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Preface

Deep learning has been extensively developed in the last decade. It is regarded
as the most promising approach for artificial intelligence (AI), triggering a revo-
lution of entire field of computer science. The most successful examples include
image classification, object detection, recognition, tracking, segmentation, natural
language processing (NLP), and machine translation. Recently, we have witnessed
the fast development of deep learning in astronomy, which is mostly concerned
with big data processing, including filtering and archiving massive observation
data, detecting/recognizing objects/events, forecasting astronomical events, imaging
observational data, and image restoration.

Deep learning directly learns compact/compressed features from massive raw
data, without need of prior knowledge, which is superior to handcrafted features
in case prior knowledge is unavailable or unreliable. This is very common in
astronomy, where most of the physical processes are unknown. It should be
pointed that feature extraction from raw data is indispensable in machine learning;
since raw data is tremendously high-dimensional, it is impossible to establish
classification/regression model over such high-dimensional data. In addition, deep
learning model is an end-to-end system without need of human intervention, which
endows us with an affordable human labor consumption for manipulating massive
data. Besides, deep learning could simultaneously mine implicit data knowledge
from “on-site” data and exploit prior knowledge already verified through statistics,
by using pre-trained model and adding constraints in loss function. Nowadays,
modelling over massive data has been granted a fashionable name, data-driven.
Deep learning has been repeatedly verified to be the most efficient technique
for data-driven modelling. The classical deep learning models, such as AlexNet,
VGG, ResNet and DenseNet, have already been well pre-trained on large-scale
databases. For a specific application, a light-weight network and a few samples are
sufficient for modelling. Recently, we have seen a popular usage of deep learning for
exploiting both prior knowledge and data-driven, where a light-weight network was
embedded into a backbone network to achieve higher efficiency than either of them
separately used. Data-driven implies mining data knowledge underneath massive
data. A single network cannot use the prior knowledge efficiently, while mining data
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vi Preface

knowledge simultaneously. Thus, disentangling the two tasks can make independent
optimization of them easier, by employing two sub-networks each of which is
responsible for each task. For example, a lightweight subnetwork was embedded
into a backbone network to realize super-resolution with both high-fidelity image
content and elaborate gradients/edges.

Inspired by success of deep learning in computer vision, we investigated the
applications of deep learning in solar big data processing: (1) object detection, e.g.,
sunspot, filament, active region, and coronal hole detection; (2) time series analysis,
e.g., solar flare, solar radio flux, and CME forecasts; and (3) image generation,
e.g., image deconvolution, deblur, desaturation, super-resolution, and magnetogram
generation.

In this book, a comprehensive overview of the deep learning applications in solar
astronomy, concerning concept and details of network design, experimental results,
and competition with state of the art are reported and discussed for the first time. The
content of this book comes from our previous publications and the latest progress
on this topic. This book is expected to be a good reference for students and young
researchers who are majoring in astronomy and computer science, especially the
ones who are conducting interdisciplinary research.

The content of this book is arranged as follows. The first chapter gives a
brief introduction of AI, deep learning, and big data of solar astronomy. The
second chapter presents the classical deep learning models in the literature. Then,
deep learning applications in solar astronomy are classified into four categories:
classification, object detection, image generation, and forecasting, each of which is
presented in a separate chapter, from the third chapter to the sixth chapter.

Beijing, China Long Xu
Beijing, China Yihua Yan
Beijing, China Xin Huang
March 2022
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Chapter 1
Introduction

Abstract Deep leaning has been developing very fast in recent years due to
big data, high-performance computing and the breakthrough of neural network
training techniques. It has been particularly successful in computer vision, machine
translation, speech recognition and natural language processing. Modern astronomy
concerns a big data challenge owning to high-resolution, high-precision and high-
cadence telescopes. The big data presents a great challenge to data processing,
statistical analysis and scientific discovery. Therefore, it is highly demanded to
develop artificial intelligent algorithms to process big data aromatically, further
discover complex relationship and mine knowledge hidden in massive data. As
the best representative of artificial intelligence, a bunch of classical models have
been developed for processing single image, video, speech and natural language.
Among of them, convolutional neural network has been verified most efficient for
processing image. To process time series input, like video, recurrent neural network,
e.g., long short-term memory (LSTM), was developed, which was widely known
for forecasting the future, e.g., event occurrence, physical parameter prediction.
An overview of artificial intelligence, deep learning and astronomical big data is
presented in this chapter, as the background of this book.

Keywords Artificial intelligence (AI) · Deep learning · Solar astronomy ·
Big data

1.1 Artificial Intelligence (AI)

Artificial intelligence (AI) has gained extensive attentions in various field recently,
especially, computer vision (CV), speech recognition, machine translation and
natural language processing (NLP). It has been widely accepted that there were three
waves of AI development in history. Now, we are in the third AI wave, which started
from 2006 along with the rise of deep learning. Deep learning was regarded as the
most powerful and promising tool for solving AI tasks in nowadays and near future.
Its boom was driven by the rise of big data, high performance computing, especially
GPU computing. The first and second waves of AI occurred in 1950s and 1980s. The
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2 1 Introduction

representative techniques were perceptron and back propagation (BP), respectively.
Deep learning inherits from the well-known neural network. Previously, limited
by computer capability and data resource, neural network only had several layers,
and even replaced by a lightweight shallow model, namely support vector machine
(SVM) in 1980s and 1990s. With the fast rise of big data, computer hardware
upgrade (especially, graphics processing unit (GPU)), deep neural network (deep
learning), got widespread attention from both academic and industrial fields. Big
data caters for sufficient data source for feeding deep model; GPU computing
contributes high computing capability for training deep model. From empirical
evidence, deeper network has greater ability of nonlinear fitting for mining high-
level semantic information of input data, contributing a compact representation
of input data, which superiority has been repeatedly verified in various tasks of
computer vision, image processing. Deep learning network can be obtained by
simply stacking many layers, where deep and shallow layers capture different
features of an input image. Roughly speaking, shallow layer extracts low-level
image features, such as color, texture, edge and contour of partial objects. While
deep layers extract features of high-level semantic information (e.g., identifiable
objects or parts of an object). This mechanism of deep learning is consistent with
human vision perception system (HVS). From aspect of algorithm/theory principle,
more and more works [1–4] proved that generalization ability increases along with
more layers of a network.

In astronomy, with fast development of high resolution and high accuracy
astronomical instruments, modern astronomy has stepped into a “big data” era.
Therefore, AI techniques, are highly demanded in modern astronomy study. On one
hand, in spite of massive data, astronomical observation data has a very low value
intensity, urgently need AI for data filtering/mining. On the other hand, astronomical
observation also provides time series of routine monitoring data (e.g., magnetic
field, X-ray, radio and extreme ultra-violent (EUV) wavelength monitoring to the
Sun). By means of AI, we may find implicit causality of an astronomical event from
historical data, for forecasting occurrence or development of the astronomical event
in the future, e.g., solar flare forecasting.

1.2 Big Data of Astronomy

From 1970s, human has launched many satellites for various missions of deep space
exploration, solar, lunar and Mars explorations. The well-known Solar Dynamics
Observatory (SDO) [5], Solar and Heliospheric Observatory (SOHO) [6] and Solar
TErrestrial RElations Observatory (STEREO) [7] provides plentiful observation
data of high accuracy, resolution and cadence to astronomers around the world.
Meanwhile, large ground-based telescopes have been developing more and more
in the world, such as SKA [8], Arecibo [9], ALMA [10], MUSER [11] and FAST
[12]. The newly developed telescopes are getting better and better in both sensitivity
and resolution; meanwhile, they create huge volume of observation data. In spite
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of massive data of astronomical observation, the density of data value is very low
(Roughly estimating, less than 5% of solar radio observation is valuable to solar
physicists). In this sense, only binary classification of observation data would be of
great importance for data processing, reducing human labors dramatically. To the
end, we take advantage of deep learning to classify massive data automatically.

The ground-based solar telescopes include magnetograph, Hα and radio tele-
scopes. The former two are usually optical single-dish telescope. The last one
has both single-dish and dish array (MUSER [11], Nobeyama [13] and SSRT
[14] radioheliograph) for recording total solar irradiance and imaging the Sun,
respectively. MUSER is a solar dedicated interferometric array consisting of 100
dishes. It images the Sun at Ultra-wideband (0.4–15 GHz) with 528+64 frequency
channels, less than 200 ms time sampling rate, resulting in 3–5 TB raw data every
day. The big data has caused a big challenge to data archiving, classification,
processing and storage. Nowadays, it is impossible to manipulate big data manually,
so automatic data archiving by help of AI is highly demanded.

1.3 Deep Learning

AI was raised by Dartmouth conference in 1956. It has undergone three waves in
history. In the first wave, it developed logical reasoning successfully for theorem
proving. The second wave started from 1976, lasted for 30 years. During that time,
expert systems were largely exploited. The third wave was characterized by deep
learning, which started from 2006.

Deep learning is essentially neural network with more than one hidden layers.
In the past, for lack of data, computing power, only shallow neural network was
used before 2006. Thanking to big data, high performance computing (especially,
GPU computing) and training skills (e.g., back propagation (BP)), deep learning
got its outbreak since 2006. It has been verified that deep network is superior to
shallow network for exploring high-level semantic information which is more close
to human cognition. For this reason, deep learning has brought a big breakthrough
in image classification, object detection, machine translation and NLP.

Nowadays, with the availability of massive data, deep learning [15] has been
extensively explored to solve many traditional tasks of recognition, classification,
regression and clustering. The methods of deep learning, such as convolutional
neural networks (CNN) [16, 17], auto-encoder (AE) [18], deep belief networks
(DBN) [19–21], have demonstrated state-of-the-art performance in a wide variety
of tasks, including visual recognition [22], audio recognition [23], and NLP [24].
These methods can directly learn representative features from input data without
need of prior knowledge for extracting hand-crafted features. This advantage of
deep learning is especially beneficial to the tasks that we were in the absence of
solid domain knowledges, or concerned physical principles are so complicated that
we cannot reason or model them precisely.



4 1 Introduction

Convolutional neural network (CNN) is the most successful in the family of deep
learning. In a CNN, convolution operation is confined in a local patch, simulating
local receptive field of human visual system (HVS). In addition, the parameters
of convolution kernel are shared across an entire image, so only small number
of parameters are learnt regardless of image resolution. The success of CNN
brought a family of deep learning models, including AlexNet [25], GoogleNet
[26], VGGNet [17], ResNet [27] and DenseNet [28], achieving big success of
image classification and recognition. ImageNet Large Scale Visual Recognition
Competition (ILSVRC) [29] was a very famous international competition of image
classification and recognition. Before 2012, it got the best result of 26% classi-
fication error by using hand-crafted features and shallow models. From 2012, all
of the competitors adopted deep learning to build their models, gradually reducing
error rate from 26% to 2%. Auto-encoder is a generative model, which principle is
straightforward, i.e., compressing input signal to get its compressed representation,
and then decompressing it to reconstruct signal. During this process, auto-encoder
can acquire essential feature representation of input signal and compress redundant
information. Recently, generative adversarial network (GAN) [30] becomes very
popular. It is established on zero-sum game theory. Through adversarial learning
between a generator and a discriminator alternately, one can finally acquire a good
generator for image generation. The models above mentioned are all static, implying
that only current input contributes to current output, without exploiting the context
of sequential inputs. Recurrent neural network (RNN) is a dynamic model for
processing sequential inputs by providing a loop unit, so that history status of
network can be kept for current output. In the family of RNN, long short-term
memory (LSTM) [31] network gets people’s favour due to its efficiency and easy-to-
use. LSTM controls information flow via three gates, achieving good performance
on time series modeling.

1.4 Deep Learning in Solar Astronomy

AI is mainly for the purpose of classification and generation. Date archiv-
ing/selection figures out interesting events from daily observations, which is in
essence a classification task, e.g., finding new starts in sky survey, and detecting
solar bursts in solar observation. In solar astronomy, we employ classification
models of deep learning to classify solar radio spectrums, detect active region,
sunspot, filament, solar flare, coronal hole and etc. Image generation is closely
concerned with visualization of observed data, image reconstruction and image
enhancement. The classification and generation mentioned above are all concerned
with static image processing. In astronomy, another important application of AI is to
predict future from history data, namely forecasting, such as solar flare forecasting.
Forecasting is also a classification task in essence. Specifically, it makes a decision
for the future with the current or past inputs. In most cases, it utilizes time series
data to establish dynamic model.
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To modern astronomy, big data is a great challenge regarding storage, bandwidth
and computing capability. Meanwhile, mining knowledge from massive data raises
high demand for machine learning. The value intensity of astronomical observation
data is very low, so machine learning is employed to mine useful data. Then, the
mined information goes through further analysis and study. Classification, together
with recognition, detection, clustering and forecasting are collectively known as data
mining, mining valuable knowledge from massive data. Shallow machine learning,
such as Bayesian learning, maximum likelihood estimation (MLE), maximum a
posterior estimation (MAP) and support vector machine (SVM), were used in
the past. From 2006, deep learning has swept all fields of computer vision, NLP,
machine translation, image processing, etc., so it has been extensively explored for
all kinds of tasks of data mining.

