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Active regions are a source of various phenomena responsible for Space Weather disturbances; therefore, developing a 
technology for early warning about upcoming magnetic activity is crucial to mitigate its impact. However, observational 
limitations and the high nonlinearity of processes associated with the accumulation of magnetic flux and its interaction with 
the surrounding plasma during the emergence through the convection zone make early activity detection a challenging 
problem. 

To address these challenges, we developed a physics-driven machine-learning model that allows us to detect active regions 
(ARs) before they become visible on the solar surface by analyzing the power spectra of acoustic oscillations observed by 
the SDO/HMI instrument. This study is based on a time series of Doppler shift maps of 31x31-degree areas tracked with the 
Carrington rotation rate for four days before and after the emergence. The Doppler shift time series are processed into the 
oscillation power maps for four frequency ranges and accompanied by line-of-sight magnetograms and the continuum 
intensity maps from SDO/HMI. 

The resulting data are converted into a 1D time series representing the mean temporal variations of these quantities. The 
redacted time series are used as input to predict AR emergence using the Long Short Term Memory (LSTM) method. The 
training of the LSTM model is based on 40 ARs, which includes an independent analysis for each subregion that exhibits AR 
emergence or remains quiet. The emergence of magnetic flux (defined as a decrease of the continuum intensity) was 
detected with the developed LSTM algorithm from 5 to 48 hours before the reported time by NOAA. The developed model is 
capable of pointing to the time and location of active region formation. In this presentation, we discuss reasons that impact 
how early in advance the model can identify the upcoming activity and the possibility of improving the current predictive skills 
and steps to transition to the operational forecast.
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Conclusions
In this work we address the problem of predicting the emergence 
of active regions (ARs) on continuum intensity maps} by 
developing a dataset that includes 45 ARs tracked with solar 
rotation before and after emergence. This dataset was used to 
generate acoustic power time-series for four different frequency 
ranges. In this research only 45 ARs were utilized due to the 
presence of data gaps on the remaining 16 ARs. Using the 
acoustic power and unsigned magnetic flux time series as input, 
we developed ML models to predict decreases in the continuum 
intensity associated with the emergence of an AR. Despite 
utilizing four frequency ranges to predict AR emergence, we 
found that power maps for 3-4 and 4-5 mHz frequency ranges 
carry most of information related to coming emergence of an AR.

The analysis of the AR emergence results highlights potential 
improvements not only for the ML-ready dataset but also for the 
methods used to train and test the ML models. The 9-by-9 grid 
setup used here produces 81 tiles, for the majority of which 
(>90%) no activity can be detected. This active-quiet tile 
imbalance is addressed by omitting the majority of quiet tile time 
series during training to create a balance between the two types 
of data. This training technique, although adequate for training the 
models presented, discards a large amount of training data, which 
can potentially carry useful information related to AR emergence. 

In this paper, we demonstrate the capabilities of an LSTM-based 
RNN architecture to predict the emergence of active regions on 
the solar surface using the local evolution of the unsigned 
magnetic flux and the acoustic power for four frequency ranges to 
predict a sharp decrease in the continuum intensity associated 
with the emergence of the active regions

This approach allowed us to demonstrate the model's capabilities 
to discrim inate between regions that remain quiet over time and 
regions that exhibit activity related to the emergence of large 
active regions. 
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Abstract

Target active regions before and after the 
emergence have been tracked over the 
solar disk. The resulting Dopplergrams were 
used to generate power maps for the four 
frequency ranges. The 2D-time series was 
converted into an ensemble of the 1D time 
series by averaging the values of each tile. 
The resulting timelines are used as input 
together with the continuum intensity and 
unsigned magnetic flux data in the training 
and validation/testing of LSTM models. The 
LSTM Models architecture is presented in 
the area enclosed by the red dashed line.
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AR# is NOAA active region num ber; the date of NOAA’s first (First Record) and last (Last Record) record; f  is the AR 
em ergence latitude; λCarr  is the Carrington longitude; λs and λe are the starting and ending longitudes; A s, Ae, and 

Am ax are the starting, ending and m axim um  area of the target AR and the date of the m axim um  area (Am ax Date).

Testing LSTM model to predict AR emergence 
Active regions used for testing

AR# Tobs-Tpred Tile ID

11698 -8 hours 49

11726 4 hours* 41/42*

13165 12 hours 32

13179 0 hours 41

13183 -7 hours 41

AR prediction performance for 12 hours-ahead

Data processing pipeline

Evaluation of Model 8 on predicting 
variations of the Ic for the selected tiles 
of AR11698 (tiles 47-53). The tiles' 
locations are marked in red squares at 
the bottom right continuum intensity 
images. Each tile's corresponding 
observed and predicted mean 
continuum intensity variations are 
shown as orange and blue curves. The 
time-derivatives of the continuum 
intensity (observed and predicted) are 
shown color-coded according to the 
emergence criteria. In red are the 
emergence periods while in green are 
the non-emerging (quiet) states. The 
rest of the tiles are quiet and 
correspond to non-emerging states. 
Vertical dashed lines identify the 
following moments: NOAA's first record 
of the active region (magenta), the time 
two days after NOAA's first record 
(purple), the time when Model 8 
produces its first emergence alarm 
(First Warning, black) and the time 
when the observed emergence starts 
(Emergence Start, red). The tiles for 
which instead of dashed, the First 
Warning and Emergence lines are solid, 
are the tiles in which these events took 
place.

AR11698

Emergence criteria:
dIc/dt < -0.01 for over 3 hours
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Prediction of the continuum intensity to enable early 
warning of AR emergence 
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Tile-averaged time-evolution of a power map for the 
frequency range of 2-3mHz (upper panel) reveals a 
decrease in the oscillation power about one day before the 
AR11158 emergence on the solar surface (bottom panel). 
Different curves correspond to the evolution of the 
oscillatory power for different tiles. The red vertical lines 
indicate the time of the power suppression in the central 
tile (violet curve, upper panel) and the decrease of the 
continuum intensity decrease in the same tile (bottom).

Example of the acoustic power variations before and after emergence of AR11158 

Sample of the training dataset
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