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ABSTRACT
In this work, we analysed the magnetic activity of 5349 Large Sky Area Multi-Object Fiber Spectroscopic Telescope (LAMOST)
low-dispersion spectra of 3539 red giants by calculating equivalent width (EW) of magnetic activity lines (H α, H β, H γ , H δ,
Ca II H&K, Ca II IRT). Combining LAMOST spectral parameters, asteroseismic parameters, and EWs of the magnetic activity
lines, an attempt was made to estimate the age of red giants using neural networks. By using the neural networks to select the
input parameters, we get the best age estimation of the red giants with the input parameters ‘Teff’, ‘[Fe/H]’, ‘log g’, ‘νmax’, and
‘�ν’, which is in line with expectations. The average value of the relative error between the estimated age and the isochronous
age is 22.4 per cent. The age estimation was not improved by adding the EWs of more magnetic activity lines. This indicates that
the EWs of these spectral lines are not directly related to the age of the red giants. The reason for this might be that the dynamo
operating in the outer layers of the red giants has shut off at the end of core-hydrogen-burning. The absence of emission in all
the magnetic activity lines of the 5349 LAMOST spectra also confirms this conclusion. In addition, the results indicate that the
EWs of the magnetic activity lines are more related to the effective temperature, which is also in line with expectations.

Key words: methods: data analysis – stars: activity – stars: evolution – stars: fundamental parameters.

1 IN T RO D U C T I O N

Age is an important determinant of the physical state of stars. The
ages of individual stars play an important role in understanding
the formation, enrichment and dynamics of the Galaxy. The age
of individual stars cannot be measured and can only be estimated by
models or empirical methods (Soderblom 2010). Red giants are an
important probe for estimating the distance to galaxies (Salaris &
Girardi 2005) and understanding the age of red giants is thus
important. However, there are many difficulties in studying the
age of red giants. When using theoretical evolutionary sequences
or theoretical isochrones (Demarque & Larson 1964; Pont & Eyer
2004) to estimate the age of red giants, the stellar ages cannot be
accurately estimated due to the fact that isochrones of different ages
get close together on the red giant branch (RGB; Gai et al. 2017).
Wu et al. (2018) used a machine learning method based on a kernel
based principal component analysis to analyse Large Sky Area Multi-
Object Fiber Spectroscopic Telescope (LAMOST) spectral data to
estimate the age of the RGB stars. The Bayesian artificial neural
network method was used to learn and replace the stellar isochron
method to estimate the age of the red giants (Das & Sanders 2019).
Bellinger (2020) presented the seismic scaling relations used to
estimate the age of RGB stars.

Magnetic fields play an important role in almost all stages of
stellar evolution (Landstreet 1992). Ordinary red giants are expected
to mainly have weak surface magnetic fields due to their larger radius

� E-mail: liy zhang@hotmail.com (L-yZ); karoff@geo.au.dk (CK)

and slow stellar rotation (Landstreet 2004). However, the results of
Konstantinova-Antova et al. (2013) and Korhonen (2014) pointed
out that stellar magnetic activities were observed on some red giants,
including phenomena such as the emission of chromospheric lines
and X-ray emission. Moreover, Aurière et al. (2015) investigated the
magnetic field at the surface of 48 single red giants through Zeeman
signatures and detected magnetic fields in 29 red giants. In the active
red giants, they also found correlations between the Rossby number
and the stellar rotational period, between the chromospheric S-index
and the rotational period, and between the X-ray luminosity and
the rotational period. That is to say, there is a strong correlation
between the magnetic strength and the stellar rotational period in
active red giants. Skumanich (1972) was the first to propose a power-
law relationship between rotation, activity and stellar age. Pace &
Pasquini (2004) and Pace et al. (2009) pointed out that the Ca II

H&K emission stopped declining after about 1.5 Gyr when studying
clusters with ages around 1–2 Gyr. The correlation between the
emission of H α and Mg II H&K lines and the stellar age has also been
studied (Lyra & Porto de Mello 2005; Cardini & Cassatella 2007).
Zhang et al. (2019) used LAMOST low-resolution spectral data
to study the correlation between the stellar chromospheric activity
and age in open clusters. Soderblom (2010) summarized a review
of magnetic activity and stellar age. However, so far, no studies
have attempted to analyse the stellar magnetic activities and age of
red giants. Therefore, we try to add magnetic activity indicators to
the study of age estimation of red giants. In addition, the emission
phenomena of the Balmer line, the Ca II H&K and the Ca II IRT line
are often present in active stars. The emission of these lines is used
to trace the magnetic activity of the chromosphere and photosphere
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Figure 1. Sample selection of red giants.

of the star (Walkowicz & Hawley 2009). West et al. (2011) analysed
the magnetic activity of low-mass stars using the activity ratio of
the Balmer line and the Ca II k line. The LAMOST low-resolution
spectrum covers the Balmer line, Ca II H&K line, and the Ca II

IRT line. When strong magnetic activity occurs on stellar surface,
obvious emission or filling of these spectral lines will be seen in the
LAMOST spectrum. Therefore, the Balmer line, the Ca II H&K, and
the Ca II IRT line are important probes of the magnetic activity on the
surface of stars (West et al. 2011; Lu et al. 2019; Zhang et al. 2020,
2021).

