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Why do we need classification?

Q On one observing day — time-series of 21 Ha spatio-spectral data
cubes.
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3D data-- Science in every pixel

Q Contains about 8.7 million intensity and contrast profiles.
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t-SNE -+ Appropriate tool to
classify spectra

Q Probabilistic approach *
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t-SNE From proflles to classification

t-SNE projection of 630 x 660 spectral
profiles with 601 wavelength points.

The choice of parameters perplexity = 50,
theta = 0.5, number of iterations = 1000
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Q1 Is the default
choice ok?

Q2 Is the projection
different for profiles
and PCA coefficients?

Q3 Is the projection
affected by seeing
conditions?

https://distill.pub/2016/misread-tsne/
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Parameter study — Careful selection

Q Three parameters we can change.
L Theta,l Perplexity, Number of Iterations 0=0.3,P=50,n=1000
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Parameter study — Careful selection

Q Three parameters we can change.
L Theta,l Perplexity, Number of Iterations 0=0.4,P=50,n=1000
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0.0 0.1 0.2 03 04 05 06 07 08 09 1.0 -5 -4 -3 -2 -1 0 1 2 3 4 5
i Line-core Doppler velocity [km/s]
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Parameter study — Careful selection

Q Three parameters we can change.
L Theta,l Perplexity, Number of Iterations 0=0.7,P=50,n=1000

0.0 0.1 0.2 03 04 05 06 07 08 09 1.0 -5 -4 -3 -2 1 0 1 2 3 4 5
i e Doppler velocity [km/s]
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Parameter study — Careful selection

Q Three parameters we can change.
L Theta,l Perplexity, Number of Iterations 0 =0.8, P=50,n=1000

T T T
0.0 0.1 0.2 03 04 05 06 07 08 09 1.0 -5 -4 -3 -2 -1 0 1 2 3 4 5
Line-core Doppler velocity [km/s]
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Parameter study — Careful selection

Q Three parameters we can change.
m Thetd|, Perplexity, Number of Iterations 8 =0.5 P =10, n=1000
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Parameter study — Careful selection

Q Three parameters we can change.
m Theta,|Perplexity,| Number of Iterations 0=0.5 P=30,n=1000
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Parameter study — Careful selection

Q Three parameters we can change.
m Theta,|Perplexity,| Number of Iterations 0 =0.5 P=50,n=1000

T T T T T
0.0 0.1 0.2 03 04 05 06 07 08 09 1.0 -5 -4 -3 -2 -1 0 1 2 3 4 5
Good CM fits Line-core Doppler velocity [km/s]
- -
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Parameter study — Careful selection

Q Three parameters we can change.
m Theta,|Perplexity,| Number of Iterations 0 =0.5 P=80,n=1000

T
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Line-core Doppler velocity [km/s]
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Parameter study — Careful selection

Q Three parameters we can change.
m Theta, Perplexity,[INumber of Iterations 0 =0.5 P=50,n=200
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Good CM fits Line-core Doppler velocity [km/s]
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Parameter study — Careful selection

Q Three parameters we can change.
m Theta, Perplexity,[INumber of Iterations 0 =0.5 P=50,n=400
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Parameter study — Careful selection

Q Three parameters we can change.
m Theta, Perplexity,[INumber of Iterations 0 =0.5P=50,n=2000
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Parameter study — Careful selection

Q Three parameters we can change.
m Theta, Perplexity,[INumber of Iterations 0 =0.5, P =50, n=4000
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Parameter study — Careful selection

Al The default parameters are fine, maybe the number of iteration has to be
improved for large datasets

e e e
) = >

Contrast profiles suitable for CM inversions

(=
=}

2019 September 20 Machine Learning in Heliophysics



Parameter study — Careful selection

Al The default parameters are fine, maybe the number of iteration has to be
improved for large datasets
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Good or Bad Seeing
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Contrast profiles suitable for CM inversions
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Contrast profiles PCA coefficients Observed profiles UMAP P

A2 Seeing does affect the projection but not much

A3 PCA coefficients and observed contrast profilW
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Back mapping

s
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0 Selected the regions after QThese are the regions where

using threshold of 0.9 and the profiles can surely be
better. Inverted using cloud model.
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Conclusion

Q t-SNE is a powerful tool to classify
spectra.

a No prior information is needed.

Q It classify good vs. bad profiles for
inversion.

0 Best settings perplexity = 50,
theta = 0.5 and number of
iterations = 1000
for computation and discerning

based on time

power.

a Contrast as well as line profiles,
PCA coefficients, PCA denoised or
observed profiles lead to similar
projection.

2019 September 20

O Does show some differences for
good and bad seeing.

Q The regions which can surely be
inverted using cloud models are
discernible.

a OUTLOOK

a Performing cloud model
inversions of selected regions in
t-SNE projection.

Q Projecting more data points on
the already projected map.

a Comparison with UMAP.
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