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Abstract—Modeling the coronal magnetic field of the Sun is
an important objective in heliophysics. In this study, we illustrate
how to use deep learning to estimate the parameter for a magnetic
field model. A linear force-free magnetic field configuration is
employed to model, as an initial illustration, an active region by
using two magnetic dipoles and to determine the associated linear
force-free field (LFFF) alpha parameter from a set of pseudo-
coronal loop images which serve as training and validation sets
to existing deep learning algorithms. Our results show very high
accuracy of determining the LFFF parameter alpha from pseudo-
coronal loop images.

Keywords—Sun; solar corona; solar activity; magnetic field
models; deep learning;

I. INTRODUCTION

The Sun is a magnetically driven star. The internal convec-
tive motion of the Sun creates a magnetic field. The magnetic
force is dominant over the other forces in the solar corona and
confines plasma in coronal loops of different densities [1]. Part
of the free magnetic energy in the solar corona is released in
solar activity and can be calculated by obtaining an accurate
magnetic field model for an active region. Hence determination
of the magnetic field in the solar corona is a major objective
in heliophysics and space physics [2], [3]. Studies show that
the solar coronal magnetic field is central to development and
release of major solar eruptions [4]. Furthermore, solar activity
of flares and coronal mass ejections caused by the changes
in the magnetic field of the Sun has a detrimental effect on
the geo-space environment. Thus, it is important to determine
a high-fidelity magnetic model to understand and predict the
dynamics in the corona. Based on the physical consideration
that in the chromosphere and the lower corona of the sun a
quasistatic magnetic field must be nearly force-free [5], we use
the linear force-free magnetic field which gives the simplest
model for the corona that is non-potential. This model gives us
a one-parameter magnetic field configuration that is indicative
of the non-potential nature of an active region and will be the
basis of future multi-parameter work.

In this study we use the linear force-free magnetic field
configuration for an active region and show that deep learning
methods applied to constructed EUV images can derive spe-
cific magnetic field parameters. The force-free magnetic field
occurs when the electric current density vector is parallel to the
magnetic field which causes the Lorentz forces to disappear.
The linear force-free fields are characterized by

∇×B = αB and ∇ ·B = 0, (1)

where B is the magnetic induction field and the force-free
parameter α is constant. Hence, the α value is related to
electric currents in the LFFF model. By varying the value of
α, random pseudo-coronal loops are generated with different
twists. These loops represent 3D magnetic field lines projected
onto an image plane from selected random foot points. Each
variation in the twists of the loops corresponds to a certain
α irrespective of the height of the loop. By deep learning, an
optimal value of α can be found from a pseudo-coronal loop
image. We employ various vertical dipoles configurations using
the LFFFs [2]. As the constant α field is linear, we obtain the
field from a superposition of two isolated single dipoles. For
a single LFFF dipole the field is given by

B = ∇×∇× ezU(r) + α∇× ezU(r), (2)

where U(r) =
cos(αr)

r
. (3)

U(r) satisfies the Helmholtz equation with r being the distance
from the dipole,

r = (x2 + y2 + z2)
1
2 . (4)

While the dipoles have the same strength, by varying the
depth of the dipole, the magnetic field strength on the z =
0 plane (photosphere) will differ. Therefore, from equation
(2), the magnetic field and field lines can be analytically
determined. The LFFF’s used here can be easily extended and
applied to observed magnetogram and an upward extrapolation
of the field in later investigations. In this paper, we investigate
deep learning as a technique to recognize features from our
datasets of generated magnetic field configurations and classify
these configurations so that the α value may be associated with
any given test image.

Neural networks have been proposed to study, model and
predict solar activity since the early nineties [6], [7]. With lim-
ited training data available and limited computational resources
these methods have been limited in their ability to perform
with very high levels of accuracy. However, with advances in
neural networks and the development of deep neural networks
[8]–[10], it has been possible to train a neural network with



Figure 1. Photosphere, magnetogram, SDO/AIA 171 Å image and potential field lines for active region 11117 on October 25, 2010.

many hidden layers to learn features from large amounts of
data. Recent studies have shown that deep convolutional neural
networks can be trained to classify images from huge datasets
like the ImageNet database [11], [12].

