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!e Sun is the energy source of the Earth. !e electro-
magnetic environment of the Earth is affected by solar ac-
tivity, and the impact of violent activity bursts can reach the
Earth within eight minutes. Hence the detection, recogni-
tion, and prediction of solar activity are essential.

!e physical mechanisms of solar activity bursts are not
yet completely clear. However, a large number of data have
been accumulated and solar observation instruments can
record the multiwavelength imaging data every day with
high cadence. In order to cope with the rapidly growing
amount of solar data, there is an increasing need for au-
tomatic detection and prediction technologies.

!is special issue is focused on solar data mining
technology. We invited authors to contribute with original
research articles in this special issue. Eleven original research
manuscripts have been received. After the peer-reviewed
process, seven of them were accepted for publications.
!erein, three papers focused on the detection and recog-
nition of regions of interest in the solar images, two papers
presented research on the short-term and midterm solar
activity prediction, respectively, and one paper discussed the
influence of solar activity on economic activities. From these
articles, we can find that the machine learning methods,
especially the deep learning methods, play an important role
in solar activity monitoring and prediction. Finally, we hope
that researchers will find this special issue useful.
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Overexposure may happen for imaging of solar observation as extremely violet solar bursts occur, which means that signal
intensity goes beyond the dynamic range of imaging system of a telescope, resulting in loss of signal. For example, during solar
flare, Atmospheric Imaging Assembly (AIA) of Solar Dynamics Observatory (SDO) often records overexposed images/videos,
resulting loss of fine structures of solar flare. *is paper makes effort to retrieve/recover missing information of overexposure by
exploiting deep learning for its powerful nonlinear representation which makes it widely used in image reconstruction/resto-
ration. First, a new model, namely, mask-Pix2Pix network, is proposed for overexposure recovery. It is built on a well-known
Pix2Pix network of conditional generative adversarial network (cGAN). In addition, a hybrid loss function, including an
adversarial loss, a masked L1 loss and a edge mass loss/smoothness, are integrated together for addressing challenges of
overexposure relative to conventional image restoration. Moreover, a new database of overexposure is established for training the
proposed model. Extensive experimental results demonstrate that the proposed mask-Pix2Pix network can well recover missing
information of overexposure and outperforms the state of the arts originally designed for image reconstruction tasks.

1. Introduction

Solar imaging can provide us more information than one-
dimensional solar flux about solar activities, promoting our
abilities of probing the mystery of the Sun. Especially, the
instruments onboard satellites have more advantages than
ground-based instruments, due to good seeing and non-
occlusion. During the past few decades, number of satellites
carrying solar probing instruments have been launched, in-
cluding Yohkoh [1], SOHO [2–4], TRACE [5], STEREO [6, 7],
Hinode [8], and SDO [9–12]. *ese space instruments can
provide us solar observation with unprecedented time cadence,
high dynamic range, and high spatial/frequency resolution. For
example, Atmospheric Imaging Assembly (AIA) instrument
onboard SDO can image solar atmosphere in 12 wavelengths
every 12 seconds, with spatial resolution of 4096 × 4096.

Nowadays, satellite carrying solar instruments can image
the complete process of a solar activity with unprecedented
high time cadence and high spatial resolution. *ese

recorded images and videos provide the scientists the op-
portunity for uncovering the nature of solar activities, such
as sunspot, filament, coronal loop, flare, or coronal mass
emission (CME). However, for some extremely violet solar
bursts, the intensity of signal may go beyond of the threshold
of a telescope, leading to overexposure; therefore, in-
formation is missed in the captured images/videos. Al-
though there were automatic exposure-control algorithms
which were implemented in case of flares, controlling of
exposure time to reduce overexposure, for example, AIA
avoids overexposure by alternating between low and long
exposures, they cannot guarantee complete avoidance of
overexposure. In addition, the time cadence would increase,
so temporal resolution is compromised. For addressing
overexposure, an iterative algorithm by employing the PRiL
approximation and EM algorithm is proposed in [13].
Different from [13], we solve this issue via deep learning.

Recently, taking advantages of the powerful capability of
deep learning in its nonlinear representation, lots of
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traditional image processing/reconstruction problems
achieved new breakthroughs, such as image noising,
superresolution, image inpainting. *erefore, in this work,
we decide to restore overexposure region (OER) by taking
advantage of deep learning. Inspired by image inpainting,
our task can be recast into a similar optimization problem of
image inpainting. Both of them are proposed to recover
missing region in an image using surrounding pixels
according to the continuity of signal. However, for our task,
there are at least three challenges relative to traditional image
inpainting. Firstly, the fidelity of signal is required, not just
look-alikes, since the data concerned in our task are used for
scientific purpose, for example, computing physical pa-
rameters. Secondly, larger OER is concerned in our task
comparing to image painting.*e last, more irregular shapes
of OER result in complicated boundaries connecting OERs
and nonOERs/normal regions. *ese boundaries should be
suppressed to prevent unnatural change of pixel value.

*e existing image inpainting approaches can be divided
into three classes: diffusion-based, patch-based, and learning
based. From our experience, neither of diffusion-based and
patch-based methods can contribute effective results for
OER recovery. *e diffusion-based methods [14,15] are
highly restricted to locally available information, so they fail
to recover meaningful structures of large missing regions,
like OERs in our taks. Patch-based methods [16–19] assume
that missing region (OER) can find its most similar/relevant
patches in the given image. *is assumption, however, does
not hold for OERs. *e existing learning-based inpainting
methods are not competent in our task for two reasons. First,
some of the learning-based methods, such as [20–23] and
[24], trained their networks with fixed shapes and locations
of missing regions, while the OERs commonly exhibit ir-
regular shape and random location. Second, despite several
studies for irregular missing region in image inpainting,
such as [25–28], they focus on generating visually coherent
completion or producing semantically plausible results.
However, our task aims to restore missing OER with high
fidelity, not just a visually plausible result.

To address the aforementioned challenges, we propose a
learning-based model, namely, mask-Pix2Pix network, to
estimate the OER of solar image. Our network is built on the
Pix2Pix [29], which is a general network for image-to-image
translation using a conditional generative adversarial net-
work (cGAN) [30]. We adopt the similar architectures with
the Pix2Pix: U-net [31] in generator and PatchGAN [30] in
discriminator.*emain improvements and contributions of
this paper are as follows: (1) Unlike the conventional
Pix2Pix, our network utilizes the Convolution-SwitchNorm-
LReLU/ReLU [32] modules (LReLU for encoder and ReLU
for decoder) rather than the Convolution-BatchNorm-ReLU
[33] ones. *e former (i.e., switchable normalization) can
switch between BatchNorm [33], LayerNorm [34], and
InstanceNorm [35] by learning their importance weights in
an end-to-end manner. *e improved architecture of our
model boosts the robustness of the network. (2) Our ob-
jective function contains an adversarial cGAN loss, a masked
L1 loss, and an edge mask loss/smoothness. *e adversarial
cGAN loss can capture the full entropy of the conditional

distributions they model and thereby produce highly re-
alistic textures.*emasked L1 loss calculates the L1 loss only
in masked regions (OERs), enforcing correctness at low
frequencies which guarantees restoration of high fidelity for
OERs. *e edge mask loss is used for smoothing edges of
OERs and suppressing edge artifacts in final restored image.
(3) Additionally, a new database of overexposure is estab-
lished for training and testing the proposed mask-Pix2Pix
network, where 13700 images are collected from the Large-
scale Solar Dynamics Observatory image database (LSDO)
[36].

2. Background

2.1. Image Inpainting. Image inpainting is the process of
reconstructing lost or deteriorated parts of an image.
Nowadays, it still remains theoretically and computationally
challenging. It is highly ill-posed. Existing image inpainting
algorithms can be categorized into three groups, diffusion-
based [14, 15], patch-based [16–19], and learning-based. *e
former two typically use differential operators or patch
similarity to propagate information from normal regions to
missing regions. *ey work well for stationary textures.
However, diffusion-based ones are highly restricted to lo-
cally available information, so they usually fail to recover
meaningful structures of large missing regions. Patch-based
ones, such as Planar Structure Guidance (PSG) [18] and
Statistics of Similar Patches (SSPs) [19], assume that missing
regions can find their most similar/relevant patches from
normal regions of the given input image. *is assumption
does not hold for our task where OER probably does not
have similar patches.

Recently, deep learning-based approaches have emerged
as a promising paradigm for image inpainting. A significant
advantage of them over conventional ones lies in their
abilities to learn and understand semantics of images with
complicated scenes. Context-Encoder (CE) [21] introduces a
deep adversarial model to predict plausible structures with
combined 2 pixel-wise reconstruction loss and adversarial
loss. Although the adversarial loss improves the inpainting
quality, the results exhibit blurriness and contain notable
artifacts. To overcome the limitations of the CE [21] method,
Iizuka et al. [23] propose a novel architecture with three
networks: the completion network (using dilated convolu-
tions [20]), the global, and local context discriminators.
However, the training model with two discriminators is
time-consuming, and the output heavily relies on Poisson
image blending [37] as a postprocessing. Multiscale neural
patch synthesis (MNPS) [22] approach contains a content
network to learn the semantics and global structure of the
image and a texture network to generate fine-detailed result
by employing a pretrained VGG-19 [38] network. Liu et al.
[25] introduced a partial convolution (PC) model for ir-
regularly shaped hole inpainting with an automatic mask
updating step to reduce artifacts. In the PC [25] method, the
convolution is masked and renormalized to be conditioned
on only valid pixels. Both of the methods of MNPS [22] and
PC [25] add the TV loss term to encourage smoothness on
the 1-pixel dilation of the hole boundaries. *erefore, they
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avoid requiring postprocessing steps (such as Poisson image
blending operation) to enforce texture coherency near the
hole boundaries.

2.2. Image-to-Image Translation with Pix2Pix. Pix2Pix [29]
utilizes a conditional generative adversarial network (cGAN)
[30] to achieve the target of image-to-image translation.
Instead of using a conventional encoder-decoder, the gen-
erator in Pix2Pix employs an U-Net [31] architecture, in
which the encoder layers and decoder layers are directly
connected by “skip connection.” Since the skip connection
can shuttle the low-level information (which are commonly
shared between the input and output images) across the
bottleneck of the encoder-decoder net, it effectively im-
proves the performance of the image-to-image translation.
*e synthesized images of the generator should not be
distinguished from the real one by an adversarially trained
discriminator. In order to model high frequencies, the
discriminator employs a convolutional PatchGAN classifier,
i.e., only the structure at certain scale of patches is penalized.
By this method, the PatchGAN is taken as a form of texture
loss. To summarise, there are at least three factors that enable
the Pix2Pix network outperform past works: the U-Net

architecture for the generator, the convolutional PatchGAN
classifier for discriminator, and the cGANs for network
training.

3. Proposed Method

3.1. Problem Description. *e overexposure problem is
simply explained in Figure 1, where ground-truth image IA,
overexposure image IB, binary mask map IC, and edge mask
map ID are concerned. *e mission of OER recovery is to
recover the region labeled by IC in IB, and outside region of
IC keeps unchanged. Given OER ΩM and nonOER ΩM, we
can getΩM � IB ⊙ IC andΩM � IB ⊙ (1 − IC), where ⊙ is the
element-wise product operator. Inspired by image
inpainting, the neural network, GAN, can be employed to
retrieve the missing region of IB (i.e., ΩM). In a GAN, a
generator G is trained on the pairs of ground truth and
degraded ones. *en, the generator is applied to a degraded
image to output a repaired one, i.e., IG � G(IB).

For our task, IG should meet the following criteria:

(a) *e restored image should have realistic textures as
far as possible, i.e., visually coherent and semanti-
cally plausible relative to IA

IA IB IC ID

�e real image �e train image �e mask map �e edge mask map

Figure 1: Overexposure Region (OER) database built on the LSDO.

D2

D3

D4

U6

U5

U4

D5 U3

D6 U2

D7 U1

D8

Downsampling
Upsampling
Skip connection 

Di ConvolutionSwitchNormLReLU module

Ui DeConvolutionSwitchNormReLU module

D1 U7IB Final IG

Figure 2: Architecture of the generator.
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(b) *e restored region IG⊙IC should have high fi-
delity relative to corresponding regions in ground-
truth IA

(c) It should be avoided artificial edges (IC) surrounding
OERs, i.e., the boundary between OERs and normal
regions should transit smoothly.

To achieve (3.1) and (3.1), conventional Pix2Pix
network is employed and modified by adding a mask L1
loss term. To address (3.1), an edge mask loss/smooth-
ness term is introduced, where ground-truth edge mask
ID is given by the edge of mask map IC as shown in
Figure 1.

3.2. Solar OERRecoveryDatabase. For training our model, a
database for overexposure is established. *e raw data is
cropped from LSDO [36]. *e LSDO database records
consist of three different parts: event records, corresponding

images, and extracted image parameters. Event records
encompass the list of solar events with generated and
extracted attributes. Among these attributes, the bounding
box attribute consists of four coordinate pixel values.
LSDO has preprocessed all original polygon values of
event records from their Helioprojective Coordinates
(HPC) solar coordinate system into pixels. *is pre-
processing step is vital to make polygons compatible with
the high-resolution images in the database. More in-
formation in detail of the LSDO can be referenced from
the literature [36].

Table 1: Architecture of the generator.

Layers Architecture of generator Output size
Input IA, IB, IC, ID (256× 256×1)
D1 Conv.(4× 4× 64), LReLU (128×128× 64)
D2 Conv.(4× 4×128), SwitchNorm, LReLU (64× 64×128)
D3 Conv.(4× 4× 256), SwitchNorm, LReLU (32× 32× 256)
D4 Conv.(4× 4× 512), SwitchNorm, LReLU, dropout (16×16× 512)
D5 Conv.(4× 4× 512), SwitchNorm, LReLU, dropout (8× 8× 512)
D6 Conv.(4× 4× 512), SwitchNorm, LReLU, dropout (4× 4× 512)
D7 Conv.(4× 4× 512), SwitchNorm, LReLU, dropout (2× 2× 512)
D8 Conv.(4× 4× 512), LReLU, dropout (1× 1× 512)

U1 Concatenate (D8, D7), DeConv.(4× 4× 512),
SwitchNorm, ReLU, dropout (2× 2× 512)

U2 Concatenate (U1, D6), DeConv.(4× 4× 512),
SwitchNorm, ReLU, dropout (4× 4× 512)

U3 Concatenate (U2, D5), DeConv.(4× 4× 512),
SwitchNorm, ReLU, dropout (8× 8× 512)

U4 Concatenate (U3, D4), DeConv.(4× 4× 512),
SwitchNorm, ReLU, dropout (16×16× 512)

U5 Concatenate (U4, D3), DeConv.(4× 4× 256),
SwitchNorm, ReLU (32× 32× 256)

U6 Concatenate (U5, D2), DeConv.(4× 4×128),
SwitchNorm, ReLU (64× 64×128)

U7 Concatenate (U6, D1), DeConv.(4× 4× 64),
SwitchNorm, ReLU (128×128× 64)

Final Upsample (4× 4×1), ZeroPad, Conv.(4× 4×1), tanh (256× 256×1)
Output IG (256× 256×1)

Table 2: Architecture of the discriminator.

Layers Architecture of discriminator Output size
Input [IAIB] or [I∗GIB] (256× 256× 2)
C1 Conv.(4× 4× 64), LReLU (128×128× 64)

C2 Conv.(4× 4×128), SwitchNorm,
LReLU (64× 64×128)

C3 Conv.(4× 4× 256), SwitchNorm,
LReLU (32× 32× 256)

C4 Conv.(4× 4× 512), SwitchNorm,
LReLU (16×16× 512)

C5 ZeroPad2d, Conv.(4× 4×1) (16×16×1)
Output Real or fake matrix 16×16

Real or fake pair ? Real or fake pair ?

Discriminitor Discriminitor

Generator

IA IB IB

IB

IG
∗

Figure 3: Training on adversarial cGAN loss.
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SDO AIA 171Å 2014-03-02 21:45:11

PSNR = 35.3191 PSNR = 35.8122
SSIM = 0.9898 SSIM = 0.9941SSIM = 0.9825

PSNR = 24.8262

SDO AIA 171Å 2014-01-14 11:15:35

PSNR = 26.9641 PSNR = 38.1864
SSIM = 0.9892 SSIM = 0.9982

PSNR = 36.8583
SSIM = 0.9973

SDO AIA 171Å 2014-03-10 02:55:11

PSNR = 25.7712 PSNR = 37.7025
SSIM = 0.9863 SSIM = 0.9985

Input

SSIM = 0.9978
PSNR = 35.9494

PSG [18] Pix2Pix [29]
(with Convolution-

BatchNorm-ReLU modules)

Mask-Pix2Pix Ground truth

Figure 4: Comparisons between the proposed one and two state-of-the-art methods.
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In this work, ground-truth IA is cropped from Active
Region (AR) of images in LSDO. *e database is established
as following:

(1) According to polygon values of AR in LSDO,
corresponding AR square regions are cropped
from nonover-exposed AIA/SDO images, we get
IA.

(2) Scale IA into the same size of (256× 256), and label
OERs in IA by a threshold segmentation: pixel values
(from 0 to 1) over a threshold (e.g. 0.8) are set to be 1.
*ereby, we get IB.

(3) Label OERs (ΩM) in IB as mask map IC, and dilate IC
with circular kernel (the radius is 3). *e dilated
mask map IC is used to calculate the masked L1 loss
in subsection 3.3.

(4) Extract the edge of IC, with edge width of 5 pixel.
*is edge mask map ID accounts for edge mask loss/
smoothness in subsection 3.3.

*ereby, each sample in database contains four parts:
real image IA, overexposed (fake) image IB, mask map IC,
and edge mask map ID.

3.3. Network Architecture. *e proposed mask-Pix2Pix
network is composed of a discriminator and a generator.
*e generator employs a U-Net architecture as dem-
onstrated in Figure 2. *e U-Net is named after its shape
which looks like a “U.” It consists of an encoder of 8
layers, and a decoder of 8 layers. *e parameters of each
layer are explained in Table 1 in detail. In addition, skip
connections are added between encoder and decoder at
the same layer as shown in Figure 2 with dotted lines.
Each skip connection simply concatenates feature map of
encoder with that of decoder at the same layer (e.g., Dl

and Un l at the l-th layer in Figure 2). *is cross-layer
connection can reduce sematic gap between corre-
sponding layers of encoder and decoder since they are
too far away in U-Net structure. *e discriminator is a
PatchGAN network, the structure of which is explained
in Table 2. In a GAN framework, the discriminator is to
judge “fake” instances from “real” ones. In our work, the
output of the discriminator is a 16 × 16 image, each pixel
value of which ranges from 0 to 1, for measuring how real
is the output. In addition, we adopt Convolution-
SwitchNorm-LReLU/ReLU [32] instead of Convolution-
BatchNorm-ReLU [33] of conventional Pix2Pix [29] in
the proposed model. *e former was proved to be more
robust.

3.4. Loss Functions. It is extremely vital to design a loss
function for modelings by using machine learning. Our
task is to recover missing signal of OERs in an image,
which mostly concerns fidelity of reconstructed signal,
natural transition of pixel value. It has something in
common with image inpainting, but not the same.
*erefore, a new hybrid loss function is designed for OER
recovery task as follows.

Given ground-truth image IA, degraded image IB, initial
binary mask IC (1 for OERs), and IC’s edge map I D, as
demonstrated in Figure 1, the generator outputs IG � G(IB).
For training model, a hybrid loss function is defined,
consisting of three components: (1) adversarial cGAN loss
for high fidelity of reconstructed image IG relative to
ground-truth IA, which is defined as

LcGAN(G, D) � E logD IB, IA(   + E log 1 − D IB, G IB( ( (  ,

(1)

where G and D represents the generator and discrimi-
nator, respectively, the objective of G is to minimize
D(IB, G(IB)) so that G(IB) is more like a real instead of fake
image, while D pursues the maximum of D(IB, IA) to
distinguish “fake” and “real” as far as possible. Figure 3
illustrates the process of the adversarial cGAN training,
where the discriminator excuses two tasks. *e left one is to
discriminate if IA and IB are a pair of “real” and “fake”. *e
right other is to discriminate G(IB) is a “real” or “fake,”
where the generator G is trained to produce fakes for
deceiving the discriminatorD, whileD is trained to identify
“fake” as far as possible.

(2) L1 loss of masked region IB ⊙ IC relative to IA ⊙ IC,
targeting for accurate reconstruction of OER, which
is defined as:

L
m
1 (G) � E IA − G IB( ( ⊙ IC





1 . (2)

(3) L1 loss of only edge mask, which could make the
edges of OERs smooth to prevent artificial edges
connecting OERs and nonOERs. It is defined as

L
e
1(G) � E IA − G IB( ( ⊙ ID





1 . (3)

In conclusion, the final optimization objective is given by

G
∗

� argmin
G

max
D

LcGAN(G, D) + λ1L
m
1 (G) + λ2L

e
1(G),

(4)

Table 3: Average PSNR and SSIM comparisons between our model and other two benchmarks.