In this review, some applications of deep learning in solar astronomy are
presented and discussed. These applications can be categorized into three classes,
classification, generation and prediction/forecasting, concerning massive solar data
selection/filtering, solar data imaging and image enhancement, and solar burst
forecasting. It has been witnessed that deep learning could significantly boosts
scientific research of solar astronomy, big solar data mining and data-driven
modeling of solar bursts.
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Chapter 2
Classical Deep Learning Models

Abstract Deep learning has achieved a big success in computer vision, NLP, audio
processing and machine translation. Accordingly, there have been a bunch of clas-
sical deep learning models designed for these tasks. In this chapter, convolutional
neural network (CNN), LSTM, autoencoder (AE) and GAN are discussed briefly.
These models are most efficient for processing image, time series (e.g., video, NLP)
and image generation respectively, as the foundation of our proposed models in
this book. Recently, more advanced deep learning models/principles have emerged,
such as attention (e.g., non-local, squeeze and excitation (SE), global context (GC),
and most popular transformer), graph convolution network (GCN), self-supervised
learning and contrastive learning. They can further boost model performance, extend
application filed and break the limits of lack of labelled data, noise data and etc.

Keywords Deep learning · Convolutional neural network (CNN) · Generative
adversarial network (GAN) · Long short-term memory (LSTM) · Autoencoder
(AE)

2.1 Convolutional Neural Network (CNN)

Fully connected neural network (FCN) receives an input, and transform it through
a series of hidden layers, where each neuron is fully connected to all neurons in the
previous layer. It does not fit for image since the huge number of parameters would
lead to over-fitting. In fact, the study about mammalian visual system found that a
visual neuron was only sensitive to a local region of an image instead of the whole
image. This finding revealed that mammalian visual system had a local receptive
field, inspired us to develop CNNs which is the most successful model for image
processing. In a CNN, each neuron of a higher layer is only related to a small region
of neurons instead of all neurons in the previous layer. A CNN diagram is shown in
Fig. 2.1. With local receptive fields, we can extract elementary visual features such
as oriented edges, end-points, corners (or similar features in speech spectrograms).
These features are then combined together in the higher layers.
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Fig. 2.1 Framework of convolution neural network (CNN)

Fig. 2.2 Illustration of how convolution operation is performed

The ideas of local receptive field and weights sharing are achieved by introducing
a convolution kernel, i.e., a small filter (e.g., 3 × 3, 5 × 5) sliding over input image
pixel by pixel as demonstrated in Fig. 2.2. By this way, the number of parameters
is determined by the size of convolution kernel instead of image resolution. In the
early days, it was difficult to train a deep CNN without over-fitting due to lack
of training data and computational ability. With the boom of big data and GPU
computing in the last decade, CNNs became very successful. In addition, ILSVRC
boosted the fast development of CNNs on image classification/generation, object
detection/recognition. We can noticed that CNNs swept all fields of computer vision
after the first success of CNN, namely AlexNet [1], in ILSVRC 2012.

A CNN is composed of convolution, down-sampling and fully connected layers.
The convolution operation mimics local receptive field in biology, characterized
by local receptive field and weight sharing, which can greatly compress network
parameters. Down-sampling, which is also named pooling, is the sub-sampling
of images. It is used to reduce the amount of data while still retaining useful
information. After stacking multiple convolutions and pooling layers, one or more
fully connected layers are connected to realize classification/regression.
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2.2 Long Short-Term Memory (LSTM) Network

In the family of deep learning, most of them, such as FCN, CNN, GAN and auto-
encoder, give output only from the current input. They are all static models without
utilizing temporal context information of sequential inputs. However, for the tasks
of video processing, language modeling, machine translation, speech recognition,
reading comprehension, the context of input is of great importance for recognition
and understanding. From aspect of human understanding, we don’t start our thinking
from scratch every second as we read a paper. Instead, we understand each word
based on our understanding of previous words. We don’t throw everything away and
start thinking from scratch again. However, static models process inputs separately,
output at every input. They do not tell how the history of input informs current status
and output. RNN was raised to resolve this problem.

In Fig. 2.3, a diagram of RNN is illustrated, where a chunk of neural network,
A, receives an input xt and outputs ht . There is a loop in an RNN, keeping history
input for current output. A loop allows information to be passed from one step of
the network to the next. An RNN can be thought of as multiple copies of the same
network, each passing a message to its successor. It can be unrolled into a chain-like
normal neural network as shown in Fig. 2.4 if we unroll the loop. This chain-like
nature reveals that it is intimately related to sequences and lists. It is a natural
architecture of neural network for sequential inputs, exploring correlations and
interactions among adjacent inputs. In the last few years, a variety of applications
of RNN, including speech recognition [2, 3], language modeling [4, 5], machine
translation [6] and image captioning [7, 8], have achieved incredible success.

RNN keeps history inputs for better informing the understanding of current
status, e.g., reading comprehension. In practice, RNN performs well for exploring
short-term dependency, while inferior for long time dependency. Thus, LSTM, as
an excellent representative of RNN, was raised for well processing both long-term
and short-term dependencies. Both RNN and LSTM repeat a basic unit to form a
chain-structure network. Compared to RNN, the basic unit of LSTM, namely LSTM
cell, has more elaborate structure as shown in Fig. 2.5, consisting of four nonlinear
layers. The cell status is the key of LSTM, kept in the horizontal axis of Fig. 2.5.

Fig. 2.3 Recurrent neural
network with a loop
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Fig. 2.4 Unrolled recurrent neural network

Fig. 2.5 Long short-term memory (LSTM) neural network

LSTM controls information flow through three gates, namely input gate, forget gate
and output gate, enabling signal to pass the cell selectively, achieving information
persistence and inhibiting. Intuitively, forget gate controls the extent to which a
value remains in the cell, input gate controls the extent to which a new value flows
into the cell and output gate controls the extent to which the value in the cell is used
to compute the output activation of the cell.

In a LSTM cell, the mapping function from an input sequence x =
(x1, x2, · · · , xT ) to an output sequence h = (h1, h2, · · · , hT ) is precisely specified
by

ft = σ(Wf xxt + Wf hht−1 + bf ) (2.1)

it = σ(Wixxt + Wihht−1 + bi) (2.2)

ot = σ(Woxxt + Wohht−1 + bo) (2.3)
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ct = ft ∗ ct−1 + it ∗ c̃t

c̃t = tanh(Wcxxt + Wchht−1 + bc)
(2.4)

ht = ot ∗ tanh(ct ) (2.5)

where σ is logistic sigmoid function, and i, f , o and c are the input gate, forget
gate, output gate, cell and cell input activation vectors, respectively, all of them
are the same size as the cell output activation vector h. The W represent weight
matrixes and the b represents bias vectors. The operator “∗” represents the element-
wise vector product.

The first step in LSTM is to decide what information we are going to throw away
from the cell state. This decision is made by a sigmoid layer called the “forget gate”.
As described in (2.1), it looks at ht−1 and xt , and outputs a number between 0 and
1 for each element in the cell state Ct−1. “1” represents that we completely keep
the history of that element while “0” represents that we completely get rid of the
history of that element. The second step of LSTM is to decide what information
we will update into the cell state. This decision is made by a sigmoid layer called
the “input gate”, it given in (2.2). It looks at ht−1 and xt , and outputs a number
between 0 and 1. Next, it will be imposed on a tanh layer which creates a vector of
new candidate values, c̃t , that could be added to the new state ct as given in (2.4).
Therefore, input gate decides how much each element of state (candidate state) is
updated.

After the two steps above, cell state ct is updated by both old state ct−1 and a
new candidate state (c̃t ) via (2.4), where old state ct−1 is scaled by forget gate ft ,
indicating how much we forget the history, candidate state (c̃t ) is scaled by input
gate it , controlling how much each state value of (c̃t ) is updated into the new state.

Finally, we decide what we are going to output. This output will be based on
current cell state, but will be a filtered version as described in (2.5). First, we run a
sigmoid layer which decides what parts of the cell state we are going to output. This
sigmoid layer is called “output gate”, given by ot in (2.3). Then, we put the cell state
ct through tanh, and multiply it by ot , getting the final output ht .

2.3 Generative Adversarial Network (GAN)

GAN [9, 10] is an excellent representative of generative deep learning (DL) models.
It has been extensively investigated in image reconstruction, image denoising,
image synthesis, super-resolution and etc. GAN is comprised of a generator and
a discriminator. The generator makes fake image close to real one/ground-truth,
while the discriminator distinguishes between fake image and real one as shown in
Fig. 2.6. Repeating adversarial learning between them, a powerful generator can be
learned, generating image very close to real one. The principle of GAN is originated
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Fig. 2.6 Diagram of conditional GAN network

from the well-known zero-sum game, which is mathematically represented by

G∗ = arg min
G

max
D

LGAN(G,D)

LGAN(G,D) = Ey [log D(y)] + Ez[log(1 − D(G(z)))]
(2.6)

where D represents a detector, G represent a generator, y is a real image and G(x, z)

is a fake image. In (2.6), y is coming from a distribution of real data, and z is coming
from a random noise (e.g., Gaussian noise). For optimizing D, we expect the larger
D(y) on the real data and the smaller D(G(z)) on the fake data generated by the
generator G. While for optimizing G, we expect that it can generate enough realistic
sample G(z) to cheat D successfully. During such an adversarial process, D and G

are optimized alternatively.
As (2.6) indicated, a general GAN only discriminate fake and true of the

output. However, most of image processing tasks, e.g., well-known image-to-image
translation [11], require the correspondences between inputs and outputs besides
discriminating fake and true. For this purpose, conditional GAN (cGAN) was
proposed, which is described by

G∗ = arg min
G

max
D

LcGAN(G,D)

LcGAN(G,D) =Ex,y[log D(x, y)] + Ex,z[log(1 − D(x,G(x, z)))]
(2.7)

where D(x, y), D(x,G(x, z)) indicates that D needs not only distinguish the real
and the fake, but also tell the correspondence between them. In [11], Phillip Isola
et.al. described a cGAN model for image-to-image translation, namely pix2pix.
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2.4 Autoencoder (AE)

An auto-encoder (AE) is a type of deep neural network for encoding input data to
get its compressed representation, and then decoding this presentation to recover
the input as much as possible. A basic AE is demonstrated in Fig. 2.7, where the
encoder provides the compressed code, while the decoder produce the recovery of
the input from this compressed code. In an AE, the encoding and decoding processes
are jointly optimized to regenerate the input from the compressed code. The
purpose of AE is typically dimensionality reduction, compression and denoising,
by compressing insignificant “noises” and preserving “real” signal of input data.

AE is also a generative model, representing the input data by the functions in
a neural network space, which makes the input data poss some special properties.
It consists of an encoder and a decoder, where the encoder compresses the input
data into a compressed code, while the decoder decompresses this code into a
reconstruction of the input. Typically, AEs are forced to reconstruct the input
approximately, preserving only the most relevant aspects of the input data.

As an unsupervised learning, AE can be stacked on any neural network for model
pre-training in case of lack of labelled data. We can first train a stacked AE using
unlabelled data, then use the lower layers of the AE to create a deep neural network
for the actual task, refining it using the labelled data.

There have been many variants of AE, such as denoising AE, sparse AE,
contrastive AE, adversarial AE and variational AE:

Denoising Autoencoder (DAE) It learns useful features by adding noise to the
original input, then training itself to recover the original, noise-free inputs. This

Input Output

Encoder Decoder

Code

Fig. 2.7 The sketch of an auto-encoder
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prevents the autoencoder from trivially copying its inputs to its outputs, so it could
find patterns in the data. The noise can be pure Gaussian noise added to the inputs,
or it can be randomly switched off inputs, just like in dropout.

The process for training a DAE is as follows:

(1) The initial input x is corrupted into x̃ through stochastic mapping x̃ ∼ qD(x̃|x).
(2) The corrupted input x̃ is then mapped to a hidden representation with the same

process of the standard autoencoder, h = fθ (x̃) = s(Wx̃ + b).
(3) From the hidden representation the model reconstructs z = gθ ′(h).

The model’s parameters θ and θ ′ are trained to minimize the average reconstruc-
tion error over the training data, specifically, minimizing the difference between z

and the original uncorrupted input x.