In recent years, many spectroscopic surveys such as the LAMOST
(Deng et al. 2012; Zhao et al. 2012; Luo et al. 2015) and the Apache
Point Observatory Galactic Evolution Experiment (APOGEE; Ma-
jewski et al. 2010, 2017) have observed a large number of spectra
and provided many stellar parameters. In addition, many photometric
surveys such as Kepler (Borucki et al. 2010) and TESS (Ricker et al.
2014) provide long time-scale and high-precision photometric data,
which are of great help to the research of astroseismology. Especially
the LAMOST-Kepler project (De Cat et al. 2015), which enabled stars
in the Kepler field of view to have both Kepler’s photometric data
and LAMOST’s spectral data, thus allowing a combined photometric
and spectroscopic analysis of the stars. Zong et al. (2018) provided a
spectral data base of LAMOST observations of the Kepler field from
2012 June to 2017 June. Asteroseismology is the study of stellar
oscillations. Different oscillation modes are sensitive to different
parts of stars. Therefore, asteroseismology can reveal the internal
structure of stars and infer the evolution stage and the age of stars
(Bedding & Kjeldsen 2008; Chaplin & Basu 2008; Hekker 2010).
In general, a Fourier transform is used to process the time-series to
give the information of the stellar oscillation, and the analysis of
Fourier spectra can obtain the asteroseismology information such
as the frequency of maximum power and the mean large frequency
spacing (Hekker et al. 2011). Yu et al. (2018) conducted a batch
analysis of asteroseismology on the red giants in the Kepler mission.
Pinsonneault et al. (2018) analysed the APOGEE spectral parameters
and Kepler asteroseismic data based on five independent techniques,
and provided a large sample of the stellar properties catalogue of the
evolved stars, including the stellar evolutionary state, mass, radius,

and age. Pinsonneault et al. (2018) corrected the large frequency
spacing and adjusted the zero-point of the frequency of maximum
power scaling relationship to calibrate the mass zero-point of red
giants in the Kepler field. Miglio et al. (2021) used the param code to
infer the mass and age of nearly 5400 red giants through the Kepler
light curve and the APOGEE spectrum. Different from applying
seismology and astrometry methods separately, Silva Aguirre et al.
(2020) combined stellar seismic data from the TESS mission with
astrometric measurements from the Gaia mission to calculate the
age of red giants. This gives us an excellent opportunity to study the
age of red giants in combination with LAMOST spectral parameters
and Kepler seismic parameters. Moreover, artificial neural network,
allows us to explore the non-linear relationship between input and
output parameters (Gelder et al. 2014). Back-propagation neural net-
work is a kind of neural network with mature theory and technology
and widely used (Rumelhart, Hinton & Williams 1985, 1986). In
this work, we will combine the stellar parameters of LAMOST,
the asteroseismic parameters inferred from the Kepler data, and the
magnetic activity index calculated from the LAMOST spectrum,
use neural networks to estimate ages of red giants, and analyse the
correlation between the magnetic activity parameters and age of red
giants.

The structure of this paper is as follows. Section 2 is the sample
selection and the magnetic activity parameters of red giants are
calculated and analysed using LAMOST spectral data. Section 3
introduces the mechanism of neural networks and estimates the
ages of the red giants. Discussion and conclusion can be found in
Section 4.

2 SAMPLE SELECTI ON A ND STELLAR
MAGNETI C AC TI VI TY ANALYSI S

2.1 Sample selection

This work includes the following two purposes. First, we use the
LAMOST spectroscopic data to study the magnetic activity of the
chromospheres and photospheres of red giants. Secondly, combining
the basic parameters of stars, asteroseismic parameters and the
equivalent width (EW) of the magnetic activity lines, we try to
establish a neural network (Rumelhart et al. 1985, 1986) to estimate
the age of the red giant star, and analyse the correlation between the
EW of the magnetic activity lines and the age of red giants. Therefore,
we cross-matched the following three data bases to select our research
sample. Zong et al. (2018) presented the stellar parameters of 173 971
LAMOST low-resolution spectra (from 126 172 stars) observed by
the LAMOST-Kepler project (De Cat et al. 2015) from 2012 June to
2017 June, including Teff, log g, [Fe/H], etc. Yu et al. (2018) used
the long-cadence data of the Kepler mission (Koch et al. 2010) to
perform asteroseismic analysis on 16 094 red giants and gave the
frequency of maximum power (νmax) and the mean large frequency
separation (�ν). In this study, we will use the νmax and �ν directly
calculated by Yu et al. (2018) to analyse the age of the red giant.
Sanders & Das (2018) combined the second Gaia data release (Gaia
Collaboration et al. 2018) and spectroscopic observation survey data,
using the Bayesian Framework to give the isochrone ages of about
3 million stars. The isochrone ages of stars given by Sanders &
Das (2018) are based on the following process. First, they used an
asteroseismic training set to infer stellar mass, and then, based
on the Bayesian framework, combined with the carbon and nitrogen
abundances obtained from the spectral surveys and the stellar masses
to establish the stellar age model, the Gaia parallaxes are also used to
limit the stellar age model. In our work, we use the stellar age given
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Table 1. Parameters of 5349 LAMOST spectra from 3539 red giants.

KIC RA Dec. LAMOST DESIG LAMOST FITS name Subclass

(1) (2) (3) (4) (5) (6)

1026180 291.080 17 36.760 50 LAMOST J192419.24+364537.8 spec-57918-KP192409N391242V05 sp01-214.fits G5

1026452 291.143 83 36.790 13 LAMOST J192434.51+364724.4 spec-57918-KP192409N391242V03 sp01-213.fits G5

1160789 290.887 69 36.872 43 LAMOST J192333.04+365220.7 spec-57308-KP192409N391242V01 sp01-218.fits K1

1161618 291.108 92 36.813 93 LAMOST J192426.14+364850.1 spec-57308-KP192409N391242V01 sp01-001.fits G5

1161618 291.108 92 36.813 93 LAMOST J192426.14+364852.2 spec-57918-KP192409N391242V03 sp01-214.fits G5

... ... ... ... ... ...

