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Introduction: The Sun is a rotating, convecting sphere of magnetized fluid, presenting flow fields at 

multiple scales throughout its interior and atmosphere. By tracking and characterizing flow fields and 

magnetic features at the solar photosphere, we learn about fundamental properties of the solar plasma, 

including how plasma flows act on and react to strong magnetic fields. By converting kinetic energy into 

magnetic stress, the transport of solar plasma governs how our nearest star produces magnetic energy 

that is released during solar energetic events, such as solar flares and coronal mass ejections that put our 

technology-depended society at risk of space weather. The flow patterns exhibited by magnetic 

“fragments” forming active regions trace the arrival, build-up and distribution of the magnetic energy, 

leading to scientific questions whose answers we seek by plasma and magnetic flow analysis. Since the 

beginning of the SDO era, systematic full sun photospheric imagery has been readily available at a time 

and spatial resolution sufficient to track the sun’s surface flows over an entire solar cycle. Nonetheless, 

only the longitudinal component (in the direction of the line of sight) can be measured directly using 

Doppler effects, whereas the transport of plasma over the sun’s surface is often described through the 

analysis of maps of the transverse “horizontal” photospheric flows. 

 

 

State of the art in mapping horizontal flows: Photospheric flow maps (Figure 1) have been extremely 

valuable in advancing the characterization of the solar activity. For example, Toriumi et al. (2014) detected 

divergent flows prior to the emergence of active regions. Attie et al. (2018) detected disturbances of an 

active region moat flow prior to one of the most dramatic active region’s flux emergence (Sun & Norton  

2017). In general, mapping photospheric flows has been key in better understanding the sun’s 

Figure 1: (left) Continuum image from SDO/HMI showing the quiet sun (granulation) and a sunspot. (Right) 

Flow map processed with “Balltracking” optimized for SDO/HMI data by Attie et al. (2018). Further 

processing of the flow fields can outline the supergranular boundaries (blue lanes). 
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supergranulation (Rincon & Rieutord 2018). This kind of research requires the transverse plasma velocity 

vector in addition to the Dopplergrams, and for which indirect methods must be used. This whitepaper 

restricts to the surface flows, as opposed to deeper sub-photospheric flows that falls into the domain of 

helioseismology, and in which we are not 

experts.  To derive surface flows, one often 

relies on tracking the displacements of 

photospheric tracers, e.g. granulation in 

intensitygrams and moving magnetic features 

in magnetograms. Using realistic MHD 

simulation Tremblay et al. (2018) established 

that methods specialized into tracking granules 

(e.g. FLCT, Fisher & Welsch 2008) are more 

accurate to map supergranular flows than 

neural networks. At smaller scales, neural 

networks are promising (Tremblay & Attie 

2020) but they perform accurately only with 

simulation data and will need further 

development to be applicable to real 

observations. On such data, the tracking of 

granules with “Balltracking” (Attie et al. 2018 – 

Figure 1) stands as the benchmark tracking 

model (Tremblay et al. 2020, Attie et al. in prep 

– Figure 2).  

These recent advances in tracking photospheric tracers made flow mapping highly efficient at 

mesogranular scales and above (>= 3 Mm and 30 min) from intensitygrams, and at smaller scales with 

magnetograms (Attie & Innes, 2015; Lamb et al. 2013). These measurements use image series as an 

intermediate data product, which are discarded once the flow maps are derived. Using realistic MHD 

simulation of the photospheric granulation (Rempel & Cheung 2014; Stein & Nordlund 2012), it is well 

established that to produce 1 flow map with a correlation above 0.9 with respect to the ground truth (the 

velocity of the MHD simulation) one requires the processing of at least 30 minutes of observations of the 

granulation (Tremblay et al. 2018; Rieutord et al. 2007). With SDO/HMI 45s cadence, this corresponds to 

40 images.  Moreover, flow maps are derived using spatial averaging over at least 2.5 Mm, which 

corresponds to about 6 pixels in SDO/HMI at disk center. Thus, flow maps are stored on a pixel grid that 

is an order of magnitude smaller than the original pixel grid of the images, which results in an overall data 

reduction factor of two orders of magnitude at least. The data reduction factor is similar with the tracking 

of moving magnetic features, as these are tracked only where the latter exist.   