Sparse Autoencoder (SAE) Sparsity is a kind of constraint that could lead to good
feature extraction in image processing. By adding a term to the cost function, SAE is
forced to reduce the number of active neurons in the coding layer. The more sparse a
layer, the better feature extraction. The sparsity can be realized in different ways by
formulating the penalty terms. Kullback-Leibler (KL) divergence is one of common
penalty term, given by

s∑

j=1

KL(ρ||ρ̂j ) =
s∑

j=1

[
ρ log

ρ

ρ̂j

+ (1 − ρ) log
1 − ρ

1 − ρ̂j

]
(2.8)

where s and m represent the number of hidden nodes in a hidden layer and the
number of training samples respectively, the sparsity parameter ρ is close to zero,
ρ̂j is defined by

ρ̂j = 1

m

m∑

i=1

[hj (xi)], (2.9)

which represents the average activation of the hidden unit j over all training
samples, where hj (xi) identifies the input value that triggered the activation. To
encourage most of the neurons to be inactive, ρ̂j needs to be close to ρ. KL(ρ||ρ̂j )

is the KL-divergence between a Bernoulli random variable with mean ρ and a
Bernoulli random variable with mean ρ̂j . Another way to achieve sparsity is by
imposing L1 or L2 regularization terms on the loss function. For example, in case
of L1 regularization term, the loss function is written as

L(x, z) + λ
∑

i

|h| (2.10)

Contrastive Autoencoder (CAE) It is encouraged to map a neighborhood of input
points to a smaller neighborhood of output points, forcing the model to learn an
encoding robust to the slight variations of the inputs by adding an explicit regularizer
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in loss function. This regularizer corresponds to the Frobenius norm of the Jacobian
matrix of the encoder activations with respect to the input, encouraging the model to
learn useful information about the training distribution. The final objective function
is given by

L(x, z) + λ
∑

i

||∇xhi ||2 (2.11)

Variational Autoencoder (VAE) VAE is a probabilistic model, indicating that its
output is partly determined by chance. More importantly, it is generative model,
meaning that it can generate new instances that look like it was sampled from the
training set. Instead of producing a coding for a given input directly, the encoder
produces a mean coding μ and a standard deviation σ . The actual coding is then
sampled randomly from a Gaussian distribution G(μ, σ). After that, the decoder
just decodes the sampled coding normally. The sketch of a VAE is demonstrated in
Fig. 2.8.

A VAE tends to produce codings that look as if they were sampled from a simple
Gaussian distribution. The cost function of VAE is composed of two parts. The first
is the usual reconstruction loss that pushes the autoencoder to reproduce its inputs.
The second is the latent loss that could push the codings to gradually migrate within
the coding space (latent space) to occupy a roughly (hyper)spherical region that
looks like a cloud of Gaussian points. The consequence is that we can easily sample
a new instance from this Gaussian distribution. For this purpose, the KL divergence
between the target distribution (Gaussian distribution) and the actual distribution of
the codings is employed as the latent loss.

Input Output

Encoder Decoder

μ 

σ 
Z

Normal 

distribution

Fig. 2.8 The architecture of a Variational autoencoder (VAE)
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Given an input dataset x with an unknown probability function P(x) and a
multivariate latent encoding vector z, the objective is to transfer the data into a
distribution pθ(x),

pθ(x) =
∫

z
pθ (x, z)dz =

∫

z
pθ(x|z)pθ (z)dz, (2.12)

where, pθ(x|z) describes a network for generating x from z, θ is the network
parameter. With an assumption that p(z) is a normal distribution, generating x can
be interpreted as randomly sampling an instance z from a normal distribution to
calculate x.

Adversarial Autoencoder (AAE) AAE blends the autoencoder with the adver-
sarial loss given by GAN, as demonstrated in Fig. 2.9. It uses a similar concept
with VAE except that it uses adversarial loss to regularize the latent code instead of
the KL-divergence of VAE. In VAE, KL-divergence is used to match the encoded
latent code into a normal distribution, which was replaced by adversarial loss
where an additional discriminator component is augmented, and the encoder acts
as the generator. Unlike basic GAN where the generator generates fake images, the
generator of AAE generates latent codes to cheat the discriminator into believing
that the latent codes are sampled from the normal distribution. The discriminator of
AAE predicts whether a given latent code is generated by the autoencoder (fake) or
a random vector sampled from the normal distribution (real).

Input

Gaussian 
distribution p(z)

x z~q(z)
q(z|x)

Adversarial cost for 

discriminating real 

sample p(z) from 

fake sample q(z)

z~p(z)

Fig. 2.9 The architecture of an Adversarial autoencoder (AAE)
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Chapter 3
Deep Learning in Solar Image
Classification Tasks

Abstract The exponential increasing of data being collected in astronomy has
raised a big data challenge. Mining valuable information timely and efficiently
from massive raw data is highly demanded. Even simple binary classification of
collected raw data is of great importance, reducing the burden of the following
data processing. Inspired by the success of image classification with deep learning,
we investigated solar radio spectrum classification using deep learning, including
the premier deep belief network (DBN), the most popular convolutional neural
network (CNN) and long short-term memory (LSTM) network. For model training,
a database of solar spectrum was established and published to the public. As far as
we know, it is the first one in the world. The database contains 8816 spectrums with
different image patterns which represent different solar radio mechanisms. Then,
each spectrum was given a label by the invited experts of solar radio astronomy.

Keywords Solar radio spectrum · Image classification · Deep belief network
(DBN) · Multimodality · Structured regularization

3.1 Solar Radio Spectrum

Solar radio spectrometer, as one of the most common instruments of solar obser-
vation, is widely used on the ground to record total solar radio radiation flux,
providing an index of long-term solar activity level. In addition, a spectrometer
has multiple frequency channels. Thus, it could generate a two-dimentional image
within a certain time interval, namely spectrum. In case of solar burst, solar
radio radiation would have a dramatic amplification, corresponding to a jump over
individual frequency channels, or an abrupt brightness of a region in spectrums.
Figure 3.1 demonstrates some typical spectrums, such as “pulse”, “drifting”, “zebra”
and “fiber” which are named after their shapes, where each spectrum displays a
distinctive image pattern, indicating a distinct physical mechanism.

For model training, we collected spectrums of Solar Broadband Radio Spectrom-
eter (SBRS) of China [1] to establish a spectrum database. The SBRS, consisting
of five “component spectrometers” and covering a wide frequency range from
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L. Xu et al., Deep Learning in Solar Astronomy, SpringerBriefs in Computer
Science, https://doi.org/10.1007/978-981-19-2746-1_3

19

http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-19-2746-1_3&domain=pdf
https://doi.org/10.1007/978-981-19-2746-1_3


20 3 Deep Learning in Solar Image Classification Tasks

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 3.1 Examples of solar radio spectrums. (a) Simple. (b) Type III. (c) Pulse. (d) Drifting pulse.
(e) Spikes radiation. (f) Fiber. (g) Zebra. (h) Isolation pulse. (i) Patches. (j) Lace

0.7-7.6 GHz, monitors solar radio activity continuously, therefore accumulates
massive data. Since solar burst event is very sparse among all data (less than 5%
of all recorded data), only binary classification is of great importance for daily
data archiving. Through binary classification, we can firstly figure out bursts from
massive data, saving more than 95% human labors for the following data analysis. In
this section, a bunch of deep learning models for solar radio spectrum classification
are presented and discussed. In addition, we already have plentiful knowledges
about the correspondences between fine structures of spectrums and their physical
mechanisms. Thus, to collect various kinds of spectrums through classification
model, we can do more on scientific research of solar radio astronomy.

3.2 Pre-Processing of Solar Radio Spectrum

The raw solar radio data captured by SBRS contains the flux values of radio
radiation as well as the observation time. Although the captured data covers all the
information of the solar radiation, it is hard for the viewers/researchers to judge or
determine whether the solar burst happens or not and in what level the solar burst is.
For easy understanding, raw data captured by SBRS is first converted into images
for visualization.

SBRS contains several channels to monitor the solar burst in different frequen-
cies. Therefore, the signal sensed from each channel will be treated individually.
In total, there are 120 channels working toward the solar radio information
captured at the same time. Moreover, each captured file contains both left and right
circular polarization parts, which should be separated and processed individually
for visualization and further processing. We extract the captured data from each
channel as a row vector, which is stored according the sensing time. Afterwards,
all the vectors from the 120 channels will be assembled together according the
frequency values to form a solar radio spectrum, which is used for visualization
and further processing. As there are 120 channels and 2520 sensing time points in
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8ms recorded file, the final resolution of the converted image is 2520×120. One
sample image is illustrated in Fig. 3.2a.

After the conversion process, it can be observed that there are numbers of
horizontal-stripes-like interference signal almost in each picture, as illustrated
in Fig. 3.2a. This phenomenon is named as the channel effect in solar radio
observation, which is caused by different gains of different channels. It can be
observed in Fig. 3.2a that each channel produces the signal of the same magnitude.
Therefore, clear horizontal lines can be easily detected from the captured solar radio
spectrum. The channel effect may hide the presentation of bursts. To eliminate
the channel effect, we propose one method for channel normalization, which is
formulated by

g = f − fLM + fGM, (3.1)

where f is the constructed image, g is the image after performing the channel
normalization, fLM and fGM denote the local mean and global mean values,
respectively. The local mean fLM is the mean of the pixels in a frequency channel.
fGM accounts for the mean of a whole image. fLM is to alleviate the effect of
uneven channel gain resulting in horizontal-stripes-like interference, while the fGM

compensates each pixel value by adding a global background. The solar radio
spectrum after channel normalization is illustrated in Fig. 3.2b. It can be observed
that channel normalization removes horizontal-stripes-like noise successfully and
the solar radio burst can be easier detected.

After imaging and normalization, we obtain spectrums of 2520 ×120 as shown in
Fig. 3.2. It can be observed that neighboring columns are highly similar, indicating
high redundancy. In a spectrum, each row gives solar radio flux at a certain
frequency channel over a certain time interval. It can be regarded as an observation
of a discrete stochastic process. Thus, each column represents a random variable.
In probability and statistics, correlation of a stochastic process can be measured by
correlation coefficient [10] [11] γ , which is defined as

γ (n1, n2) = �[(x(n1 − μ1)(̇x(n2 − μ2)]
(σ1σ̇2)

(3.2)

where x(n1) and x(n2) represent two random variables at n1 and n2 with ensemble
average, μ1 and μ2, and standard deviations, σ1 and σ2, and � represents an
ensemble average operator. Thus, γ (n, n + τ ) is a function of τ n, namely, it is
not a stationary stochastic process. Consequently, for a given τ , γ (τ) is a random
variable instead of a constant. We calculate γ (τ) with different values of τ . The
results are illustrated in Table 3.1.

From Table 3.1, the rows have high correlation, while the columns are less
correlated. Therefore, original spectrum can be down-sampled to remove the
redundancy. We down-sample original spectrums into 75×30 by using nearest
neighbor sampling method. It can be observed that image characteristic varies little
comparing to original spectrums, as illustrated in Fig. 3.3.
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(a)

(b)

Fig. 3.2 Solar radio image before and after channel normalization. The horizontal axis denotes
the sampling time, while the vertical axis indicates the frequency channel. (a) Solar radio image
before channel normalization. (b) Solar radio image after channel normalization

Table 3.1 Correlation
coefficients of solar radio
images

γ (τ) γ (τ )

τ = 1 0.9978 τ = 1 0.8343

τ = 10 0.9829 τ = 2 0.7738

τ = 20 0.9771 τ = 3 0.7660

τ = 30 0.9753 τ = 4 0.7096

τ = 40 0.9750 τ = 5 0.6650

Due to the difference of calibration values, the spectrums have large gap of
average gray, which may mislead neural network to learn gray difference instead of
different image patterns of spectrums. Different image patterns of spectrums indi-
cate different solar activity phenomena. Thus, image normalization is implemented
over the whole dataset. It is different from the channel normalization given in (3.1).
For image normalization, the local mean fLM is calculated over each spectrum,
while the global mean fGM accounts for the average of local means over the whole
dataset.
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Fig. 3.3 The solar radio image and the histogram before and after down-sampling. (a) Histogram
before down-sampling. (b) Histogram after down-sampling. (c) Original solar radio image. (d)
Down-sampled solar radio image

After image normalization, image enhancement is further implemented before
feeding into network. From our experience, most of the representative information
of a spectrum is provided by the pixels around the mean of a spectrum, ±30 +
f . The rest contains more noise. To make spectrum more representative, a linear
amplification is supplemented to compensate the pixels within (f -30,f +30). Like
general image, spectrum is also subject to a Gaussian distribution by examining
histogram of spectrum. However, the mean of each spectrum varies greatly, leading
to the situation that distribution of training set cannot be accurately modeled by a
Gaussian distribution. In this situation, neural network would tend to capture overall
grayscale of a spectrum, ignoring what a spectrum really represents, which mostly
lies in the texture pattern of a spectrum. To prevent it from happening, a bilinear
enhancement processing is further implemented after the preceding normalization.
In Fig. 3.4, histograms of raw dataset, after normalization and after enhancement
are illustrated. It can be observed that a more general Gaussian-like distribution is
derived after normalization and enhancement.
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Fig. 3.4 Histograms of the solar radio image set. (a) Raw image set. (b) Normalized image set.
(c) Enhanced image set

3.3 DBN for Solar Radio Spectrum Classification

Traditional shallow machine learning, e.g., support vector machine (SVM), needs
hand-crafted image features for training classifier/regressor. Without enough priori
knowledge, deep learning has great advantage over shallow models. It directly learns
image features from an end-to-end network instead of hand-crafted features. DL
has demonstrated state-of-the-art performance in a wide variety of tasks, including
visual recognition, audio recognition, and NLP. The first DL model [2] that we
have developed for spectrum classification is based on deep belief network (DBN).
DBN [3] is a multi-layer, stochastic generative model stacking multiple restricted
Boltzmann machines (RBMs) as shown in Fig. 3.5. RBM consists of one visible
layer and one hidden layer, where the nodes are fully connected between two layers,
without connections within each individual layer. Through RBM, neural network
can achieve self-learning without need of labels, so it is usually used for model
initialization. For classification, a classification layer is finally stacked on the top of
RBM layers. Providing labelled data, the pre-trained model is further refined by a
supervised learning.