12833300 289.313 99 52.123 28 LAMOST J191715.36+520723.8 spec-56930-KP192323N501616V03 sp16-143.fits G5

12884116 289.601 32 52.264 43 LAMOST J191824.31+521551.9 spec-56928-KP192323N501616V02 sp16-146.fits G5

12885373 290.266 48 52.292 74 LAMOST J192103.96+521733.9 spec-56928-KP192323N501616V02 sp11-001.fits G5

Start EXP(2400000 +) EXP(s) Teff (k) log g [Fe/H] νmax � ν SNR U H α EW H β EW

(7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

57918.0993 1800 4505.16 ± 38.02 2.691 ± 0.063 0.276 ± 0.035 36.91 ± 0.71 3.991 ± 0.064 13.69 −0.717 ± 0.167 −0.895 ± 0.105

57918.0271 1800 4873.18 ± 24.81 2.460 ± 0.041 −0.296 ± 0.023 34.50 ± 0.52 3.967 ± 0.078 15.92 −0.967 ± 0.344 −1.101 ± 0.217

57307.7694 1800 4768.52 ± 36.08 2.442 ± 0.060 −0.309 ± 0.034 24.72 ± 0.62 3.509 ± 0.048 13.30 −0.871 ± 0.674 −0.995 ± 0.291

57307.7694 1800 4742.63 ± 21.15 2.644 ± 0.034 0.023 ± 0.018 34.32 ± 0.50 4.108 ± 0.028 34.08 −0.818 ± 0.109 −0.999 ± 0.055

57918.0271 1800 4742.63 ± 21.15 2.644 ± 0.034 0.023 ± 0.018 34.32 ± 0.50 4.108 ± 0.028 16.58 −0.861 ± 0.294 −1.029 ± 0.175

... ... ... ... ... ... ... ... ... ...

56929.8465 1200 4597.45 ± 28.90 2.613 ± 0.046 0.090 ± 0.025 28.06 ± 2.25 3.465 ± 0.097 26.98 −0.680 ± 0.028 −0.968 ± 0.018

56927.8153 1800 4591.38 ± 26.25 2.763 ± 0.043 −0.096 ± 0.024 50.52 ± 0.35 5.376 ± 0.018 11.43 −0.685 ± 0.068 −0.913 ± 0.044

56927.8153 2400 4600.87 ± 35.04 2.801 ± 0.058 −0.002 ± 0.033 52.02 ± 0.45 5.354 ± 0.010 10.51 −0.791 ± 0.006 −0.933 ± 0.004

H γ EW H δ EW Ca II H EW Ca II K EW Ca II λ8498 Å EWCa II λ8542 Å EWCa II λ8662 Å EW Age (Gyr)

(17) (18) (19) (20) (21) (22) (23) (24)

−0.440 ± 0.057 −0.515 ± 0.095 −4.846 ± 4.060 −5.960 ± 4.994 −1.077 ± 0.318 −2.134 ± 0.641 −1.800 ± 0.541 3.41 ± 1.12

−0.515 ± 0.106 −0.602 ± 0.135 −4.476 ± 4.411 −5.571 ± 5.490 −0.869 ± 0.382 −1.928 ± 0.854 −1.531 ± 0.698 4.18 ± 1.24

−0.459 ± 0.121 −0.614 ± 0.154 −4.747 ± 5.363 −5.870 ± 6.630 −0.920 ± 1.153 −2.065 ± 2.626 −1.674 ± 2.190 6.05 ± 1.17

−0.438 ± 0.023 −0.461 ± 0.027 −4.579 ± 1.086 −5.605 ± 1.329 −0.987 ± 0.199 −2.126 ± 0.433 −1.656 ± 0.346 4.91 ± 1.17

−0.472 ± 0.083 −0.580 ± 0.119 −4.527 ± 4.169 −5.540 ± 5.102 −0.931 ± 0.421 −2.010 ± 0.919 −1.578 ± 0.743 4.91 ± 1.17

... ... ... ... ... ... ... ...

−0.394 ± 0.008 −0.543 ± 0.013 −4.508 ± 0.469 −5.549 ± 0.577 −0.869 ± 0.048 −1.770 ± 0.099 −1.446 ± 0.082 3.77 ± 1.19

−0.439 ± 0.021 −0.714 ± 0.036 −4.455 ± 1.109 −5.367 ± 1.335 −0.813 ± 0.108 −1.836 ± 0.248 −1.430 ± 0.199 5.35 ± 1.15

−0.300 ± 0.002 −0.654 ± 0.004 −4.602 ± 0.135 −5.672 ± 0.166 −0.939 ± 0.009 −1.959 ± 0.019 −1.598 ± 0.016 4.89 ± 1.19

Notes.This is part of Table 1. Full Table 1 will be published online.

by Sanders & Das (2018) as a standard, established different stellar
age models by using different stellar parameters, and compared the
model results. By comparison, we infer which parameters are used
to establish the stellar age model that is more accurate, that is, to
filter out which stellar parameters are more relevant to the stellar
age.

