) for 12 Gyr
and [Fe/H] = -2.0.
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CONCLUSIONS

Parameter determinations are possible with J-PLUS 

ANNs are a option 

Training with SEGUE synthetic magnitudes is possible 

Further work needed to reduce uncertainties ([Fe/H]<-2.5 upturn) 

We anticipate significant improvement with more data! 

Future work: Log(g), [Mg/Fe] 
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