For optimizing a RBM, an energy function is defined by

E(v, h) = −
V∑

i=1

H∑

j=1

vihjωij −
V∑

i=1

vib
v
i −

H∑

j=1

hib
h
i (3.3)

where v is the binary state vector of the visible nodes, h is the binary state vector of
the hidden nodes, vi is the state of visible node i, hj is the state of the hidden node
j , ωij is the real-valued weight between the visible node i, the hidden node j . bv

i is
the real-valued bias to visible node i, and bh

j is the real-valuded bias to hidden node
j . The joint distribution of the visible and hidden nodes is defined by

p(v, h) = e−E(v,h)

∑
u

∑
g e−E(u,g)

(3.4)
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Fig. 3.5 Deep belief neural
network

It can be observed that low energy would result in high probability, and vice versa.
And also, the probability of an active visible node is independent of the states
of the other visible nodes. Likewise, the hidden nodes are independent of each
other. The property of the RBM makes the sampling extremely efficient, as one
can sample all the hidden nodes simultaneously and then all the visible nodes
simultaneously. However, the RBM given by (3.4) can only take binary-valued
visible nodes, inhibiting its application on real-valued data.

For processing real-valued inputs, the Gaussian-Bernoulli RBM (G-RBM) was
defined. Its energy function was modeled as

E(v, h) = −
V∑

i=1

H∑

j=1

vi

σi
hjωij −

V∑

i=1

(vi − bv
i )

2

2σ 2
i

−
H∑

j=1

hib
h
i (3.5)

where vi takes the real-valued activity of the visible node vi . Each visible node adds
a quadratic offset to the energy function where σi controls the corresponding width.
Examining the binary visible and binary hidden node defined in (3.4), the G-RBM
takes real-valued nodes as the input and output the binary nodes.

DBN is composed by more than one RBM layers. The weights of a higher layer
are trained by fixing all the weights of the lower layers. Thus, it is trained greedily
and sequentially. If the size of the second hidden layer is the same as the size of the
first hidden layer, and the weights of the second is borrowed from the weights of the
first, it can be proven that training the second hidden layer while keeping the first
hidden layer’s weights constant improves the log likelihood of the data under the
model [4]. Figure 3.5 illustrates the multilayer DBN. The probability of the DBN
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assigns to a visible vector is defined as

p(v) =
∑

h1,...,hn

p(hn−1, hn)

n−1∏

k=2

p(hk−1|hk)p(v|h1) (3.6)

where n gives the number of hidden layers. DBN is demonstrated to be very helpful
for hand-written digital numbers recognition, as well as unsupervised training [5].
In our work, it is employed to learn the representation of solar radio spectrum.

Due to the limited training samples, only one hidden layer is employed in our
model. Then, a “I-H-C” structured neural network for spectrum classification is
raised, where “C”, “I” and “H” stand for classification, input layer and hidden
layer respectively. The bottom layer of the network is a RBM and the top layer
is a softmax layer. The objective function is given by ô = arg max

o
p(o|x; �), where

� includes all the parameters in the RBM and the softmax layer. For model training,
standard contrastive divergence learning procedure is employed for pre-training.

The depth of network usually depends on the size of training set. For training a
deep learning model, over-fitting is a big challenge in case of lacking training data.
Fortunately, RBM can realize unsupervised learning, so it was well developed in
network initialization and pre-training previously. Pre-training could alleviate the
complexity of training task dramatically without need of massive labels, refraining
from the risk of trapping in poor local optima. For training a RBM layer, standard
contrastive divergence learning procedure is performed firstly. After pre-training,
fine-tuning process is further implemented to make the network more specific for
spectrum classification, where objective function takes the shape of a log-likelihood
function. Furthermore, in order to prevent over-fitting, drop-out is employed.
Typically, the outputs of neurons are set to zero with a probability of p in the
training stage and multiplied with 1 − p in the test stage. By randomly masking
out the neurons, drop-out is an efficient approximation of training many different
networks with shared weights.

For spectrum classification, a classification layer with three output nodes is
stacked on the top of the RBM layer, which takes output of RBM as input and
outputs probabilities of the input falling into one of these three classes.

The experimental results given in Table 3.6 demonstrates that DBN can learn
better representation of solar radio spectrum, and thus achieve higher accuracy of
classification beyond the traditional SVM [6] coupled with principal component
analysis (PCA) [7, 8].

3.4 Autoencoder for Spectrum Classification

Besides RBM, autoencoder (AE) is another discipline to realize unsupervised
learning. It is optimized by setting output equal to input. In other words, it learns
an approximation to identity function, so as to network output is identical to input.



3.4 Autoencoder for Spectrum Classification 27

The identity function seems a particularly trivial function. But, by placing certain
constraints on network, such as the limited number of hidden units, interesting
structure about the data can be learned. In our previous work [2], it has been
applied to learn representation of spectrum successfully. In the literature, the
variances of AE, such as denoising AE [9], stacked AE (SAE) [10] were also
developed. However, these AEs treat the input equally, which cannot distinguish the
characteristics between different input modalities well. Thus the interaction between
different modality inputs cannot be captured.

In [5], an automatic dimensionality reduction method was proposed to facilitate
the classification, visualization, communication, and storage of high-dimensional
data through an adaptive, consisting of a multilayer “encoder” network to transform
high-dimensional data into low-dimensional code and a “decoder” network to
recover high-dimensional data from low-dimensional code. Using random weights
as the initialization in these two networks, they can be trained together by
minimizing the discrepancy between the original data and its reconstruction. Then,
compressed representation of input data can be learned through an unsupervised
learning. Inspired by these achievements, we can learn representation of spectrum
better than [2], which would benefit the following classification, recognition, storage
and analysis.

In [11] and [12], auto-encoder (AE) [9, 10, 13] was explored for spectrum
classification. In addition, multimodal concept [14, 15] was employed to exploit the
correlations among adjacent frequency channels, where each channel was regarded
as one modality (Fig. 3.6). Specifically, the network was built on an AE with
structured regularization (SR), to learn representation of spectrum. Then, it further
classifies spectrums using a softmax layer.

The multimodal architecture takes different numbers and types of modalities as
the input. The output will be the classification results, which not only considers the
property of each modality but also accounts for the interactions between different
modalities. The proposed multimodal learning architecture is built by stacking a
softmax layer on the top of AE layer with structured regularization. Observing
Fig. 3.7, the difference between single modality and multimodality lie in that each
modality is trained separately in the low layers. It has proved that multimodal

(a) (b) (c)

Fig. 3.6 Three models for multimodal input data learning. (a) Fully dense model. (b) Modality-
sepcific model. (c) Group sparse model
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Fig. 3.7 The framework of the multimodal learning

learning method was superior to single modality of deep learning [2] from our
evaluations over the established database described in Sects. 3.1 and 3.2.

In the proposed model, AE is used in each modality learning from input layer to
the last hidden layer. All modalities are interacted through a SR among them. The
global loss function of the proposed multimodal learning is written as

L̂ = φ(fSR(x1, x2, . . . , xm)) (3.7)

where L̂ is the network output, φ represents a non-linear function which is a softmax
function in our model, and fSR()̇ is a linear transform from the visual layer to the
first hidden layer with SR. Using SR in AE, we get joint representations of the input
signals through exploring their correlations.

3.4.1 Structured Regularization (SR)

SR is employed in AE with multimodal inputs inspired by Fawcett [16] and Jalali
[17]. Each modality will be used as a regularization group separately for each hidden
unit, similar to group regularization. This is different from conventional SR, where
each input unit is treated equally, ignoring correlation between different modalities.
Suppose Sr,i as a K × N modality binary matrix, where K denotes the number of
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modalities and N indicates the number of units in the corresponding modality, SR
is defined as

SR(W [1]) =
M∑

j=1

N∑

k=1

fB(max
i

(Sk,i |W [1]
i,j |) > 0) (3.8)

where fB indicates a Boolean function that takes a value of 1 if its variable is true,
and 0 otherwise. The regularization function in (3.8) performs a direct penalty on
the number of modalities used for each weight.

3.4.2 Integrating SR with AE

By integrating SR with AE, the objective function for training the network is written
as:

W [1] = arg min
W [1]

n([1])∑

i=1

‖z[1]
i − x

[1]
i ‖2

2 + α · SR(W [1])

z
[1]
i =

k[1]∑

j

μ
[1]
j W

[1]
i,j

(3.9)

where z
[1]
i is the signal reconstructed by the decoder of AE. n[1] is the number of

the input nodes including all the modality features, and k[1] is the number of the
hidden nodes of the multimodal AE. W

[1]
i,j is the weights of the multimodal AE

by introducing SR. α is the parameter to balance the error and the regularization
terms. By integrating SR into AE, the obtained representation yi only connects to
partial nodes in the first hidden layer. As shown 3.8, to minimize SR(W [1]), W

[1]
i,j

should approach 0 as far as possible, leading to some nodes in the first hidden layer
connected to only part of the nodes in the visual layer. AE with SR demonstrates
that the multimodal network could distinguish different modalities and learn the
correlations between them automatically.

3.4.3 Network Architecture

We propose an “I-H-C” structure network as shown in Fig. 3.7 for solar radio
spectrum classification. “I” represents multimodal inputs, which is of the dimension
of 2000 in our case. It should be pointed that these input nodes are arranged into
10 modalities, each of which is the size of 200. “H” de-notes the hidden layer,
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which consists of 200 nodes for the first hidden layer and 100 nodes for the second
layer. “C” is defined as the classification nodes which calculates the probabilities
of each input for the given classes. There are 3 outputs: “burst”, “non-burst” and
“calibration” in our application.

Input layer contains 10 modalities. Generally, modality indicates different type
of data, e.g., audio, image, language, text and so on. In this application, frequency
channels of a spectrum are regarded as modalities. There are three possible models
for multimodal learning. A naive way of applying feature learning to multimodal
data is to simply take the whole data vector as input to the model. This approach
called “Fully dense model” may fail to learn associations between modalities
with very different underlying statistics. In addition, it learns features prematurely,
which can lead to overfitting. Instead of the fully dense model, modality-specific
sparse model trains a first layer representation for each modality separately. This
approach assumes that the ideal low-level features for each modality are purely
unimodal, while higher-layer features are purely multimodal. So, this approach
may work better for some problems where the modalities have very different basic
representations, such as image and text. In our application, frequency channels of
spectrums are treated as the modalities. These modalities have strong correlations
between each other, which means that the learning of low-level correlations may
lead to better features. Therefore, the group sparse model shown in Fig. 3.6c is
employed, and a multimodal group regularization algorithm is proposed for learning
the joint features of multiple channels. The AE with SR is employed to establish
the multimodal learning network. Due to limited number of labeled solar radio
spectrums, the number of layers and nodes cannot be too large. In this proposed
network, only two hidden layers are employed for avoiding overfitting. A softmax
layer is added on the top of the multimodal learning architecture realized by AE
with regularization mentioned above. It takes the joint representations of multiple
modalities as inputs, and outputs the classification results for each spectrum. The
classification layer will determine the probabilities of an input spectrum regarding
to given classes.

3.5 CNN for Solar Radio Spectrum Classification

Since solar radio spectrum is a special type of image, it can be expected that better
image representation and classifier of spectrum can be learnt by using CNN. The
first attempt to utilize CNN for spectrum classification was presented in [18]. As
shown in Fig. 3.8, the proposed model consists of four convolution layers, four
pooling layers, one fully connected layer and a softmax layer, which are stacked
together to realize both feature extraction and classification. Experimental results in
Table 3.6 indicate that the proposed CNN can achieve better performance beyond
our previous effort of DBN [2] and autoencoder (AE) [12]. CNN is composed of
convolution, down-sampling and fully connected layers. The theoretical basis of
the convolution layer is mainly the concept of receptive field in biology, and local
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Fig. 3.8 Architecture of the proposed CNN for spectrum classification

receptive field and weight sharing are the common points between convolution
and receptive filed, which can greatly reduce the parameters that neural network
needs to train. Down-sampling, which is also named pooling, is the sub-sampling
of images in fact. It is used to reduce the amount of data while still retaining useful
information. By stacking the convolutions and the pooling layers, one or more fully
connected layers can be formed, enabling higher-order inference capabilities.

Our proposed CNN model shown in Fig. 3.2 consists of four pairs convolution
layers and corresponding pooling layers (C1-P1, C2-P2, C3-P3 and C4-P4) followed
by a fully connected layer (F1). We use spectrum of the size 120×120 after pre-
processing as the input of the network. C1 contains 1×5 patch filter, the purpose of
which is to extracts the local features of the input data and constructs the feature
maps in layer C1. Assuming 32 convolution kernels, we obtain 32 feature maps
with the size 120×120 after C1. Then, these obtained feature maps are pooled in
P1. Here, we use 2×2 pooling kernel. After pooling, the 120×120 feature maps are
reduced to 60×60 feature maps.