Where can we go from here: The science of photospheric surface flows will plateau unless we improve 
the quality of simulation and Deep Learning frameworks, as well as supporting the provision of 
photospheric flow maps for the next solar cycles. 

• Neural networks: Through supervised learning (i.e., learning from existing examples of the inputs 
and solutions), a neural network can emulate a numerical simulation of the solar photosphere and 
atmosphere. For example, the DeepVel neural network (Asensio Ramos et al., 2017) was trained in 
conjunction with realistic numerical simulations of the solar atmosphere to recover the depth-

Figure 2: Mean Absolute Percentage Error of the velocity 

derived from tracking simulated granules with FLCT and 

Balltracking (Attie et al. in prep), as a function of 

temporal and spatial average.  
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dependent velocity vector from surface quantities that relate to observational data. The best-case 
scenario is that the neural network produces an instantaneous model inversion as though the inputs 
(i.e., observational data) were computed by the model. In reality, the neural network is only capable 
of generating an approximation or a mapping function between its input and output quantities. This 
approximation of the synthetic flows is model-dependent per the supervised training process which 
propagates biases existing in the model. Improvements in the neural network architecture have 
given more robust models and made them able to resolve flows at scales not achievable by 
traditional flow tracking methods (Tremblay & Attie 2020). They shall be of great importance for 
DKIST science that will achieve a spatial resolution of ~16 km per pixel at high cadence. However, 
supervised learning still cannot guarantee that the inferred quantity is physical despite being 
presented physical examples (Tremblay et al., 2020). Future advances in deep learning and realistic 
numerical modelling are expected to improve neural networks' ability to infer velocity from real 
observations. On the one hand, physics-informed neural networks (PINNs: Raissi et al., 2019) should 
be explored further to infer physical flows. PINNs minimize the residuals of physical equations in 
their cost function (e.g., the Navier-Stokes equation in fluid mechanics: Jin et al., 2020). In the context 
of solar flows, PINNs could account for the continuity principle, or the vertical component of the 
magnetic induction equation as done by the Minimum Energy Fit (MEF: Longcope, 2004) or DAVE 
(Schuck, 2008). The latter constraint will benefit from improved weak magnetic field measurements 
with advances in instrumentation (e.g., DKIST). On the other hand, while supergranular cells are 
ubiquitous within Quiet Sun flows, their origin has yet to be fully understood and thus are still lacking 
in current simulations of the Quiet Sun. Simulations of active regions currently rely on artificial 
boundary conditions which may not be representative of all observed sunspot configurations 
(Rempel, 2012). Also, the robustness of neural networks would be greatly improved using data 
augmentation or models that account for more instrumental effects, such as orbital, jitter, drifting 
or seeing effects. Alternatively, neural networks trained through unsupervised learning with 
appropriate constraints, e.g. physical equations as in PINNs, would eliminate the above biases and 
the need of a simulation (e.g., optical flows: Jonschkowski et al., 2020).  

• Flow maps as a systematic science product: Traditional flow tracking methods and neural networks 

can infer velocities for one hour of HMI observations in a few seconds using a traditional laptop. 

Therefore, research in heliophysics, solar physics and space weather that do not require the images 

of the photosphere as an end-product, but instead requires flow maps as the actual science product, 

could access that information from space with a telemetry reduced by at least two orders of 

magnitude with respect to the one of SDO/HMI if the flow maps were produced onboard. Taking 

advantage of this data reduction would open new research avenues. For example, having surface 

flow maps from a standpoint at L5 would give a new capacity to relate the photospheric flows driving 

the magnetic field at the footpoints of large-scale coronal structures such as helmet streamer, 

prominences, fan loops, plumes and jets. Creating telemetry-effective flow maps from that angle 

would also allow the detection of early emergence of active regions and greater anticipation of space 

weather risks. Imagery of the solar poles would also be leveraged to increase our capacity to 

accurately map the polar flows that are barely known. In the next few years, emphasis should be 

given to the determination of the random and systematic errors associated with each flow mapping 

technique. One could consider providing rather an ensemble of flow maps generated onboard with 

either all, or a subset of the methods mentioned above, whose combination or average would yield 

more accuracy than the use of a single allegedly more accurate method. This discussion shall lead us 

toward the systematic creation of highly accurate surface flow maps at a telemetry cost that is two 

orders of magnitude smaller than what transmitting the full imagery data requires.  
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