The Solar Dynamics Observatory (SDO) is a mission
launched by NASA in 2010 with an objective to study the
generation and structure of the solar magnetic field. The SDO
gathers huge amounts of high resolution data with onboard
instruments such as the Atmospheric Imaging Assembly (AIA)
and Helioseismic and Magnetic Imager (HMI). These images
can be used to study the solar coronal magnetic field [13], [14].
For a solar active region, Figure 1 [15] shows an example of the
data from SDO where the photosphere and the magnetogram
(line-of-sight magnetic field at the photosphere) are imaged
by HMI and the 1M-degree coronal loops are observed with a
extreme ultraviolet (EUV) 171 Å filter by AIA. Also shown are
a set of magnetic fields derived using a LFFF calculation (α =
0) using the magnetogram as the lower boundary condition.
In future work we will use this dataset, but in this initial
investigation we employ simple magnetograms and coronal
loop systems.

II. DATA

In this paper, we use the above LFFF equations to model
the magnetic field from the two dipoles of opposite upward
magnetic configuration [2], which is a representative model
of a simple active region magnetic model. In Figure 2 we
see the stationary dipole magnetograms and varying dipole
configurations, where we change the positions and depths of

the dipoles randomly. The various random locations on the
magnetogram are used as foot points from which we generate
magnetic field lines for each configuration. We generate 150
loops using these foot points randomly for each of the datasets.

Figure 2. Stationary and varying position magnetograms where the white
spot indicates north (outward) magnetic polarity and the dark spot indicates
south (inward) magnetic polarity.

Though the number of loops is not significant, too few
loops do not give enough information about their shape and
structure, whereas too many loops overlap and crowd the 2D
image. From equation (1), the value of α is given by
α = (∇ × B)z/Bz and can take on both positive and negative
values with a maximum limit of ∼ 2/(linear size of the
loop image). We generate the field lines for the loops in a
40×40×40 box. One foot point of a coronal loop is randomly
selected on the magnetogram for each loop. We generate



Figure 3. Stationary dipole loops, i.e., all the x-y locations of the dipoles are the same. The coronal-loop side extremities are modeled by using two field lines
with proximity foot points. The field lines are projected onto the z = 0 surface and tied together to make them look like coronal loops observed in EUV light
by the SDO/AIA instrument.

Figure 4. Varying dipole loops, where the x, y, z locations are varied along with α while the dipole strength is fixed.

images for α’s ranging from -0.05 to 0.05 with a step size
of 0.01 forming 11 classes of images. We generate a dataset
of 1000 images per class of varying α’s with stationary two-
dipole configuration, where we keep the position of the two
vertical dipoles stationary.

In Figure 3 and Figure 4, a person might be able to
distinguish between the classes of images on the upper and
lower limits of α’s but would not be able to distinguish
between α’s with a step size difference of 0.01. Deep learning
is very helpful in being able to learn the features of these
images and to classify them as we show in this study.

We also generate 5000 images per class of α while varying
the positions and depths of the dipoles randomly. In this
dataset, it becomes even more difficult to distinguish between
various classes of α as the orientation of the dipoles varies
randomly in every image. The datasets are randomly divided
into subsets with 70% of the images as training set, 15% as
validation set and 15% as test sets.

III. DEEP LEARNING

Deep learning is a machine learning technique that uses
many hidden layers between input and output nodes of an
artificial neural network, making it a deep network [10], [16].
It has developed into a robust method for computer vision. and
various computationally intensive tasks [11], [12]. This enables
us to train deeper neural networks which was not possible
before. We use in this study the deep learning algorithm of
convolutional neural networks (CNNs) [10], which is most
common and well studied. CNN is a supervised learning

technique where the dataset is labeled. The CNN architecture
consists of three main types of layers, the convolution layer,
pooling layer [17], and a fully connected layer. These layers
are stacked to form a deep neural network. The output of a
fully connected layer is fed to a classifier. In this paper, our
datasets are trained on two CNNs: LeNet-5 and AlexNet [10],
[11] as examples of training CNNs in a supervised manner, as
they have been proven to work very well with large datasets.
We also use a stacked autoencoder [18], which is another deep
learning technique that can be used to classify images as an
example of unsupervised learning.

