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The wealth of observational data available has been instrumental in investigating physical
features relevant to solar granulation, supergranulation and Active Regions. Meanwhile,
numerical models have attempted to bridge the gap between the physics of the solar
interior and such observations. However, there are relevant physical quantities that can
be modeled but that cannot be directly measured and must be inferred. For example,
direct measurements of plasma motions at the photosphere are limited to the line-of-sight
component. Methods have consequently been developed to infer the transverse plasma
motions from continuum images in the case of the Quiet Sun and magnetograms in
the case of Active Regions. Correlation-based tracking methods calculate the optical
flows by correlating series of images locally while other methods like “Coherent Structure
Tracking” or “Balltracking” exploit the coherency of photospheric granules to track them
and use the group motions of the granules as a proxy of the average plasma flows
advecting them. Recently, neural network computing has been used in conjunction with
numerical models of the Sun to be able to recover the full velocity vector in photospheric
plasma from continuum images. We experiment with a new architecture for the DeepVel
neural network which takes inspiration from the U-Net architecture. Simulation data of
the Quiet Sun and Active Regions are then used to evaluate the response at granular
and supergranular scales of the aforementioned method.

Keywords: active region, granulation, photosphere, neural networks, simulations, sunspots, supergranulation,
velocity fields

1. INTRODUCTION

The Quiet Sun (i.e., in the absence of significant magnetic activity), hereafter QS, is filled with
patterns of flows at multiple spatial and temporal scales. Granules, which typically have a diameter
of 1 Mm and a lifespan of the order of 6 min, are associated with hot plasma upwellings
whereas the intergranular lanes surrounding them, smaller in comparison, are associated with
cold plasma sinking back in the interior. Supergranular flows are found at greater scale, i.e.,
above 20 Mm in diameter and with lifespans that range from hours to nearly 2 full days. This
supercell-like pattern in the Quiet Sun is only revealed indirectly, for example by analyzing
Dopplergrams and magnetograms or by tracking the average motion of granulation. It is believed
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with the full width at half maximum of the Gaussian kernel used.

FIGURE 2 | Power spectra of the total kinetic energy E(k) of the 30-timestep averaged transverse velocities as a function of the wavenumber k. (A) QS dataset. (B)
ARs dataset. (C) Pearson correlation between the simulated transverse velocity field in the QS as a function of time and spatial averaging windows. The latter is shown

Combining B, and v, which yielded the best
reconstructions for ARs and QS, respectively, significantly
improves the performance for ARs and the integrated Poynting
flux (Table1). Magnetograms provide to Dopplergrams
additional signal inside Sunspots. Both quantities are coupled
physically to v through the magnetic induction equation,
which could further explain the increase in performance. The
addition of intensitygrams provides more context for the QS and
improves the metrics where |Byef,| < 100 G, with very little to
no decrease in performance where |By.¢,| > 100 G (Table 1).

The use of Dopplergrams or combinations of inputs in
DeepVelU improves the response in the power spectrum
of the kinetic energy for spatial scales larger than k™! =~
3 Mm (Figure 2B), which could again be related to the
spatial scales probed in the U-nets bottleneck. Although
the power is generally underestimated, its variations as a
function of k are matched more consistently by DeepVelU,
with DeepVel generating more signal than the simulation at
supergranular scales.