Methods Loss functions Modules Average PSNR Average SSIM
PSG [18] 24.6219 0.9810
Pix2Pix [29] LcGAN + λ1L

[a]
1 Convolution-BatchNorm-ReLU 34.7763 0.9891

Pix2Pix LcGAN + λ1L
[a]
1 Convolution-SwitchNorm-LReLU/ReLU 35.9939 0.9918

mask-Pix2Pix LcGAN + λ1L
m[a]
1 Convolution-SwitchNorm-LReLU/ReLU 37.4334 0.9937

mask-Pix2Pix LcGAN + λ1L
m
1 + λ2L

e[b]
1 Convolution-SwitchNorm-LReLU/ReLU 39.6931 0.9985

(a)λ1 � 0.1, [b]λ1 � λ2 � 0.1.
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SDO AIA 171Å 2014-03-18 14:19:11

PSNR = 33.2778 PSNR = 34.3297
SSIM = 0.9922 SSIM = 0.9925SSIM = 0.9888

PSNR = 32.4368

SDO AIA 171Å 2014-03-11 16:53:49

PSNR = 36.4261 PSNR = 38.8556
SSIM = 0.9958 SSIM = 0.9971

PSNR = 38.3529
SSIM = 0.9968

SDO AIA 171Å 2014-03-24 22:57:11

PSNR = 36.0675 PSNR = 37.1445
SSIM = 0.9901 SSIM = 0.9928

Input

SSIM = 0.9916
PSNR = 36.9844

Ground truthcGAN + λ1
m
1cGAN + λ1

(Pix2Pix with Convolution-
SwitchNorm-LReLU/ReLU modules)

1

(mask-Pix2Pix)
cGAN + λ1

m
1 + λ2

e
1

Figure 5: Evaluation on the hybrid loss function (contribution of each component is evaluated).
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where λ1 and λ2 are the weights for combining the above
three loss components. *ey are set to 0.1 in our experience.

4. Experimental Results

To evaluate the proposed mask-Pix2Pix model, it is com-
pared with other state-of-the-art image inpainting algo-
rithms. In addition, the contribution of each factor of the
loss function to the overall performance is evaluated. *ese
two experiments are carried out on our synthetic over-
exposure images. *en, the pretrained mask-Pix2Pix model
is evaluated on real solar images.

4.1. Implementation Details. We apply our model to over-
exposure training database which are artificially built from
LSDO as described in subsection 3.2. For training, the input
image size is 256 × 256 and the mini-batch size is set to 16.
We train our model with ADAM optimizer [39] by setting
β1 � 0.5, β2 � 0.999, and ε � 10− 8. *e initial learning rate is
initialized to 0.0002 and then reduced to half every 100
epochs. We apply PyTorch on an NVIDIA Tesla P100 for
model training.

4.2. Comparisons with State-of-the-Art Approaches. We
compare the proposed Mask-Pix2Pix with a patch-based
Planar Structure Guidance (PSG) [18] and a learning-
based Pix2Pix network [29]. Figure 4 shows the com-
parisons on 3 samples, where it can be found that the
proposed Mask-Pix2Pix can generate images with sig-
nificantly better quality than other two benchmarks.
Among these three compared methods, PSG [18] is the
worst. It can be found that PSG does not work sufficiently
for recovering OERs as shown in Figure 4. Pix2Pix [29]
may underestimate the missing regions, still leaving
overexposure in the center of OERs after reconstruction.
We quantitatively measure their performances using peak
signal-to-noise ratio (PSNR) and structural similarity
index (SSIM) [40]. PSNR and SSIM are given below each

reconstructed image in Figure 4. *e average PSNR and
SSIM are also computed on the whole database (over 1600
samples), listed in Table 3. It can be observed that the
proposed model outperforms other two benchmarks
significantly, achieving up to 5 dB relative to the Pix2Pix
[29] and 15 dB relative to the PSG [18].

4.3. Evaluation on Each Component of Loss Function. To
evaluate contribution of each loss component, we perform
the following three testings:

(1) *e adversarial loss and conventional L1 loss on
whole image, i.e., LcGAN(G, D) + λ1L1(G);

(2) *e adversarial loss and masked L1 loss, i.e.,
LcGAN(G, D) + λ1L

m
1 (G)

(3) *e adversarial loss, masked L1 loss, and edge mask
loss/smoothness, i.e., LcGAN(G, D) + λ1L

m
1 (G) +

λ2L
e
1(G).

Figure 5 illustrates three groups of experiences with
different training losses. We can find that despite the outputs
of LcGAN + λ1L1 have smooth boundary between missing
regions and normal regions, it fails to estimate accurate
intensity and content of missing regions. Benefiting from the
masked loss,LcGAN + λ1L

m
1 can obtain better intensity and

content estimation for missing regions; however, it yields
artificial edges as illustrated in the first and third images in
Figure 5. *e network trained with the mixed
LcGAN + λ1L

m
1 + λ2L

e
1 losses outperforms the other two,

successfully addressing all of the three criteria aforemen-
tioned in subsection 3.1.

Another improvement of the proposed model lies in the
replacement of Convolution-BatchNorm/ReLU [33] in
Pix2Pix [29] by Convolution-SwitchNorm-LReLU/ReLU
[32], which is witnessed by the second and third rows of
Table 3. In Table 3, the second row lists the average PSNR
and SSIM of Pix2Pix with Convolution-BatchNorm-ReLU
[33], while the third row is for Pix2Pix with Convolution-
SwitchNorm-LReLU/ReLU [32]. It can be found that the
third row is obviously better than the second row with

0.45

0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

0
Input Mask-Pix2Pix Residual image

SDO AIA 171Å 2017-09-10 16:07:09

Figure 6: Testing on the real image.
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respect to both PSNR and SSIM, which proves the effec-
tiveness of Convolution-SwitchNorm-LReLU/ReLU.

4.4. Discussions and Testing on Real Solar Image. In a real
AIA image, overexposure region is related to two effects:
primary saturation (PS) and secondary saturation (SS) [13].
PS refers to the fact that for intense incoming flux, CCD
pixels loose their ability to accommodate additional charge.
SS names the fact that PS causes charge to spill into their
neighbors. Furthermore, overexposure often accompanies
with diffraction, creating a star-like pattern in the images.
However, there are no ground-truth images paired with the
overexposure ones. *erefore, we train the mask-Pix2Pix
model on synthesized database, where the saturated images
cropped from the LSDO.

We further test our pretrained mask-Pix2Pix model on
the flare image of Sep. 10, 2017 X8.2. *e results are illus-
trated in Figure 6. *e test result shows that the pretrained
model recovers the intensity to some extent while files to
recover the fine structure of flare.

5. Conclusions

We propose a mask-Pix2Pix network with a hybrid loss
function to optimize the recovery of OERs in solar images.
*e proposed model can robustly handle all kinds of OERs
regarding shape, size, and location in an image. In addition,
the evaluations on each component of loss function indicate
that the two incremental components beyond conventional
cGAN have important contributions to the proposed model.
Moreover, the investigation on Convolution-SwitchNorm-
LReLU/ReLU also demonstrates that better performance can
be achieved comparing to conventional Convolution-
BatchNorm-ReLU. However, one limitation of our mode is
that it may fail on highly textured areas, and large OERs, as
illustrated in Figure 7, which will be further investigated in
our future work.

Data Availability

*e data used to support the findings of this study are
available from the corresponding author upon request. And
in the future, the data used to support the findings of this
study will be published online.
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Prior to the availability of digital cameras, the solar observational images are typically recorded on films, and the information such
as date and time were stamped in the same frames on film. It is significant to extract the time stamp information on the film so that
the researchers can efficiently use the image data. ,is paper introduces an intelligent method for extracting time stamp in-
formation, namely, the convolutional neural network (CNN), which is an algorithm in deep learning of multilayer neural network
structures and can identify time stamp character in the scanned solar images. We carry out the time stamp decoding for the
digitized data from the National Solar Observatory from 1963 to 2003. ,e experimental results show that the method is accurate
and quick for this application. We finish the time stamp information extraction for more than 7 million images with the accuracy
of 98%.

1. Introduction

,e chromosphere is a layer of atmosphere between the
photosphere and the corona. ,e chromospheric magnetic
field structure is high dynamic, and the most intensive
activities are solar flares. In order to study the solar flares and
other solar activities, it is necessary to accumulate the flare
observations in the chromosphere for many years. ,ere-
fore, a number of solar telescopes have been established
around the world, for example, Solar Magnetic Field Tele-
scope (SMFT) in Huairou [1], China, and McMath-Pierce
Solar Telescope in Arizona [2], USA. Prior to the availability
of modern digital cameras, the main medium for recording
solar chromosphere data was film. In order to use rich
historical data, many projects are involved to digitize his-
torical astronomical data, and new research results are
obtained from old data such as observation of a Moreton
wave and wave-filament interactions associated with the
renowned X9 flare on 1990May 24 [3], circular ribbon flares,

and homologous jets [4]. Because of the huge amount of
data, the time stamps of many digitized chromospheric
images are still in the form that cannot be read directly by the
computer, which has produced obstacles to further research.
,e digitization of time stamps makes the data to be more
efficiently analyzed. ,erefore, time stamp decoding is a
significant problem that we intend to solve.

From 1963 to 2003, full-disk Halpha images are recorded
in 35mm films with 1minute or even shorter cadence at
National Solar Observatory (NSO) of the US. More than 8
million pictures have been recorded and then digitized by
the New Jersey Institute of Technology (NJIT), which covers
hundreds of solar flares and other activities. It will create a
valuable data archive of solar eruptions, which is a huge
advance in solar astronomy. However, the data is useless
before the decoding of time stamp. An example of a
chromospheric image is shown in Figure 1. ,e image
records some information such as the year, month, day,
hour, minute, second, and film number, besides full-disk
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solar image. ,e time/date when the picture was taken is
what we need to extract. As the amount of data is very large,
automatically identifying the characters of the time stamp is
the key to the efficient usage of the data. In order to solve the
problem of character recognition, many methods have been
proposed, such as support vector machine algorithm [5],
deep learning algorithm [6–8], and so on.

Recently, the convolutional neural network [9, 10]
(CNN) is a popular deep learning algorithm with high ac-
curacy in classification. It has been widely used in face
recognition [11], image classification [9], speech recognition
[12], character recognition [13, 14], etc. Zheng et al. [13]
applied it for character recognition in the sunspot drawings
of Yunnan Observatory, with the accuracy of 98.5%.
Goodfellow et al. [14] has applied CNN to the Street View
House Numbers (SVHNs) dataset with the accuracy of 96%.
We adopt the CNN for character recognition because of the
high accuracy.,e selection effect of samples is the key to the
recognition accuracy of the CNN. However, the characters
in the time stamp are specific and not included in any digital
sample database. We need to create a sample database for
them as a training set. In addition, many images are am-
biguous, and there is still a big hindrance to solving character
segmentation and recognition.

In this paper, we present an intelligent recognition
method for automatic segmentation and recognition of
characters based on CNN.,e paper is organized as follows.
Section 2 is an introduction to CNN algorithm. In Section 3,
we apply the CNN algorithm to time stamp recognition.
Section 4 demonstrates the recognition result of this method
for the time stamp. Finally, we give a conclusion in Section 5.

2. Convolutional Neural Network

,e CNN [9, 10, 15] includes input layer, convolutional
layers, pooling layers, fully connected layers, and output
layer. A typical structure is shown in Figure 2. Feature
vectors in the outer layer are extracted from data in the input

layer by the convolutional layer, the pooling layer, and the
fully connected layer and then used in classifying the input
data by logistic regression.

Multiple convolutional layers, pooling layers, and fully
connected layers are possible in the CNN. ,e convolution
layer detects the characteristics of the input layer to the
maximum extent by randomly generating sufficient con-
volution kernels. A large number of feature maps are
generated after passing through the convolutional layer. ,e
convolution layer is usually followed by an activation
function which is used to convert features from a linear
space into a nonlinear space to achieve the nonlinear
classification [16]. ReLu, sigmod, and tanh are commonly
applied as the activation functions. In this paper, ReLu is
adopted, which can effectively prevent overfitting problems.
,e pooling layer is a feature filter for the convolutional layer
to preserve the main features and to reduce the amount of
computation. It is often placed in the middle of two con-
volutional layers.

,e data, which processed by multiple convolution
layers and pooling layers, are connected to one or more fully
connected layers. In a fully connected layer, each neuron is
connected to all neurons in the upper layer to combine the
features extracted previously, so the extracted features can be
completely preserved and unaffected by the position in the
original image. ,e output value of the output layers is
classified by logistic regression. Softmax regression is usually
used when dealing with multiclassification problems. ,e
Softmax regression outputs the probability value of the
sample for each class and selects the class corresponding to
the maximum probability as the recognition result of the
sample. In addition, the recognition accuracy of CNN is
closely related to the quality and quantity of samples. ,e
richer the training samples, the higher the recognition
accuracy.

3. Time Stamp Character Recognition
Based on CNN

,e information of year, month, day, hour, and minute is
what we need to extract in the image. Figures 3 and 4 show
chromospheric pictures with two types of the time stamp.
,e time stamp in Figure 3 is black on white, while Figure 4
is white on black. ,e time stamps are uneven, the format
and color of the characters are inconsistent, the YMD (year,
month, and day) characters are small, and the characters in
many pictures are illegible and difficult to recognize.

Second

Minute

Hour

Year

Month
Day

Figure 1: Full-disk chromosphere image obtained in Halpha by
NSO. ,e time stamp is on the left side of the image, and the full-
disk chromosphere image in the middle.

Input layer Convolution
layer 

Pooling layer Fully connected
layer

Output layer

Figure 2: Convolutional neural network structure, with input
layer, convolution layer, pooling layer, fully connected layer, and
output layer.
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However, the date information is continuous, and there are
many images on the same date. So, we only need to get the
date of the first picture every day without intelligent rec-
ognition.,at part was achieved manually. ,e CNN is used
in identifying the HM (hour and minute) characters. ,e
flow chart of the CNN algorithm for recognizing time stamp
characters is shown in Figure 5. It consists of two in-
dependent parts: one for character segmentation (Section
3.1) and the other for character recognition by CNN (Section
3.2).

,e left part of the flow chart introduces image seg-
mentation, and the right part introduces character recog-
nition. ,e input image is processed by white characters by
default. If no character areas can be extracted, the process
returns to the binarization. Reverse the color of white and
black in the binary image;,e CNNwill be retrained when it
has a low recognition rate for the test samples.

3.1. Characters Segmentation. ,e size of the original image
is 1600× 2048, as shown in Figure 3. ,e time stamp is on
the left or right side of the picture and the character format is
different. Characters are divided into two categories, one is
black and the other is white, which need to be dealt with
separately. ,e character segmentation steps are as follows.

Step 1. Remove the part of the solar disk from the
picture and obtain the left and right sides of the picture.
Step 2. Get the picture with a time stamp based on the
intensity variance across the picture, and rotate the
picture to adjust the direction of the characters
(Figure 6(a)).
Step 3. Eliminate noise in pictures with top hat oper-
ation (Figure 6(b)).
Step 4. Binarize the picture by the Sauvola algorithm
[17].
Step 5. Reserve connectivity domain of which area is in
(500, 1000).
Step 6. Extract character regions using stroke width
transform algorithm [18,19] (Figure 6(e)).
Step 7. If there are no character regions, return to step 4.
Reverse the color of white and black in the binary image
which is obtained in step 4 (Figure 6(c)) to get white

characters, to allow black characters in the original
image to be extracted. ,is ensures data consistency so
that the next steps are as identical as possible. After step
5 as shown in Figure 6(d). If there are still no character
regions after the image is reversed, it means that there
are no characters in the current picture. Because there
are only two forms of time stamp and few a part of the
images that do not contain time stamps, the time stamp
characters cannot be extracted from these images
during the above process.
Step 8. Extract the corresponding region from the
original image according to the binary image, and
resize each of the characters to 28× 28 (Figure 6(f)).

3.2. Characters Recognition. ,e CNNmodel for time stamp
character recognition consists of two convolutional layers,
two pooling layers, and a fully connected layer (Figure 7). In
the first convolutional layer Con_1, 6 different convolutional
kernels of size 5× 5 are used to take convolution operation
on character pictures with the size of 28× 28. After Con_1,
the original character picture becomes a 24× 24× 6 feature
map. ,e first pooling layer Pool_1 filters the feature map
using maximum pooling function with the sliding window
of 2× 2. ,en, it becomes a feature map of size 12×12× 6.
,e convolutional layer Con_2 contains 10 kernels of 5× 5.
,e pooling layer Pool_2 does the same as Pool_1. ,ese
feature maps are taken as the inputs into the fully connected
layer (F) to obtain the feature vector. Finally, the vector is
classified by the softmax function to obtain the recognition
result.

,e training steps of the CNN in this paper are divided
into the following three steps.

Step 1. Add labels to the single-character images as
samples for training the network.
Step 2. ,e character image is used as the X vector for
the input layer, and the label of the image is used as the
Y vector.
Step 3. ,e network is trained by forwarding propa-
gation and back propagation algorithms, and its co-
efficients are updated by loop iteration. A network
structure with higher recognition accuracy is obtained
in the end.

Figure 4: White character image.Figure 3: Black character image.
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To train the CNN, we select 100,000 single-character
images of size 28× 28, which were cut from the original
images with white characters, as training samples, 10,000

samples per character. ,ese characters are recognizable by
humans and labeled manually. ,ere is no need to deal with
time stamps unrecognizable by humans, because it is

(a) (b)

(c) (d)

(e) (f )

Figure 6: Extract characters from Figure 3: (a) position the time stamp and rotate, (b) after top hat operation and binarization, (c) black and
white inversion of binary image, (d) extract related connectivity domain, (e) extract character regions, and (f) characters extraction result.

Removing the
solar section

Image input

Positioning
timestamp location 

Rotating

Top hat operation

Binarization

Filter connected
domains 

Rotating

Adding labels

Extracting
character regions 

Existence of character
regions or not 

Image as X
Label as Y

Character
recognition 

Samples input

Training CNN

Testing CNN

High recognition
accuracy or not 
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Low

High

Reversing the color
of white and black
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Figure 5: Algorithm flow chart.
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impossible to verify the recognition correctness. 9000 images
are randomly selected as samples to train the network. ,e
remaining samples are used as testing samples to test the
recognition accuracy of the network. ,e test results are
shown in Table 1. From the table, the recognition accuracy of
each character is over 98%, and it takes only about 6 seconds
to recognize 1000 pictures.

At present, the commonly used methods for character
recognition are Optical Character Recognition (OCR) [20]
and character recognition based on deep neural network. It
is well known that OCR recognizes standard characters
effectively. So we did an experiment based on open rec-
ognition engine TESSERACT [21]. We train it in the same
way as CNN, and the same way to test it. ,e test results are
shown in Table 2 that the highest recognition accuracy is
96.8% and the lowest is 93.2% and the lowest time cost of
testing 1000 samples is 8.23 seconds. Convolutional neural
networks, on the contrary, have higher recognition accuracy
and lower time cost. ,e reason for the relatively low rec-
ognition accuracy of OCR is that characters extracted from
time stamps are affected by some interference, such as il-
lumination interference, background noise interference, as
shown in Figure 8. It is hard for OCR to handle these sit-
uations. So it can be concluded from the comparative ex-
periments that CNN has better robustness, stronger
antijamming, and lower time consumption than OCR.

3.3. Date Check. After the hour and minute in the time
stamp are identified, another important step is to complete
the information of the date (year, month, and day). Since the
date of the photo may not be continuous and cannot be filled
in automatically by the program, it is necessary to confirm
the date manually. Although the dates are not continuous,
they are all in order, and the volume number, which is
recorded in the folder name, of the film helps to determine
the range of date. In addition, the photographing time is
mostly continuous and the 24-hour timekeeping method is
used; it is easy to judge whether the date has changed. For
example, if time information of the first picture is “2359” and
that of the second picture “000,” the date information of the
second picture can be added one day based on the first
picture. So for images over a period of time, it only needs to
know the observation date of the first picture. However,
some dates are not continuous, so a manual check is re-
quired. So we adopt a user graphical interface (Figure 9) to
assist in the date confirmation. Only the first few pictures of

a day need to be verified. If the date is incorrect, modify it
manually, and the program will automatically update all
dates in the subsequent pictures.

Fill in paths of the original image and the record table in
the corresponding text box of the program. Click on the
“Open” button to open the first image in the folder and its
date information is displayed in the corresponding text box.
Click on the “Next” or “Last” button to open the next or
previous image, respectively. Click on the “Update” button
to update the date. ,e “Next day” button is used to jump
directly to the next day. Finally, the updated contents are
saved in corresponding files.

Pool_2:
12@4 × 4

Con_1:
6@24 × 24

Con_2:
12@8 × 8

Pool_1:
6@12 × 12

Input:
28 × 28

F

Softmax

0
1
2
3
4
5
6
7
8
9

Figure 7: Convolution neural network structure of character recognition, included a input layer, two convolution layers, two pooling layers,
and a fully connected layer.

Table 1: Test results of CNN identification.

Character Total
numbers

Recognition
errors

Recognition
rate

Time
cost(s)

0 1000 20 0.980 6.01
1 1000 4 0.996 6.11
2 1000 8 0.992 5.96
3 1000 3 0.997 6.28
4 1000 1 0.999 6.24
5 1000 19 0.981 6.52
6 1000 12 0.988 6.05
7 1000 3 0.997 6.17
8 1000 12 0.988 5.95
9 1000 13 0.987 6.11

Table 2: Test results of TESSERACT.

Character Total
numbers

Recognition
errors

Recognition
accuracy rate

Time
cost(s)

0 1000 57 0.943 8.95
1 1000 45 0.955 8.32
2 1000 53 0.947 8.28
3 1000 50 0.950 8.84
4 1000 59 0.941 8.23
5 1000 40 0.960 8.44
6 1000 49 0.951 8.52
7 1000 32 0.968 8.39
8 1000 68 0.932 8.45
9 1000 60 0.940 8.69

Figure 8: Character samples affected by illumination and back-
ground noise.
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4. Result and Discussion

To further test the recognition accuracy of the network
under actual conditions, we randomly selected 10,000
original images for testing. Table 3 shows the accuracy of the
testing results recognized by CNN, which is confirmed
manually. Misrecognizing 1 character occurs 202 times,
misrecognizing 2 characters occurs 10 times, and no situ-
ation occurs for misrecognizing more than 3 characters
simultaneously. ,e recognition accuracy rate is 97.9%, and
the average time taken for each picture is 0.09 seconds. ,e
statistics of recognition results for each character are shown
in Table 4.