Fig. 1 shows the cross-matching process of these three databases.
In addition, the eclipsing binary systems in our research sample
were removed by cross-matching with the eclipsing binary system
catalogue in Kepler mission (Kirk et al. 2016). The evolution of
binary stars may cause the stars to produce rapid rotations and affect
the age estimation of red giants. We only select the LAMOST low-
resolution spectrum with a U-band signal-to-noise ratio larger than 10
(SNR U ≥ 10). Finally, we obtained 5349 LAMOST low-resolution
spectra from 3539 red giants. When there is magnetic activity on
the surface of a star, the magnetic activity lines in the spectrum
observed at different times will be different. In order to study the
correlation between the magnetic activity lines and the age of red
giants, we add the 5349 LAMOST spectra of 3539 red giants for
analysis. We list the parameters corresponding to these spectra in
Table 1, including the Kepler star name (KIC), coordinates (RA,
Dec.), LAMOST spectrum name (LAMOST DESIG), fits file name
corresponding to LAMOST spectrum (LAMOST FITS name), and
spectral type (Subclass), the start exposure time of the spectrum (Start
EXP(2400000 +)), the total exposure time of the spectrum (EXP(s)),
the surface effective temperature (Teff (K)), the surface gravity (log

g), metallicity ([Fe/H]), the stellar asteroseismic parameters (νmax

and � ν), the signal-to-noise ratio of the U band of the LAMOST
spectrum (SNR U), and the corresponding stellar age (Age(Gyr)).
In order to show the correlation and frequency distribution of the
physical parameters (Teff, log g, [Fe/H], νmax, � ν, and Age) of
the red giants corresponding to the 5349 LAMOST spectra in this
study, we draw a matrix scatter plot of these parameters, as shown in
Fig. 2.

2.2 Stellar magnetic activity analysis

LAMOST (Guo Shoujing telescope) is a large field of view and large
aperture telescope that can simultaneously obtain the spectrum of
4000 targets (Wang et al. 1996; Su & Cui 2004; Cui et al. 2012; Zhao
et al. 2012; Luo et al. 2015). It is located at the Xinglong Observatory
of the National Astronomical Observatory of the Chinese Academy
of Sciences. We downloaded the 5349 LAMOST low-resolution
spectra of red giants from LAMOST DR5.1 In order to study the
magnetic activity of red giants using the LAMOST spectral data,
we combined the parameters given in Table 2 and used the Hammer
program (West et al. 2004; Covey et al. 2007; West et al. 2008) to
calculate the EW of the characteristic lines (H α, H β, H γ , H δ, Ca II

H&K, and Ca II IRT) of magnetic activity.

1http://dr5.lamost.org/.
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Magnetic activity and age estimation of red giants 2127

Figure 2. The matrix scatter plot of the stellar parameters (Teff (K), [Fe/H], log g, νmax, �ν, Age(Gyr)) of 5349 LAMOST spectra from 3539 red giants in this
study. The blue scatter diagrams show the relationship between the stellar parameters, and the black histograms show the frequency distribution of the stellar
parameters.

Table 2. The parameters used to calculate the EW of the magnetic activity lines.

Line Line flux region (Å) Continuum A (Å) Continuum B (Å)
(1) (2) (3) (4)

H α 6560.61–6568.61 6555.00–6560.00 6570.00–6575.00
H β 4858.68–4866.68 4840.00–4850.00 4875.00–4885.00
H γ 4337.68–4345.68 4310.00–4330.00 4350.00–4370.00
H δ 4098.89–4106.89 4075.00–4095.00 4110.00–4130.00
Ca II H 3965.59–3973.59 3952.80–3956.00 3974.00–3976.00
Ca II K 3930.78–3938.78 3952.80–3956.00 3974.00–3976.00
Ca II λ8498 Å 8496.35–8504.35 8475.00–8485.00 8515.00–8525.00
Ca II λ8542 Å 8540.44–8548.44 8515.00–8525.00 8558.00–8568.00
Ca II λ8662 Å 8660.52–8668.52 8630.00–8640.00 8680.00–8690.00
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2128 H.-P. Lu, C. Karoff and L.-Y. Zhang

Figure 3. The matrix scatter diagram of the EW of the magnetic activity characteristic lines of 5349 LAMOST spectra from 3539 red giants. The blue scatter
diagrams show the correlation between the EW of the spectral lines. We linearly fit them (indicated by the red line) and give the coefficient of determination
(R2). The black histograms are the frequency distribution of EW of the spectral lines.

The calculation method of the EW of the magnetic activity line is
as follows (West et al. 2004, 2011, 2012):

EW =
∫

Fλ − Fc

Fc
dλ, (1)

where Fλ is the flux of the magnetic activity line, the range of λ is
shown in the second column of Table 2, and Fc is the average flux
calculated from two adjacent continuous areas, where the range of
the two adjacent continuous areas are shown in the third and fourth
columns of Table 2. Similar to the method of West et al. (2004),
LAMOST spectral calibration provides the formal uncertainty in the
flux at each wavelength, which is propagated in each stage of the
analysis. A positive value of EW indicates the emission line. After
calculation, we obtained the EW of the magnetic activity lines of the
5349 spectra, as shown in columns 15–23 of Table 1. In order to show
the correlation and frequency distribution of the EWs of the magnetic

activity lines of the 5349 red giant spectra, we present a matrix scatter
plot of the EWs of the magnetic activity lines, as shown in Fig. 3.
In Fig. 3, the blue scatter diagrams show the correlation between
the EW of the spectral lines. We linearly fit them (indicated by the
red line) and give the coefficient of determination (R2). The black
histograms are the frequency distribution of EW of the spectral lines.