C2-P2, C3-P3 and C4-P4 have the same structure as C1-P1 in the proposed
model. We use the same activation function, Relu in all convolution layers. The
number of feature maps of C2, C3, C4 are 64,128 and 256 respectively. The kernel
size is 1×5 for C1-C3. Different from C1, C2 and C3, the kernel size is 1×3 for
C4. After C4-P4, we can get 256 feature maps with the size of 8×8. Then, a fully-
connected layer F1 with 1024 nodes is applied to output of C4-P4. Rectified unit
is used as activation function, and dropout is with a probability of 0.75 in F1 to
accelerate convergence and avoid excessive dependency on certain nodes. Finally, a
softmax layer is stacked on the top of the network for the purpose of classification.
For clearly understanding of the data flow of the whole network, we list all layers,
inputs, outputs and kernel sizes in Table 3.2.
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Table 3.2 The parameters of CNN architecture

Layer Layer type Kernel size Stride Output

Input (120,120,32)

C1 convolution (1,5) (1,1) (120,120,32)

P1 max-pooling (2,2) (2,2) (60,60,32)

C2 convolution (1,5) (1,1) (60,60,64)

P2 max-pooling (2,2) (2,2) (30,30,64)

C3 convolution (1,5) (1,1) (30,30,128)

P3 max-pooling (2,2) (2,2) (15,15,256)

C4 convolution (1,3) (1,1) (15,15,256)

P4 max-pooling (2,2) (2,2) (8,8,256)

F1 full-connected 1024

Output softmax 3

3.6 LSTM for Solar Radio Spectrum Classification

All above models [2, 11, 12, 18] are static models, treating a spectrum as a spatial
image. In fact, a spectrum describes the change of solar radio radiation at each
frequency channel along with time. In [12], we made the first attempt to establish
a multi-modal learning model, composed of an AE and a structured regularization
term, where each frequency channel of a spectrum is regarded as a modality, so
a spectrum is composed of multiple modalities. In low layers of the network,
each modality was trained independently using an AE network. Meanwhile, all
modalities were interacted through a structured regularization term. Then, two full-
connected layers were stacked on the top of these AE layers. Finally, a softmax layer
was stacked on the top of all hidden layers. Taking each column of a spectrum as
one input, a spectrum then can be treated as a time series. Therefore, LSTM [19]–
[20] was employed to further explore correlations among columns of a spectrum,
resulting in better representation of spectrum, and correspondingly, better accuracy
of spectrum classification.

The architecture of the proposed LSTM model for spectrum classification is
illustrated in Fig. 3.9, where (x1, x2, · · · , xT ) is a time series consisting of the
columns of a spectrum. As mentioned above, a spectrum can be treated as a time
series. Thus, LSTM has advantage beyond static model to process spectrums.

A LSTM model consists of input layer, LSTM layer and softmax layer. In input
layer, the vectors (x1, x2, · · · , xT ) are given by the columns of a spectrum. They are
fed into the LSTM cells one by one in order. Each LSTM cell treats inputs according
to (2.3)–(2.5). The recurrent concept of a LSTM network means that each LSTM
cell does not output immediately responding to current input, while keeps silent
until its time slot comes. The time slot is scheduled by time step which is given
empirically. Then, a softmax layer is stacked upon the LSTM layer. It takes the
LSTM output as the input, and outputs the spectrum type. In our case, the input is
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Fig. 3.9 Architecture of the proposed LSTM for spectrum classification

the size of 120×120. The time step is 120 so that each input spectrum has an output
to the softmax layer.

LSTM has many variants, such as LSTM adding peephole connection [21], the
Gated Recurrent Unit (GRU) [22]. In [23, 24], readers can find more about these
LSTM variants. In this work, the initial one in [25] is used. The structure of a basic
LSTM cell is illustrated in Fig. 2.4. In a LSTM cell, a memory block is provided
to store the current status of the network so that this status can be kept for the next
time step. By this way, the LSTM layer can explore interactions and correlations
of a sequential input x1, x2, · · · , xT . Assumed fLR(·) is the mapping function of a
LSTM module, hT represents the hidden state of a LSTM cell at the time T , the
output of a LSTM layer is represented by

hT = fLR(x1, x2, · · · , xT ), (3.10)

where {xi, i = 1, . . . , T } consists of a spectrum, the subscript i gives the time
index. The LSTM unit fLR is applied to {xi, i = 1, . . . , T } to give an output
hT . Through (3.10), the highly compressed representation of a spectrum can be
learnt. Afterwards, this representation is fed into a softmax layer, where a classifier
is trained by supervised learning for classification. Assumed L̂ is the output of the
classifier, ϕ[·] is the function of classification, then the whole process of spectrum
classification can be described by

L̂ = ϕ[fLR(x1, x2, · · · , xT )] (3.11)



34 3 Deep Learning in Solar Image Classification Tasks

For the task of spectrum classification, a softmax layer is stacked on the top of
the LSTM layer, which is defined as

sof tmax(zi) = exp(zi)∑
j exp(zi)

. (3.12)

The output of LSTM layer hT firstly goes through a full connected network with 3
outputs as demonstrated in Fig. 3.9. This process can be described by

z = WshT + bs, (3.13)

where Ws and bs are the weights and bias of the fully connected layer connecting
LSTM cell and softmax function. Then, z is fed into the softmax function (3.12)
to output the probabilities of z belonging to the given three classes. This process is
demonstrated in Fig. 3.10, where the input is a vector which dimension is dependent
on the number of classes, the output must be less than 1 so that it can be the
probability value.

Fig. 3.10 Illustration of softmax layer for classification
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3.7 Model Evaluation and Analysis

3.7.1 Database

The statistics indicate that the solar burst is very rare among all captured data. We
have recorded millions of microwaves in total from 1995 to the end of 2001 by the
SBRS [1]. However, only hundreds of them are “burst” as shown in Table 3.3.

With the aid of expertise of solar astronomy, 8816 spectrums were labelled to
form a database. We firstly labeled spectrums into six categories (0: no burst or hard
to identify, 1: weak burst, 2: moderate burst, 3: large burst, 4: data with interference,
5: calibration). Table 3.4 gives the number of spectrums for each type in the
database. However, each category has insufficient samples, so we combine three
burst types (1, 2, 3) into one category. Thus, there are three categories: “burst”, “non-
burst”, and “calibration” in the database. Table 3.5 gives the number of spectrums of
each category. A spectrum of “burst” at least contains a detectable solar radio burst
during its lifetime, while a spectrum of “non-burst” has no identifiable burst during
its lifetime. The “calibration” spectrum usually contains a step calibration signal. It
is much easy to identified.

An original spectrum is of the size 120 × 2520. The horizontal axis is time,
and the vertical axis is frequency. After pre-processing, new spectrum is of the size
120 × 120.

3.7.2 Evaluation Metrics

For evaluating a classifier, many evaluation indexes/metrics have provided, e.g.,
accuracy, error rate, precision and recall. They are defined on the basis of the
following four basic terms.

Table 3.3 The statistics of solar radio bursts of SBRS

Freq. range(GHz) 0.5–1.5 1.0–2.0 2.6–3.8 4.5–7.5 5.2–7.6

Number of bursts 108 526 921 233 550

Table 3.4 The statistics of spectrum types ((0: no burst or hard to identify, 1: weak burst, 2:
moderate burst, 3: large burst, 4: data with interference, 5: calibration))

Categories 0 1 2 3 4 Total

Number of spectrums 6670 618 268 272 570 8816

Table 3.5 The database of spectrums with three classes

Spectrum types Non-burst Burst Calibration Total

Number of spectrums 6670 1158 988 8816
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(i) True positive (TP): if a positive instance is successfully predicted to be a
position class;

(ii) False negative (FN): if a positive instance is wrong predicted to be a negative
class;

(iii) False positive (FP): if a negative instance is predicted to be a positive class;
(iv) True negative (TN): if a negative instance is successfully predicted to be a

negative class.

Over these four terms, the percentage/ratio of TP among all positive instances
(TP+FN) is named true positive rate (TPR), i.e.,

TPR = TP/(TP+FN), (3.14)

representing how much percent of positive instances which are successfully
retrieved (correctly classified into positive class) within all positive instances.
Similarly, false positive rate (FPR) is defined as

FPR = FP/(FP+TN), (3.15)

indicating how much percent of negative instances which are wrong decided as
positive instances within negative instance category. Let P and N represent the
number of positive instance and negative instance, respectively. Accuracy index is
defined as

Accuracy = (TP+TN)/(P+N), (3.16)

precision or precision ratio is defined as

Precision = TP/(TP+FP), (3.17)

recall or recall ration is defined as

Recall = TP/(TP+FN) = TP/P = sensitive. (3.18)

From definitions above, accuracy give the percentage of instances successfully
classified in all instances (P+N is the total number of instances). The numerator is
composed of all instances classified correctly, no matter positive instance or negative
instance, while the denominator consists of all instances.

3.7.3 Model Evaluation

For evaluating a model, the database is split into two parts, training set and testing
set. For training, 800 “burst”, 800 “non-burst” and 800 “calibration” are randomly
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selected each time from the database to form a training set. A classifier is trained
on this training set with the input of spectrums and their labels. The rest of database
conforms the testing set. To efficiently assess the proposed LSTM model, we
compare it with the previous DBN model [2], CNN model [18], multimodality
model [11, 12]. It is also compared with a traditional model of PCA+SVM [2].
The codec and database used in this work can be accessed via https://github.com/
filterbank/spectrumcls.

For fair comparison, we follow the evaluation indexes in the benchmarks [2,
11, 12, 18], TPR and FPR indexes as defined in (3.14) and (3.15) for evaluating
the proposed LSTM model. The larger TPR and smaller FPR represents the better
classifier.

In our case, we have three types of spectrums, so TPR and FPR are computed
independently for each type. In addition, an interclass imbalance concerns our
case, where there is only a small percentage of “burst” samples. For an interclass
imbalance problem, the TRP and FPR indexes are better than the accuracy index for
describing the performance of classification. There are two reasons for the short of
“burst” samples. The one is that solar burst events are sparse among all recorded
data. The other is that manually labelling is very difficult and time consuming.

After several rounds of training and testing, the statistics of TPR and FPR are
listed in Table 3.6. Analyzing from Table 3.6, all of the five models on deep learning
perform well on spectrum classification, while the method of PCA&SVM which
was doable for general image fails on solar radio spectrum. For “calibration” type,
all deep learning models achieve good performance. The TPR of all models is
around 95%, which means 95% data is classified correctly. The FPR of all models
is very small, less than 3.2%, which means only 3.2% of other types of data are
wrongly classified into “calibration”. For “burst” type, the proposed LSTM model
achieves the highest TPR up to 85.4%, means 85.4% of “burst” data are correctly
identified by the LSTM model. For “burst” type, the FPR of the LSMT model is
6.7%. It indicates that 6.7% of other types of spectrums are wrongly classified into
“burst”. From the definition of FPR, the smaller the FPR is given, the better the
performance is achieved. Thus, the LSTM model is the best among all compared
models regarding FPR. For “non-burst” type, the LSTM is the best among all
compared models with respect to TPR. Comparing “burst” and “non-burst”, both
better TPR and FPR (larger TPR and smaller FPR) are for “non-burst”. The reason
is that “non-burst” has much simpler image pattern than “burst” as shown in Fig. 3.1.
Thus, it is easier identified than “burst”.

The gain of the proposed LSTM model may contribute to two aspects. First, a
spectrum is reorganized into a time series so that its inner structure is exploited
for classification. Second, the LSTM module can efficiently learn the relations and
interactions of a time series to generate more representative features of a spectrum.

https://github.com/filterbank/spectrumcls
https://github.com/filterbank/spectrumcls
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Chapter 4
Deep Learning in Solar Object Detection
Tasks

Abstract Solar observation provides us abundant solar images containing plentiful
information about solar activities. Especially, solar instruments onboard satellite
continuously record high-resolution and high-cadence full-disk solar images. These
images are used for solar activity forecasting and statistical analysis. Usually, it is
required to mine key information from full-disk images firstly. Then, over extracted
information, one can establish classification, recognition or forecasting models by
using machine learning or deep learning. In a full-disk solar image, active region,
filament, coronal hole and sunspot are the objects carrying major information about
solar activities. In computer vision, object detection is one of the most classical
tasks, which has been well investigated. In this chapter, we present two examples of
object detection from solar image, by using well pre-trained deep learning models
in computer vision.

Keywords Active region (AR) · Object detection · Regional convolutional neural
network (R-CNN) · Region proposal network (RPN)

4.1 Active Region (AR) Detection

Solar eruptive events would affect the radio communication, Global Positioning
Systems, and some high-tech equipments in both space and ground. Active regions
on the Sun are the main source regions of solar eruptive events. Therefore,
the automatic detection of active regions is important not only for the routine
observation, but also for the solar activity forecast. At present, active regions are
manually extracted or automatically extracted by using traditional image processing
techniques. Since active regions constantly evolve, it’s not easy to design a
suitable feature extractor. In this work, two representative object detection models,
Faster R-CNN and YOLO V3, are employed to learn the characteristics of active
regions, and then establish active region detection models. In addition, pre-trained
models of Faster R-CNN and YOLO V3 are used, and refined over full-disk solar
magnetograms. The experimental results show that both two models achieve high
accuracy of active region detection. In addition, YOLO V3 is 4% and 1% better

© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2022
L. Xu et al., Deep Learning in Solar Astronomy, SpringerBriefs in Computer
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than Faster R-CNN in terms of True Positive (TP) and True Negative (TN) indexes,
respectively, meanwhile the YOLO V3 is 8 times faster than Faster R-CNN.