Table 4 shows that the recognition accuracy of the
character “0” is 100%, that of “1,” “5,” and “7” is greater than
99.9%, and that of other characters is above 97.3%. ,e av-
erage recognition accuracy of all the characters is 99.5%.
However, the recognition error rates of the characters “2,” “3,”
and “6” are higher, mainly due to these characters being
affected by the light, as shown in Figure 10. When they are
affected by illumination, they are easily destroyed by the local
binary algorithm leading to structural breaks. ,e character
fragments are considered to be noise in the next step of the
algorithm because of their small area, which will affect the
recognition results (e.g., Figures 10(b) and 10(d). However,
these images affected by lighting only account for a small part

Image path

Excel file path

Number of image
Excel file

name

Year

Month

Day

G:\NSO\88

G:\

100

88.xlsx

Open

Last

Next

Update

Next day

1968

1

24

Y

M

D

Figure 9: Graphic interface of date check.

Table 3: Statistical table of recognition results.

Correct 1 error 2 errors 3 errors 4 errors Average time cost (s) Recognition accuracy rate
Numbers 9788 202 10 0 0 0.09 97.9%

Table 4: Confusion matrix of character recognition results.

Character 0 1 2 3 4 5 6 7 8 9
0 4558 0 2 108 0 0 16 0 0 1
1 0 11147 0 0 0 0 0 0 0 0
2 0 0 4826 0 0 0 0 0 0 0
3 0 1 85 3890 0 1 0 0 0 0
4 0 0 0 0 4176 2 0 0 0 0
5 0 0 0 0 0 4362 0 0 0 0
6 0 0 0 0 0 0 1299 0 0 0
7 0 0 0 0 0 0 0 1918 0 0
8 0 0 0 0 0 0 0 1 1846 0
9 0 0 0 0 0 0 0 0 1 1760
Total 4558 11148 4913 3998 4176 4365 1315 1919 1847 1761
Number of errors 0 1 87 108 0 3 16 1 1 1
Recognition rate 1 0.99 0.98 0.97 1 0.99 0.99 0.99 0.99 0.99
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of the whole samples, as shown in Table 4, so they contribute a
little to the average recognition accuracy. Besides, the rec-
ognition results of some characters are not affected by illu-
mination, such as “8” and “9,” as shown in Figure 11. When

there is lighting interference on the images, their main
structures are preserved so that their recognition results are
not affected. ,e defective structures can be identified, which
is one of the advantages of CNN.

Although these images affected by lighting only account
for a small part, to solve this problem, our further plan is
adding some samples affected by lighting to the training set
and improving the algorithm of character segmentation.

In total, we get date/time information for more than 7
million pictures of 38 years, as shown in Table 5. ,e
remaining unprocessed images such as those in 1971, 1986,
and 1990 are due to time stamps that are beyond human
recognition or do not have time stamps, about 10% of the
total. It is not necessary to deal with these pictures because it
is impossible to verify whether they are recognized correctly
or not.,e number of pictures per year is also shown in a bar

(a)

(b)

(c)

(d)

Figure 10: Original image (a, c) and segmentation result (b, d). As
shown in figure (b, d), the third character and the fourth character
are not completely split in (b), the fourth character is not com-
pletely split in (d), resulting in incorrect recognition results.

(a)

(b)

(c)

(d)

Figure 11: Original image (a, c) and segmentation result (b, d),
respectively. As shown in figure (b, d), the recognition result is
correct, even though the fourth character is partially split.

Table 5: Annual total amount of images.

Year Number
1963 124469
1964 474370
1965 539969
1966 559126
1967 683452
1968 489625
1969 584851
1970 46047
1971 0
1972 16624
1973 350606
1974 289724
1975 213868
1976 182321
1977 190870
1978 207012
1979 293451
1980 302258
1981 236533
1982 188228
1983 178873
1984 174902
1985 32324
1986 0
1987 113652
1988 217226
1989 67403
1990 0
1991 109306
1992 185144
1993 121401
1994 86425
1995 98994
1996 46638
1997 82101
1998 76434
1999 37270
2000 34679
2001 68460
2002 43292
2003 12983
Total 7760911
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chart as shown in Figure 12. ,e number of pictures rose
slowly from 1963 to 1967, peaking in 1967 with about 700
thousand pictures. After 1967, the number of pictures de-
clined dramatically. In 2003, there were about 13,000
pictures.

5. Conclusion

In this paper, we describe an intelligent algorithm to extract
the time stamp from traditional films based on CNN. ,e
experimental results show that the method has a good result
and meets the speed and quality requirements for identi-
fication. It also has strong portability in solving the same
type of problems in similar applications.

Finally, we get date/time information for more than 7
million pictures which are recorded by NSO of the US. ,is
greatly reduces the amount of manual work, so that this
batch of data can be effectively utilized by researchers as
soon as possible. ,e method proposed in this paper can be
applied to character recognition in other historical image,
such as handwritten character recognition in sunspot
drawing.
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,e data used to support the findings of this study are
available from the corresponding author upon request. And
in the future, the data used to support the findings of this
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Solar flare is one of the violent solar eruptive phenomena; many solar flare forecasting models are built based on the properties of
active regions. However, most of these models only focus on active regions within 30∘ of solar disk center because of the projection
effect. Using cost sensitive decision tree algorithm, we build two solar flare forecasting models from the active regions within 30∘
of solar disk center and outside 30∘ of solar disk center, respectively. The performances of these two models are compared and
analyzed. Merging these two models into a single one, we obtain a full-disk solar flare forecasting model.

1. Introduction

Solar activities are the primary source of space weather. As
one of the important solar eruptive phenomena, solar flares
associated with the electromagnetic radiation and energetic
particles often interfere with geostationary satellites, com-
munication systems, and even power grids [1]. Therefore,
solar flare forecasting is a significant topic in space weather
forecasting community.

Because the trigger mechanisms of solar flares are
unsolved, the current solar flare forecasting only depends
on the probabilistic model. The statistical and data mining
methods are used to build solar flare forecasting models.
Miller (1989) developed an expert system (WOLF) to forecast
the probable occurrence of solar flares [2]. McIntosh (1990)
summarized the McIntosh classifications of sunspots and
built an expert system (Theo) to forecast X-ray flares [3]. Long
after this work, the McIntosh classifications are considered
as a guide in forecasting solar flares in many space weather
prediction centers. Measuring contributions of the McIntosh
classifications for solar flare forecasting, Bornmann and Shaw
(1994) built a solar flare forecasting model using multiple
liner regression analysis [4]. Wheatland (2004) pointed out
that the history of solar flares is also an important indicator
for the occurrence of solar flares, so a Bayesian approach was

proposed to forecast solar flares using the previous flaring
records [5]. Leka and Barnes (2007) applied discriminant
analysis to produce a binary categorization for the flaring and
nonflaring regions [6], and this approach was extended to a
probabilistic forecast in Barnes et al. (2007) [7].

Data mining methods also have a long history for the
application in solar flare forecasting. Bradshaw et al. (1989)
trained a three-layer neural network to forecast flares [8].
Wang et al. (2008) built a solar flare forecasting model
supportedwith an artificial neural network based on the solar
magnetic field parameters [9]. Li et al. (2007) proposed a
data mining method combining the support vector machine
and the k-nearest neighbors to train a solar flare forecasting
model [10]. Qahwaji and Colak (2007) built a hybrid system
that combines a support vector machine and a cascade-
correlation neural network for solar flare forecasting [11].The
sequential information of active regions is analyzed in [12–
16]. The active longitudes information is used to improve
the performance of solar flare forecasting in [17]. At present,
deep learning methods have been used to build solar flare
forecasting models [18, 19].

Because of the projection effect of solar magnetograms,
active regions within 30∘ of solar disk center, where projec-
tion effect can be negligible, are usually selected to extract
parameters and furthermore to build the forecasting model.
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Figure 1: Full-disk solar flare forecasting model.

However, active regions which locate outside 30∘ of solar
disk center also produce solar flares. In the present work,
we collect the data for active regions outside 30∘ of solar
disk center and their related solar flares and build a solar
flare forecasting model from this dataset. Combining it with
the solar flare forecasting model trained from active regions
within 30∘ of solar disk center, we obtain a full-disk solar flare
forecasting model shown in Figure 1.

The paper is organized as follows. In Section 2, we intro-
duce active region parameters and the related flare catalog. In
Section 3, we describe the data mining method. In Section 4,
we estimate the performance of the solar flare forecasting
model. And finally, in Section 5, we give a brief summary of
this work.

2. Data

2.1. Active Region Data. The Solar Dynamics Observatory
(SDO) satellite is launched on 2010 February. The Helio-
seismic and Magnetic Imager (HMI), which is one of
three instruments aboard the SDO, measures the full-disk
photospheric vector magnetic field [20]. In 2014, a data
product called Space Weather HMI Active Region Patches
(SHARP) automatically identifies active regions using the
vector magnetic field data when these active regions cross
the solar disk [21]. For this study, we use the active region
vector magnetic field data generated by the SDO’s SHARP
data patches from 2011 August to 2012 July. We calculate 4
physical parameters using these 12 month vector magnetic
field data, and obtain 2966 samples including 1436 samples
within 30∘ of solar disk center and 1530 samples outside 30∘
of solar disk center.

The 4 physical parameters are:

(1) Themaximum horizontal gradient of the longitudinal
magnetic field: this parameter estimates maximum
squeezing among flux systems in an active region.

(2) The length of neutral lines: the neutral lines separate
opposite polarities of the longitudinal magnetic field
[22].

(3) The number of singular points: it is the number of
nodes in the network formed by magnetic separatri-
ces [22].

(4) Sum of photospheric magnetic free energy.

𝜌sum = ∑(𝐵
𝑜𝑏𝑠 − 𝐵𝑝𝑜𝑡)

2 (1)

𝜌sum measures the nonpotentiality of an active region.

2.2. Flare Data. According to the peak flux of 1 to 8 angstrom
X-rays, solar flare is classified as different class levels shown
in Table 1. Within a class level, there is a linear scale from 1 to
9. For example, a C2 flare is twice as powerful as a C1 flare.

Solar flares whose Geostationary Operational Environ-
mental Satellite (GOES) X-ray flux peak magnitude is larger
than the C1.0 level are considered in the present work. Solar
flare data is collected from the National Geophysical Data
Center GOES X-ray flux flare catalogs. An active region is
considered as a flaring sample, when this region produces
a flare whose level is larger than C1.0 within 48 hours after
the observation of this active region. Otherwise, an active
region is considered as a nonflaring sample. As such, there
are 74 flaring samples and 1362 nonflaring samples for active
regions within 30∘ of solar disk center. And there are 101
flaring samples and 1429 nonflaring samples for active regions
outside 30∘ of solar disk center.

3. Method

3.1. Basic Algorithm. Adecision tree is a flowchart-like model
that shows the various outcomes from a series of decisions. It
can be used for research analysis or for building forecasting
model.

Decision trees have three main parts: a root node, leaf
nodes, and branches. The root node is the starting point, root
contains questions or criteria to be answered, and leaf nodes
stand for the decision of the model. Branches are arrows
connecting nodes, showing the information flow between the
nodes.

The decision tree algorithm is used to build the solar flare
forecasting model. This means that the forecasting model
will be represented by a tree-like structure shown in Figure 2
[23]. The decision tree consists of testing nodes, leaf nodes,
and branches. A sample is classified from the root node.
The specified parameter of this node is calculated and the
sample is moved down along the corresponding branch and



Advances in Astronomy 3

Root
node

Node Node

Leaf
node

Leaf
node

Leaf
node

Leaf
node

Branch Branch

Branch Branch

Figure 2: Structure of decision tree.

Table 1: Classifications of solar X-ray flares.

Class level peak flux of 1 to 8 angstrom X-rays (Watts/square metre)
A < 10−7

B 10−7 - 10−6

C 10−6 - 10−5

M 10−5 - 10−4

X > 10−4

finally goes to the leaf node where the classification result is
determined.

The decision tree is constructed from the training set
recursively. In each step, the best parameter is selected to
generate the test node and the corresponding branches. The
parameter is evaluated by information gain rat

𝐺𝑅 (𝐷, 𝐹) = 𝐼𝐺 (𝐷, 𝐹)
𝐻 (𝐹)

(2)

where D stands for the decision of the model, F stands
for the feature of the model, IG(D,F)=H(D)-H(D|F) is the
information gain (IG), and H stands for the entropy which
is used to measure the uncertainty of a system.

The training dataset is divided into some subsets accord-
ing to the value of branches.This process is repeated until the
following stop criteria are satisfied: (1) samples in the subset
have the same class label or (2) all possible tests have the same
class distribution [24].When the stop criteria are satisfied, the
leaf node is generated.The class label of the samples in the leaf
node is the same as that of the majority of samples in this leaf
node.

3.2. Cost Sensitive Modification for the Basic Algorithm. As
shown in Section 2, the ratio between nonflaring samples
and the flaring samples is 16. This is called class imbalance
problem in data mining community. In order to treat the class
imbalance problem, we modified the basic algorithm to the
cost sensitive one [25].

In the basic decision tree algorithm, the probability is
a basic component to calculate the entropy, information

gain, and information gain ratio. Generally, the probability
is estimated by the frequency calculated from the dataset.

𝑃 (𝐷 = 𝑑𝑖) =
𝐷 = 𝑑i


|𝐷|
(3)

where |D| is the number of samples in set D and |D = di| is
the number of samples with class label di in set D.

In the cost sensitive algorithm, there are different costs for
different class labels. For example, for a binary classification
problem, the cost for class d0 is C0, and the cost for class d1
is C1. Thus, the probability for cost sensitive problem can be
estimated as follows.

𝑃c𝑜𝑠𝑡 (𝐷 = 𝑑0) =
𝐷 = 𝑑0
 × 𝐶0𝐷 = 𝑑0

 × 𝐶0 +
𝐷 = 𝑑1
 × 𝐶1

(4)

𝑃co𝑠𝑡 (𝐷 = 𝑑1) =
𝐷 = 𝑑1
 × 𝐶1𝐷 = 𝑑0

 × 𝐶0 +
𝐷 = 𝑑1
 × 𝐶1

(5)

In fact, the usual probability is considered as the cost
sensitive probability when the costs C0 and C1 are settled to
1. Using the cost sensitive probability, we can calculate the
cost sensitive entropy and information gain. Similar to the
basic decision tree algorithm, we can build the cost sensitive
decision tree model.

4. Performance

4.1. Performance Metrics. For a binary forecasting model, the
results can be summarized in contingency table shown in
Table 2. The flaring sample is called positive one, and the
nonflaring sample is called negative one. The actual positive
sample correctly forecasted as positive one is called true
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Table 2: Definition of contingency table.

Forecast positive Forecast negative
Actual positive NTP NFN

Actual negative NFP NTN

Table 3: Contingency table for model 1.

Forecast positive Forecast negative
Actual positive 53 21
Actual negative 161 1201

Table 4: Contingency table for model 2.

Forecast positive Forecast negative
Actual positive 78 23
Actual negative 464 965

Table 5: Performances of solar flare forecasting models.

TP rate TN rate HSS
Model 1 71.6% 88.2% 0.316
Model 2 77.2% 67.5% 0.148

positive (TP), the actual positive sample wrongly forecasted
as negative one is false negative (FN), the actual negative
sample correctly forecasted as negative one is true negative
(TN), and the true negative sample wrongly forecasted as
positive one is false positive (FP).

Using the contingency table, 3 performance metrics are
defined to compare the performance of the forecastingmodel.
The TP rate and TN rate are defined to evaluate the accuracy
of flaring samples and nonflaring samples, respectively.

𝑇𝑃𝑟𝑎𝑡𝑒 = 𝑁𝑇𝑃
𝑁𝑇𝑃 + 𝑁𝐹𝑁

(6)

𝑇𝑁𝑟𝑎𝑡𝑒 = 𝑁𝑇𝑁
𝑁𝑇𝑁 + 𝑁𝐹𝑃

(7)

Heidke skill score (HSS) is used to evaluate the increase
in forecasting power over that of random forecast:

𝐻𝑆𝑆 = 𝑃𝐶 − 𝐸
1 − 𝐸

(8)

where 𝑃𝐶 = (𝑁𝑇𝑃 + 𝑁𝑇𝑁)/(𝑁𝑇𝑃 + 𝑁𝑇𝑁 + 𝑁𝐹𝑁 + 𝑁𝐹𝑃) and

𝐸 =
(𝑁𝑇𝑃 + 𝑁𝐹𝑁) (𝑁𝑇𝑃 + 𝑁𝐹𝑃)
(𝑁𝑇𝑃 + 𝑁𝑇𝑁 + 𝑁𝑇𝑃 + 𝑁𝐹𝑃)

2

+
(𝑁𝑇𝑁 + 𝑁𝐹𝑃) (𝑁𝑇𝑁 + 𝑁𝐹𝑁)
(𝑁𝑇𝑃 + 𝑁𝑇𝑁 + 𝑁𝐹𝑁 + 𝑁𝐹𝑃)

2
.

(9)

4.2. Results. There are 2966 samples in the dataset. In order
to make good use of this data, leave-one-out cross validation
method is used to evaluate the performance of the forecasting
model. In this method, all but one of the samples is used as

training set, and only one sample is used as testing set. The
process is repeated as many times as the number of samples
in the dataset. Leave-one-out cross validation method does
not waste data; however, it is computationally expensive.

Cost sensitive decision tree is an efficient algorithm, so we
can complete the leave-one-out testing. The cost for flaring
samples is 50 times larger than that for nonflaring samples.

In order to simplify the following discussion, solar flare
forecasting model learned from samples within the 30∘ of
solar disk center is called model 1. And solar flare forecasting
model learned from samples outside the 30∘ of solar disk
center is called model 2. The contingency tables of model 1
and model 2 are shown in Tables 3 and 4. Based on these
contingency tables, the performances of the two forecasting
models can be compared by the performance metrics shown
in Table 5.

From Table 5, we can find that the performance of
model 2 is worse than that of model 1, because the physical
parameters used in model 2 could be influenced by the
projection effect. However, the performance of model 2 is
acceptable. Combining model 1 and model 2, we can obtain a
full-disk solar flare forecasting model.

At present, little work can provide forecasting results of
solar flares in the active region beyond 30 degrees of the
solar disk; hence, we choose the forecasting results in the
active region within 30 degrees to compare them with the
flare forecasting results provided by the convolution neural
network [24]. The results are shown in Table 6. We find that
the flare forecasting model built by the convolution neural
network has a higher TP rate, while our forecastingmodel has
a higher TN rate. Because the proportions of flaring samples
and nonflaring samples are different in the testing dataset, the
HSS is incomparable.
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Table 6: Performance comparisons.

Performance index Decision tree CNN
TP rate 71.6% 85.0%
TN rate 88.2% 81.0%
HSS 0.316 0.143

5. Conclusion

Space Weather HMI Active Region Patches data product
automatically identifies the active regions when they cross
the solar disk. We classify the active region samples into
two groups by their location information. The active region
samples located within the 30∘ of solar disk center are
classified into group one, and the rest of samples are classified
into group two. The projection effect of the samples in
group one can be negligible, but the magnetic parameters
extracted from active region in group two could not be too
accurate because of the projection effect. Two solar flare
forecasting models are built using data mining method from
two group samples, respectively. The performances of these
two forecasting models are estimated. The performance of
the forecasting model learned from samples within the 30∘
of solar disk center is better than that of the forecasting
model learned from other samples, because the parameters
extracted from the active regions outside the 30∘ of solar
disk center are not accurate enough, and the uncertainty is
introduced to evaluate the nonpotentiality of these active
regions. A full-disk solar flare forecasting model is generated
by combining the two models together.
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Sunspots are darker areas on the Sun’s photosphere andmost of solar eruptions occur in complex sunspot groups.TheMountWilson
classification scheme describes the spatial distribution of magnetic polarities in sunspot groups, which plays an important role in
forecasting solar flares. With the rapid accumulation of solar observation data, automatic recognition of magnetic type in sunspot
groups is imperative for prompt solar eruption forecast.We present in this study, based on the SDO/HMI SHARP data taken during
the time interval 2010-2017, an automatic procedure for the recognition of the predefinedmagnetic types in sunspot groups utilizing
a convolutional neural network (CNN) method.Three different models (A, B, and C) take magnetograms, continuum images, and
the two-channel pictures as input, respectively. The results show that CNN has a productive performance in identification of the
magnetic types in solar active regions (ARs). The best recognition result emerges when continuum images are used as input data
solely, and the total accuracy exceeds 95%, for which the recognition accuracy of Alpha type reaches 98% while the accuracy for
Beta type is slightly lower but maintains above 88%.

1. Introduction

In 1908, Hale used the principle of the Zeeman effect to
calculate the magnetic field strength inside sunspots and
found that it is stronger than that of the surrounding area
[1]. Because the convection in the magnetized plasma is
suppressed by the strong magnetic field, temperature and
radiation of sunspots are lower than those of their surround-
ings. Sunspots appear as dark areas in the white light images
and are relatively temporary phenomena that can last for a
few days to several weeks or even months. A well-developed
sunspot is composed of a dark center and a lighter black
part around it. The former is the umbra and the latter is the
penumbra. As one kind of noticeable phenomena, sunspots
not only represent the overall level of solar activities in a
certain period, but also give clues to reveal other solar events.

Solar flares are one of the most violent phenomena
occurring in the solar atmosphere. Long-term observations
show that most of solar flares appear above sunspot groups.
However, the mechanism that causes solar flares is far from
fully understood. Numerous literatures have focused on the

relationship between sunspot groups and solar flares [2–9].
The characteristics of sunspot groups are important factors
for forecasting solar flares. Practically, many parameters,
including magnetic gradient, magnetic shear, sunspot num-
bers, the Zernike moments of magnetograms, and McIntosh
sunspot classifications, have been used [10–13]. In particular,
the morphology, that is, magnetic type of sunspot groups,
has always been an important perspective in the prediction
of solar flares. Atac (1987) [14] found that the sunspots pro-
ducing large flares are of type Dki or Eki with magnetic class
D. McIntosh (1990) [15] suggested a 3-component McIntosh
classification to describe the complexity of sunspots, yielding
the establishment of an expert system for predicting X-ray
solar flares. S. Eren et al. (2017) [16] investigated the sunspot
and solar flare data from 1996 to 2014, covering a total of
4262 active regions (ARs).Their results showed that large and
complex sunspot groups have the flare-production potential
about eight times higher than that of small and simple ARs.