Combining Table 1 and Fig. 3, it can be seen that the EWs of
all magnetic activity lines of the 5349 red giants spectra are less
than 0, which means that there is no emission phenomenon in all
magnetic activity lines of the 5349 red giants spectra. This indicates
that there is no strong magnetic activity in the photosphere and
chromosphere of these red giants. Chaplin et al. (2011) mentioned
that as the surface magnetic activity of stars increases, the number
of solar-type stars with detected oscillations decreases significantly,
which means that the stellar surface magnetic activity suppresses the
amplitude of solar-like oscillations. In our samples of red giant stars
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Magnetic activity and age estimation of red giants 2129

Figure 4. The emission of stellar magnetic activity lines of a main-sequence star (LAMOST J053243.80−002715.2). Panel (a) shows the complete LAMOST
low-dispersion spectrum of the LAMOST J053243.80−002715.2, from which the H α and H β lines emission can be clearly seen. Panel (b) shows the LAMOST
low-dispersion spectrum of the LAMOST J053243.80−002715.2 near the Ca II H&K lines, and it can be seen that the Ca II H&K lines also show emission.

Figure 5. The architecture of the neural network, which has two hidden
layers; each hidden layer has 16 neurons, and an output layer contains 1
neuron. The green square on the left of the structure represents the input
data, and the number of data nodes is determined by the number of input
parameters. The green square on the right indicates the output data, and
the number of data nodes is 1. The blue square with the ’w’ character in
the structure represents the weight matrix, and the blue square with the ’b’
character represents the bias term. The blue cuboids marked with curves in
the hidden layers indicate that the transfer functions of the layers are the
hyperbolic tangent sigmoid transfer function. The blue cuboid with a straight
line label in the output layer indicates that the transfer function of the layer
is a linear transfer function.

with oscillations, we found that there is no obvious magnetic activity
on the surface of these stars, which may indicate that the magnetic
activity signal on the surface of the star is also suppressed by the
asteroseismic signal. We discuss this phenomenon in Section 4.2. As
a comparison, we show the emission of stellar magnetic activity lines
of a main-sequence star (LAMOST J053243.80−002715.2; Lu et al.
2018) in Fig. 4. However, since there is no LAMOST spectral library
of standard stars of red giants, we cannot confirm whether there
is weak magnetic activity of these red giants, which leads to weak
filling of magnetic activity lines. In addition, from the linear fitting of
the blue scatter plot in Fig. 3, we know that there are obvious linear
correlations between the EW values of six sets of spectral lines. The
six sets of spectral lines are: H α and H β, H β and H γ , Ca II H and
Ca II K, Ca II λ8498 Å and Ca II λ8542 Å, Ca II λ8542 Å and Ca II

λ8662 Å, and Ca II λ8498 Å and Ca II λ8662 Å.

3 BAC K - P RO PAG AT I O N N E U R A L N E T WO R K
AND AG E ESTIMATION O F R ED GIANTS

Neural networks can reveal the non-linear relationship between
input parameters and output parameters. Most neural networks uses

the back-propagation method (Rumelhart et al. 1985, 1986) for
iteratively estimating the weights that provide the smallest errors
between the estimated values and the observed values (Watrous
1967). We first used different combinations of stellar parame-
ters as input to the neural networks to estimate the age of the
red giants and then compare the these results to evaluate which
parameters are best for estimating the ages of the red giants.
Then, by comparing the models obtained in the first step, we
tried to investigate whether using the EW of the characteristic
lines of the stellar magnetic activity as input parameters can
improve the performance of the age estimation. We use matlab
(MATLAB 2018) to build neural networks to train and build
models.

3.1 Back-propagation neural network

There is no optimal formula for choosing the number of hidden
layers in the neural network and the number of neurons in the hidden
layer (Karsoliya 2012). In this paper, the neural network architecture
we constructed is shown in Fig. 5. The architecture includes: an
input layer, two hidden layers and an output layer. Each hidden layer
contains 16 neurons, the output layer contains one neuron, and the
number of neurons in the input layer is the same as the number
of input parameters. The main mechanism of the back-propagation
neural network is as follows (Hecht-Nielsen 1992; Sibi, Jones &
Siddarth 2013).

First, initialize the weight value matrix (Wl) and bias matrix (Bl) in
the neural network architecture. These parameters are randomly set
by the computer to different values, and these initial values are close
to zero. Wl represents the weight matrix between the connected neu-
rons of the layer (l − 1) and the layer l. Bl represents the bias matrix
between the connected neurons of the layer (l − 1) and the layer l.

Secondly, during the forward propagation of information, the
input and output values of neurons in hidden and output layers are
calculated using the following matrix formula:

Zl = WlAl−1 + Bl, (2)

Al = f (Zl), (2 ≤ l ≤ L). (3)
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2130 H.-P. Lu, C. Karoff and L.-Y. Zhang

Table 3. Results of age estimation of red giants using back-propagation neural network.

No. Input data RMSEmin RMSEmean REmin REmean R2
max R2

mean
(1) (2) (3) (4) (5) (6) (7) (8)

a 1,2 1.554 75 1.660 63 0.368 57 0.407 92 0.477 02 0.409 95
b 1,2,3 1.240 73 1.396 64 0.241 56 0.282 18 0.690 29 0.582 94
c 1,2,3,4 1.170 31 1.323 24 0.225 25 0.265 58 0.703 16 0.627 85
d 1,2,3,4,5 1.040 66 1.155 48 0.196 08 0.223 69 0.768 76 0.714 72
e 1,2,3,4,5,6,7,8,9,10,11,12,13,14 1.048 37 1.174 19 0.198 28 0.227 94 0.760 82 0.708 20
f 1,2,3,4,5,6,7,8,9 1.049 13 1.160 92 0.198 69 0.224 33 0.756 97 0.712 76
g 1,2,3,4,5,10,11 1.057 67 1.162 41 0.199 71 0.224 74 0.753 50 0.713 42
h 1,2,3,4,5,12,13,14 1.061 38 1.165 08 0.199 73 0.225 58 0.759 65 0.713 32
i 1,2,3,4,5,6 1.078 08 1.168 64 0.198 12 0.227 15 0.758 15 0.712 36
j 1,2,3,6,7,8,9,10,11,12,13,14 1.281 77 1.423 15 0.249 66 0.288 93 0.637 11 0.568 94
k 6,7,8,9,10,11,12,13,14 1.532 72 1.680 18 0.3391 1 0.377 28 0.498 61 0.399 26