4.1.1 Active Region (AR)

A solar active region is an area with strong magnetic field on the Sun. It is considered
as the major source region of solar eruptive events. The region frequently breeds
various types of solar activity, including explosive solar bursts, such as solar flares
and coronal mass ejections (CME). Active region has strong magnetic field which
is usually strong enough to inhibit convection, preventing convection transporting
energy from the Sun’s interior to the photosphere. Thus, the temperature of active
region decreases relative to its surrounding, causing cooler plasma which is known
as sunspots. Sunspot is a visual indicator of active region. High-energy phenomena
associated with active region makes this region bright in ultraviolet and X-ray image
of the Sun. Many types of dramatic solar features, such as solar prominences and
coronal loops, frequently appear around active region. In Fig. 4.1, an example of
active region is demonstrated, including AIA 304 Å, AIA 193 Å, AIA 304 Å,
AIA 1700 Å, HMI Magnetogram, HMI 6173 Å and XRT. Figure 4.1a, c, and e

Fig. 4.1 Big solar flare occurring in Sept. 9, 2017 around active regions 12674, 12679. (a) 1700Å.
(b) HMI 6173Å. (c) 193Å. (d) 304Å. (e) HXR. (f) HMI Magnetogram
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demonstrates obvious active region, Fig. 4.1b show an ultraviolet view of coronal
loops in the Sun’s atmosphere above active region. Figure 4.1d shows an intensive
brightening on X-ray image. The solar eruptive events could cause severe space
weather effects, which may affect the safety of satellites, the precision of Global
Positioning Systems and so on. Therefore, it is of great importance in the routine
monitoring and automatic extraction of active regions.

4.1.2 State-of-the-Art of Active Region Detection

Some efforts have been made towards automatically identifying solar active regions.
Benkhalil et al. [1] determined thresholds for active region to get initial seeds
of active regions. The noise is removed by median filtering and morphological
operations. Based on these initial seeds, region growing algorithm is used to
detect active regions. Zhang et al. [2] designed an active region detection system
by using intensity threshold and morphological analysis algorithm. McAteer et
al. [3] combined region growing algorithm and boundary extraction technique
to detect active regions. Caballero and Aranda [4] proposed a two-step method
to detect active regions from full-disk images. In the first step, region growing
algorithm is applied to segment the bright parts in active regions. In the second
step, partition based clustering and hierarchical clustering are used to group
together these bright parts, respectively. The hierarchical clustering method was
recommended because of its good performance. Higgins et al. [5] proposed the
Solar Monitor Active Region Tracking (SMART) algorithm to detect and track
active regions throughout their life time. In this algorithm, quiet Sun and some
transient magnetic features were removed, and then the region-growing technique
were applied to determine active regions. Some magnetic properties of active region
such as region size, magnetic flux emergence rate, non-potentiality measurements
are calculated. Colak and Qahwaji [6] proposed the Automated Solar Activity
Prediction tool (ASAP) to automatically detect, group and classify sunspots.
The intensity threshold, morphological algorithms, region growing algorithms and
neural networks are applied to determine the boundaries of sunspots. Watson et
al. [7] proposed the Sunspot Tracking And Recognition Algorithm (STARA) to
detect and track sunspots from solar white light images. Barra et al. [8] proposed
a fuzzy clustering algorithm (spatial possibilistic clustering algorithm (SPoCA))
to automatically segment the full-disk solar images into Coronal Holes, Quiet Sun
and Active Regions, respectively. The SPoCA algorithm was improved in [9], and
automatic tracking of active regions was further developed. The performances of
SMART, ASAP, STARA and SPoCA were analyzed and compared in [10]. They
found that ASAP tends to detect very small sunspots while STARA has a higher
threshold for sunspot detection, and SMART and SPoCA detect more regions than
the National Oceanic and Atmospheric Administration (NOAA). The proposed
detection methods mainly based on intensity threshold, morphological operations,
region growing algorithms and clustering methods. In these methods, pre-defined
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Table 4.1 Related work

Algorithms

Related work Threshold Morphology Region growing Clustering Deep learning

[1] � �
[2] � �
[3] �
[4] � �
[5] �
[6] � � �
[8] �
Our �

parameters should be determined [11]. However, it is not easy to set optimal
parameters.

Deep learning algorithm can automatically extract the distinguishing features
and realize end-to-end objective detection. So far, deep learning algorithm has
not been applied to detect solar active regions. Here, faster R-CNN (Regions with
Convolutional Neural Networks) algorithms are used to detect active regions from
full-disk solar images, and it’s performance is compared with the NOAA labeled
active regions.

There have been many works on automatic detection of active regions, including
intensity threshold, morphological operations, region growing algorithms, cluster-
ing methods and the combination of them shown in Table 4.1. However, it is difficult
to determine parameters in these algorithms.

Deep learning method has been proposed to learn a detection model from the
observational data, including R-CNN, Fast R-CNN, Faster R-CNN and more new
algorithms. There are three steps to generate a R-CNN detector. In first step, region
proposals are generated. And then, a CNN is trained to classify these proposal
regions. Finally, the bounding boxes of the proposal regions are refined. Unlike
the R-CNN algorithm, fast R-CNN algorithm maps CNN features corresponding to
generated region proposals, hence, the fast R-CNN detector is more efficient than
the R-CNN detector. In Faster R-CNN detector, region proposal network (RPN)
is used to generate region proposals. RPN is faster and better than the proposed
generation method of region proposals. In this paper, we implement a deep learning
based active region detection model for the first time.

4.1.3 Deep Learning Based Object Detection

Object detection is one of fundamental problem in computer vision. Before deep
learning, it already has been widely investigated. In [12], a histogram of oriented
gradients (HOG) detector was raised under the principle that the appearance
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and shape of the target object can be well described by the directional density
distribution of the gradient or edge in an image. In addition, it is designed to be
computed on a dense grid of uniformly spaced cells and use overlapping local
contrast normalization (on “blocks”) for handling the feature invariance (including
translation, scale, illumination, etc.) and the nonlinearity (on discriminating differ-
ent objects categories). In [13], a deformable part-based model (DPM) was raised
for solving the multi-scale problem in HOG, which was the winners of VOC-07, 08
and 09 detection challenges. A typical DPM detector consists of a root-filter and a
number of part-filters. Instead of manually specifying the configurations of the part
filters (e.g., size and location), a weakly supervised learning method is developed
in DPM where all configurations of part filters can be learned automatically as
latent variables. As a method of hand-crafted features, DPM cannot go beyond
deep learning methods characterized by automatic feature learning with respect to
detection accuracy and computing complexity although there were many tricks for
augmenting DPM.

The earliest deep learning based algorithm was a two-stage detector, namely
R-CNN (regional convolutional neural network) [14]. In Fig. 4.2, the architecture
of R-CNN is illustrated. It starts with the extraction of a set of object proposals
by selective search, around 2000 bottom-up proposals. Then, these proposals are
rescaled to a uniform size, and fed into a CNN model pre-trained on ImageNet to
extract features. Finally, a SVM classifier is stacked on the top of feature extractor
to predict the presence of an object within each region and to recognize object
categories. R-CNN achieved a significant performance boost on VOC07, with a
large improvement of mean average precision (mAP) from 33.7% (DPM-v5) to
58.5%. Its drawback lies in the redundant feature computations on a large number
of overlapped proposals, leading to an extremely slow detection speed. SPPNet
[15] was proposed to overcome this problem, which enables a CNN to generate a
fixed-length representation regardless of the size of image/region of interest without
rescaling it. In SPPNet, feature maps are computed from the entire image only
once, and then fixed length representations of arbitrary regions can be generated
for training the detectors, which avoids repeatedly computing the convolutional
features.

By computing feature maps of an entire image only once, SPPNet achieved
more than 20 times faster than R-CNN without sacrificing any detection accuracy.

Fig. 4.2 Flowchart of R-CNN
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However, it is still multi-stage, and only fine-tuning its fully connected layers while
simply ignoring all previous layers. Thus, Fast R-CNN [16] was later proposed
for solving these problems. It enables us to simultaneously train a detector and a
bounding box regressor under the same network configurations. In Fast R-CNN,
RoI layer extracts multiple regions of interest (RoIs) and sent the feature into a fully
convolutional network. Each RoI is pooled into a fixed-size feature map and then
mapped to a feature vector by fully connected layers (FCs). The network has two
output vectors per RoI, softmax probabilities and per-class bounding-box regression
offsets. The most remarkable feature of Fast R-CNN is an end-to-end architecture,
which integrating the advantages of R-CNN and SPPNet, increasing the mAP from
58.5% (R-CNN) to 70.0% over VOC07 dataset, accelerating detection speed over
200 times faster than R-CNN. However, its detection speed is still limited by the
proposal detection until the proposal of Faster R-CNN [17]. Faster R-CNN was
towards real-rime object detection with a region proposal network (RPN) which
takes feature maps as input and outputs a set of rectangular object proposals each of
which has an objectness score and a bounding box.

The main contribution of Faster R-CNN is the introduction of RPN that enables
nearly cost-free region proposals. From R-CNN to Faster R-CNN, most individual
blocks of an object detection system, e.g., proposal detection, feature extraction,
bounding box regression, etc., have been gradually integrated into a unified, end-to-
end learning framework.

To further reduce computation redundancy at subsequent detection stage, a
variety of improvements have been proposed, such as RFCN [18] and Light head
R-CNN [19].

The series of R-CNNs is typical a two-stage algorithm, consisting of proposals
and classification/regression stages. The algorithm of YOLO [20] is an one-stage
algorithm. It splits the input image into an S × S grid. If the center of an object
falls into a grid cell, that grid cell is responsible for detecting that object. Each
grid cell predicts B bounding boxes and confidence scores for those boxes. These
confidence scores reflect how confident the model is that the box contains an object
and also how accurate it thinks the box is that it predicts. Each bounding box consists
of 5 predictions, x, y,w, h, and confidence. The (x, y) coordinates represent the
center of the box relative to the bounds of the grid cell. The width and height are
predicted relative to the whole image. Finally, the confidence prediction represents
the IoU between the predicted box and any ground truth box. YOLO [20] is the
first one-stage detector in deep learning era. YOLO has greatly improved detection
speed, However, it suffers from a drop of the localization accuracy compared with
two-stage detectors, especially for some small objects. YOLO’s subsequent versions
[21, 22] and the latter proposed SSD [23] has paid more attention to this problem.

The SSD approach is based on a feed-forward convolutional network that
produces a fixed-size collection of bounding boxes and scores for the presence
of object class instances in those boxes, followed by a non-maximum suppression
step to produce the final detections. The model loss is a weighted sum between
localization loss (e.g. Smooth L1) and confidence loss (e.g. Softmax). The main
contribution of SSD is the introduction of the multi-reference and multi-resolution
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detection techniques, which significantly improves the detection accuracy of a one-
stage detector, especially for some small objects.

In one-stage algorithm, the extreme foreground-background class imbalance
would be encountered during training of dense detectors. To this end, a new loss
function named “focal loss” has been introduced in RetinaNet [24] by reshaping
the standard cross entropy loss so that detector will highlight on hard, misclassified
examples during training. RetinaNet is a single, unified network composed of a
backbone network and two task-specific subnetworks. The backbone is responsible
for computing a convolutional feature map over an entire input image and is an
off-the-self convolutional network. The first subnet performs convolutional object
classification on the backbone’s output; the second subnet performs convolutional
bounding box regression. The network design is intentionally simple, which enables
this work to focus on a novel focal loss function that eliminates the accuracy gap
between our one-stage detector and state-of-the-art two-stage detectors like Faster
R-CNN with RPN while running at faster speeds. Focal Loss enables the one-stage
detectors to achieve comparable accuracy of two-stage detectors while maintaining
very high detection speed.

4.1.4 Our Proposal of Active Region Detection

Traditional object detection techniques include 3 major steps:

(1) Region proposal generation. A large number of region proposals are generated
by Selective Search algorithm [25].

(2) Feature extraction. Some feature extractors are applied to get a fixed-length
feature vector, for example, Hog or SIFT [26, 27].

(3) Classification. Based on the fixed-length feature vector, classification model can
be learned to judge whether the region proposal is the object.

The feature extraction is the key of the success of object detection. In traditional
object detection methods, it’s difficult to design a feature extractor for a specific
task. In deep learning based methods, convolutional neural network (CNN) is used
to extract image features. For example, region-based convolutional neural network
(R-CNN) uses selective search to prepare regional proposals. Then, scaling all
proposals to the same size, CNN is employed to extract image features of proposals,
followed by a classifier and a regressor to classify object and background, and
compute coordinates of an object respectively. To further speed up object detection,
Fast R-CNN was further optimized to get an end-to-end network, namely Faster R-
CNN, by employing region proposal network (RPN) to replace selective search to
generate region proposals, saving computing time dramatically.
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Fig. 4.3 Flowchart of Faster R-CNN

As shown in Fig. 4.3, Faster R-CNN is composed of 3 components [28]:

(1) A pre-trained CNN (VGG-16 [29]) is used to extract image features from solar
full-disk magnetograms;

(2) RPN is performed over feature maps derived from the first step to generate
object proposals;

(3) A classifier and a regressor are trained to classify object and background, and
derive coordinates of each object.

