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In the last decade, machine learning has experienced an enormous advance, thanks to the possibility to
train very deep and complex neural networks. In this contribution I show how we are leveraging deep
learning to solve di�cult problems in Solar Physics. I will focus on how di↵erentiable programming
(aka deep learning) is helping us to have access to velocity fields in the solar atmosphere, correct for
the atmospheric degradation of spectropolarimetric data and carry out fast 3D inversions of the Stokes
parameters.
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Using statistical techniques to 
give  computers  the ability to 
progressively improve performance 
on a specific task with data, without 
being explicitly programmed.

what is machine learning?



REGRESSION



CLASSIFICATION



‣ Principal component analysis (PCA) 

‣ k-nearest neighbors (k-NN) 

‣ Support vector machines (SVM) 

‣ Artificial neural networks (ANN) 

‣ Random forests (RF) 

‣ Gaussian Process (GP) 

‣ …

CLASSICAL MACHINE LEARNING



CLASSICAL ML



CLASSICAL ML DEEP LEARNING



WHY DEEP LEARNING?

Curse of dimensionality





BASIC INGREDIENTS

f = kO�Tk22
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Convolution Activation Loss



ENORMOUS LANDSCAPE



measuring velocities



DEEPVEL

Asensio Ramos, Requerey & Vitas (2017)

https://github.com/aasensio/deepvel



SMALL SCALE VORTEX FLOWS



Reconstruction of Horizontal Plasma Motions at the Photosphere. . . Page 7 of 14  57 

Figure 3 Kinetic energy spectra E(k) of the 30-minute-averaged horizontal velocities computed from
(a) pairs of consecutive synthetic intensitygrams with spatial resolution !x ≈ 0.505′′ ≈ 368 km per pixel,
and (b) pairs of consecutive SDO/HMI intensitygrams. k is the wavenumber. Granular (k ≈ 1 Mm−1), meso-
granular (k ≈ 0.4 Mm−1), and supergranular (k ≈ 0.1 Mm−1) scales are labeled ‘G’, ‘MG’, and ‘SG’, re-
spectively.

where [k]is the wavenumber, everywhere divided by 2π so as to easily give the associated
wavelength, [v̄h]is the horizontal velocity modulus averaged over 30 minutes, and ⟨·⟩ is a
spatial average operator. More specifically, the kinetic energy densities E(k) are obtained
following

E(k) = N3p

4πNxNy

∑

∀k′∈[k,k+dk]/2π

∣∣v̄h
(
k′)∣∣2

, (2)

where Nx and Ny are the dimensions of the data array, N are the dimensions of the square
over which Fourier transforms are performed, and p is the linear size of a pixel. We refer
to Rieutord et al. (2010) for the detailed computation of E(k). At supergranular scales (k ≤
0.1 Mm−1), vS and all inferred flows agree well (Figure 3). vD (red curve) is the only velocity
field that accurately reproduces the energy spectra of vS (blue curve) at mesogranular (0.1 <

k ≤ 0.4 Mm−1), granular (0.4 < k ≤ 1 Mm−1), and subgranular scales (k > 1 Mm−1). The
other reconstruction algorithms peak at supergranular scales and do not contribute to spectral
features below mesogranular scales. This is expected since granule tracking is unable to
track flows below k ≈ 0.4 Mm−1 (λ ≈ 2.5 Mm; Rieutord et al., 2010) and because the bin
size used by both LCT and FLCT is 7 pixels (≈2.5 Mm) and even larger for CST.

3.1.2. Propagation of Passive Scalars

Supergranular motions were further examined through the propagation of corks by flows vS,
vD, and vL averaged over six hours (Figure 4). A smoothing window of the same dimensions
as the bin used by the LCT method (7 × 7 pixels2) was applied to vS and vD. Positive hori-
zontal divergences of vD and vL are spatially correlated with the reference flow vS (Pearson
linear correlation coefficients of 0.922 and 0.783, respectively). Starting from randomized
positions, a great majority of corks gather on the network formed by the line-of-sight pho-
tospheric magnetic field at supergranular scales (Figure 4), confirming the presence of a
similar supergranular component in all three flows.

Simulations SDO/HMI

Tremblay et al. (2018)

KINETIC ENERGY SPECTRUM



VORTEX DETECTION

Requerey et al. (in prep)

DeepVortex



enhancing HMI images



HMI HinodeNeural network

ENHANCE: SINGLE IMAGE SUPERRESOLUTION



courtesy of S. Castellanos Durán

ENHANCE https://github.com/cdiazbas/enhance



real-time multiframe deconvolution
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Encoder-decoder

Recurrent

https://github.com/aasensio/learned_mfbd

https://github.com/aasensio/learned_mfbd


POLARIMETRY



GENERALIZATION TO UNSEEN DATA

100 images/s



3D inversion of Stokes profiles 

with height information

warning: WIP!!



3D INVERSION OF STOKES 

PROFILES
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▸ Trained on Rempel’s 3D MHD magnetoconvection snapshot (still too few) 

▸ End-to-end deep neural network 

▸ Severe augmenting during training 

▸ Still without polarimetry

3D INVERSION OF STOKES PROFILES



HINODE INVERSION - TEMPERATURE (WIP)



HINODE INVERSION - WILSON DEPRESSION (WIP)



HINODE INVERSION - WILSON DEPRESSION (WIP)



CONCLUSIONS

• very fast image correction 

• 3d inversion of Stokes profiles 

• more potential applications 

• fast 2d inversion of IRIS spectra 

• inversions without response functions 

• …