Note. The numbers in the input data are the stellar parameters and the EW of the magnetic activity characteristic lines: 1:
Teff, 2: [Fe/H], 3:log g, 4: νmax, 5: �ν, 6: H α EW, 7: H β EW, 8: H γ EW, 9: H δ EW, 10: Ca II H EW, 11: Ca II K EW, 12:
Ca II λ8498 Å EW, 13: Ca II λ8542 Å EW, and 14: Ca II λ8662 Å EW.

Figure 6. Different combinations of input parameters and the evaluation
indexes of the red giants age estimation corresponding to these input
parameters. This figure corresponds to Table 3. All evaluation indicators
show that the red giants age estimation constructed by the input parameter d
(1,2,3,4,5) is optimal.

In these two equations, L is the total number of layers of the neural
network. Al − 1 and Al are the output matrices of layer (l − 1) and
layer l, respectively, and Zl is the input matrix of layer l. Wl is a
weight matrix between neurons in the layer (l − 1) and layer l, and
Bl is a bias matrix of the layer l. f is the transfer function. In our
neural network architecture, the transfer function of the two hidden
layers is the hyperbolic tangent sigmoid transfer function (Vogl et al.
1988), shown as follows:

f (x) = 2

(1 + e−2x)
− 1, (−1 < f < 1). (4)

The transfer function of the output layer is a linear transfer function.
Thirdly, this step is the error back-propagation, which will contin-

uously update the weight values and bias terms in the neural network
by calculating the errors between the estimated values given by the
output layer and the corresponding real values until the errors meet
the requirements. Suppose there are N training data {(x1, y1), ...,
(xi, yi), ..., (xN, yN)}, and the output data are m-dimensional values,
that is, yi = (yi

1, ..., y
i
m)t . For a certain training data (xi, yi), the cost

function, which is a function that measures the difference between
the predicted value of the model and the true value, is

Ei = 1

2
‖yi − oi‖ = 1

2

m∑
k=1

(
yi

k − oi
k

)2
, (5)

where oi are the estimated values given by the neural network. The
average cost function of all training data is

Eall = 1

N

N∑
i=1

Ei. (6)

Next, gradient descent is used to update the weight matrix (Wl) and
bias matrix (Bl) in the neural network. The equation in matrix form
is as follows:

Wl = Wl + η
∂Eall

∂Wl
= Wl + η

N

N∑
i=1

∂Ei

∂Wl
, (7)

Bl = Bl + η
∂Eall

∂Bl
= Bl + η

N

N∑
i=1

∂Ei

∂Bl
, (8)

where η is the machine learning rate. After iteratively updating
the weight values and bias terms in the neural network, the neural
network will present a suitable model based on the training samples.

3.2 Age estimation of red giants

In the process of establishing the age of red giants using neural net-
works, we took the stellar parameters of the 5349 LAMOST spectra
as the research samples. The computer randomly divides the research
sample into 70 per cent training set, 15 per cent verification set, and
15 per cent test set. This process ensures that the trained model has
generalization ability and prevent overfitting (Karystinos & Pados
2000). We use the results of the test set to evaluate the model built
by the neural network.

In this work, the parameters that can be selected as input data to
establish the age of red giants include: Teff, [Fe/H], log g, νmax, �ν,
and the EW of the magnetic activity characteristic lines (H α EW, H β

EW, H γ EW, H δ EW, Ca II H EW, Ca II K EW, Ca II λ8498 Å EW,
Ca II λ8542 Å EW, and Ca II λ8662 Å EW). We used 11 different
combinations of stellar parameters as input parameters to build
red giants age estimation models. As shown in the second column
of Table 3, their output parameters are the ages of the red giants.
Because the initial weight values and bias terms in the neural network
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Magnetic activity and age estimation of red giants 2131

Figure 7. The best prediction results of the age of the red giants using the neural network with different input data corresponding to Table 3. The numbers in
the input parameters are the stellar parameters and the EW of the magnetic activity characteristic lines: 1: Teff, 2: [Fe/H], 3: log g, 4: νmax, 5: �ν, 6: H α EW, 7:
H β EW, 8: H γ EW, 9: H δ EW, 10: Ca II H EW, 11: Ca II K EW, 12: Ca II λ8498 Å EW, 13: Ca II λ8542 Å EW, and 14: Ca II λ8662 Å EW.

architecture are randomly set by the computer, even if the same
training samples and input parameters are used, the model obtained
each time is different. Therefore, we use the neural network to build
the model for each combination of input parameters 100 times, and
then use the results of the 100 tests in the process to evaluate each

model. Finally, we compare the performance of the 11 models listed
in Table 3 by calculating the average of the results of 100 model tests
for each input parameter combination. When testing the model using
test data, we presented three evaluation parameters, the coefficient
of determination (R2) between the model estimated value and the
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2132 H.-P. Lu, C. Karoff and L.-Y. Zhang