Nowadays, both identification and classification of
sunspots are mainly carried out manually by experts, which
is a subjective, time-consuming, and labor-intensive process.
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On the other hand, the increasing number of space missions
has led to a rapid accumulation of solar activity data set.
Therefore, it has been on the agenda for quite a while to
implement automatic identification procedures for sunspot
magnetic types. Although much work has been done on
the automatic recognition of sunspots [17–19], there are few
on automatic classification of sunspot magnetic types by
machine learning method. Sinh Hoa Nguyen et al. (2005)
[20] applied hierarchical learning method based rough set
theory to the problem of classifying sunspots from satellite
images. Trung Thanh Nguyen et al. (2006) [21, 22] used
machine learning techniques to classify sunspot groups
based on the seven-class Modified Zurich scheme. Colak
et al. (2008) [23] adopted image processing algorithms and
fully connected neural networks to automatically detect
and classify sunspots based on the McIntosh classification
system. Mehmmood A. Abd et al. (2010) [24] employed
Support Vector Machines to achieve automatic classification
of sunspot groups on full disk white light solar images.
Sreejith Padinhatteeri et al. (2016) [25] have suggested a
system called Solar Monitor Active Region Tracker-Delta
Finder, which has a good performance on 𝛿 magnetic type
recognition. However, the Mount Wilson classification in
sunspot groups is lacking of overall automatic identification
procedures.

In this work, based on the Mount Wilson classification
system, the magnetic types of ARs are labeled by one of
the unipolar group Alpha, the bipolar group Beta, and other
complex multipole groups, Beta-x. These three magnetic
types are identified automatically by using the convolutional
neural network (CNN) method with SDO/HMI data taken
during the time interval 2010-2017. A training model with
high recognition accuracy is obtained.The paper is organized
as follows: the Mount Wilson magnetic classification is
briefly described in Section 2; both the data source and
the preprocessing method are explained in Section 3; the
structure of CNN is illustrated in Section 4 together with the
training results of models using different input data; Section 5
concludes the paper.

2. Mount Wilson Sunspot
Classification Scheme

In 1919, the Mount Wilson Observatory in California devel-
oped a classification scheme of sunspots according to the
polarity of the corresponding magnetic fields [26]. It consid-
ers bipolar sunspot groups as a basic type, and other types are
regarded as deformations of the bipolar sunspot group. The
category is listed below (https://www.spaceweatherlive.com):

(1) Alpha: a unipolar sunspot group

(2) Beta: a sunspot group having both positive and neg-
ative magnetic polarities, with a simple and distinct
division between opposite polarities

(3) Gamma: a complex type of AR. Unlike the Beta class,
the distribution of positive and negative polarities of
this type is very irregular

(4) Beta-Gamma: a bipolar sunspot group with suffi-
ciently complex distribution and no obvious bound-
aries between opposite polarities

(5) Delta: a bipolar sunspot group with opposite polarity
umbrae sharing one penumbra that spans less than 2
degrees with respect to the solar center

(6) Beta-Delta: a sunspot group of Beta magnetic classi-
fication containing one or more Delta sunspots

(7) Beta-Gamma-Delta: a sunspot group of Beta-Gamma
magnetic classification containing one or more Delta
sunspots

(8) Gamma-Delta: a sunspot group of Gamma magnetic
classification containing one or more Delta sunspots.

From May, 2010, to May, 2017, a total number of 11306
magnetic type classification records covering 1592 ARs are
contained in the Solar Region Summary (SRS) text file,
which can be downloaded from the NOAA/SWPC website
https://www.swpc.noaa.gov/. As shown in Table 1, Alpha
magnetic type appears 3576 times, accounting for one-third
of the total records, and Beta magnetic type appears 6127
times, accounting for 54%. Complex magnetic types: Beta-
Gamma, Beta-Gamma-Delta, and Beta-Delta, appear 1143,
385, and 75 times, respectively, accounting for a small portion
of the total records. In addition, the Gamma, Delta, and
Gamma-Delta magnetic types have not been reported in SRS
files during this period, therefore they are not listed in Table 1.

Statistically, large flares are more likely to occur in ARs
with complex magnetic types, while the ARs of Alpha type
have a lower probability of flare eruption [5]. In this study, the
sunspotmagnetic type falls into three categories, the unipolar
group Alpha, the bipolar group Beta, and other complex
multipole groups, called Beta-x.

3. Data Preprocessing

The data used in this paper are observed by SDO/HMI
[27, 28]. The 720s SHARP data (hmi.sharp ���s - Space-
Weather HMI Active Region Patch) [29] are selected, which
include magnetograms and continuum images with the time
cadence of 12 minutes. The SHARP data provide active
regionmaps in patches that encompass automatically tracked
magnetic concentrations for their entire lifetime. All of the
data files we have used are downloaded from the website
http://jsoc.stanford.edu/ and are in Flexible Image Transport
System (FITS) format. The data selection satisfies the follow-
ing criteria:

(i) The time range is from May, 2010, to May, 2017.
(ii) In order to guarantee enough variations between the

closest AR images, the AR data are taken every 96
minutes.

(iii) The location range of the data is within the ±75
heliolongitude degrees from the solar disk center to
reduce the influence of projection.

(iv) Only when one SHARP number corresponds to one
NOAA AR at the same time, the SHARP data is
selected.

https://www.spaceweatherlive.com
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Table 1: Distribution of magnetic types in 1592 ARs recorded in SRS files.

Type 𝛼 𝛽 𝛽-𝛾 𝛽-𝛾-𝛿 𝛽-𝛿 Total
Number 3576 6127 1143 385 75 11306
Ratio 31.6% 54.2% 10.1% 3.4% 0.6% 100%

Table 2: Distribution of magnetic types of SDO/HMI magnetograms and continuum images.

Alpha Beta Beta-x
SDO/HMI magnetograms 6696 8828 3646
SDO/HMI continuum images 5481 7993 2744

(v) The selected FITS files must be of high quality.
Corrupted data due to instrument failure or data of
large background noise are omitted.

Based on the spatial distribution of magnetic polarities
and penumbras, each AR magnetogram and continuum
image is manually assigned to a corresponding magnetic
type, respectively. In this labelling process, we have referred
to the AR information provided by NOAA SRS files. It
should be noted that a tiny amount of data have no obvious
magnetic type information, which makes it difficult to label
these samples manually. These data cannot be included in
the analysis. The total amount of usable data is shown in
Table 2. In allmagnetograms, there are 6696 pictures ofAlpha
magnetic type, 8828 pictures of Beta, and 3646 pictures of
Beta-x. In all continuum images, there are 5481 pictures of
Alphamagnetic type, 7993 pictures of Beta, and 2744 pictures
of Beta-x. The amount of data for each type in the data set is
unevenly distributed. The smallest number of magnetic type
is for Beta-x in continuum images.

The SDO/HMI magnetograms and continuum images
data are read in batches, and the output is in PNG format
according to

𝑝𝑖 =
(255 + 0.9999) ∗ (𝑥𝑖 − 𝑚𝑖𝑛)

𝑚𝑎𝑥 − 𝑚𝑖𝑛
(1)

where max and min represent the maximum and minimum
of the magnetic field strength, and 𝑥𝑖 and 𝑝𝑖 represent the
original pixel value and processed pixel value of the same
index in the data matrix, respectively. In order to maintain
the uniformity of the data set, the gray value range of the
magnetograms is processed. The value of max is set to be
800.0, and the min is set to be -800.0, that is, in the PNG
images, the gray value of the pixel point with a magnetic
field strength greater than or equal to 800 is assigned to
255, and the gray value of the pixel point with a magnetic
field strength lower than or equal to -800 is assigned a value
of zero. Figure 1 shows an example of AR magnetogram
before and after processing. Compared to the unprocessed
magnetogram, the processedmagnetogramhasmore obvious
characteristic information.

Besides, pictures obtained through the above process are
interpolated into a uniform size of 160×80 to satisfy the input
requirements by CNN structure.

4. Classification Model

�.�. Training Model. As a branch of artificial intelligence,
machine learning algorithms allow machines to learn pat-
terns from a large amount of historical data, thereby intelli-
gently identifying new samples or predicting the future. The
machine learning method adopted in this work is convolu-
tional neural network (CNN), which is one of the typical
algorithms of deep learning [30, 31]. CNN [32–35] is a kind of
feedforward neural network with convolutional computation
and deep structure, but, unlike the traditional multilayer
feedforward neural network, the input of CNN is a two-
dimensional pattern, images for example. The connection
weight of CNN is a two-dimensional weight matrix, which
is also called convolution kernel. Two basic operations in
CNN are two-dimensional discrete convolution and pooling.
Because CNN can process two-dimensional patterns directly,
it has been widely used in the field of computer vision. A
schematic of the CNN structure in this work is shown in
Figure 2:

(i) The input data sequentially pass through three layers
of convolution. The size of the convolution kernel is
5×5. The number of first-layer convolution kernels
is 32, and then each layer is doubled. The convolu-
tion kernel is used to extract image features. When
performing convolution, the all-zero padding is used,
and the step size is set to be 1.

(ii) The result of each convolution is activated by the
nonlinear activation function, followed by pooling.
The number of features is controlled by the pooling to
avoid overfitting. When performing pooling, the all-
zero padding is used, the step size is set to be 2, and
kernel size is 2×2.

(iii) The convolved data features are fed into a fully con-
nected neural network. Within the fully connected
neural network, there is one hidden layer containing
512 neurons, and the output layer has 3 neurons, cor-
responding to three different magnetic types. Among
the 3 nodes, the magnetic type corresponding to the
node with the highest value is the recognition result
of the model.

(iv) The output of the fully connected neural network
passes through a softmax function to obtain the
probability distribution for the output classification.
The result is then compared with the data label to get
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(a) (b)

Figure 1: Magnetogram of NOAA 11158 AR (SDO/HMI, February 14, 2011, 22:24 UT). In gray images, white (positive polarity) and black
(negative polarity) areas indicate strong magnetic fields, while gray areas show regions of weak magnetic fields. (a) and (b) are unprocessed
and processed pictures, respectively.
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Figure 2: A schematic of the CNN structure.
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Table 3: Performance of each training model.

Model Data source Loss function Accuracy
Total Alpha Beta Beta-x

A magnetogram 5.53940 0.876667 0.958 0.763 0.903
B continuum image 5.36543 0.954167 0.985 0.885 0.958
C two-channel picture 5.45285 0.889167 0.958 0.793 0.913

Table 4: Three-class confusion matrix.

Recognized Alpha Recognized Beta Recognized Beta-x
Observed Alpha True Alpha(TA) False Beta A(AB) False Beta-x A(AC)
Observed Beta False Alpha B(BA) True Beta(TB) False Beta-x B(BC)
Observed Beta-x False Alpha C(CA) False Beta C(CB) True Beta-x(TC)

the cross-entropy, so as to obtain the loss function.
The softmax function and the cross-entropy formula
are given by the following:

𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝑦𝑘) =
𝑒𝑦𝑘

∑𝑛j=1 𝑒
𝑦𝑗 (2)

where 𝑛 is the number of types, and 𝑦𝑘 is the output
of the 𝑘th network output unit.

𝐻(𝑌 ,𝑌) = −∑𝑌 ∗ log𝑌 (3)

𝑌 is the truth value of the data label, and 𝑌 is the
output of neural networks.

(v) Optimize the model by minimizing the loss function.
Each model stops training after 50,000 iterations.

�.�. Results. We have constructed three different classifica-
tion models, namely, A, B, and C, respectively. Model A uses
HMI magnetogram data as input, while model B uses HMI
continuum image data. Model C uses both magnetogram
and continuum images as two-channel input in CNN. The
corresponding convolution kernel is also set to two channels
in model C.

When training our models, it is required that the amount
of data used for training or testing is the same for each
class. At the same time, the combination of the magnetogram
and continuum image in model C requires integration and
matching of the two data sets. In order to satisfy these
requirements, we have used the undersampling method to
randomly select 2600 pictures for each class as inputs: 400 for
testing and 2200 for training. Totally, there are 6600 pictures
used for training and 1200 pictures for testing. The test set
data do not participate in the training process.

The performance of all models is evaluated by the loss
function and the accuracy rate. The loss function maps the
value of a random event or its associated random variable to
a nonnegative real number to represent the “risk” or “loss”
of the random event. In applications, the loss function is
often associated with the optimization problem as a learning
criterion, which is to solve and evaluate the model by
minimizing the loss function [36]. The total accuracy rate is

obtained by randomly extracting some samples from the test
set for magnetic type recognition after the model training is
completed. These sample data are not used in the training
process and can better reflect the recognition performance
of the model. The recognition accuracy for each magnetic
type is obtained by traversing their test set. The results are
shown in Table 3. In the three models, the value of loss
function for model B is the smallest, and that of model A
is the largest. The total accuracy of model B is the highest,
exceeding 95%, and model A has the lowest total accuracy of
about 87%. Comparing the performance of the three models
in each class, the accuracy ofmodel B is the highest. Although
model A and C have the same recognition accuracy for
Alpha, the accuracy of model C for Beta and Beta-x are
better than that of model A. Among the three categories,
Alpha has the highest accuracy while Beta has the lowest
accuracy. This phenomenon emerges in all three training
models.

In addition, the confusion matrix is used to evaluate the
classification performance of the model for the magnetic
type of the AR. The confusion matrix definition is shown
in Table 4. The number of samples that are correctly recog-
nized as “Alpha” is true Alpha (TA), the number of Alpha
samples that are wrongly recognized as “Beta” is false Beta A
(AB), and the number of Alpha samples that are wrongly
recognized as “Beta-x” is false Beta-x A (AC). The number
of samples that are correctly recognized as “Beta” is true
Beta (TB), the number of Beta samples that are wrongly
recognized as “Alpha” is false Alpha B (BA), and the number
of Beta samples that are wrongly recognized as “Beta-x” is
false Beta-x B (BC).Thenumber of samples that are correctly
recognized as “Beta-x” is true Beta-x (TC), the number of
Beta-x samples that are wrongly recognized as “Alpha” is
false Alpha C (CA), and the number of Beta-x samples that
are wrongly recognized as “Beta” is false Beta C (CB). The
classification result of the above three models is detailed in
Tables 5–7. It can be seen from the tables that Alphamagnetic
type is misidentified as Beta magnetic type occasionally
when the model recognition error occurs. Beta magnetic
type is sometimes misclassified as either Alpha or Beta-x,
and the error rate is more than 4%. Beta-x magnetic type
is mainly misclassified as Beta. When classifying manually,
the disagreement due to individual experience and personal
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Table 5: Details of Model A Classification Results.

Manual classification Automatic recognition
Alpha Beta Beta-x

Alpha(num/400) 383 (95.8%) 17 (4.3%) 0 (0.0%)
Beta(num/400) 36 (9.0%) 305 (76.3%) 59 (14.8%)
Beta-x(num/400) 10 (2.5%) 29 (7.3%) 361 (90.3%)
Total 429 351 420

Table 6: Details of Model B Classification Results.

Manual classification Automatic recognition
Alpha Beta Beta-x

Alpha(num/400) 394 (98.5%) 6 (1.5%) 0 (0.0%)
Beta(num/400) 18 (4.5%) 354 (88.5%) 28 (7.0%)
Beta-x(num/400) 4 (1.0%) 13 (3.3%) 383 (95.8%)
Total 416 373 411

Table 7: Details of Model C Classification Results.

Manual classification Automatic recognition
Alpha Beta Beta-x

Alpha(num/400) 383 (95.8%) 17 (4.3%) 0 (0.0%)
Beta(num/400) 37 (9.3%) 317 (79.3%) 46 (11.5%)
Beta-x(num/400) 11 (2.8%) 24 (6.0%) 365 (91.3%)
Total 431 358 411

opinion is inevitable, mainly in distinguishing Beta magnetic
type and Beta-x magnetic type.

True positive rate (TP rate) and false positive rate (FP
rate) are defined to measure the performance of models.
The TP rate is the percentage of positive samples correctly
classified, and the FP rate is the percentage of negative
samples that are misclassified. The formulas for calculating
TP rate and FP rate of Alpha are shown in the following:

𝑇𝑃 𝑟𝑎𝑡𝑒 = 𝑇𝐴
𝑇𝐴 + 𝐴𝐵 + 𝐴𝐶

(4)

𝐹𝑃 𝑟𝑎𝑡𝑒 = 𝐵𝐴 + 𝐶𝐴
𝐵𝐴 + 𝑇𝐵 + 𝐵𝐶 + 𝐶𝐴 + 𝐶𝐵 + 𝑇𝐶

(5)

Using TP rate as the longitudinal axis and FP rate as the
horizontal axis, Receiver Operating Characteristic (ROC)
curves are drawn [37]. As shown in Figure 3, the (0, 1) point
means that all samples are classified correctly. The nearer
to (0, 1), the higher the classification accuracy of samples.
Models A, B, and C are represented by red, green, and
blue, respectively. The area of the quadrilateral formed by
each point and (0, 0), (1, 1), (1, 0) points is the area under
the curve (AUC) of that point. The larger the AUC value,
the better the classification effect of the model. It can be
seen more intuitively from Figure 3 that model B has the
best classification performance among the three models, and
Alpha has the best classification effect among the three kinds
of magnetic types.

5. Conclusion and Discussion

In order to develop the automatic identification for the AR
magnetic type based on the Mount Wilson classification
scheme, we adopt CNN to train the SDO/HMImagnetogram
and continuum image data from 2010 to 2017. We have
constructed three models: A, B, and C, using magnetograms,
continuum images, and the two-channel pictures as input,
respectively. The conclusions are as follows. First, CNN has
a productive performance in the identification of the AR
magnetic types. The overall accuracy of all three models is
over 87%, and the highest total accuracy is more than 95%.
The recognition accuracy for Alpha type reaches 98%, and the
accuracy for Beta typemaintains above 88%. Second, the best
recognition performance appears when continuum image is
the sole input, followed by two-channel picture as input, and
the performance of training model is relatively the worst
when feeding only themagnetogram data. Finally, Alpha type
is the easiest to recognize while the accuracy for Beta type is
the lowest in the three categories. This phenomenon exists in
all three training models.

By analyzing Mount Wilson sunspot magnetic types in
a large amount of continuum images, it is found that the
Alpha class is generally presented in a single sunspot, Beta
class generally distributes in a relatively discrete and regular
sunspot group, and the majority of Beta-x class appears in
a relatively large and irregularly distributed sunspot group.
Although themagnetic polarity, umbra, and penumbra infor-
mation of sunspot groups need to be used at the same time in
Mount Wilson sunspot classification scheme theoretically, it



Advances in Astronomy 7

1.00.80.60.4
FP rate

Alpha
Beta
Beta − x

0.20.0 0.10

1.00
0.979

0.950
0.949

0.9140.928
0.931

0.871
0.852

0.961

0.90

0.80

0.70
0.080.060.040.020.00

0.0

0.2

0.4

0.6

0.8

1.0

TP
 ra

te

Figure 3: TP rate and FP rate of Alpha, Beta, and Beta-x in model A (red), model B (green), and model C (blue). The AUC value is marked
beside each point.
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Figure 4: Two cases of misidentification of Beta-x as Beta in model B. (a) and (c) are the continuum images, whereas (b) and (d) are the
magnetograms of the same ARs. In continuum images, the dark center is the umbra (i) and a lighter black part around umbra is the penumbra
(ii). In magnetograms, the dark areas indicate the negative polarity (iii) region, and the bright areas indicate the positive polarity (iv) region.

is also feasible to use the continuum images alone to classify
the three types that are defined in this work. However, it is
confusing that the training performance with magnetogram
or two-channel picture as input is not as good as that using
continuum image only. Specific case analysis may shed a
stripe of light over the black box. As shown in Figure 4,

for model B, the cases that the Beta-x magnetic type is
misclassified into Beta magnetic type mainly consist of two
different origins: (1) a heteropolar region can be seen in the
magnetogram while there is a penumbra in the continuum
image corresponding to the opposite polarity region, but no
obvious multiple umbrae, as shown by the red box in Figures
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Figure 5: Three cases of misidentification of Beta-x as Beta in model A. (a), (c), and (e) are the magnetograms, whereas (b), (d), and (f) are
the continuum images of the same ARs. In continuum images, the dark center is the umbra (i) and a lighter black part around umbra is the
penumbra (ii). In magnetograms, the dark areas indicate the negative polarity (iii) region, and the bright areas indicate the positive polarity
(iv) region.

4(a) and 4(b),mainly due to the inability to obtain the polarity
information of themagnetic field in the continuum image; (2)
there is no obvious heteropolar region in the magnetogram
while the corresponding region in the continuum image
has no obvious umbra, and the distribution of sunspots is
diffusing, as shown in Figures 4(c) and 4(d). The latter may
belong to the early or late stage of an AR. Such a situation is
highly dependent on the subjectivity of manual prelabeling.
In fact, although the classification rules are clarified, it is very
difficult for the classification results to be 100% unified when
experts perform manual classification.

