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Asteroseismology

Introduction

Natural pulsations
n L m
o 1 2 3

0,1,2... *Radial number n: numberof
nodes inside the sphere
*Angular degree I: number of
0, 1 ,2 . nodes on the surface

*Azimuthal orderm: numberof
verticalnodes on the surface
o , 1 ,2 LR B 2
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Hertzsprung-Russell Diagram
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Data used

A library of frequencies, amplitudes, and lifetimes of more than 250,000 individual I=0 to 3 oscillations modes of 6,179 red giants from
APOKASC sample (Pinsonneault et al. 2018) - KALLINGER SAMPLE

e fmax: The frequency of the maximum oscillation power in microHz;

e dnu, dnu02: The large and small frequency separation determined in the central three radial orders around fmax. All parameters are
in microHz;
dnu_cor. Curvature-corrected large separation in microHz;
evo: Evolutionary stage of the star determined from the phase shift of the central radial mode (Kallinger et al. 2012) with the

following code:[0= RGB star, 1= RC star, 2 - secondary clump star, and 3 - AGB star.

KEPLER SAMPLE:

e TEFF: effective temperature of the star (in Kelvin);
e M _H: metallicity of the star;
e M/Msun: stellar mass in sollar units.

Crossmatch: Sample with 6152 stars.
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https://ui.adsabs.harvard.edu/abs/2018ApJS..239...32P/abstract
https://ui.adsabs.harvard.edu/abs/2012A%26A...541A..51K/abstract

Correlation Heatmap

Correlation Heatmap

ID - -0.1 -0.098 -0.093 0.028 -0.077 0.061 . 0.037 -0.093 0.042 0.07 0.046 0.11 : 0.015 -0.075 -0.022 -0.13
fmax : 0.62 0.99 : -0.15 B . -0.56 -0.53 -0.42 -0.1 | 0.3 2045 0.1/ 0.054 0.17

fmax_e RUEE] 0.62 1 | 0.59 okl 0.55 .62 [XEEY 0.59 [} -0.35 -0.27 -0.14 -0.098 0.24 | 0.4 0.2 0.0085 0.29
dnu_cor BYOEE] 0.99 [0:59 -0.14 23 -0.58 -0.56 -0.41 -0.093/ 0.32 F0M8Y 0.15 0.072 0.12
TR 0.028 -0.12 0.073 -0.12 - EE] o IEEY 0.57 Y %W 0.21 IFEFM 0.3 0.028 0.085 0.092 -0.052 0.068 -0.19
dnu02 KA 0.97 | 0.55 0.99 K} 093- 0049 : .19 -0.55 -0.54 -0.34 -0.077/0.35 MO 0.11 0.1 0.028
PR 0.061 -0.11 0.23 -0.11 048 0049- -0.12 . K3l 0.16 | 0.34 mo.om 0.19 0.35 -0.016 0.054 -0.2
g -0.1 -o ikl 0.97 K} 12- o.m@-o 23 -0.57 -0.54 -0.43 -0.1 ' 0.29 "0M45" 0.16 0.053 0.17

fm_e JUEYARBE 0.073 -0.14 [FX3E 0.1 -0.16 [ -0.14 J047Y 0.17 [0451 036 0.037 0.081 0.14 -0.012 0.031 -0.14

dnu XReEE] 0.99 -0.12m X m 0.14- .0.22 -0.57 -0.56 -0.41 -0.093| 0.32 048" 0.15 0.071 0.12

GV 0.042 -0.23 0.095 -0.23 0.4 -0.19 BUAGHER -0.23 BO47S -0.22 0.21 042 046 0.042 0.056 0.14 -0.00270.0043 -0.18
FRRUi07N -0.56 -0.35 -0.58 pEEEEEN -0.55 BUSEGE -0.57 NUNEEN -0.57 N : e 0.07 -0.2 -0.36 -0.2 0.046 -0.38

E[ g 0.046 -0.53 -0.27 -0.56 § -0.54 BOIS4N -0.54 BONESHE -0.56 ROEZEENINCY e 0.046 -0.19 -0.35 -0.16 0.037 -0.3
el 0.11 -0.42 -0.14 -0.41 | 0.3 -0.34 BEGAN -0.43 | 0.36 -0.41 046 0.33 : 0.11 0.031 0.24 0.017 -0.066 -0.27
kepid - -0.1 -0.098 -0.093 0.028 -0.077 0.061 -0.1 0.037 -0.093 0.042 0.07 0.046 pO°1LL -0.04 0.015 -0.075 -0.022 -0.13
TEFF_ERR : OIS 0,24 sy 0.085 pisa 0.19 BO2S8 0.081 s 0.056 -0.2 -0.19 0.031 -0.04 1 0.62 pEVRAN 0.87 BN
1338 0.015/ 045 0.4 048 0.092 051 035 045 0.14 [ 048 0.14 -0.36 -0.35 0.24 0.015 -0.25 . 0.14
YEsE-0.0/5 0.17 0.2 0.15 -0.052 0.11 -0.016 0.16 -0.012 0.15 -0.0027 -0.2 -0.16 0.017 -0.075 -0.4 -0.25 -0.68 | 0.32
VIS UE -0.022 0.054 0.0085 0.072 0.068 0.1 0.054 0.053 0.031 0.071 0.0043 0.046 0.037 -0.066 -0.022 mex:ym 0.31 -0.68 -0.21