Figure 8. The age of the red giant estimated using our model is compared
with the age given by Pinsonneault et al. (2018).

true value, the root mean square error (RMSE), and the relative error
(RE). Their calculation formulas are as follows:

R2 = 1 −
∑N

i=1(Ai − Bi)2∑N

i=1(Ai − Amean)2
, (9)

where Bi is the model estimate value, Ai is the true value, Amean is
the average value of the true values Ai of the test data, and N is the
number of test data. The value of R2 ranges from 0 to 1. The closer
the value of R2 is to 1, the better the model:

RMSE =
√∑N

i=1(Ai − Bi)2

N
. (10)

The smaller the RMSE value, the better the model:

RE =
∑N

i=1

(
|Ai−Bi |

Ai

)
N

. (11)

The smaller the RE value, the better the model.
Table 3 shows the test results of the 11 input parameter combi-

nations that were trained, verified and tested 100 times. This table
shows the average value and maximum value of R2, the minimum
value and average value of RMSE and RE. In order to display the
test results of these models more intuitively, we draw the results of
Table 3 in Fig. 6. In addition, we also draw the R2 optimal test results
of the 11 models corresponding to Table 3 in Fig. 7. By comparing
the model evaluation parameters in Table 3 and Fig. 6, we obtain the
following results:

1. In the red giants age estimation models established by neural
network, the model with the input parameters ‘Teff’, ‘[Fe/H]’, ‘log g’,
‘νmax’, and ‘�ν’ (the input parameter combination ‘d’ in Table 3) is
optimal. From Table 3 and Fig. 6, we can see that the R2

mean and R2
max

of the input parameter combination ‘d’ are the largest, and RMSEmean,
RMSEmin, REmean, and REmin are the smallest. The test result of the
best model (R2 is the largest) of input parameter combination ‘d’ is
shown in panel (d) of Fig. 7.

2. Using the EWs of the magnetic activity lines as input parameters
does not improve the performance of the red giants age estimation. By
comparing the model test results of the input parameter combinations
(‘d’ and ‘e’, ‘f’, ‘g’, ‘h’, ‘i’), and (‘b’ and ‘j’), it can be seen that

adding the EWs of the magnetic activity lines to the input data does
not improve the red giants age estimation.

3. The model established by using the EWs of the magnetic
activity lines as input parameters shows that these parameters have
a weak correlation with the age of the red giants, as shown in the
input parameter combination ‘k’ in Table 3. The test result of the
best model of input parameter combination ‘k’ is shown in panel (k)
of Fig. 7. We will discuss these results in detail in the next section.

4 D I SCUSSI ON AND C ONCLUSI ON

4.1 Performance evaluation of red giants age estimation

In Section 3, we used the neural network to establish different
red giant age estimation models for different input parameters.
Combining the model evaluation values given in Table 3 and the
changes of these values in Fig. 6, we analysed the models obtained by
the input parameter combinations (‘a’, ‘b’, ‘c’ and ‘d’) in Table 3. We
first build models with ‘Teff’ and ‘[Fe/H]’ as input parameters, then
add ‘log g’, ‘νmax’ and ‘�ν’ in sequence. With the addition of these
parameters, it can be seen that the performance of the red giants age
estimation is getting better through the model evaluation parameters.
When the input parameters include LAMOST parameters (‘Teff’,
‘[Fe/H]’, ‘log g’) and asteroseismic parameters (‘νmax’ and ‘�ν’),
the age estimation is optimal. This result is in line with expectations.
Therefore, the use of neural network can filter the input parameters,
exclude irrelevant parameters, and finally obtain the optimal input
parameter combination. For the best red giants age estimation (input
parameter combination is ‘d’ in Table 3), the average value of the
RE between the estimated ages and the true ages (Isochrone ages)
obtained by using test data is 0.223 69 (about 22.4 per cent). Das &
Sanders (2019) used Bayesian machine learning to estimate the age
of red giants, and the error values of age estimation is between 10 and
25 per cent. Wu et al. (2018) used a machine learning method based
on kernel based principal component analysis to estimate the age of
the RGB stars, and the error value of this method is about 24 per cent.
The average value of the RE of using our method to estimate the age of
red giants is close to the error values obtained by these two methods.
Therefore, it is feasible to use the neural networks to establish a
model for estimating the age of red giants. The matlab program for
establishing the age estimation model of red giants using the back-
propagation neural network is available at https://github.com/HP-
Lu/Red-Giants-Age-Estimation.git. In addition, we compare the age
of the red giant calculated using our age model (’d’ in Table 3) with
the age given by Pinsonneault et al. (2018) in Fig. 8. It can be seen
from Fig. 8 that the age of red giants estimated by our model is
usually younger than the age given by Pinsonneault et al. (2018).
This is determined by the sample (Sanders & Das 2018; Yu et al.
2018) we used to train the red giant age model. Pinsonneault et al.
(2018) used the revised scaling relation when inferring stellar mass
from seismic data, and they took the influence of the [α/Fe] into
account when estimating the age of red giants. Wu et al. (2018) also
mentioned these two points when comparing the red giant ages of
Sanders & Das (2018). It should be mentioned that, in principle,
using asteroseismology to estimate the age of red giants should be
much more precise. In this work, we used the stellar age given by
Sanders & Das (2018) as a standard, established different stellar
age models by using different stellar parameters, and compared the
model results. By comparison, we infer which parameters are used
to establish the stellar age model that is more accurate, that is, to
filter out which stellar parameters are more relevant to the stellar
age.
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Magnetic activity and age estimation of red giants 2133

Table 4. Stellar parameters estimation based on back-propagation neural network.