4. CONCLUSION

We trained DeepVelU, a U-net-inspired architecture for the
DeepVel neural network, using simulations of the QS and ARs
and evaluated the method’s response as a function of spatial
and temporal scales. DeepVelU shows significant improvement
over DeepVel for the QS test set. The correlations for the latter
falls close to 0.6 at spatial scales of 5 Mm whereas it stays
consistently above 0.9 for DeepVelU; increasing at greater time
averages and plateauing at spatial scales above 3 Mm. Thus
DeepVelUs QS model appears more effective than the other
tracking methods tested in Tremblay et al. (2018) against the
same dataset, with increased correlations and lower errors being
achieved over DeepVel at granular scales and over FLCT at
supergranular scales. The results for the ARs dataset are not
as conclusive, but may be further improved by training for
granulation, penumbra and sunspots separately. This approach
could, however, introduce discontinuities at the edges of the
different structures.
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FIGURE 3 | (Left) Patches of 50 by 50 pixels? extracted from the 30-timestep-averaged vp(r & 1) inferred by DeepVelU from (A) Ic(t = t;, t; + At), (C)
B,(t =t;,ti + At), and (E) v, (t = t;, t; + At). The 30-timestep-averaged v, . computed by the MURaM simulation and resampled to the SDO/HMI resolution is
displayed as background (colorscale). (Right) Scatterplots comparing [Vies¢| to [Vp,| inferred from a combination of intensitygrams Is(t = t;, t; + At), magnetograms
B,(t = t;, tj + At) and Dopplergrams v;(t = t;, t; + At). The black line represents the expected solution (i.e., R? = 1). (Right) Scatterplots comparing [Vrert| t0 |Vies ¢|
inferred from a combination of (B) consecutive intensitygrams /o(t = {t;, tiyat}), (D) magnetograms B, (t = {t;, ti+ at}) and Dopplergrams v, (t = {t;, ti+ a¢}), and (F)
Dopplergrams, intensitygrams and magnetograms.
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Current efforts are meant to be a proof of concept. Limitation
of the method include the input image dimensions in each
direction which must be a factor of 2" where # is the number of
downsampling or upsampling layers in the network architecture
(here n = 3). For example, the dimensions of the sub-images
(48 x 48 px?) presented to the network during training limited the
number of downsampling/upsampling layers in the architecture
to n = 3, corresponding to a spatial of about 3 Mm. This
could explain the plateauing of the correlation above this spatial
scale. In this context, development is underway for a deeper
version of DeepVelU (i.e., with more downsampling/upsampling
layers) that will be trained on (almost) full field-of-view images
(256 x 256 px* or 94.192 x 94.192 Mm?) of the QS dataset
and that will also double (resp. halve) the number of filters after
each downsampling (resp. upsampling) operation. In addition,
the simulations do not model actual supergranulation which is
known to advect granules over spatial scales greater than 3 Mm.
Therefore it will be worth exploring further inferences on actual
photospheric observations. For example we plan to compare the
inferred supergranular (QS) and moat flow patterns (ARs) with
those of Attie et al. (2018) which uses a new implementation of
the “Balltracking” method that is more accurate than the one
of Potts et al. (2004) and that had not been tested by Tremblay
et al. (2018). Similarly, the MURaM simulation includes a deep
seated flow system with velocities in the 200-500 m/s range
which extends about 10 Mm past the sunspot boundary, which
seems in line with many observations of moat flows (Rempel,
2015). Using the data of both experiments (observations and
simulation), we will compare the moat flow patterns revealed by
DeepVel, DeepVelU and Balltracking.

The inclusion of Dopplergrams and line-of-sight
magnetograms as inputs in the neural network architecture,
both of which provide more signal than intensitygrams inside
sunspots and are tied to the transverse plasma motions through
the magnetic induction equation, have improved reconstructions
in the context of ARs and response at supergranular scales.
Evaluating the impact of additional inputs such as the transverse
magnetic field vector B; which also appears in the magnetic
induction equation or its strength |B,| which is not subjected to
ambiguities is left as future work.

Despite the changes in architecture and the success of the
neural network at capturing the spatial distribution of flows,
velocity amplitudes are generally underestimated in the QS and
overestimated in ARs by both DeepVel and DeepVelU. Future
efforts will be dedicated to improving the inferral of amplitudes.

All versions of the neural networks were trained to generate
synthetic data that is consistent with a given simulation and
the SDO/HMI cadence (if the velocity is multiplied by a factor
of 45/60 for the QS dataset) and spatial resolution near disk
center. SDO/HMI level-2 products can thus be used as input,
however one should first assess if the physics and preprocessing
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