vEeshae -0.13 0.17 0.29 0.12 -0.19 0.028 -0.2 0.17 -0.14 0.12 -0.18 -0.38 -0.3 -0.27 -0.13 -0.055 0.14 0.32 -0.21 1
I
a) X [} = Q o~ (0] e [} 3 Q o Q (=) o o L T o c
S F ¥ 8 508 4 g 8§ 2 0 & 5 F & B o OE 3
- £ = % B 3 - S © I r £
= 5 > £ i I = 6/18
% = =



numpy - t loadtxt
keras.models t Sequential
keras.layers Dense
matplotlib t pyplot

L pandas pd

sklearn.model_selection train test split
time
seaborn as sns
matplotlib.pyplot plt




time.time()

= pd.read csv('Summ+KeplerM')

stars»: df .loc[(df['evo']==0) | (df['evo']==1) ]
model name = 'Stars Classifier’
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stars[['fmax', 'dnu cor','dnue2','dnu','TEFF','M H','M/Msun’']]
stars[['evo']]

sns.heatmap(stars.corr())

plt.fiqure(figsize=(16, 6))

heatmap = sns.heatmap(stars.corr(), vmin=-1, vmax=1, annot=True)
heatmap.set title('Correlation Heatmap', fontdict={'fontsize':12}, pad=12)




train_ratio = 0.80
validation ratio = 0.10

test ratio = 0.10
trainX, testX, trainyY, testY = train_ test split(X, y, test si 1 - train_ratio)
valX, testX, valy, testY = train_test split(testX, testY, test size=test ratio/(test ratio + validation_ratio))
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model = Sequential()

model.add(Dense(10, input dim=(7), kernel initializer='uniform', activation='relu'))
model.add(Dense(6, kernel initializer='uniform', activation='relu'))
model.add(Dense(1, kernel initializer='uniform', activation='sigmoid'))

model.summary()

model.compile(loss="'binary crossentropy', optimizer='adam', metrics=['accuracy'])

histofy:model.fit(trainx, trainY, epochs=900, batch size=50,validation data=(valX, valy))




hist stars=pd.DataFrame(history.history)
hist stars['epoch'] = hist stars.index + 1
cols = list(hist stars.columns)

cols = [cols[-1]] + cols[:-1]

hist stars= hist stars[cols]

hist_étars.head()

values of best model = hist stars[hist stars.val loss == hist stars.val loss.min()]
print('Best model', values of best model)
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acc = history.history|['accuracy']

val acc = history.history|['val accuracy']
loss = history.history['loss']

val loss = history.history['val loss']

epochs = range(1, len(acc) + 1)

plt.plot(epochs, acc, 'ro', label='Training acc')
plt.plot(epochs, val acc, 'b', label='Validation acc')
plt.title('Training and validation accuracy')
plt.legend()

plt.show()

plt.plot(epochs, loss, 'go', label='Training loss')
plt.plot(epochs, val loss, 'b', label='Validation loss')
plt.title('Training and validation loss')

plt.legend()

plt.show()




test loss, test acc = model.evaluate(testX, testy)

::F’:'ﬂf()

print('Test Accuracy:', test acc)
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y pred =

plt.scatter(y,y pred, c='k', s=1, alpha=0.
plt.title('Expected and Predicted RGB')
plt.show()

time.time()

elépsed_time = et - st
print('Execution time:', elapsed time, 'seconds')




Results/Conclusion

Training and validation accuracy Training and validation loss
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Epoch 900/900
] - 0s 792us/step - loss: 0.2219 - accuracy: 0.8999 - val _loss: 0.2139 - val_accuracy: 0.9122
Best model epoch loss accuracy val_loss val_accuracy
851 852 0.238022 0.89719 0.213854 0.91042
18/18 [ ] - ©s 794us/step - loss: 0.2108 - accuracy: 0.8996

Test Accuracy: 0.8996350169181824
18/18 [ ] - ©s 733us/step
Execution time: 259.887921333313 seconds

|
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Expected and Predicted RGB
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The End

+
Questions