The feature extractor can be a pre-trained CNN, e.g., VGG-16 which includes 16
layers of convolution layers and pooling layers. Convolution layers are responsible
for feature extraction, while pooling layers are used to reduce feature dimension.
In our implementation, full-disk image is first resized to 1024×1024. An image of
dimension 1024×1024 is then reduced to a feature map of 64×64 through feature
extractor. Furthermore, a RPN is trained to generate object proposals to replace time
consuming selective search module in R-CNN and Fast-R-CNN.

To train a RPN, labelled samples are needed. The positive class means the
concerned anchor contains an object, while the negative class means the concerned
anchor is the background. Intersection over Union (IoU) is defined to be the ratio
of area of overlapped region between object proposal and ground truth relative to
current whole union. The proposal object which has an IoU overlap higher than 0.7
with a ground-truth box is considered as a positive sample, while the proposal object
which has an IoU overlap less than 0.3 with a ground-truth box is considered as a
negative sample. To augment dataset, random transforming is used to generate more
samples to reduce the risk of over-fitting. After getting regional proposals through
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RPN, the RoI pooling layer is implemented to get uniform-sized regional proposals.
And then, the softmax classifier and the bounding box regressor are trained to
determine the class of regional proposal (object or background) and its bounding
box.

4.1.5 Performance Evaluation

The Helioseismic and Magnetic Imager (HMI) onboard the Solar Dynamics Obser-
vatory (SDO) provides the routine full-disk magnetic observation of the Sun. The
National Oceanic and Atmospheric Administration (NOAA) maintains an active
region list. It detects active regions manually or automatically everyday, and gives
each of them in chronological order.

We got solar full-disk magnetograms and corresponding active region summary
from the Joint Science Operations Center (JSOC)1 and Space Weather Prediction
Center of National Oceanic (SWPC) and Atmospheric Administration (NOAA).2

There are 4645 full-disk magnetograms with time interval of 24 h from 2010
to 2017. A database of active region is established over these magnetograms and
corresponding active region information. This database is split into training set and
testing set, the former contains 4073 samples from 2010 to 2015, while the later
includes remaining samples from 2016 to 2017.

The proposed solar active region detection model is optimized using the SGD
algorithm with momentum = 0.9, batch size of 4, maximum epoch of 100. The
initial learning rate is 0.001 and then is divided by 10 after every 6 epochs.

Figure 4.4 shows an example of successful active region detection, where 4
active regions (recorded on Aug. 26, 2016) are successfully detected. However,
our model may miss some active regions sometimes, as shown in Fig. 4.5 where
a magnetogram was recorded on Mar. 30, 2017. The TP rate is 90%, which means
that 10% active regions would be missed. Usually, the small active regions or the
active regions around the edge of solar disk are more likely to be missed. Because
active regions around solar disk edge are influenced by the projection effect of the
Sun. Besides, our model may falsely judge some quiet regions as active regions, as
shown in Fig. 4.6 where a magnetogram was recorded in May 4, 2016. The TN rate
is 98%, which means that only 2% quiet regions could be falsely detected.

1 http://jsoc.stanford.edu/ajax/lookdata.html.
2 https://www.swpc.noaa.gov/products/solar-region-summary.
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Fig. 4.4 Successful active
region detection

Fig. 4.5 Missing active
region
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Fig. 4.6 False detection of
active region

4.1.6 Conclusions

An active region detection dataset is build over SDO/HMI magnetograms from 2010
to 2017. The dataset consists of solar full-disk magnetograms, active region and
quiet region proposals which are positive and negative samples respectively, and
bounding boxes of active regions. Over the established dataset, a Faster R-CNN
model for active region detection is trained. The performance evaluation indicates
that 10% active regions are missed, while, 2% quiet regions are falsely detected
as active regions, demonstrating good performance of our proposed active region
detection model. However, there are still some problems concerning small active
region or active region around the edge of solar disk. Further optimization could be
done by specially treating small active regions and active regions influenced by the
projection effect around the edge of solar disk.

4.2 EUVWaves Detection

4.2.1 EUV Waves

Coronal “EUV waves” appear as EUV bright fronts propagating across a significant
part of solar disk. For example, [30] once reported a large-scale wave, with bright
fronts followed by extending dimmings, and propagating out from a flaring site.
Although this phenomenon has been widely studied with the high spatio-temporal
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observation of SOHO/EIT and SDO/AIA, its interpretation (or physical principle),
is still uncertain in the community. One branch still follows the wave interpretation,
treating EUV waves as slow-mode waves [31], slow-mode solitons (e.g., [32]), or
shock waves more generally. For more details, one can consult the review paper [33].
The other branch no longer holds the view of waves, treating EUV waves as pseudo-
waves which are caused by coronal magnetic-field reconfiguration during corona
mass ejection (CME), where EUV wave brightenings possibly result from stretching
of magnetic-field lines [34], Joule heating in a current shell [35], or continuous
small-scale reconnection [36].

There has been a growth of strong evidence to suggest that EUV waves are
closely related to CMEs, rather than flares [37, 38]. In addition, CMEs are preceded
by EUV waves. Thus, by detecting EUV waves as they traverse solar disk, we
can early knows CMEs before coronagraph. In [39], we investigated EUV waves
detection from SDO/AIA image by using deep learning. In addition, a model was
trained to extract outlines of EUV waves, namely wavefronts of EUV waves. With
outlines of EUV waves, attributes (physical and topological parameters) of CMEs,
like initial/final velocity, accelerated velocity, area and angular can be deduced
easily. Further, CME can be early predicted before coronagraph. The proposed
model consists of a detection network to detect EUV waves and a GAN network
to outline wavefronts of EUV waves.

4.2.2 Detection Network for EUV Waves

The existing classical detection networks include R-CNN [14], Fast R-CNN [16],
Faster R-CNN [17] and Mask-RCNN [40]. They treat object detection as a
classification task. For detecting an object, many candidate region proposals are
firstly catered for checking. These region proposals are extracted from different
position and with different patch size. Then, a binary classifier is trained on the
correspondences between region proposals and ground-truth, where the correspon-
dence indicates whether a region proposal is the target. The region proposal with the
best matching between itself and ground-truth is the target. Compared to the former
networks [14–16], Faster R-CNN is more computationally efficient due to the usage
of Region Proposal Networks(RPN) [17], so it is chosen for building our EUV wave
detection network.

The proposed detection network is illustrated in Fig. 4.7. It consists of a
convolution module for extracting features, a RPN module for determining the best
region proposal, a Region of Interest (RoI) pooling [15] module, a classifier and
a regressor. To generate region proposals, we slide a small network over the final
convolutional feature map. This network is fully connected to an n × n spatial
window of the input convolutional feature map. Each window is converted to a
vector, and fed into two sibling fully-connected layers, namely a box-regression
layer (denoted by “reg”) and a box-classification layer (denoted by “cls”). At each
sliding window location, we extract k region proposals with different scales and
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Fig. 4.7 EUV waves detection network

aspect ratio. The “reg” can locate each region proposal, outputting its top-left and
lower-right coordinates, while “cls” discriminates the foreground from background.
Thus, the “reg” and “cls” have 4k and 2k outputs, respectively, as shown in Fig. 3.9.
Each region proposal is named an anchor. Here, we use 5 scales and 3 aspect ratios,
yielding k = 15 anchors at each sliding position. For a W ×H convolutional feature
map, there are W × H × k anchors in total.

Given an image, we firstly use a pre-trained network (CONV), e.g., VGGNet
[41] and ResNet [29], to extract image features. The pre-trained VGGNet and
ResNet were provided for downloading via GitHub, e.g., [42]. Then, the RPN is
stacked on the CONV to generate region proposals. In both R-CNN [14] and Fast
R-CNN [16], selective search algorithm [25] is used to generate region proposals.
It is implemented by CPU outside of neural network, resulting in very high
computational complexity. As the RPN illustrated in Fig. 4.8 is used instead of
selective search algorithm in Faster R-CNN, region proposals are generated in an
end-to-end system. In addition, they share the same feature maps with the detection
network, without overhead computing. Thus, Faster R-CNN is 10 times faster than
Fast R-CNN for inference.

For training the RPN, a binary class label (of being a CME or not) is assigned to
each anchor. If an anchor has an Intersection-over-Union (IoU) overlap higher than
0.7 relative to any one of the ground-truths, a positive label is assigned. While a
negative label is assigned to an anchor whose IoU overlap is lower than 0.3 relative
to all ground-truths. Then we can get our loss function for an image

L(pi, ti ) = 1

Ncls

∑

i

Lcls(pi, p
∗
i ) + λ

1

Nreg

∑

i

p∗
i Lreg(ti, t

∗
i ), (4.1)

where i is an index of an anchor in a mini-batch and pi is the predicted probability
of the i-th anchor being an object (CME). The ground-truth label p∗

i expresses
the anchor is positive (p∗

i = 1) or negative (p∗
i = 0). ti is the coordinates of

the predicted bounding box, t∗i is that of the ground-truth box associated with a
positive anchor. Lcls is log loss over two classes (object and non-object). Lreg
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Fig. 4.8 Region Proposal Network (RPN)

constrains the predicted boxes’s coordinates close to the ground-truth boxes. Ncls
and Nreg are normalization factors which set to mini-batch size and the number of
anchor locations. λ is set to 10, which will be further discussed in the following
experiments.

Observing Fig. 3.9a, after region proposals are generated through the RPN, they
go through the RoI pooling so that each region proposal has the same dimension.
At last, these vectors of same dimension are fed into a classifier and a regressor,
which output two vectors per RoI, softmax probabilities and per-class bounding-box
regression offsets. We follow the Faster R-CNN, using a multi-task loss consisting
of classification and regression.

4.2.3 Network of EUV Wave Outlining

After detecting EUV waves given by a rectangular region, we further draw outlines
of EUV waves for better identifying its origin, propagation direction/speed and
area. For this purpose, we employe pix2pix GAN to generate outlines of EUV
waves automatically. Pix2pix GAN is a conditional GAN, consisting of a generator
(G) and a discriminator (D). The generator is trained to forge “fakes” that cannot
be distinguished from “real” by the discriminator. This training procedure is
diagrammed in Fig. 4.9, where x, G(x) and y are input image, generated image
(“fake”) and labeled image (“real”), respectively. For training model, we manually
labeled EUV waves (“y”) as demonstrated in Fig. 4.9.



4.2 EUV Waves Detection 55

Fig. 4.9 Outlining wavefronts of detected EUV waves using pix2pix GAN

For training EUV waves outlining network, the following three processes are
implemented iteratively until satisfying end condition or maximum iteration. Here,
“x” represents an image patch containing EUV wave detected from the above
detection network, “y” is the ground-truth which was drawn manually.

(i) Input an image patch (detected EUV wave in the first step) to G, and get an
output G(x);

(ii) Use (x,G(x)): “fake” and {x, y}: “real” pairs to train the discriminator D;
(iii) Use (x,G(x)) to train the generator G while fixing the discriminator D, and

return loss;
(iv) Go to step (i).

In training stage, the goal of G is to gorge images as real as possible relative to
ground-truth, so that D can be deceived. D tries its best to distinguish the forged
G(x) from “real” ones. Thus, G and D composes a two-player zero-sum game as
described in (2.7). For our task, G is required to generate images with not only
contour style but also close to ground-truth. Thus, beyond traditional cGAN, loss
function of our model is defined as

G∗ = arg min
G

max
D

LcGAN(G,D) + LL1(G), (4.2)

where LL1(G) = Ex,y,z[‖y − G(x, z)‖1].
After above two steps, we can finally describe EUV waves by simple outlines.

Providing the sequence of outlines, we can more easily make inference about
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evolution/propagation of the EUV wave. Then, we can deduce initial/final velocity,
accelerated velocity, area and main angular of a CME around its origin, character-
izing a CME as the CDAW SOHO/LASCO CME catalog [43, 44].

4.2.4 Performance Evaluation

For probing origin of a CME and diagnosing its source-region, our studies were
performed on SDO/AIA observation as CMEs preceded by EUV waves traverse
solar disk. The testing conditions: Python, PyTorch deep learning package, Nvidia
Geforch GTX780 GPU card. The databases and codes used in this work can be
accessed via https://github.com/filterbank/EUVwaves.

We gathered 29 video sequences of X-ray flares from March 2011 to March
2015. For each video sequence, difference of each frame relative to the first frame
was computed, resulting in better exhibition of a flare. First, a Faster R-CNN was
trained for EUV waves detection, where ground-truth was provided by a bounding
box deduced from the coordinates of active region. The stochastic gradient descent
with the momentum of 0.9 was employed, with initial learning rate of 0.001, and
declining by 0.1 after about 6 epochs. After EUV waves detection, we labelled
wavefronts of EUV waves manually as ground-truth for training EUV waves
outlining network. A pix2pix GAN was taken for EUV waves outlining as illustrated
in Fig. 4.9, where “y” represents ground-truth, “x” denotes EUV waves detected by
the Faster R-CNN in the first step.