No. Input data Output data RMSEmin RMSEmean R2
max R2

mean
(1) (2) (3) (4) (5) (6) (7)

a 6,7,8,9,10,11,12,13,14 Teff 53.178 67 66.545 92 0.915 55 0.877 72
b 6,7,8,9,10,11,12,13,14 [Fe/H] 0.103 86 0.117 96 0.811 50 0.757 65
c 6,7,8,9,10,11,12,13,14 log g 0.179 05 0.202 36 0.656 55 0.576 93
d 6,7,8,9,10,11,12,13,14 νmax 29.625 42 32.781 31 0.660 29 0.578 67
e 6,7,8,9,10,11,12,13,14 �ν 2.033 27 2.248 54 0.666 70 0.591 97

Note. The numbers in the input data indicate the EW of the spectral lines: 6: H α EW, 7: H β EW, 8: H γ EW, 9:
H δ EW, 10: Ca II H EW, 11: Ca II K EW, 12: Ca II λ8498 Å EW, 13: Ca II λ8542 Å EW, and 14: Ca II λ8662 Å
EW.

Figure 9. The best result of estimating the parameters of the red giants using the back-propagation neural network, which uses the magnetic activity characteristic
lines as input data. The numbers in the input parameters indicate the EW of the spectral lines: 6: H α EW, 7: H β EW, 8: H γ EW, 9: H δ EW, 10: Ca II H EW,
11: Ca II K EW, 12: Ca II λ8498 Å EW, 13: Ca II λ8542 Å EW, and 14: Ca II λ8662 Å EW.

4.2 EW of the magnetic activity lines and the age of red giants

In Table 3, by comparing the input parameter combinations ‘b’ and
‘j’, ‘d’ and ‘f’, ‘g’, ‘h’, ‘i’, we know that no matter adding all or part
of the EW of the magnetic activity lines to the input parameters,
the red giants age estimation cannot be improved. This suggest
that in the red giants, the EW of the magnetic activity lines has
no direct correlation with the age of the red giants. When studying
the relationship between stellar chromospheric activity and age in
the open clusters, Zhang et al. (2019) found that the chromospheric
activity indices (log R

′
CaK and log R

′
H α) of low-mass stars with strong

surface magnetic field are strongly correlated with the stellar age,
while for those stars with relatively large mass and weak surface
magnetic field, their stellar chromospheric activity indices are weakly
correlated with the age. In other words, the relationships between
stellar age and chromosphere activity indices are affected by the
intensity of the stellar surface magnetic field. Red giants are formed
when low- or intermediate-mass stars have finished burning the
hydrogen in their cores. Stello et al. (2016) mentioned that in the red

giants with asteroseismic signals, the outer layer dynamo has shut
off at the end of core-hydrogen-burning, and most of these red giants
have core-dynamo-generated fields. In Section 2, by analysing the
EW of the magnetic activity lines, we know that there is no strong
magnetic activity in the chromosphere and photosphere of all red
giants in this study sample. This is consistent with the conclusion
of Stello et al. (2016). Moreover, the results of Chaplin et al. (2000)
showed that the amplitude of the solar p mode decreases with the
increase of solar activity. Chaplin et al. (2011) also found that
as the surface magnetic activity of stars increases, the number of
solar-type stars with detected oscillations decreases significantly,
which shows that the stellar surface magnetic activity suppresses the
amplitude of solar-like oscillations. Tayar et al. (2015) pointed out
that asteroseismic detections are less common in rapidly rotating red
giants in the results of studying rapid rotation of low-mass red giants
in the APOKASC field (Pinsonneault et al. 2014). The stellar rotation
is related to activity (Messina et al. 2003; Pizzolato et al. 2003), so
the surface magnetic activity of such red giants is very weak. Our
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2134 H.-P. Lu, C. Karoff and L.-Y. Zhang

result of analysing the surface magnetic activity in the red giants
with asteroseismic signals is consistent with the above conclusions,
that is, asteroseismic signals are suppressed in the active stars, and
surface magnetic activities are also suppressed in the asteroseismic
stars.

However, in Table 3, the model obtained from the input parameter
combination ‘k’, as shown in the panel (k) of Fig. 7, shows that these
EW of magnetic activity lines have a weak correlation with the red
giants age. We guess that the possible reason for this situation is that
there are clear correlations between the EW of these magnetic activity
lines and stellar parameters (Teff, [Fe/H], log g, νmax, �ν). Therefore,
we take the EW of magnetic activity lines as input parameters, and
the stellar parameters as output values, similar to Section 3, using
neural network to build the models and test them. The results are
shown in Table 4. In addition, we also draw the test results of the
best model corresponding to Table 4 in Fig. 9. Table 4 and Fig. 9
confirm our guess. The EW of magnetic activity lines are obviously
correlated with Teff, and also correlated with [Fe/H], log g, νmax,
and �ν. In addition, in Section 2, we found that there are obvious
linear relationships in the six sets of EW of magnetic activity lines
(H α and H β, H β and H γ , Ca II H and Ca II K, Ca II λ8498 Å and
Ca II λ8542 Å, Ca II λ8542 Å and Ca II λ8662 Å, and Ca II λ8498 Å
and Ca II λ8662 Å), which is consistent with our study of M-type
stars (Lu et al. 2019). The linear relationships between the EWs
of Ca II IRT lines in red giants are more obvious than that in M-
type stars. The possible reason is that the signal-to-noise ratio at
the position of the Ca II IRT lines in the red giant spectrum is
better.
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