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Learning to identify acoustic wave sources on the Sun
from Deep Learning
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Problem Statement Convolutional Neural Network Opening the Black Box
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Problem: the amplitudes of the emitted waves are several > 5 : . A 8 __________ 10
orders of magnitudes weaker than the background convective : Noise (x Signal)
_ ) Input Convolution Maxpool Fully-connect
rows_and global re§onant p-modes .(unar_nblguc.)us separation 6 % 20 X 20 6 %3 X3 3X4 X4 50 X 1 Prediction capability of the Neural Network falls as noise
remains problematic even in numerical simulations) amplitude is increased. Freezing the spatial axis minimally
affect the prediction accuracy, while freezing the temporal
Input Output axis drastically reduce the accuracy.
_ Image Time-series P(Wave/No-wave e . . .
£ 5 ( / ) Result: Filtering takes place in Temporal Axis.
3 1.0
? - | ¢ A simple CNN with 64 kernels trained on MURaM photo- .
O i i sphere with 2 sec cadence and 16 km spatial resolution. 2 05
MURaM Doggler !km/s: Granulation Doggler ﬁkm/s: P-modes Doppler gkm/si g’ ' I
-10.0 =7.5 =5.0 =25 0.0 2.5 50 7.5 10.0 -10.0 =7.5 =5.0 =25 0.0 25 50 7.5 10.0 -1.00 -0.75 =0.50 =0.25 0.00 0.25 0.50 0.75 1.00 < ‘ —
. . . cppe . - 0.0 <: R )
' Although a simple CNN, it remains difficult to decipher what g | - o |
e is happening at the kernel-level that filters out the noise and §-o.5
. /=T km/s . facilitate extracting the signal. =
< : -1.0
1 2 3 4 5 6
£ g # of Temporal Weight

Possible Solution:
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Once the neural network
learns to identify wave-
patterns in a noise-free

weights changes sign alternatively and with an increasing and
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followed by a decreasing trend.
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By taking the mean of the distribution, we can explore what
mathematical operation is performed by the neural network
in order to filter the noise. In this case, the operation is
closely equivalent to:
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~0.10 ~0.10 ~0.10 ~0.10 filter, removing the power of lower frequency perturbations,

such as convective motions, and retaining higher frequency
perturbations, such as acoustic wavefronts propagation,

LOS velocity field (Top) and corresponding 3-differenced-filter-in-time images (Bottom) of a strong, isolated source at five different time , .
granule edge advection, and high frequency p-modes.

stamps (t =512 5,518, 524 s, 530 s and 536 s) to illustrate the temporal evolution of the propagation of wave-front originated by acoustic
source. — the experiment is run on MURaM simulated photosphere with 2 second cadence and 16 km spatial resolution.
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