As shown in Figure 5, for model A, there are three per-
spectives that the Beta-x magnetic type is misclassified into
Beta magnetic type. First, as shown by the red box in Figures
5(a) and 5(b), there is no noticeable heteropolar region in the
magnetogram, but multiple umbrae in the same penumbra
can be seen in the corresponding continuum image. Errors
may occur due to the inability to accurately obtain the
umbra and penumbra information of the sunspot from the

magnetogram alone. Second, as shown in Figures 5(c) and
5(d), similar to the reason (2) ofmodel B, themagnetic type of
the AR is controversial and cannot be completely counted as a
model classification error.The artificial subjective conscious-
ness accounts for a large part of the reason.Third, theARwith
sufficiently complex distribution and no obvious boundary
between opposite polarities contains a bipolar sunspot group
with opposite polarity umbrae sharing one penumbra that
spans less than 2 degrees with respect to the solar center,
as shown by the red box in Figures 5(e) and 5(f). The
magnetic type Beta-Gamma-Delta can be determined from
the magnetogram and continuum image by referring to the
above Mount Wilson sunspot classification scheme. In fact,
it can be clearly seen from the magnetogram alone that the
magnetic type of theAR is Beta-x, but themodel classification
is wrong, which may be caused by the incomplete feature
extraction. This is also the main reason for the poor training
performance when the model uses only the magnetogram
data.
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The structure of the magnetogram is more complex than
that of continuum image, but the amount of data available for
training is insufficient, yielding that the CNN method is not
able to extract picture features well. This is possibly one of
the main reasons why the training performance is not good
when using only themagnetogram data or using two-channel
picture as the input.

In further work, we plan to improve the recognition
accuracy and try to refine the classification. Due to the dif-
ferent information content of magnetograms and continuum
images, we will use different convolutional network struc-
tures to extract feature information for these two kinds of data
separately. Then the extracted features can be integrated and
fed into a fully connected neural network. Furthermore, it is
necessary to continuously supplement and balance the data
set.

Data Availability

The magnetograms and continuum images data used
to support the findings of this study are observed by
SDO/HMI; all of the FITS files we have used are downloaded
from the website http://jsoc.stanford.edu/. The SRS text
files can be downloaded from the NOAA/SWPC website
https://www.swpc.noaa.gov/. The train set and test set data
for machine learning of this study are available from the
corresponding author upon request.
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Geomagnetic activity with global influence is an essential object of space weather research and is a significant link in the section
of the solar wind-magnetospheric coupling process. Research so far provides strong evidence that geomagnetic activity affects
stock investment decisions by influencing human health, mood, and human behaviours. Therefore, this research investigates the
empirical association between geomagnetic activity and stock market return. Overall, we find that geomagnetic activity exerts a
negative influence on the return of the US stock market. Further, market liquidity effectively magnifies the effect of geomagnetic
activity. Inconsistent with previous literature, this effect is not mainly caused by the semiannual variation of geomagnetic activity.
Our research contributes to the introduction of geomagnetic indices to financial economics studies on the impact of geomagnetic
activity influence on stock market return.

1. Introduction

The geomagnetic field is formed by the superposition of
different magnetic fields from various sources. When the
corresponding disturbance of the geomagnetic field occurs,
the geomagnetic activities form. These disturbances vary in
length and intensity and significantly affect human activities
in terms of economics. Since the 1960s, people have been
aware of the critical influence of cosmic activity, especially
geomagnetic activities, on human behaviour. Friedman et
al. (1963) initially explored the relationship between human
health and geomagnetic activity parameters [1]. We summa-
rize the research progress on the correlation between geo-
magnetic activity and the stock market into three ways: geo-
magnetic activity and human behaviours; human behaviours
and the stock market; geomagnetic activity and the stock
market.

First, geophysics research has provided evidence of
a relationship between geomagnetic activity and human
behaviours. These human behaviours can be concluded into
three aspects: the influence of geomagnetic activity on the
body’s mood and nervous system; geomagnetic activity on
human diseases; and geomagnetic activity on birth or death
rate.The occurrence of geomagnetic activity affects the body’s

emotional and nervous system [2–4]. Zakharov (2001) found
that the effect is most marked during the recovery phase
of geomagnetic storms and accompanied by the inhibition
in the central nervous system [5]. According to Tarquini
(1998), through influencing the activity of the pineal gland,
geomagnetic activities cause imbalances and disruptions of
the circadian rhythm of melatonin production [6], a factor
that plays an important role in mood disturbances. Stoilova
and Dimitrova (2008) examined blood pressure, heart rate,
and electrocardiograms during perturbed and quiet days
according to the Ap index; in particular, there was a clear
tendency for changes in blood pressure during increased
geomagnetic activity [7]. Mendoza (2010) studied that at
middle and low latitudes there are biological consequences
to the solar/geomagnetic activity coinciding [4], finding
that geomagnetic perturbations cause gender differences, age
differences, andmyocardial infarctions (death or occurrence)
influences.

Second, Economics and Psychology research also builds
the relationship between human behaviours and the stock
market, especially the correlation between mood and abnor-
mal returns. Lerner et al. (2015) showed that mood affects
economic decision making through a variety of pathways
[8]. Shu (2010) showed that both equity and bill prices
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correlate positively with investor mood [9], with higher
asset prices associated with better mood, and conversely,
expected asset returns correlate negatively with investor
mood. These findings suggested that investor mood is a vital
factor in equilibrium asset prices and returns. Moreover,
the relationship between human behaviours and the stock
market also exists in other aspects, like physical health
[10].

Based on the above literature, it is ready to connect
the geomagnetic activity with the stock market indirectly.
Instead, some research also builds the direct relationship
between geomagnetic activity and the stock market. Kriv-
elyova & Robotti (2003) demonstrated lower stock market
returns during periods of high geomagnetic activity and
provided an explanation with investment mood as a medi-
cated variable [11]. Belkin (2013) also found the strong direct
connection between long stagflation waves in the USA and
super solar cycles, and the strong inverse connection between
seasonal geomagnetic storms and economic cycles in the US
and Russian economics [10]. Besides, some research focused
on the effect of weather on the stock market, using geomag-
netic storms as one of the variables [9, 12–14]. However, these
papers focus on the effect of extremeor irregular geomagnetic
activities. To explore the day-to-day counterpart, instead of
dealing with extreme and rare events such as geomagnetic
storms, this research explores causality between geomagnetic
activity and the stock market by using monthly US stock
market indices and monthly levels of geomagnetic indices,
Ap. SAD (Seasonal Affective Disorder) for the potential
semiannual variation will be used in order to test whether
the semiannual variation is one underlying cause for the
causality.

This paper also explores how the effect of geomagnetic
varies considering variations under two conditions. On one
hand, when considering the variations of geomagnetic activ-
ities, semiannual variation was one of the earliest recognized
patterns in geomagnetic activity [15, 16]. The semiannual
variation in geomagnetic activity appears as spring and fall
maximums in long-term averages of the various indices of
geomagnetic activity. Kamstra et al. (2003) suggested that,
in the process of the earth’s seasonal alternation, the daily
light time in a particular region will be different, and the
length of the day and night changes will affect the internal
rhythm of the human body [17], thus affecting the trading
behaviour of investors. Therefore, we explore whether the
targeted causality also has a semiannual effect similar to the
geomagnetic activity itself.

On the other hand, motivated by Lanfear et al. (2018),
abnormal illiquidity is only able to account for a small
fraction of the observed abnormal returns caused by extreme
weather events [18]. We then explore whether, during day-
to-day counterparts, liquidity can still have a significant
influence on the correlation between geomagnetic activities
and the stock market indices. We find that market liquidity
is positively related to the geomagnetic effect on the stock
market. This finding is consistent with Krivelyova & Robotti
(2003); the geomagnetic storm’s effect is more significantly
stronger in markets in worldwide important and open
economies [11].
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Figure 1: Overview of monthly DGD (1998-2017).

Our research implicates in two ways. First, by focusing on
the liquidity and periodic output, this paper provides support
for the two conditions. Second, we introduce a geomagnetic
relationship to the financial economics literature. The rest of
the paper is organized as follows. The data description and
the methodology used for research questions are reported
in Section 2. In Section 3, we present the results related to
causality between geomagnetic activity and the stockmarket.
In Section 4, we present the findings related to semiannual
and liquidity variation. We conclude the whole paper in
Section 5.

2. Materials and Methods

Weuse an empirical study for this research.The vast majority
of empirical studies on daily geomagnetic data (DGD) use
either the Ap or the Kp index to capture the intensity of the
environmental magnetic field. In this paper, we choose the
monthly Ap index as a proxy for DGD, named as 𝐷𝐺𝐷𝑡.
The chosen period is from January 1998 to December 2017.
Geomagnetic data for the Earth were obtained from the
Space Weather Prediction Center, which is a part of the
National Oceanic & Atmospheric Administration (NOAA).
Figure 1 shows an overview of monthly DGD. Figure 2 shows
an annual variation of the Ap index. As discussed above,
there are significantly spring and fall maximums in long-term
averages of this index.

We use S&P 500 as the index to describe the US stock
market, named as 𝑆𝑀𝐼𝑡. The S&P 500 Index (formerly Stan-
dard & Poor’s 500 Index) is a market-capitalization-weighted
index of the 500 largest US publicly traded companies by
market value. The index is widely regarded as the best single
gauge of large-capUS equities.Monthly S&P 500 are obtained
from Yahoo Finance. Figure 3 shows an overview of the
monthly S&P 500. Figure 4 shows annually variation of S&P
500. Intuitively, the trend and seasonal changes of 𝑆𝑀𝐼𝑡 and
𝐷𝐺𝐷𝑡 are different.

2.1. Augmented Dickey-Fuller Test. Testing time series data
for stationarity is a prerequisite for moving forward since
the presence of unit roots would lead to the regression
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Figure 2: Annual variation of monthly DGD (1998-2017).
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Figure 3: Overview of the monthly S&P 500 (1998-2017).

being spurious unless there is the existence of at least one
cointegrating relationship. In order to check the stationarity
of the variables that are considered in this study, we use the
Augmented Dickey-Fuller (ADF) stationarity test to detect
the possible existence of unit roots in the data set. The
variables should ideally be stationary at either I(0) or their
first difference forms, I(1). Once the variables are found to be
stationary, the cointegration test is to be followed.

2.2. Engle-Granger Test. The most well-known test for coin-
tegration, suggested by Engle and Granger (1987), is to run a
static regression [19] (after first having verified that 𝑦𝑡 and 𝑥𝑡
both are I(1)) of 𝑦𝑡 = 𝜃𝑥𝑡 + 𝑒𝑡 and 𝑒𝑡 = 𝑦𝑡 − 𝜃𝑥𝑡, where 𝑥𝑡 is
one- or higher-dimensional. The asymptotic distribution of 𝜃
is not standard, but the test suggested by Engle and Granger
was to estimate 𝜃 by OLS and the test for unit roots in 𝑒𝑡.

2.3. Granger Causality Test. According to cointegration anal-
ysis, when two variables are cointegrated, then there exists at
least one direction of causality. Granger causality [20], intro-
duced by Granger (1969), is one of the important matters that
have been much studied in empirical macroeconomics and
empirical finance. Only when the variables are cointegrated,
it is possible to deduce that a long-run relationship exists
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Figure 4: Annual variation of monthly S&P 500 (1998-2017).

between the nonstationary time series. When we take y and
x as the variables of interest, then the Granger causality test
(Granger (1969)) determines whether past values of y add
to the explanation of current values of x as provided by the
information in past values of x itself. If previous changes in
y do not help explain current changes in x, then y does not
Granger cause x. The equations are as follows:

𝑦𝑡 = 𝛼 +
𝑡

∑
𝑖=1

𝛽𝑖𝑦𝑡−𝑖 + 𝜀𝑡,1 (1)

𝑦𝑡 = 𝛼 +
𝑡

∑
𝑖=1

𝛽𝑖𝑦𝑡−𝑖 +
𝑡

∑
𝑗=1

𝛾𝑖𝑥𝑡−𝑗 + 𝜀𝑡,2 (2)

Similarly, we can examine if x Granger causes y to just
be interchanging them and carrying out this process again.
There could be four probable outcomes: (i) x Granger causes
y; (ii) y Granger causes x; (iii) both x and y Granger cause the
other; (iv) neither of the variables Granger causes the other.
We consider the above set of equations for all possible pairs
of (𝑆𝑀𝐼𝑡, 𝐷𝐺𝐷𝑡) series in the group.

2.4. Regression. As shown in Table 1, there are some other
variables which would be used in the following empirical
tests. Specifically, ILLIQ is the measure of liquidity of the
stock market. The bigger the ILLIQ is, the smaller the stock
market liquidity is.

After Granger causality test, we use linear regression as a
robust test for the relationship between geomagnetic activity
and the stock market, as shown in (3). We predict that 𝛽1 is
significantly negative:

𝑆𝑀𝐼𝑡 = 𝛽0 + 𝛽1𝐷𝐺𝐷𝑡 + 𝜀𝑡 (3)

𝑆𝑀𝐼𝑡 = 𝛽0 + 𝛽1𝐷𝐺𝐷𝑡 + 𝑌𝐸𝐴𝑅 + 𝜀𝑡 (4)

To test seasonal variations in the targeted relationship, we
consider the SAD index to represent this variation. In (5),
SAD captures the effect ofDGD varying semiannually, and 𝑒𝑡
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Table 1: Variable Specifications.

Measure Description

DGD Monthly Geomagnetic activity index (Ap). The data source is Space Weather Prediction Center, a part of
NOAA. Data period is Jan. 1998 – Dec. 2017.

SMI Monthly S&P 500, popular US stock market indices. The data source is Yahoo Finance. Data period is Jan. 1998
– Dec. 2017.

SAD Seasonal Affective Disorder index. Dummy variable. Variable equals to 1 if the set of indexes occurs in Jan., Feb.,
Mar., Nov. or Dec., and zero otherwise.

𝑝𝐻 Themonthly highest price in S&P 500.
𝑝𝐿 Themonthly lowest price in S&P 500.
VOLD The stock trade-off volume among the 500 largest US publicly traded companies per month.

ILLIQ
The market illiquidity among the 500 largest US publicly traded companies per month. Compute the stocks’
illiquidity as the ratio of dollar volume to the price difference. ILLIQ𝑡 = (𝑝𝐻,𝑡 − 𝑝𝐿,𝑡)/VOLD𝑡 ∗ 1010.

YEAR Period Dummy variable for years 1998 to 2017. For example, macroeconomic environment changes would
happen year by year, and this index could control this kind of effect.

captures the remaining part.Wepredict that𝛽1 is significantly
negative:

𝐷𝐺𝐷𝑡 = 𝛼0 + 𝛼1𝑆𝐴𝐷𝑡 + 𝑒𝑡 (5)

𝑆𝑀𝐼𝑡 = 𝛽0 + 𝛽1𝑆𝐴𝐷𝑡 + 𝛽2𝑒𝑡 + 𝑌𝐸𝐴𝑅 + 𝜀𝑡 (6)

During a hurricane, assets with higher liquidity suffer more
loss than assets with lower liquidity, such as gold [18]. Moti-
vated by Amihud (2002), we consider the illiquidity index to
represent this variation [21]. Note that ILLIQ represents the
market illiquidity level per month. Therefore, for the third
question, here we predict an adverse effect of this variable
on the relationship between the geomagnetic index and stock
market indices which is presented by (7). Some economic
shocks may differentially affect the stock market with differ-
ent degrees of reliance on geomagnetic activities. Therefore,
interactions between DGD and ILLIQ on SMI variables are
included to help control for any preexisting noises. 𝛽3 is the
coefficient of the interaction. We predict that this coefficient
is significantly negative. To keep the comparability of 𝛽1 in
(3) and (7), motivated by Balli, Sørensen (2013), we further
modify themodel as (8), where𝐷𝐺𝐷𝑡, 𝐼𝐿𝐿𝐼𝑄𝑡 are the average
value of the corresponding variables [22]:

𝑆𝑀𝐼𝑡 = 𝛽0 + 𝛽1𝐷𝐺𝐷𝑡 + 𝛽2𝐼𝐿𝐿𝐼𝑄𝑡
+ 𝛽3𝐷𝐺𝐷𝑡 ∗ 𝐼𝐿𝐿𝐼𝑄𝑡 + 𝑌𝐸𝐴𝑅 + 𝜀𝑡

(7)

𝑆𝑀𝐼𝑡 = 𝛽0 + 𝛽1𝐷𝐺𝐷𝑡 + 𝛽2𝐼𝐿𝐿𝐼𝑄𝑡

+ 𝛽3 (𝐷𝐺𝐷𝑡 − 𝐷𝐺𝐷𝑡)

∗ (𝐼𝐿𝐿𝐼𝑄𝑡 − 𝐼𝐿𝐿𝐼𝑄𝑡) + 𝑌𝐸𝐴𝑅 + 𝜀𝑡

(8)

Table 2 shows the statistical summary of these variables
used in the above equations. Table 3 shows the correlation
matrix. The result shows a significantly negative relation
between geomagnetic activity index and stockmarket indices
as predicted. Also, we find a robust negative correlation
whichmeans that the market illiquidity varies with time. One
explanation is that this variable is measured as monthly data.

However, we further test the correlation between ILLIQ and
month dummies and find no strong correlation (correlation
= 0.01, p-value = 0.87). Then we rule out this possibility.
Another explanation is the variance of the macroeconomic
environment. For example, the promulgation of regulations
and laws would have implications for the present and future
years.

3. Causality between Geomagnetic Activity and
the Stock Market

3.1. Main Test. The first question is whether geomagnetic
activity is negatively related to the US stock market. For this
problem, we use the Granger Causality Test to testify the
causality between geomagnetic activity and the stock market
and use linear regression as robustness for the magnitude of
the effect.

Results from the ADF test are provided in Table 4. The
results for the ADF unit root tests for variables at the primary
level (non-first-order difference). As shown in the first two
rows in Table 4, results are not stable. Then we further test
whether SMI and DGD are cointegrated. The cointegration
result of the primary level, as shown in the third row in
Table 4, rejects the null hypothesis at 1% significant level. So,
we can show that this regression is not spurious. The results
from the ADF test confirm that both of the variables are
stationary at their first differenced forms, and our following
tests use the first-differenced data.

As two time-series variables are stationary and cointe-
grated, we continue the Granger Causality Test augmented
with a lagged error correction term if the series are coin-
tegrated. We use AIC and SC information law to choose
the optimal lag length which equals 1. The p-value on the
lagged explanatory variables of error correction indicates the
significance of the short-run causal effects. Beginning with
the short-run effects, we find that there are unidirectional
causalities from DGD to SMI; in other words, SMI does
not Granger cause DGD, but DGD Granger causes SMI.
Additionally, we do the test in the case where lag order
equals 2 and find a similar conclusion. This unidirectional
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Table 2: Summary of Statistics.

Mean Std.Dev Maximum Minimum Observations
DGD 10.76 5.23 35.00 2.00 240
SMI 1414.73 417.95 2673.61 735.09 240
pH 1452.19 413.33 2694.97 832.98 240
pL 1360.93 414.20 2605.52 666.79 240
VOLD(∗10−10) 5.90 3.21 16.20 1.15 240
ILLIQ 22.63 20.49 109.15 4.2 240

Table 3: Correlation Matrix.

DGD SMI SAD ILLIQ YEAR
DGD 1.00
SMI -0.13∗∗ 1.00
SAD -0.04 0.06 1.00
ILLIQ 0.08∗ -0.11 -0.01 1.00
YEAR -0.01 0.04 0.00 -0.71∗ ∗ ∗ 1.00
Note: ∗ ∗ ∗, ∗∗, and ∗ denote statistically significant at 1%, 5%, and 10% levels, respectively. See Table 1 for variable definitions.

Table 4: Augmented Dickey-Fuller (ADF) Test Results.

Variable Dickey-Fuller Lag p-value Conclusion

Unit root test for primary level SMI -0.66 6 0.9731 Not Stationary
DGD -2.75 6 0.2618 Not Stationary

Cointegration test -5.55 6 <0.01 Stationary

Unit root test for 1st differenced SMI -7.84 6 <0.01 Stationary
DGD -5.57 6 <0.01 Stationary

causality result provides statistical support for our primary
prediction that geomagnetic activity is negatively related to
the US stock market. Furthermore, geomagnetic activity has
a unidirectional effect on the stock market.

3.2. Robustness. To testify the magnitude and direction of
the targeted relationship, we also test the relation between
geomagnetic activity and the stock market by linear regres-
sion. Table 6 reports the regression results for (3). Column
(3) is without control variable year dummy, while column
(4) is for regression with controls. Consistent with the
causality results reported in Table 5, results in Table 6 are
both significantly negative, suggesting that there is indeed
an inverse relationship between geomagnetic activity and
U.S. stock market (p-value < 0.05). Further, it is indicated
that the effect of geomagnetic activity on the stock market
is economically significant. The predicted possibility of an
inverted market signal is 1.2‰. Comparing the results in
column (3) and column (4), the control variable YEAR does
not have an evident influence on the conclusion.

4. Additional Tests

4.1. Variation in Semiannual Periods. Based on the above
results, we hold a further question of whether the targeted
causality also has a semiannual variation similar to the

geomagnetic activity itself. We use Two-Stage Least Squares
(2SLS) Regression. In the first stage, we regress SAD on
DGD and decompose DGD into two parts. One represents
the variations in winter and summer, and the other is the
remaining part (4). In the second stage, we regress the two
parts on SMI. As shown in Table 7, we do not find significant
results to support our second prediction (5). We find that
the significant effect of DGD on SMI is mainly due to the
remaining part without seasonal variations, other than the
semiannual variation effect as predicted. To some extent, this
is also consistent with Dowling, M., & Lucey (2008) [13].
Although they prefer to use seasonal affective disorder to
explain changes in investors’ mood, most of them do not
find significant results. We also use month dummy variable
(data in January equals 1, in February equals 2, . . ., and in
December equals 12) or half year dummy variable (data in
January–June equals 1 and in July–December equals 0) for the
similar test; however, we do not find expected results either.

One explanation is that monthly aggregate data remove
some difference among daily or smaller-unit data and cause
too much noise. Another potential explanation is that the
trend of increasing geomagnetic activity which removed sea-
sonality effect is the primary cause of the targeted causality.
Our results support the second explanation.