An autoencoder is a neural network that is trained to
produce an output that copies its input while reducing the
reconstruction error [19]. Low-dimensional features of input
data are learned in the encoding phase. During the decoding
phase these features are used to reconstruct the original data.
Multiple autoencoders can be stacked to form a deep network.
In this method, we use two sparse autoencoders with 100 and
50 hidden nodes respectively as shown in Figure 5, to learn the
features from our stationary dipole dataset in an unsupervised
fashion and then use the feature map of the autoencoder to
train a Softmax classifier [20]. Finally, we retrain the stacked
network in a supervised manner.

The output of a classifier is a confusion matrix which
is a table that describes the performance of a classification
technique on the test dataset. It summarizes the number of
instances the classifier predicts a given class correctly or
incorrectly. Classification accuracy by itself can be misleading
in cases where there are unequal number of test images in each
class. The confusion matrix helps us see how the classifier



Figure 5. Autoencoder block diagram shows two sparse autoencoders,
softmax classification layer and the final output layer.

is performing on each class and what errors it makes. The
instances or counts in a confusion matrix can also be expressed
in terms of percentages. Sensitivity or the true positive rate is
the fraction of the positive test cases classified correctly by the
model [21],

Sensitivity =
TP

TP + FN
. (5)

Similarly, specificity or the true negative rate is the fraction of
negative cases correctly classified by the model,

Specificity =
TN

TN + FP
. (6)

Precision calculates the fraction of cases that are actually
positive in the group which the classifier has classified as
a positive class. The higher the precision, the lower is the
fraction of negative classes classified as a positive class,

Precision =
TP

TP + FP
. (7)

Where, TP stands for true positive, TN for true negative, FP for
false positive and FN for false negative. These metrics help us
better understand the performance of the algorithm to classify
the α’s.

IV. EXPERIMENT RESULTS

We use an NVIDIA DIGITSTM DevBox which is a dedi-
cated deep-learning workstation for experiments in this paper.
It is as desk-side “supercomputer” running Ubuntu 14.04.
equipped with four NVIDIA TITAN X GPUs (336.5 GB/s of
memory bandwidth, and 12 GB of memory per GPU board)
[22]. The DevBox features 7 TFlops of single precision. This
machine can significantly accelerate training and testing of
deep learning algorithms. This study has made use of widely
used deep-learning software which has been installed on the
DevBox, including NVIDIA DIGITS software, and NVIDIA
cuDNN. The DevBox was used for the neural network training.
The stochastic gradient descent algorithm [23] was used to
reduce the mean square error cost function. All training
samples will run for a forward pass and backward pass through
the network for 30 epochs. Our stationary dipole loops dataset
contained 11000 images. Training was performed with 70%
images of the dataset. After training, cross validation was
performed with 15% images selected randomly to build a cross
validation set. Finally, 15% of the test set of images were used
to test the effectiveness of both the CNNs. It took 5 minutes to
train AlexNet using this database and 2 minutes using LeNet-5
with respective test times of 10 seconds and 8 seconds. The

number of parameters learned are approximately 28 million
for AlexNet, and about 18 million for LeNet-5. Table I shows
the summary of results for the experiments performed and
Table II shows the confusion matrix for the varying dipoles
dataset using AlexNet. These methods were chosen to explore
supervised and unsupervised approaches to feature extraction
in deep learning. Better features lead to better accuracies,
better models of the solar coronal magnetic field and better
prediction capabilities for space weather forecasting. AlexNet
and LeNet-5 performed well with Top-1 accuracies of 99.60%
and 99.87% and 100% Top-5 accuracy on the test set. This
indicates that CNNs predicted the class of α with over 99%
accuracy on the first guess and 100% accuracy within the first
five guesses. Our varying dipole loop dataset contained 55000
images randomly divided into subsets of 70% training samples,
15% cross validation samples and 15% test samples. Cross
validation was performed after training the CNNs and were
tested on the test samples. The training time with this dataset
was 19 minutes for AlexNet and 11 minutes for LeNet-5 with
respective test times of 24 seconds and 17 seconds.

AlexNet delivered a high Top-1 accuracy of 96.40% and
Top-5 accuracy of 100%. LeNet-5 delivered a Top-1 accuracy
of 85.49% on the test set and a Top-5 accuracy of 99.88%.
Though the accuracy for LeNet-5 seems to have dropped it
is still high considering the large dataset. From Figure 6 we
see that for varying dipole loops using LeNet-5 the validation
loss converged at the 3rd epoch and went back up and stayed
that way. This indicates overfitting. We suspect that the reason
for the drop in accuracy in LeNet-5 on the varying dipole
loop dataset is because of the absence of dropout which
refers to dropping out hidden units in a neural network [24]
as a method to prevent overfitting in CNNs. Also, AlexNet
has a deeper architecture compared to LeNet-5 which maybe
another reason for reduced accuracy. The validation losses and
validation accuracy trends for AlexNet and LeNet-5 can be
seen in Figure 6 and Figure 7, respectively.