4.2. Variation in Liquidity. Furthermore, we explore whether
the relationship between geomagnetic activity and the US
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Table 5: Granger Causality Test Results.

Null Hypothesis Lag p-value Conclusion
DGD does not Granger cause of SMI 1 0.0505 Causality significant at 10% level
SMI does not Granger cause of DGD 1 0.2012 No Causality
DGD does not Granger cause of SMI 2 0.0233 Causality significant at 5% level
SMI does not Granger cause of DGD 2 0.5333 No Causality

Table 6: Regression Results for Equ. (3) and (4).

SMI
(3) (4)

Coefficient p-value Coefficient p-value
Intercept 0.0000 1.000 -0.6509 0.5026
DGD -0.0012 0.0480∗∗ -0.0012 0.0489∗∗
YEAR No Yes
Adj. R-squared 0.0122 0.0099
Obs. 240 240

Table 7: Regression Results for Equ. (5), (6) and (8).

DGD SMI SMI
(5) (6) (8)

Coefficient p-value Coefficient p-value Coefficient p-value
Intercept 0.1476 0.7020 -0.0023 0.5216 0.0035 0.3939
SAD -0.3543 0.5530 0.0056 0.3263
e -0.0012 0.0523∗
DGD -0.0007 0.1923
ILLIQ -0.0001 0.3811
DGD∗ILLIQ -0.0001 0.0009∗ ∗ ∗
Adj. R-squared -0.0027 0.0115 0.0585
Obs. 240 240 240

stock market would be moderated by market liquidity. As
mentioned before, ILLIQ is the inverse index for market
liquidity; in other words, the bigger the ILLIQ is, the smaller
the stock market liquidity is. Therefore, the coefficient of
DGD∗ILLIQ on SMI in Table 7 column (6) is negative
which means that market liquidity is positively related to the
geomagnetic effect on the stock market as predicted. This
finding is also consistent with the findings in Lanfear et al.
(2018) [18].

One potential explanation for the results about variation
inmarket liquidity is that they are influenced by geomagnetic
waves subconsciously or unconsciously; investors suffer bad
moods which lead to a preference for more meaningful
decisions and an increase in risk aversion [23, 24]. Mean-
while, market liquidity would magnify this kind of risk
estimation which causes a higher premium on equity with
higher liquidity.

What is more, it is evident that after adding the market
illiquidity, R-squared has increased from 1.22% in Table 6 col-
umn (3) to 5.85% inTable 7 column (6) and the significance of
regression results has been strengthened simultaneously. This
change provides evidence for our prediction that monthly
aggregate data covered up some variations in the daily level.

However, the fact that with so much noise, the relationship
between geomagnetic activity and the stock market is still
found further verifies our primary assumption. Because of
the high correlation between YEAR and ILLIQ, we also do
robust tests to rule out the multicollinear problem (𝜅=370.25,
VIF=2.03).

In conclusion, we explore our research questions by
examining monthly geomagnetic data (DGD) Ap indices
and S&P stock market indices from 1998 to 2017. Our
primary analysis tests whether the geomagnetic activity is
related to the stock market. There is an inverse connection
between geomagnetic activity and the stock market in
the US. This increase is economically significant. The
predicted probability of issuing an adverse stock signal is
1.2‰. Furthermore, the relationship could be evolved into
a causality. The Granger Causality Test is valid for both
lag orders 1 and 2. Together, the results are consistent with
previous research that geomagnetic activity and stockmarket
are related indirectly or directly. One explanation for our
findings is that annual or semiannual variations caused by
geomagnetic activity affect investors’ mood unconsciously
or subconsciously, which leads to the waves in the stock
market.
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5. Conclusions

Using monthly-based geomagnetic indices and US stock
market indices for the recent 20 years, we find compelling
evidence supporting a causal relation between geomagnetic
activity and stock return. First, supported by the results from
the Granger Causality Test, geomagnetic activity is negatively
related to the US stock market. Secondly, by regressing SAD
on DGD and decomposing DGD, the seasonal variations
of DGD on SMI are not directly supported, although the
results represent the variations in winter and summer. At
last, this research finds that market liquidity is positively
related to the geomagnetic effect. To dig out more explana-
tions for the influence of geomagnetic activity on the stock
market, we view the potential relation between geomagnetic
activity and behaviour finance as an avenue for future
research.

This research offers several contributions. On the one
hand, we introduce a geomagnetic relationship to the finan-
cial economics literature. Instead of dealing with extreme
events such as geomagnetic storms, this research avoids
the influence of virtual prediction on a strong result by
exploring the causality effectiveness of monthly Ap index
on the monthly US stock index. We view the potential
relation between geomagnetic activity and behaviour finance
as an avenue for future research. On the other hand, we
contribute to existing research in financial economics exam-
ining whether geomagnetic activity pessimism impacts stock
returns. Further, we explore how the effect of geomagnetic
varies under two conditions which are (1) periodic effect of
geomagnetic activities on the stock market and (2) liquidity
effect on the correlation between Ap stock market indices.
By focusing on the illiquidity and periodic output, this paper
provides compelling support for the two conditions and
reinforces existing studies.

This relationship and our findings should be of inter-
est to the broader literature studying the geomagnetic
activity on capital market effects of limited attention and
also be of interest to study the geomagnetic activity effect
on stock market behaviour. The geomagnetic effect on
human investment behaviour will be discussed in future
study.
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Automatic detection of solar events, especially uncommon events such as coronal dimming (CD) and coronal wave (CW),
is very important in solar physics research. The CD and CW are not only related to the detection of coronal mass ejections
(CMEs) but also affect space weather. In this paper, we have studied methods for automatically detecting them. In addition, we
have collected and processed a dataset that includes the solar images and event records, where the solar images come from the
Atmospheric Imaging Assembly (AIA) of Solar Dynamics Observatory (SDO) and the event records come from Heliophysics
Event Knowledgebase (HEK). Different from the methods used before, we introduce the idea of deep learning. We train single-
wavelength and multiwavelength models based on Faster R-CNN. In terms of accuracy, the single-wavelength model performs
better. Themultiwavelength model has a better detection performance on multiple solar events than the single-wavelength model.

1. Introduction

Solar eruption is an event that produces numerous energy,
releasing a large amount of radiation as ejecting plasma into
the heliosphere as coronal mass ejections (CMEs). CMEs
can cause geomagnetic storms, which in turn may affect the
reliability of power systems. In addition, CMEs can also affect
space weather [1, 2]. The detection of CMEs is of vital impor-
tance. However, CMEs are difficult to detect as a result of
the complex characteristics. CMEs are associated with many
solar phenomena. Coronal dimming (CD) is temporally and
spatially consistent with CMEs [3] and dimming-associated
CMEs have much higher speed than others [4]. Coronal
waves (CWs) can be driven and shaped by the expanding
flanks of CMEs [5].Therefore, CD and CW become the main
objects of detection.

As for CD, several algorithms were proposed to identify
it. An algorithm for fully automatic detection of CD was
discussed by Bewsher et al. The image was subjected to
a differential operation to form a base-difference image,
and then the pixel intensity was processed by threshold
to find dimming regions [6]. Podladchikova et al. con-
tinued to study this algorithm and performed minimum
and maximum pixel mapping to describe dimming regions

[7]. In addition, the statistical distribution of the running
difference image is calculated to find significant disturbances,
i.e., dimming regions. Different from the above method,
Krista et al. used the original nondifference image and the
corresponding magnetograms to detect the dimming regions
[8].

For the detection of CW, Thompson et al. manually
identified it [9] in 2009 with data on Solar and Heliospheric
Observatory (SOHO) between 1997 and 1998. Then, Nitta et
al. did a similar job and identified the CW [10] observed by
the AIA on board the SDO spacecraft [11] in 2003. Manual
identification is completely dependent on the user and this
method is only suitable for small dataset. Podladchikova
et al. used automatic dimming detection algorithm NEMO
to detect CW based on SOHO [7]. Wills-Davey et al.
proposed Huygens tracking technique [12]. This algorithm
used percentage base-difference images to identify the pulse
by finding the peak intensity line corresponding to the peak
of the Gaussian cross-section. The semiautomated detection
algorithm, Coronal Pulse Identification and Tracking Algo-
rithm (CorPITA), was proposed by Long et al. [13]. CroPITA
used intensity profile techniques to identify the propagation
pulse, tracked its entire evolution, and then returned its
kinematics estimate.

Hindawi
Advances in Astronomy
Volume 2019, Article ID 7821025, 9 pages
https://doi.org/10.1155/2019/7821025

https://orcid.org/0000-0001-9700-2122
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/7821025


2 Advances in Astronomy

In 2010, NASA launched the SDO spacecraft, which
orbited the Earth to capture full-disk images of the sun.
AIA, an independent instrument of SDO, captures eight
high-definition (4096×4096) full-disk images of different
wavelengths every 10 to 12 seconds. SDO produces approx-
imately 1.5 TB of data per day so that manual and traditional
identification methods are no longer suitable for current
conditions. In the case of large data, an automatic and rapid
detection algorithm of CD and CW is very research-oriented.
In 2017, Kucuk et al. used deep convolutional neural networks
to classify solar events [14], including Sigmoid (SG) and Flare
(FL). At the same time, they also used a deep learning model
to detect solar events, such as Active Region (AR) [15].

In the field of computer vision, object detection is to
locate the position of the object in an image and to identify
the category of the object. This is a fundamental problem,
but it is also very challenging because there are many
interference factors in the image, such as the background
clutter and perspective changes. In recent years, deep neural
networks have become a research hotspot, and there aremany
high precision object detection based on deep learning, for
example, Single ShotMultiBox Detector (SSD) [16], YouOnly
Look Once (YOLO) [17], Region-based Fully Convolutional
Networks (R-FCN) [18], and Faster Regions with Convolu-
tional Neural Networks Features (Faster R-CNN) [19]. Both
SSD and YOLO are fully end-to-end detection models, but
SSD has an additional layer to predict the default box offset
to improve accuracy. Unlike them, R-FCN and Faster R-CNN
use the Region Proposal Network (RPN) [18]. The RPN is a
separate network that generates proposed regions and flags,
which contain the object or not. The difference between R-
FCN and Faster R-CNN is the bounding box classification.
Classification feature used by the R-FCN is to crop from the
last layer of base network.

In this paper, deep convolutional neural networks (Faster
R-CNN) is introduced to detect CD and CW. The rest of
the paper is as follows. Section 2 introduces the dataset.
Section 3 states the deep learning algorithm.The experiments
and results are discussed in Section 4. Section 5 gives the
conclusion.

2. Data Preparation

In this section, we introduce our dataset, including data
collection and processing.

�.�. Data Collection. The dataset consists of two parts. One
is the solar images. The other is the solar event records,
especially the location coordinate and category of the solar
events. As for the images, they come from AIA module of
SDO. AIA can capture high-definition images at multiple
wavelengths, but the metadata of AIA are FITS format and
cannot be used directly to train the detection model. We
can process the metadata into JPEG (4096×4096) format to
continue the work. For the solar event records, they are deter-
mined according to HEK that receives metadata from many
automated event detection modules. The metadata contains
a lot of information, including the location coordinates, the
start time, the end time, and the category of the solar events.

In order to collect required data, we use the SunPy
(https://sunpy.org/), which is a package for python language.
Through the API of this package, we can get solar event
records from HEK based on the time and the category
of solar event. For example, we can search CD and CW
from 2014 to 2017, and then we can get CD and CW event
records from different wavelength (171Å, 193Å, 211Å). From
the event record, we can obtain the start time and the end
time. According to them and the API, the metadata of the
corresponding event can be downloaded from AIA module
of SDO. The metadata for the event is recorded every 12
seconds in the AIA module of SDO, and we can get multiple
metadata during the time of the event. In addition, we use
the Solarsoft (http://www.lmsal.com/solarsoft/), which is a
suite for IDL, to parse and preprocess metadata. What is
more, the metadata are converted in turn into the JPEG
image format. The event record also contains the location
coordinates, the lower left and upper right coordinate of the
bounding box. But these acquired coordinates are based on
the Helioprojective Cartesian (HPC) coordinate system and
need to be converted to the image pixel coordinates. We can
do this using the API provided by the suite. So far, we have
completed the data collection work, and then we process and
clean the data.

�.�. Data Processing. There aremany data sources in theHEK
database, and the data is relatively messy. Inevitably there
are some incorrect data. Furthermore, the occurrence of a
solar event is a dynamic process, but the HEK database only
provides a set of coordinates, which is not reasonable. We
need to clean and process the data to make it more reliable.
As mentioned in the description of the data collection above,
we can get multiple metadata in the time range of the event.
Then, we use the API to differentiate these metadata to get
the running difference images. It helps us find the location
of the event more easily. At the same time, we compare
the location coordinates in the event record, clean up some
unreasonable data, and simply adjust the location coordinates
of the event. Among them, running difference image is a
work that takes a lot of time, and it is necessary to constantly
adjust some parameters to make the event noticeable. Figures
1 and 2 show some examples of CD and CW in the dataset,
respectively.

In the end, we divide the dataset into eight parts. As
for CD, it consists of four parts, three of which are single-
wavelength (171Å, 193Å, 211Å) and one of which is multi-
wavelength. Each image in the dataset has 4096×4096 pixels.
Each part consists of a training set and a test set. It is
worth mentioning that we collect data from 2014 to 2017, but
the training and test sets are randomly divided. The three
single-wavelength training sets and test sets are different. The
multiwavelength training set is a union of single-wavelength
training sets, and the test set is consistent with a single-
wavelength test set.The remaining four parts are CW, and the
situation is consistent with CD. In Table 1, we give details of
the training set and test set. As we all know, CD and CW are
not common solar events, especially CW. Such events are still
controversial, and detecting them is a very challenging task.

https://sunpy.org/
http://www.lmsal.com/solarsoft/
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Figure 1: CD label. From left to right, the wavelength of 171Å, 193Å, and 211Å. Training images (top) and run-difference images (bottom).

Figure 2: CW label. From left to right, the wavelength of 171Å, 193Å, and 211Å. Training images (top) and run-difference images (bottom).

3. Deep Learning for CD and CW Detection

In this section, we introduce the deep learning model, Faster
R-CNN, for detecting CD and CW.

�.�. Deep Learning and Convolutional Neural Networks. Tra-
ditional machine learning techniques are difficult to perform
object detection task. Deep learning is a relatively new field
of research in machine learning. It is also known for its
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Table 1: Training and test sets of single-wavelength and multi-wavelength for CD and CW. CD/CW-171, 193, 211 represents the model where
the images of single-wavelength are used to train/test, respectively while CD/CW-M represents themodel wheremultiple-wavelength images
are used for training or testing.

Number Event-wavelength Training Test
1 CD-171 224 71
2 CD-193 210 66
3 CD-211 187 24
4 CD-M 224+210+187=621 71+66+24=161
5 CW-171 363 114
6 CW-193 627 384
7 CW-211 374 47
8 CW-M 363+627+374=1364 114+384+47=545
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Figure 3: Network structure for detecting solar events using Faster R-CNN.

strong learning ability. The essence of deep learning is that
features are not artificially extracted and specified, but are
characterized by data learning.

The convolutional neural networks (CNNs) are a kind of
deep learning model. By training the filters, the convolution
and the pooling are alternately operated on the original
input image, thereby the increasingly complex features of the
hierarchy are extracted. CNNs can build amap between input
and output, which is nonlinear. Compared to traditional
algorithms, deep CNNs perform well in the face of big
data. Kucuk et al. used deep convolutional neural networks
to classify solar events, and the model can classify them
correctly with high precision.

�.�. Faster R-CNN. Faster R-CNN is a faster object detector
based on the deep learning framework named Caffe [20].
Before introducing Faster R-CNN, we briefly describe fast
region-based convolutional neural networks (Fast R-CNN).

The main idea of Fast R-CNN is to turn the object
detection problem into a classification problem based on
candidate feature extraction. This allows taking advantage of
strong performance of deep learning on classification issues.
An image is input to the Fast R-CNN, and CNNs are first
used to obtain the feature of the image. CNNs are called
pretraining networks. Fast R-CNN uses Selective Search
(SS), which is an algorithm to generate the object candidate
regions [21]. At the same time, it proposes the Regions of
Interest (RoI), which maps the candidate regions generated
by the SS to the feature layers of the CNNs and extracts the

deep features directly on the feature layer. Then, softmax is
used to classify the extracted features, and the regression
of bounding box is trained to improve the accuracy of the
object location. It can be seen that Fast R-CNN integrates the
training, classification, and regression of CNNs to improve
the efficiency of object detecting as a whole. But the SS
algorithm is independent of the deep neural networks and
cannot use GPU computing. The calculation speed has a
certain impact on the overall performance of the algorithm.
In order to solve this problem, Faster R-CNN was proposed.

Faster R-CNN is improved based on the Fast R-CNN
algorithm. Instead of the SS algorithm in Fast R-CNN, Region
Proposal Networks (RPN) is proposed for the purpose of
extracting candidate regions. Faster R-CNN integrates candi-
date region extraction, deep feature extraction, classification,
and bounding box regression into deep neural networks. All
of these tasks can be trained in the GPU, increasing the
efficiency of the algorithm without losing accuracy.

The input of the Faster R-CNN is the solar image and
the corresponding label. The label includes the event type
(CD) and location coordinates in the image. The feature is
extracted from the solar image through a deep convolutional
neural network, and then the feature map is processed in
two lines. One line is a RPN network, and the purpose is
to obtain candidate regions. RoI is operated on the obtained
candidate regions and the feature map to get candidate region
feature. The other line is the classification and bounding box
regression of candidate regions feature. The topology of the
network is shown in Figure 3.
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RPN is a full convolutional neural network. The previous
layer of the input of the network is feature map, and the
output is rectangle candidate region. First, a sliding window
is performed on the feature map of the shared convolution
network to obtain the 𝑛×𝑛window.Thiswindow is used as an
input to the network, and 𝑘 candidate regions are predicted at
the same time. Here, we name the candidate region an ancher
and each ancher has different sizes and ratios. Each window is
mapped to a low latitude vector by a convolution operation.
This vector is used in two subnetworks, with bounding box
regression and bounding box classification. The output of the
bounding box classification network is whether each ancher
contains an object, i.e., foreground or background, and the
size of the output vector is 2𝑘.Theoutput of the bounding box
regression network is to adjust the location of each ancher to
make it more accurate, and the size of the output vector is 4𝑘.
The network structure of RPN is shown in Figure 4.

After the RPN network, we get the object candidate
region, which is also the rough position of the object. The
deep feature is extracted by performing a RoI operation
according to the object candidate region and the feature map.
The deep feature is subjected to two full connection layer
operations, and then the feature of the full connection is
operated in parallel. One is the softmax classification layer,
which outputs the probability distribution of each candidate
region feature in the category while the other is the bounding
box regression layer, which again corrects the location of
the object to make it more accurate. The loss function has a
combination of these two parts as

𝐿 (𝑝, 𝑢, 𝑡𝑢, V) = 𝐿𝑐𝑙𝑠 (𝑝, 𝑢) + 𝜆 [𝑢 ≥ 1] ∙ 𝐿 𝑙𝑜𝑐 (𝑡𝑢, V) (1)

where 𝑝 = (𝑝0, ⋅ ⋅ ⋅ , 𝑝𝑘) represents the probability distribu-
tion of each candidate region feature on 𝑘 + 1 categories, 𝑢
represents the real category, 𝑡𝑢 = (𝑡𝑢𝑥, 𝑡𝑢𝑦, 𝑡𝑢𝑤, 𝑡𝑢ℎ) is the output

of the bounding box regression, and V represents the ground
truth of the category 𝑢. 𝐿𝑐𝑙𝑠 is the logistic loss of the real
category 𝑢 as

𝐿𝑐𝑙𝑠 (𝑝, 𝑢) = − log (𝑝𝑢) (2)

𝐿 𝑙𝑜𝑐 is the bounding box regression loss as (3). It is based on
two sets of parameters, 𝑡𝑢 = (𝑡𝑢𝑥, 𝑡𝑢𝑦, 𝑡𝑢𝑤, 𝑡𝑢ℎ), v = (V𝑥, V𝑦, V𝑤, Vℎ).
𝐿1 loss is given in (4).

𝐿 𝑙𝑜𝑐 (𝑡𝑢, v) = ∑
𝑖∈{𝑥,𝑦,𝑤,ℎ}

𝑆𝑚𝑜𝑜𝑡ℎ𝐿1 (𝑡
𝑢
𝑖 − V𝑖) (3)

𝑆𝑚𝑜𝑜𝑡ℎ𝐿1 (𝑥) =
{
{
{

0.5𝑥2 |𝑥| < 0
|𝑥| − 0.5 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(4)

For [𝑢 ≥ 1], the value is 1 when 𝑢 ≥ 1, indicating that the
candidate region is positive and has regression loss; otherwise
the value is 0, indicating no loss. At this time, the candidate
region is the background and the background has no ground
truth. 𝜆 is used to balance the two losses.

4. Experimental Results and Discussion

�.�. Experiment Settings. The experiment was performed on
a GPU server, and the GPU type was NVIDIA GM200.
In addition, we used the deep learning framework named
Caffe. We used the datasets mentioned in the second section,
including the training set and test set. For CD, because of
small size of dataset, we used the ZF pretraining model. As
for CW, the size is larger than CD, we use the VGG1024
pretraining model. We trained two different models, single-
wavelength and multiwavelength and also tested the model
with the same test set. All models were iterated 35000 times.
It takes a long time to train a model, which is about 18 hours.
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Table 2:The Ap value of three wavelengths in single-wavelength and multi-wavelength using Faster R-CNN.

Model 171 Å 193 Å 211 Å
Single-wavelength(CD) 0.895 0.774 0.909
Multi-wavelength(CD) 0.889 0.826 0.909
Single-wavelength(CW) 0.786 0.754 0.783
Multi-wavelength(CW) 0.767 0.729 0.590

Table 3: The Ap value of three wavelengths in single-wavelength and multi-wavelength using R-FCN.