The autoencoder setup delivered similar results to AlexNet
and LeNet on the stationary dipole dataset with Top-1 accuracy
of 99.6% and Top-5 accuracy of 100%. High sensitivity,
specificity and precision show that the accuracies obtained on
all methods are not skewed by uneven test cases.

V. CONCLUSION

In this initial study, we have shown that given sufficient
training data one can train a deep neural network to find the
force-free magnetic parameter α from a set of pseudo EUV
images containing a group of coronal loops generated from
linear force-free magnetic field. The challenge is being able to
generate sufficient training data of coronal loop images that
represent EUV images in fidelity (i.e., simulating observed
images) so that we can test our neural network process on
observed EUV images. Of course, accurate physical models
for the heating process of the corona needs to be taken into
account to produce good training images. We continue to work
on generating these training images which will hopefully give
us a better understanding of the physics of the solar corona.
Currently we are working on a method to preprocess EUV
images to simplify them so that our test images can be less
complicated which in turn will reduce the complexity for
generation of our training set. As an end result we are working



Table I. SUMMARY OF ACCURACIES FOR THE DEEP LEARNING METHODS USED.

CNN Model Dataset Top-1 Accuracy % Top-5 Accuracy % Sensitivity Specificity Precision

AlexNet Stationary Dipole Loops 99.60% 100% 0.996 0.999 0.999
Varying Dipole Loops 96.40% 100% 0.964 0.964 0.996

LeNet-5 Stationary Dipole Loops 99.87% 100% 0.998 0.999 0.999
Varying Dipole Loops 85.49% 99.88% 0.855 0.986 0.856

Autoencoder Stationary Dipole Loops 99.80% 100% 0.998 0.999 0.999

Table II. CONFUSION MATRIX FOR VARYING DIPOLE DATASET USING ALEXNET. VERTICAL CLASS LABELS 0 -10 INDICATE THE ACTUAL CLASS AND
THE HORIZONTAL LABELS 0 - 10 INDICATE THE PREDICTED CLASS. THE α VALUES ARE RELATED TO THE CLASS LABELS BY = - 0.05 (CLASS-0) AND SO

ON UP TO = 0.05 (CLASS-10). ALL THE DIAGONAL ELEMENTS ARE CORRECTLY CLASSIFIED TEST SAMPLES.

Predicted Class
0 1 2 3 4 5 6 7 8 9 10 Per-class accuracy

Actual Class

0 716 34 0 0 0 0 0 0 0 0 0 95.47%
1 19 715 16 0 0 0 0 0 0 0 0 95.33%
2 0 16 718 15 1 0 0 0 0 0 0 95.73%
3 0 1 11 731 7 0 0 0 0 0 0 97.47%
4 0 0 0 3 735 12 0 0 0 0 0 98.00%
5 0 0 0 0 6 738 5 1 0 0 0 98.40%
6 0 0 0 0 1 7 735 6 0 1 0 98.00%
7 0 0 0 0 0 0 13 725 12 0 0 96.67%
8 0 0 0 0 0 0 1 9 722 18 0 96.27%
9 0 0 0 0 0 0 0 0 20 697 33 92.93%
10 0 0 0 0 0 0 0 0 1 28 721 96.13%

Figure 6. Validation loss of AlexNet and LeNet-5 for the stationary and
varying dipole loop datasets.

toward using deep learning algorithms to better understand the
solar coronal magnetic fields so that given a set of magne-
tograms and loops images we could determine the magnetic
field parameters of a complex magneto-hydrodynamic (MDH)
model and predict with a high probability the occurrence of
a solar flare within a future time period. Availability of ever
increasing amounts of high quality EUV image data like we see
in Figure 1 from the SDO AIA instrument could prove valuable
to learn features and patterns which will help determine
the underlying magnetic field or improve the magnetic field
extrapolations of the associated HMI magnetograms.

Figure 7. Validation accuracies of AlexNet and LeNet-5 for the stationary
and varying dipole loop datasets.
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