Model 171 Å 193 Å 211 Å
Single-wavelength(CD) 0.864 0.758 0.887
Multi-wavelength(CD) 0.842 0.747 0.893
Single-wavelength(CW) 0.771 0.767 0.763
Multi-wavelength(CW) 0.764 0.749 0.638

In order to get the optimal performance, we only try several
values of parameters, ‘iteration’ and ‘learning rate’.

We use average precision (Ap), precision, and recall to
characterize the performance of the model. In order to test
the model, it is very important to have a correct test standard.
If the value (the ratio of intersection to union, IOU) between
predicted bounding box (PBbox) and the ground truth box
(GTbox) is greater than 0.5, the detection is considered to be
correct. Recall is the ratio of corrected PBboxes in all ground
truth as shown in (5). Precision is the ratio of corrected
PBboxes in all PBboxes as shown in (6).

𝑟𝑒𝑐𝑎𝑙𝑙

= 𝑛𝑢𝑚𝑏𝑒𝑟 (𝑃𝐵𝑏𝑜𝑥 | 𝐼𝑂𝑈 (𝑃𝐵𝑏𝑜𝑥,𝐺𝑇𝑏𝑜𝑥) ≥ 0.5)
𝑛𝑢𝑚𝑏𝑒𝑟 (𝐺𝑇𝑏𝑜𝑥)

(5)

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

= 𝑛𝑢𝑚𝑏𝑒𝑟 (𝑃𝐵𝑏𝑜𝑥 | 𝐼𝑂𝑈 (𝑃𝐵𝑏𝑜𝑥,𝐺𝑇𝑏𝑜𝑥) ≥ 0.5)
𝑛𝑢𝑚𝑏𝑒𝑟 (𝑃𝐵𝑏𝑜𝑥)

(6)

The Ap is related to the precision-recall curve and is
calculated by the mean precision at eleven recall levels
[0, 0.1, . . . , 1]:

𝐴𝑝 = 1
11 ∑
𝑟∈{0,0.1,...,1}

𝑃𝑡 (𝑟) (7)

Based on the level r, find the maximum precision value for
which the corresponding recall exceeds r as

𝑃𝑡 (𝑟) = max
𝑟∗:𝑟∗≥𝑟

𝑝 (𝑟∗) (8)

where 𝑃(𝑟∗) is the precision at recall level 𝑟∗.

�.�. Single-Wavelength Faster R-CNN. For CD, the Ap value
of 211 Å is 0.909, which is the best of three single-wavelength
models. In contrast, the model of 193Å has the lowest Ap
value. But overall, the accuracy of the three single-wavelength
models is very high, as shown in Table 2. In addition, we
compare the predicted bounding box with the acquired labels

on the HEK database. The three models can accurately locate
the location of the event. Some sample images of the detection
results are shown in Figure 5.

As for CW, the accuracy of the single-wavelength detec-
tion models is approximately 78%.The Ap values of the 171Å,
193Å, and 211Å models are shown in Table 2. Among them,
the Ap value of 171Å is the highest, that of 211Å is the lowest,
but the differences between the three models are not large.
We also compare the test results of the models with the HEK
database. The visual results are shown in Figure 5. We can
see that the events marked in the HEK are recognized in our
detection model.

In addition, we trained the R-FCN model to detect CDs
and CWs. To ensure the effectiveness of the comparative
experiments, we used the same dataset and experimental
environment. In Table 3, as for CW, the Ap of the 193 Å is
higher than the Faster R-CNN, and the Ap of multiwave-
length detection model is higher than the Faster R-CNN at
211 Å. The other cases are not as good as the Faster R-CNN.
We also recorded the training time of the twomodels. For the
single-wavelength model, Faster R-CNN takes approximately
18 hours and R-FCN takes 20 hours. For the multiwavelength
models, Faster R-CNN takes 21 hours and R-FCN takes 23
hours. Considering both factors, Faster R-CNN is better than
R-FCN.

�.�. Multiwavelength Faster R-CNN. Since the single-wave-
length model has good accuracy and intuitive effects, we mix
the characteristics of the three wavelength solar events and
complement each other to form a multiwavelength detection
model. As for CD and CW, the Ap values of the detection
model are also shown inTable 2. Comparedwith the results of
the single-wavelength detection model, only the test images
of 193Å have higher Ap than single-wavelength models, while
those of others have lowerAp than single-wavelengthmodels.
But this does not mean that the effect of multiwavelength is
not as good as single-wavelength. Precision and recall are also
indicators of model performance. The precision and recall
of the events for single-wavelength and multiwavelength are
shown in Figure 6. Here, the precision and recall is the
mean of those on each test image. We find that the precision
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Figure 5: CD (top) and CW (bottom) test results.The red rectangle represents ground truth and the green rectangle represents the predicted
bounding box of the single-wavelength model using Faster R-CNN.
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Figure 7: CD (top) and CW (bottom) test results.The red rectangle represents ground truth and the green rectangle represents the predicted
bounding box of the single-wavelengthmodel.The blue rectangle represents the predicted bounding box of the multiwavelengthmodel using
Faster R-CNN.

of the single-wavelength model is higher than that of the
multiwavelength one, but the recall of the multiwavelength
model is higher than that of the single-wavelength one. We
can visually check the detection effect of multiple models.
Compared to the single-wavelength model, we can see
that the multiwavelength models are better for detecting
multiple solar events. As shown in Figure 7, the original
multiple solar events are not completely detected with single-
wavelength, but themultiwavelengthmodel is relatively accu-
rately detecting those events. However, there are cases where
the multiwavelength model is used to detect some incorrect
bounding boxes. Because of these incorrect bounding boxes,
it will lead to a decrease in the accuracy rate. Therefore, the
precision of the multiwavelength model is lower than that
of the single-wavelength model. For the recall rate, since the
number of Gtbox is fixed, the denominator in (5) is constant,
and the number of correct bounding box detected increases,
which results in an increase in the recall rate. Although
Ap is an important indicator of the measurement model,
it is not absolute. It can be seen from the above analysis
that the multiwavelength detection model still has a certain
effect.

5. Conclusions

We train the deep learning models to detect CD and CW
for single-wavelength and multiwavelength, respectively. The
results show that the models can accurately detect about
70% of CD and CW. Single-wavelength models have high

accuracy in detecting single solar events, but sometimes it is
not comprehensive when they detect multiple solar events.
Compared to single-wavelength models, multiwavelength
models have better performance in detecting multiple solar
events, but not as accurate as single-wavelength models. In
addition, multiwavelength models predict some incorrect
bounding boxes, which may misinterpret some regions as
solar events. It is feasible to apply deep learning to the
field of solar event detection and has certain research
value.

For future work, we first consider adding difference
images during the training of the model. In other words, the
solar events in the difference image are easier to identify and
may enhance the detection of the original image. Further-
more, we consider feature fusion of multiple wavelengths.
The same solar event may appear in images of multiple
wavelengths, and the feature ofmergingmultiplewavelengths
may enhance the detection of solar events at a certain
wavelength.

Data Availability

SolarData consists of two parts, one is CD and the other
is CW. The CD consists of three wavelengths (171 Å, 193
Å, 211 Å). Each wavelength contains the solar images and
labels (event type and coordinates). The situation of CW is
consistent with CD. The SolarData data used to support the
findings of this study have been deposited in the GitHub
repository (https://github.com/Gkllmon/SolarData.git).

https://github.com/Gkllmon/SolarData.git
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The solar radio flux at 10.7cm (F10.7) is a direct monitor and an important indicator of solar variability, and F10.7 is commonly used
in empirical atmospheric models, ionosphere models, etc. The source regions of F10.7 are mainly in the corona above the active
regions, and the extreme ultraviolet (EUV) images reflect the coronal thermal structure. In this paper, an index is defined as PSR
based on the intensity values of solar EUV images to represent the coronal contribution to F10.7.The Spearman correlation coefficient
between the observed values of F10.7 and PSR is 0.85 in 304 Å EUV images. Based on the high correlation, an empirical model is
constructed. Combining the EUV data of SDO/AIA and the twin STEREO/EUVI, solar full-disk EUV images can be generated, and
the future 27-day values of PSR can be calculated. Then, a realistic estimation of F10.7 from 1 to 27 days in advance can be provided
by the empirical model. Compared to the predictive values of F10.7 by the 54th-order autoregressive models in 2012-2013, the error
drop-rate of our model is 12.54%, and our method has significant advantages in the upcoming 3 to 27 days’ forecast.

1. Introduction

F10.7 is an index of solar radio flux at the frequency of 2800
MHz and the wavelength of 10.7 cm. There are primarily
two kinds of radiation mechanisms: gyroresonance emission
and bremsstrahlung emission [1–4]. Gyroresonance emission
only occurs where the magnetic field is sufficiently strong.
Schonfeld et al. [5] found that, on 2011 December 9, in the
rising phase of Cycle 24, 8.1% ± 0.5% of the variable compo-
nent of the F10.7 flux was associated with the gyroresonance
emission mechanism, although this percentage varies signifi-
cantly over the activity cycle. The strength of bremsstrahlung
emission is related to the plasma density. Because the active
regions and the flares are denser than the quiet Sun, the
source regions of F10.7 are mainly in the coronal heights
above the active regions [6]. Livingston et al. [7] found that
there is no more the linear relation traditionally assumed to
exist between F10.7 and the sunspot number during Cycle 24.
Selhorst et al. [8] found that F10.7 and the number of active
regions correlate well during the period of 1992-2013. It may
be caused that F10.7 are more sensitive to weaker magnetic
fields than those necessary to form sunspots, of the order of

1500 G. The observation of F10.7 started in 1947, and it has
never been interrupted. At present, the commonly used value
of F10.7 in the world is observed at local noontime (20:00
UT) by the Dominion Radio Astrophysical Observatory in
Canada, and it is expressed in units of sfu (solar radiation flux
density, 1 sfu = 10−22⋅W ⋅m−2⋅Hz−1) [9].

The solar extreme ultraviolet (EUV) irradiance heats and
ionizes the Earth’s atmosphere. Because the EUV irradiance
cannot be observed from the ground, F10.7 has been used
as a proxy to represent EUV [5]. The upper atmospheric
models have the computer code which also use F10.7 as
the proxy for solar irradiances [10]. The model of upper
atmosphere is commonly used to calculate the atmospheric
density to the orbital prediction of low Earth orbit satellites,
so it is necessary to input the future F10.7 in the case of orbit
prediction [11–13]. Therefore, the prediction of F10.7 plays a
major role in the accuracy of orbit prediction.

The approximately 11-year long-period and average 27-
day mid-period variations have already been discovered in
solar activity. The 11-year periodicity is the solar variational
cycle, and the 27-day periodicity is due to the period of the
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solar rotation [14]. Prediction of the solar radiation index
should correspond with the periodic features of solar activity.
Singular spectrum analysis (SSA) is a nonparametric spectral
estimationmethod, which can be an aid in the decomposition
of time series into a sum of components and forecast the
time series by these components. SSA can be effectively
used to analyze the time series with periodic oscillations
[15]. In machine learning, an autoregressive model (AR-
model) could learn from a series of timed steps and take the
previous results as inputs for a regression model, in order
to predict the value of the next time step [16]. Thus, Zhong
et al. [17] and Liu et al. [18] used the SSA method and the
54th-order AR-model, respectively, to forecast 27-day F10.7
because both the SSA method and the AR-model are suited
to periodic and cyclical statistics. The methods of these two
articles both showed predictive precision higher than that
achieved by the United States Air Force (USAF) during the
solar minimum in the Cycle 23. However, when a large active
region (AR) rapidly appears on or disappears from the solar
disk, the predictive precision of the 54th-order AR-model
is unsatisfactory. Additionally, Wang et al. [19] proposed a
mathematical method to extend the mid-term prediction of
F10.7 to as long as 54 days without the need for extra solar
observation data.

F10.7 is generated at coronal heights and related to the
presence of active regions and the occurrence of flares [8].
Some empirical prediction models based on major solar
features are described below. Wen et al. [20] forecast F10.7
using the areas and positions of sunspots. Henney et al. [21]
forecast F10.7 utilizing advanced predictions of the global
solar magnetic field generated by a flux transport model.The
two prediction models above were constructed only using
data from the Earth-side solar hemisphere; many scholars
have focused on the far-side solar disk. Quémerais and
Bertaux [22] forecast future 14-day F10.7 using the interplane-
tary Lyman 𝛼 background data obtained by the Solar Wind
Anisotropies (SWAN) telescopes on board the Solar and
Heliospheric Observatory (SOHO) [23]. Lindsey and Braun
[24] used seismic maps of the far-side solar hemispheres for
solar active regions (ARs) forecasting. Although the Lyman 𝛼
background data and seismic maps of the far-side solar disk
have the longer observed time span, the extreme ultraviolet
(EUV) images of the twin Solar Terrestrial Relations Obser-
vatory (STEREO) spacecraft used in this study can show the
far-side solar ARs more directly and describe their real-time
variation characteristic more accurately.

The different wavelength EUV images are expected to
observe the different regions of the solar atmosphere, such
as the coronal hole (CH), quiet sun (QS), active region
(AR), and flare plasma [25], and the values of F10.7 have
a high correlativity with the magnetic active regions [26].
F10.7 can be visualized as viewing the chromosphere (electron
temperature ∼10,000K) through a lower corona of varying
optical thickness due to the changing extent and density
of the trapped coronal plasma overlying active regions and
other active structures. For the discussion we formulate
a new index, PSR, which is a proxy for the low-coronal,
free-free contribution to F10.7, derived from the EUV data
of the Atmospheric Imaging Assembly (AIA) on board

the Solar Dynamics Observatory (SDO) [27]. Balan et al.
[28] demonstrated that the shorter (extreme ultraviolet and
ultraviolet) and longer (10.7 cm) wavelength solar fluxes have
a nonlinear relationship during entire solar cycles. This is
because the decreasing presence of gyroresonant absorption
compared with free-free emission at low activity levels and
the contribution of the magnetic field strength below about
1500 Gauss to F10.7 is undercounted [29]. Therefore, we
define a function of F10.7 in terms of PSR. Furthermore,
since February 2011, the entire far-side solar disk could
be observed directly by the Extreme Ultraviolet Imager
(EUVI) instruments, the telescopes in the two STEREO’s Sun
Earth Connection Coronal and Heliospheric Investigation
(SECCHI) imaging suite [30].The solar full-disk EUV images
can be obtained by combining data fromSTEREO/EUVIwith
that of SDO/AIA.Then, the future 27-day values of PSR can be
calculated to forecast F10.7. In this paper, an empirical method
is constructed according to the ideas above to predict 27-day
F10.7 based on the EUV images.

The aim of this paper is to predict solar F10.7 up to one
Carrington rotation in advance utilizing full solar composite
304 Å EUV images from SDO/AIA and STEREO/EUVI. We
first defined an index as PSR based on the intensity values
of solar EUV images to represent the low-coronal, free-free
contribution to F10.7. This paper importantly demonstrates
the tangible benefits that 360 degree solar observations
provide for the prediction of solar activity. This prediction
method is found to perform better in the 3-27 days period,
particularly in cases where active regions emerge on the far
side of the Sun.

After introducing the background of forecasting F10.7 in
Section 1, Section 2 presents and analyzes the dataset and
establishes the method. Section 3 contains the results and
discussion, and Section 4 presents the conclusion.

2. Data Processing and Method Establishment

The two EUV channels (171 Å and 304 Å) of SDO/AIA
are chosen, because they are also in STEREO/EUVI. The
daily level-1 512 × 512 data FITS (Flexible Image Transport
System) files of SDO/AIA from May 2010 to December 2015
are downloaded from the available database of the Joint
Science Operations Center (JSOC) at Stanford University
(http://jsoc.stanford.edu/), and the daily 512 × 512 data FITS
files of STEREO/EUVI from January 2011 to December 2013
are downloaded from the available database of the website
https://stereoftp.nascom.nasa.gov/data/beacon/ahead/secchi/
img/euvi/.

The above data files are updated daily at approximately
20:00 UT, which corresponds to the observed time of the
F10.7 index. The FITS files are eliminated if their quality
(FITS header keyword) is not equal to 0. The data files
of F10.7 can be downloaded from the websites of the
National Oceanic and Atmospheric Administration (NOAA)
(ftp://ftp.ngdc.noaa.gov/STP/space-weather/solar-data/solar-
features/solar-radio/noontime-flux/penticton/penticton ob-
served/listings/listing drao noontime-flux-observed daily
.txt).

http://jsoc.stanford.edu/
https://stereoftp.nascom.nasa.gov/data/beacon/ahead/secchi/img/euvi/
https://stereoftp.nascom.nasa.gov/data/beacon/ahead/secchi/img/euvi/
ftp://ftp.ngdc.noaa.gov/STP/space-weather/solar-data/solar
ftp://ftp.ngdc.noaa.gov/STP/space-weather/solar-data/solar-features/solar-radio/noontime-flux/penticton/penticton_observed/listings/listing_drao_noontime-flux-observed_daily.txt
ftp://ftp.ngdc.noaa.gov/STP/space-weather/solar-data/solar-features/solar-radio/noontime-flux/penticton/penticton_observed/listings/listing_drao_noontime-flux-observed_daily.txt
ftp://ftp.ngdc.noaa.gov/STP/space-weather/solar-data/solar-features/solar-radio/noontime-flux/penticton/penticton_observed/listings/listing_drao_noontime-flux-observed_daily.txt
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The SDO/AIA datasets fromMay 2010 to December 2015
are used to determine the form of the function between
F10.7 and PSR. The SDO/AIA datasets of 2012-2013 and
STEREO/EUVI datasets are taken as the testing sets.

2.1. Coronal Contribution to F10.7. To match the EUVI data,
the previous work should use the overlapping and inter-
changeable AIA and EUVI data to represent measurements
from the same plasma [31]. This previous work has been
developed as an automated procedure in the SSWIDL soft-
ware routines (ssc form euvi synoptic.pro). In this routine, to
match the SECCHI/EUVI data, the SDO/AIA data has been
processed by the following formulas:

For 171Å, data𝑜𝑢𝑡 = data𝑎𝑖𝑎 /exptime × 1.1
For 304Å, data𝑜𝑢𝑡 = data𝑎𝑖𝑎 /exptime × 𝑠𝑠𝑐 𝑔𝑒𝑡 𝑎𝑖𝑎

304 𝑓𝑎𝑐𝑡𝑜𝑟(date𝑜𝑏𝑠)
The “dataaia” is the original SDO/AIA data; the “exp-

time” is the exposure time of SDO/AIA in seconds. The
“dateobs” is date and time when observation of this image
started. The parameter “1.1” is the rough conversion fac-
tor for AIA 171 Å images to EUVI 171 Å. The routine
“ssc get aia 304 factor.pro” returns the rough conversion fac-
tor for AIA 304 Å images to EUVI 304 Å. Finally, the “dataout”
is the SDO/AIA data whichmatches the SECCHI/EUVI data.
To calibrate the datasets of three EUV cameras, all SDO/AIA
datasets have been processed by the above routine and all our
results of SDO/AIA are based on the “dataout”.

Vernazza et al. [32], Krista and Gallagher [33], and Pérez-
Suárez et al. [34] found different solar regions (coronal holes,
quiet sun, and active regions) corresponding to the different
distributions in the intensity histogram of EUV images.
Schonfeld et al. [5] showed that the EUV images collected
by SDO/AIA could represent the bremsstrahlung component
of F10.7, so a proxy is defined in our paper to represent the
coronal contribution to F10.7 in EUV images by the following
formula:

𝑃𝑆𝑅 =
𝑛

∑
𝑖=1

𝐼𝑖, if 𝐼𝑖 ≥ 𝐼𝑆𝑅. (1)

where 𝐼𝑆𝑅 is the pixel intensity threshold of source regions
(SRs). The pixel point belongs to an SR if 𝐼𝑖 is greater than
or equal to 𝐼𝑆𝑅. The parameter 𝑛 is the sum of pixel numbers
on the Earth-side EUV images, so 𝑃𝑆𝑅 is the integral effect of
all SRs in the Earth-side corona.

The Spearman Regression correlation coefficient (RS) is
defined as the Pearson correlation coefficient between the
ranked variables, and RS assesses how well the relationship
between two variables can be described using a monotonic
function. RS is computed from

𝑅𝑆 =
cov (𝑥, 𝑦)
𝜎𝑥 ∙ 𝜎𝑦

(2)

where cov(x, y) is the covariance of the rank variables. 𝜎x and
𝜎y are the standard deviations of the rank variables [35, 36].

There is a nonlinear relationship between PSR and F10.7
[28], so theRS between them indifferent ISR values is to define
the values of ISR in the EUV images of two channels. The

171 Å 304 Å
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Figure 1: The Spearman correlation coefficients (RS) between F10.7
and PSR, taking the specified pixel intensity as the threshold of the
SRs in two channels’ EUV images fromMay 2010 to December 2015.

results are shown in Figure 1. The max RS values are 0.75 in
171 Å and 0.85 in 304 Å.

The 171 Å passband mainly reflects the upper transition
regions and the quiet coronal regions of the solar atmo-
sphere [27]. The 304 Å passband shows the upper chro-
mosphere/transition regions and less variability with solar
activity on a short time scale [37]. F10.7 can be visualized as
viewing the chromosphere (electron temperature ∼10,000K)
through a lower corona of varying optical thickness due to the
changing extent and density of the trapped coronal plasma
overlying active regions and other active structures [9]. The
source regions of F10.7 are closer to the regions of solar 304 Å
than 171 Å, so the agreement between the F10.7 and 304 Å is
better than 171 Å.When ISR is equal to 10

3.2 DN/s in 304 Å, the
RS between PSR and F10.7 is up to 0.85.Thus, the pixels where
intensities are greater than 103.2 DN/s show some information
about the F10.7 source regions.

Based on the above analysis, the index associated with
the F10.7 source regions in 304 Å EUV images is defined as
follows:

𝑃𝑆𝑅,304 =
𝑛

∑
𝑖=1

𝐼𝑖, if 𝐼𝑖 ≥ 10
3.2𝐷𝑁/𝑆. (3)

The green part in Figure 2(b) shows where the PSR,304 is
on the EUV image. Most of this area covers the ARs, which is
consistent with previous research: the source regions of F10.7
are mainly in the corona above the active regions [5, 6].

2.2. Establishing the Method. Figure 3 shows the scatter
diagram between F10.7 and PSR,304 from May 2010 to Decem-
ber 2015. Considering the exponential relationship between
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Figure 2: (a) The 304 Å EUV image on 29 February 2012; (b) pixels with intensities over 103.2 DN/s (green dots).
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Figure 3: Scatter diagrams with the nonlinear function (solid red
line) of PSR,304 and F10.7 from May 2010 to December 2015. The
Spearman correlation coefficient (R𝑆) is between PSR,304 and F10.7,
and the Pearson correlation coefficient (R) is between fitted Y and
F10.7.The function of the solid red line is Y = 65+16.38(lgX−5.5)+
17.5(lgX − 5.5)3.12.

PSR,304 and F10.7 in Figure 3, an empirical function of PSR,304
and F10.7 is defined as follows:

𝐹10.7 = 𝑐 + 𝑎1 ∙ (lg𝑃𝑆𝑅,304 − 5.5) + 𝑎2

∙ (lg𝑃𝑆𝑅,304 − 5.5)
𝑎3

(4)

where 𝑐 is a constant term that is expected to be the
coronal base value. The parameters 𝑎1, 𝑎2, and 𝑎3 are the
undetermined coefficients.

To derive the best-fit coefficients for (4), all available daily
PSR,304 and F10.7 from May 2012 to December 2015 are used
for fitting by the nonlinear least square methods. The fitting
function in Figure 3 is Y = 65 + 16.38 (lgX – 5.5) + 17.5 (lgX -
5.5)3.12.The parameter “5.5” is the logarithmic total intensities
while there is no active region on solar surface. That means
the minimum value of F10.7 is equal to 65 sfu while lg𝑋
equals 5.5. The higher order term means that the rate of F10.7
increasing with PSR,304 growth is nonlinear. To reduce the
error of fitting function, we add a linear term.The correlation
coefficient between fitted Y and F10.7 is 0.86. In consideration
of the degradation of EUV instruments, the parameters a1,
a2, and a3 are calculated by sliding fitting the daily PSR,304 and
F10.7 of previous 14CRs (Carrington rotations, 1CR = 27 days)
using the nonlinear least square methods. The correlation
coefficient of sliding fitting is up to 0.92 (in Figures 10(a) and
10(d)): these are described in detail on the part three.

The STEREO/EUVI system provides a direct observation
of the far side of the solar disk, showing areas which
will rotate onto the side of the Sun visible from Earth
in the next few days. There is a special IDL procedure
for generating the full-disk EUV image (Figure 4) in the
SolarSoft tree for STEREO ($SSW/stereo/ssc/idl/beacon/
ssc form euvi synoptic.pro) that combines the 304 Å data
from SDO/AIA with the data from STEREO/EUVI nearest
to 20:00 UT. The “+” symbols under the numbers 0-27 in
Figure 4 are the diurnal projection of the Earth on the solar
surface along the Earth-Sun line from 27 March 2013 to 27
days later.The latitude and longitude of Earth’s projection can
be calculated by the IDL procedure in the SolarSoft tree for
STEREO ($SSW/stereo/gen/idl/spice/get stereo lonlat.pro).
The green regions show where the pixel intensities are greater
than 103.2 DN/s.The angle between the Earth-Sun line and the
normal direction of pixel 𝑖 in the EUV image is defined as 𝛼𝑖,𝑡.
While the range of 𝛼𝑖,𝑡 belongs to [0

∘, 90∘], the pixel 𝑖 is in the
Earth-side disk. Then converting into the same coordinates
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Table 1: The coefficients (at and bt) and the correlation coefficient (R) of the fitting linear equation in Figure 5.

t (day) lg(at) bt R t (day) lg(at) bt R
1 5.61 0.94 0.92 15 6.45 0.58 0.63
2 5.76 0.91 0.92 16 6.45 0.58 0.63
3 5.86 0.90 0.89 17 6.45 0.58 0.63
4 5.97 0.88 0.88 18 6.45 0.58 0.61
5 6.05 0.86 0.86 19 6.46 0.57 0.59
6 6.13 0.84 0.83 20 6.47 0.56 0.58
7 6.17 0.83 0.81 21 6.47 0.55 0.56
8 6.22 0.81 0.78 22 6.49 0.53 0.55
9 6.28 0.77 0.75 23 6.51 0.51 0.51
10 6.34 0.73 0.71 24 6.52 0.49 0.49
11 6.39 0.67 0.68 25 6.53 0.48 0.47
12 6.41 0.64 0.67 26 6.55 0.47 0.46
13 6.43 0.61 0.67 27 6.56 0.46 0.44
14 6.45 0.59 0.64
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Figure 4: The 304 Å EUV image on 27 March 2013 from the
combination of the 304 Å data from SDO/AIA with the data from
the twin STEREO/EUVI.The coordinate is CarringtonHeliography.
The green regions represent the SRs of F10.7, in which the pixel
intensity is greater than or equal to 103.2 DN/s. The gold plus signs
represent the projected position of Earth at 27March 2013 (in day 0)
and within 1-27 days later.

with SDO/AIA images, the equivalent predictive PSR,304 of the
next 27 days from EUV images is defined as W304,t in (5).

𝑊304,𝑡 =
𝑛

∑
𝑖=1

𝐼𝑖,𝑡,

𝑖𝑓 𝐼𝑖,𝑡 ≥ 10
3.2𝐷𝑁/𝑆, 𝑡 = 1, 2, 3, . . . , 27

(5)

where the parameter 𝑡 represents the day. The parameter 𝐼𝑖,𝑡
is the intensity of pixel 𝑖 in the next 𝑡 days’ image.

The area and intensity of AR will change in the next
27 days, especially in the solar maximum. The features of
an AR’s appearance, development, and disappearance are
complex and unique. Therefore, the future values of W304,i
are very difficult to forecast even though the far-side solar
disk is observed before 13.5 days. So we compare the previous
PSR,304 withW304 on the same days to analyze the relationship
between the PSR,304 andW304. For example, the value ofW304,1
on 27 March 2013 corresponds to the value of PSR,304 on 28

March 2013. The first scatter diagram at the top left corner
of Figure 5 shows the linear relationship between the values
of W304,1 from 2 January 2011 to 28 February 2013 and the
values of PSR,304 from 3 January 2011 to 1 March 2013. The
last scatter diagram at the bottom right corner of Figure 5
shows the relationship between the values of W304,27 from
2 January 2011 to 28 February 2013 and the values of PSR,304
from 29 January 2011 to 27 March 2013. Even though the
points disperse and the linear correlation coefficients dwindle
with the growing parameter t, we assumed there are 27 kinds
of linear relationships between the values ofW304,t and PSR,304
in the next 27 days, which is defined in (6). After adjusting for
(6), the parameter S304,t is the corrected and predictive future
27-day values of PSR,304.

𝑆304,𝑡 = 𝑎𝑡 + 𝑏𝑡 ∙ 𝑊304,𝑡, 𝑡 = 1, 2, 3, . . . , 27 (6)

where 𝑎𝑡 and 𝑏𝑡 are the undetermined coefficients in the
fitted linear equation (the green solid line in Figure 5), which
are given in Table 1. The parameter t represents the day.
Finally, the values of F10.7 can be predictive 27 days in advance
through substitution of 𝑆304,𝑡 for PSR,304 in (4).

3. Results and Discussion

In the application, there is no data after the forecasting date.
Only the daily PSR,304 and F10.7 before the forecasting date
can be used to obtain the best-fit coefficients for (4). The
correlation between Y and F10.7 is performed for a certain
number of Carrington rotations (CRs) before the start date
of the series. This date is then advanced one day at a time
through 2012 and 2013, generating a new correlation on each
day. The minimum, average, and maximum correlation from
this series is then recovered for that fitting window.Thefitting
window is varied from 1 to 28 CRs to generate Figure 6. The
minimal correlation coefficient (Rmin) reaches the maximum
in 14 CRs, and the three parameters Rmax, Rmean, and Rmin are
steady after 14 CRs. Thus, the length of the fitting window is
14 CRs.
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Figure 5: Scatter diagrams betweenW304,t and PSR,304 before 27 March 2013. The solid red line is the diagonal line, and the solid green line is
the fitting line.
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The 0-day predictive and observed F10.7 values are com-
pared in Figure 7. The 0-day predictive values are consistent
with the observed F10.7 values, especially fromAugust 2012 to
August 2013.The mean relative daily forecast error is defined
as Et

mr in (7). The 0-day forecast relative errors (E0mr) of our
method are 5.49% in 2012, 4.86% in 2013, and 5.18% in 2012-
2013.

𝐸𝑡𝑚𝑟 =
1
𝑁

𝑁

∑
𝑖=1

𝑜𝑡,𝑖 − 𝑓𝑡,𝑖


𝑜𝑡,𝑖
× 100%, 𝑡 = 0, 1, 2, 3, . . . , 27 (7)

where the parameter 𝑁, which represents the number of
testing samples, is equal to 611 in 2012-2013. The parameter
𝑡 represents the day, and 𝑜𝑡,𝑖 and 𝑓𝑡,𝑖 denote the observed and
predictive values, respectively.

To show the precise of our prediction, Figure 8 shows
a comparison of the 54th-order AR-model and our method
with respect to the average daily predictive relative errors in
advance of 1-27 days.The predictive F10.7 values of 54th-order
AR-model are calculated with the method of Liu et al. [18].

The two kinds of Et
mr increase with the growth of advance

time. While the error of our model increases with a steady
rate in 1-27 days, the other error grows faster in 1-9 days
and approximates to horizontal lines in 10-27 days. From the
contrast, it is discovered that there are two kinds of fitting
errors in our model: one is in (4), and the other is in (6).
E0mr in our method is the error of fitting in (4), which is up to
5.18%, and the E1mr of AR-model is below 4%.Thus, the F10.7
short-term predictive precision of our model is lower than
that of AR-model. The reason is that the known preceding

value has the tallest weight in the predicted value of AR-
model, and the F10.7 varies slowly and autocorrelates very
strongly. Therefore, the Et

mr in our method is greater than
that in the AR-model for 1-3 days. The growth rate of Et

mr in
our method is the error of fitting in (6). Even so, because of
the addition of solar back disk data in ourmodel, the accuracy
of prediction is improved obviously for 4-27 days.

There are two classical evaluation indicators used to
reflect the errors of the predictive results: the mean absolute
error and the mean relative error. To assess the accuracy of
every testing case, the errors are defined as follows:

𝐸𝑚𝑟 =
1
27

27

∑
𝑡=1

𝑜𝑡 − 𝑓𝑡


𝑜𝑡
× 100%, 𝑡 = 1, 2, 3, . . . , 27 (8)

𝐸𝑚𝑎 =
1
27

27

∑
𝑡=1

𝑜𝑡 − 𝑓𝑡
 , 𝑡 = 1, 2, 3, . . . , 27 (9)

where 𝑜𝑡 and 𝑓𝑡 denote the observed and predictive values,
respectively, and the parameter 𝑡 is the day.

To assess the accuracy of all testing cases, another two
kinds of error are defined in (10) and (11).

𝑀𝐸𝑚𝑟 =
1
27𝑁

27

∑
𝑡=1

𝑁

∑
𝑖=1

𝑜𝑡,𝑖 − 𝑓𝑡,𝑖


𝑜𝑡,𝑖
× 100%,

𝑡 = 1, 2, 3, . . . , 27

(10)

𝑀𝐸𝑚𝑎 =
1
27𝑁

27

∑
𝑡=1

𝑁

∑
𝑖=1

𝑜𝑡,𝑖 − 𝑓𝑡,𝑖
 , 𝑡 = 1, 2, 3, . . . , 27 (11)

where the parameter 𝑁 represents the number of testing
samples, 𝑡 represents the day, and 𝑜𝑡,𝑖 and 𝑓𝑡,𝑖 denote the
observed and predictive values, respectively.

To assess the drop-rate between our model and AR-
model, the parameters𝐷𝑅𝑚𝑟 and𝐷𝑅𝑚𝑎 are defined as follows:

𝐷𝑅𝑚𝑟 =
𝑀𝐸𝑚𝑟 −𝑀𝐸


𝑚𝑟

𝑀𝐸𝑚𝑟
× 100% (12)

𝐷𝑅𝑚𝑎 =
𝑀𝐸𝑚𝑎 −𝑀𝐸


𝑚𝑎

𝑀𝐸𝑚𝑎
× 100% (13)

where the 𝑀𝐸𝑚𝑟 and 𝑀𝐸

𝑚𝑎 represent 𝑀𝐸𝑚𝑟 and 𝑀𝐸𝑚𝑎

of AR-model, respectively, during 2012-2013. 𝑀𝐸𝑚𝑟 and
𝑀𝐸𝑚𝑎 represent the 𝑀𝐸𝑚𝑟 and 𝑀𝐸𝑚𝑎 of our model,
respectively, during 2012-2013.

Figure 9 shows the observed values of F10.7 and the
values of Emr in the 54th-order AR-model and our method
during 2012-2013. Due to the uncontrolled spin of satellites,
instrument failure, or their inappropriate relative positions,
SDO and the twin STEREO spacecraft cannot capture the
full-disk EUV images clearly and completely, which should
be omitted from the testing sample set (yellow vertical short
line at the top in Figure 9). Finally, there are 611 samples for
testing during 2012-2013, with 304 samples in 2012 and 307
samples in 2013.

The tendencies of Emr in the two methods are approxi-
mated in Figure 9.The Emr of our method is slightly less than
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Figure 8: The Et
mr of AR-model (green line) and our method (red line) during 2012-2013 for 1-27 days.

that of AR-model, especially during June 2012 and October
2013. A threshold of 10%Emr is defined here to evaluate the
accuracy of the forecasting results.

The Emr in our method is less than 10% from July
to November in 2012, which means that the prediction of
our method is satisfied when the period of F10.7 is stable.
Compared with the MEmr in the 54th-order AR-model, that

in our method decreases from 11.54% to 10.09%with a 12.52%
drop-rate during 2012-2013 (shown in Table 2).The drop-rate
of MEma is up to 10.35%. Table 2 shows that the accuracy
of our method is desirable during testing. Additionally, two
forecasting cases are chosen for further analysis in Figure 10.

The Emr in our method is much less than that of the 54th-
order AR-model in the case of 25 March 2013. Figure 10(a)
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Table 2: TheMEma and MEmr values of AR-model and our method during 2012-2013.

Year
2012 2013 2012–2013 Drop-ratea(%)

MEmr(%) AR-model 11.91 11.17 11.54
Our method 10.28 9.91 10.09 12.52

MEma(sfu) AR-model 14.25 14.09 14.17
Our method 12.67 12.74 12.71 10.35

a The drop-rate is defined in (12) and (13).

shows a scatter diagram of observed PSR,304 and F10.7 in the
previous 14 CRs and the future 27 days. The fitting line in
Figure 10(a) is fitted by the data of the previous 14 CRs. The
correlation coefficient (R) between fitted Y and F10.7 is as
high as 0.92. Figure 10(b) shows a comparison of observed
F10.7, PSR,304, W304,t, and S304,t in the previous and future 27
days from the test date, 25 March 2013. Figure 10(c) shows
a comparison of observed and predictive F10.7. The results
of our method are closer to the observed F10.7 than that
of the 54th-order AR-model. The ARs (NOAA 11711, 11715,
11716, 11717, and 11718) on the Earth-side SDO/AIA EUV
images on 8 April 2013 (Figure 11(c)) were already captured
14 days in advance by the EUV images on 25 March 2013
(Figure 11(a)). Additionally, these ARs move towards the
Earth without disappearance, and no new ARs appear. In
summary, when the ARs on the far-side EUV images change
slowly in the next Carrington rotation, the forecast accuracy
of our method is preferable to that of AR-model. This is
the greatest advantage of our model in comparison to the
AR-model.

Another case on 28 February 2012 is shown in Figures
10(d), 10(e), and 10(f). There is a crest of F10.7 from 1 to
14 March 2012 along with a trough of W304,t and S304,t (see

Figure 10(e)). Contrasting the three images in Figure 12, new
ARs (NOAA 11429 and 11430) appear, but they are too weak
in the solar full-disk EUV image (Figure 12(a)). These ARs
then strengthen while they rotate towards the Earth on 8
March 2012 (Figure 12(c)). Emr of our method decreases from
15.65% on 28 February 2012 to 8.45% on 6 March 2012, as
seen in Figure 13.Ourmodel could recognize the approximate
position of NOAA 11429 and 11430 on 4 March 2012 because
the forecast values of F10.7 remain close to the observed
values after 14 March 2012 (corresponding to 10, 9, and 8 on
horizontal axis in Figures 13(d), 13(e), and 13(f), respectively).
Thus, once the solar full-disk EUV image captures the new
SRs, the forecast results of our model are adjusted rapidly,
and the predictive precision is improved quickly. This is the
second advantage of our model in comparison to the AR-
model.

In comparison with AR-model in Figures 10(c) and 10(f),
the accuracy of prediction is unsatisfactory in the coming 1-2
days. This finding agrees with the results in Figure 8. Thus, to
gain amore satisfactory predictive precision, we can combine
the upcoming 1-2 days predictive values of the 54th-orderAR-
model with the upcoming 3-27 days predictive values of our
method in practice.
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Figure 10: The F10.7 forecast results of two cases: 25 March 2013 (a, b, c) and 28 February 2012 (d, e, f). (a, d) Scatter diagrams of the 14 CRs’
previous values of F10.7 and PSR,304 (black diamonds), and the future 27-day values of F10.7 and PSR,304 (red diamonds). The solid blue line with
asterisks is the fitted function. R is the correlation coefficient between fitted Y and F10.7. (b, e) Comparison of PSR,304 (solid blue line), W304
(dashed blue line), S304 (dashed-dot red line), and F10.7 (solid black line) in previous (negative value in horizontal axis) and future (positive
value in horizontal axis) 27 days of that test date (zero in horizontal axis). (c, f) The value of observed F10.7 (black line) and predictive F10.7
obtained from the 54th-order AR-model (green line) and our method (red line) in future (positive value in the horizontal axis) 27 days.

4. Conclusion

Through the error analysis and case studies on the medium-
term forecast experiments of daily F10.7 during 2012-2013, we
can obtain the following conclusions.

The full-disk EUV images can provide coronal informa-
tion about the far-side solar disk, which is 13.5 days earlier
than that of other models using only Earth-side information
or F10.7 itself. Thus, the F10.7 medium-term forecast accuracy

of ourmethod is better than that of the 54th-order AR-model,
especially for upcoming 3-27 days.

The sensitivity of our model is much higher than that
of AR-model. The forecast results of our model can adjust
rapidly, and the predictive precision is improved quickly. The
drop-rate of MEmr in our method is 12.52% during 2012-2013.

This was the first attempt in which we found a proxy in
solar EUV images to represent the coronal contribution to
F10.7. It was also the first attempt to forecast the upcoming
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Figure 11: The 304 Å full-disk EUV image on 25 March 2013 (a) and Earth-side EUV images on 25 March 2013 (b) and 8 April 2013 (c).

27-day values of F10.7 based on the solar full-disk EUV
images. Moreover, to gain a more satisfactory predictive
precision, combining the upcoming 1-2 days predictive val-
ues of the 54th-order AR-model with the upcoming 3-27
days predictive values of our method in practice should be
considered.

Although there are problems with receiving real-time
data from satellites STEREO/EUVI and SDO/AIA, this paper
importantly demonstrates the tangible benefits that 360
degree solar observations provide for the prediction of solar
activity. The Lagrangian 5 (L5) point lies at the third corners
of the equilateral triangles in the plane of orbit whose
common base is the line between the centers of Sun and

Earth. So the viewing angle in L5 point can reach -150 degrees
in Stonyhurst heliographic coordinates and the L5 observing
platform can provide the EUV images before about 11.25 day.
If the current data could be afforded by the ability of the L5
observing platform, it would enable this technique to forecast
about 11.25 days F10.7 in practice.

Data Availability

All data used in the manuscript can be downloaded from
the available database of the websites. And below are these
URL of websites. (1) The F10.7 index data used to support
the findings of this study can be downloaded from the
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Figure 12: The 304 Å full-disk EUV images on 28 February 2012 (a) and Earth-side EUV images on 28 February 2012 (b) and 8 March 2012
(c).

available database of the National Oceanic and Atmospheric
Administration (NOAA) (ftp://ftp.ngdc.noaa.gov/STP/space-
weather/solar-data/solar-features/solar-radio/noontime-flux/
penticton/penticton observed/listings/listing drao noontime-
flux-observed daily.txt). (2) The daily level-1 FITS (Flexible
Image Transport System) files of SDO/AIA fromMay 2010 to
December 2015 are downloaded from the available database
of the Joint Science Operations Center (JSOC) at Stanford
University (http://jsoc.stanford.edu/). (3)The daily FITS files
of STEREO/EUVI from January 2011 to December 2013 are
downloaded from the available database of STEREO Sci-
ence Center (https://stereoftp.nascom.nasa.gov/data/beacon/
ahead/secchi/img/euvi/ and https://stereoftp.nascom.nasa
.gov/data/beacon/behind/secchi/img/euvi/).
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Figure 13: A comparison of observed F10.7 (black line) and predictive F10.7 obtained from AR-model (green line) and our method (red line)
from 29 February 2012 to 6 March 2012.
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