After above two steps, outlines of EUV waves can be obtained successfully, as
illustrated in Fig. 4.10, which can describe a CME around its origin more clearly.
In addition, automatic outlining EUV waves can provide contours of EUV waves,
which makes computing parameters of a CME easier.

Fig. 4.10 EUV wave outlines generated by the proposed EUV wave outlining network (The first
row shows EUV wave detection results; the middle row gives EUV wave outlines generated from
the first row by the proposed EUV wave outlining model, and the last row lists ground-truth labelled
manually)

https://github.com/filterbank/EUVwaves
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Chapter 5
Deep Learning in Solar Image
Generation Tasks

Abstract It has been witnessed that deep learning has been applied to classification
in previous chapters. In fact, deep learning also demonstrated great ability of image
generation which is more challenging than classification. In this chapter, several
applications of deep learning in solar image enhancement, reconstruction and
processing are presented, including image deconvolution of solar radioheliograph,
desaturation of solar imaging, generating magnetogram, image super-resolution.
These tasks are all concerned with image generation, by employing generative
neural networks. As a representative of generative networks, GAN was widely
exploited in image generation tasks. It can generate high fidelity and photo-realistic
content mainly owning to an adversarial loss.

Keywords Image deconvolution · Aperture synthesis · Image generation ·
Magnetogram

5.1 Image Deconvolution of Solar Radioheliograph

For a single-dish antenna, its spatial resolution is determined by the dish diameter.
It is difficult to construct a large single-dish antenna, so its spatial resolution can
not be large. With aperture synthesis (AS) technique, a group of small antennas
are assembled to form a large telescope with the spatial resolution given by the
distance of two farthest antennas instead of the diameter of a single dish. Different
from direct imaging system, an AS telescope captures the Fourier coefficients of
a spatial image, and then implement inverse Fourier transform to reconstruct the
spatial image. In practice, limited by the number of antennas, Fourier coefficients
are extremely sparse, resulting in blur image. To remove/reduce blur, “CLEAN”
deconvolution was developed. However, it was initially designed for point source.
For extended source, like the sun, its efficiency is compromised. Inspired by the
success of deep learning in image generation, a deep network based on GAN was
proposed for solar image deconvolution. It was trained on the pair of original image
and degraded one. After multiple rounds of “fighting” between a discriminator and
a generator, a powerful generator can be acquired finally for image deconvolution.
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L. Xu et al., Deep Learning in Solar Astronomy, SpringerBriefs in Computer
Science, https://doi.org/10.1007/978-981-19-2746-1_5

59

http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-19-2746-1_5&domain=pdf
https://doi.org/10.1007/978-981-19-2746-1_5


60 5 Deep Learning in Solar Image Generation Tasks

5.1.1 Aperture Synthesis Principle

The imaging system of AS is demonstrated in Fig. 5.1, where I (x, y) and V (u, v)

are brightness and visibility functions, corresponding original image in spatial and
frequency domains, respectively. In practice, using AS, only a sparsely sampled
V (u, v), denoted by V D(u, v), can be obtained via

V D(u, v) = V (u, v) × S(u, v), (5.1)

where S(u, v) is a sampling function in frequency domain, corresponding to a dirty
beam (or point spread function (PSF)) denoted by BD(l,m) in spatial domain.
Applying inverse Fourier transform to (5.1), we can get

ID(l,m) = I (l,m) ⊗ BD(l,m), (5.2)

where the symbol “⊗” denotes convolution operator.
From (5.2), an AS telescope only provides dirty image ID(x, y), while original

image I (x, y) is polluted by dirty beam B(x, y). To restore I (x, y) from (5.2),

Fig. 5.1 Imaging principle of Aperture Synthesis
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“CLEAN” deconvolution was raised, it eliminates the effect of dirty beam B(x, y)

from the left side of (5.2) iteratively. The first CLEAN algorithm was proposed by
Högbom, et. al., namely Högbom CLEAN [1]. Its efficiency on point source has
been well acknowledged, e.g., deconvolution for stellar objects. However, it was
unsatisfied for extended source, like the Sun, so a bunch of variants of Högbom
CLEAN were proposed, including multi-resolution CLEAN (MRC), multi-scale
CLEAN and wavelet CLEAN [2, 3].

5.1.2 Proposed Model for Image Deconvolution

The principle of the proposed model for image deconvolution is demonstrated
in Fig. 5.2. The baseline of the proposed model is a cGAN, specifically the
pix2pix network described in [4]. Besides cGAN loss and L1 loss of spatial
domain(LI

L1(G) = Ex,y,z[‖y − G(x, z)‖1]), a new loss, namely perceptual loss
[5], is also introduced additionally as,

LP
L1(G) = Ex,y,z[‖�(y) − �(G(x, z))‖1] (5.3)

where �(·) represents feature extraction given by a pre-trained VGG-16 model [6].
Here, we extract the first four layers of VGG-16 to give �(y) and �(G(x, z)). Thus,
the final objective is

G∗ = arg min
G

max
D

LcGAN(G,D) + λ1LI
L1(G) + λ2LP

L1(G) (5.4)

In our model as shown in Fig. 5.3, the generator is a classical UNet, consist-
ing of multiple layers of convolution and transposed convolution. The encoder
gets compressed representation of the input, while the decoder decompresses
this representation to reconstruct the input. The skip connection combines both
high level semantic information and low level features of an image, benefiting

Fig. 5.2 Framework of image deconvolution network
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Fig. 5.3 Network architecture for AS image deconvolution

image generation tasks. The discriminator is a general convolution neural network
consisting of 5 convolution layers.

Image generation/reconstruction, like image deblurring, denoising and super-
resolution, has been well investigated in the literature [7–10]. Image deconvolution
is a typical image generation problem. Usually, in radio astronomy, it was handled
by CLEAN algorithm [1–3]. Two conditions should be held for the success of the
CLEAN algorithm on image deconvolution. One is that the signal should be point
source, the other is that dirty beam should be exactly known, which means the dirty
beam of actual system and the ideal one are exactly the same. However, in practice,
these two conditions do not hold so that the efficiency of the CLEAN algorithm is
compromised.

5.1.3 Evaluation

To evaluate the proposed model, a database consisting original/clear and dirty image
pairs is firstly established. We collected 41,096 images of 193 Å from Atmospheric
Imaging Assembly (AIA) onboard SDO as ground-truth/clear images. Then, we
apply MUSER-I dirty beam (as shown in Fig. 5.1b) to these clear images, resulting
in corresponding dirty images. For training, validation and testing, the database is
split into 3 parts: 8000 image pairs for validation, 8000 image pairs for testing. The
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full implementation (based on Pytorch) and the trained network can be accessed via
https://github.com/filterbank/solarGAN.

After about 5000 loops, the learnt model can be stable, generating high quality
images as shown in Fig. 5.4, where the left column gives dirty images, the middle
column shows output images after GAN deconvolution, the right column shows
original images. The learnt model can restore image details/structures well, as

(a)

(b)

(c)

Fig. 5.4 Image quality comparison between dirty images (left), deconvolved images (middle) and
original one (right) (SDO/AIA, 193 Å, dirty images are derived from MUSER-I sampling). (a)
2014-09-17, 09:00 (from left to right: dirty, deconvolved and original images). (b) 2017-02-01,
03:48 (from left to right: dirty, deconvolved and original images). (c) 2014-09-17, 09:12 (from left
to right: dirty, deconvolved and original images)

https://github.com/filterbank/solarGAN
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shown in Fig. 5.4b. Compared with dirty image in Fig.5.4a, the reconstructed one
contains more details of an image. We also verify the effectiveness of spatial loss
and perceptual loss as claimed in (5.3) for our task. The peak signal to noise ratio
(PSNR) and structural similarity index measurement (SSIM) [11] on the whole
testing dataset are compared in Table 5.1. It can be observed that the best result is
coming from the combination of cGAN loss, spatial-domain L1 loss and perceptual
L1 loss.

For objective measurement of image quality, PSNR and SSIM are employed
for evaluating the proposed model. PSNR measures the absolute difference of
pixel-to-pixel of two images. SSIM may ignore the pixel-to-pixel difference, while
pays more attention to the similarity of image structure. The PSNR and SSIM
statistics are listed in Table 5.2. From Table 5.2, the remarkable improvements of
image quality can be achieved by the proposed model, where the average PSNR
improvement of 4.97 dB and average SSIM improvement of 5.2% are achieved by
the proposed GAN-based model.

For comparison between the proposed model and traditional Högbom CLEAN,
the dirty image in Fig. 5.4a is processed by Högbom CLEAN. The results of Hög-
bom CLEAN are shown in Fig. 5.5, where Fig. 5.5a and b demonstrate the images
of bright points after Högbom CLEAN of 400 and 4000 iterations, respectively.
Figure 5.5c is the residual image corresponding to Fig. 5.5b. Figure 5.5d gives the
final deconvoluted image which combines the residual image (Fig. 5.5c) and the

Table 5.1 Performance
verification of the proposed
network with different loss
function (bold numbers
indicate the best
performance)

Loss function PSNR SSIM

LcGAN(G,D) + LI
L1 38.0575 0.9561

LcGAN(G,D) + LI
L1 + LP

L1 38.4442 0.9609

LcGAN(G,D) + LI
L2 35.2378 0.9316

LcGAN(G,D) + LI
L2 + LP

L2 37.3543 0.94727

Table 5.2 Performance evaluation of the proposed AS image deconvolution algorithm

PSNR(dB) SSIM(block:8 × 8) SSIM(block:16 × 16)

Test images Deconvolved Dirty Deconvolved Dirty Deconvolved Dirty

2012-08-31 19:48:06UT 43.4474 38.1938 0.9512 0.8965 0.9493 0.8932

2014-09-17 08:48:06UT 43.7925 38.3835 0.9527 0.9004 0.9509 0.8971

2014-09-17 09:00:06UT 43.7546 38.2539 0.9520 0.8975 0.9502 0.8942

2014-09-17 09:12:06UT 42.9609 37.6210 0.9508 0.8887 0.9491 0.8847

2015-05-28 12:48:06UT 43.3054 38.5841 0.9530 0.9028 0.9512 0.8988

2016-05-18 02:00:05UT 43.2166 38.5393 0.9531 0.9020 0.9512 0.8981

2016-05-18 02:12:05UT 43.2083 38.5592 0.9504 0.9014 0.9484 0.8979

2017-02-01 03:48:04UT 43.1904 38.4375 0.9500 0.8987 0.9481 0.8951

2017-02-01 04:00:04UT 44.0610 39.4934 0.9574 0.9174 0.9558 0.9140

2017-09-03 00:48:04UT 44.8305 40.0187 0.9599 0.9252 0.9584 0.9223

Average 43.5768 38.6084 0.9531 0.9031 0.9513 0.8995
Improvement 4.9683 0.0500 0.0517
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(a) (b)

(c) (c)

Fig. 5.5 The reconstructed image by using Högbom CLEAN ((a) and (b) only shows bright points
without quiet solar background; here only grayscale images are processed since Högbom CLEAN
is implemented on grayscale image). (a) Bright points of 400 iterations. (b) Bright points of 4000
iterations. (c) Residual image after 4000 iterations. (d) Final deconvoluted image by Högbom
CLEAN

image of bight points (Fig. 5.5b). From Fig. 5.5, it can be concluded that Högbom
CLEAN can successfully restore bright points in an image, however fail to restore
image details. This conclusion also confirms that Högbom CLEAN is designed for
point source instead of extended source. Comparing Figs. 5.5 and 5.4, the proposed
model is dramatically superior to Högbom CLEAN on restoring image details/fine
structures.
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5.2 Recovery of Over-Exposured Solar Image

Over-exposure may happen for imaging of solar observation in case extremely violet
solar bursts occur, which means that signal intensity goes beyond the dynamic range
of an imaging system, resulting in information loss. Although over-exposure can be
alleviated a little by reducing exposure time in case of flares, it cannot be solved
completely. For example, during solar flare, SDO/AIA [12–15] often records over-
exposed images/videos, resulting in loss of fine structures of solar flare.

For over-exposure region (OER) recovery (or desaturating), an iterative algo-
rithm was introduced in [16] by employing the PRiL approximation [17] and
EM algorithm. It recovered saturated region by referring to normal regions within
an image. Recently, thanks to deep learning, lots of traditional image process-
ing/reconstruction problems got breakthroughs, including image inpainting. Over-
exposure recovery is similar to image inpainting task. The difference between them
is twofold. First, some of the learning based methods, such as [18–21], and [22],
trained their networks with fixed shapes and locations of missing regions, while
over-exposure commonly has irregular shape and random location. Second, despite
some efforts for irregular missing region of image inpainting, such as [23–25]
and [26], they generate visually coherent completion or producing semantically
plausible results, while OER recovery aims to restore missing information with high
fidelity, besides visually plausible.

5.2.1 Proposed Mask-pix2pix Network

To address the aforementioned challenges, a learning-based model, namely mask-
pix2pix network [27], was proposed to recover/complete over-exposure region. The
proposed model is established over pix2pix [28], so it has the form of a GAN,
where the generator and discriminator are an U-net [29] and a PatchGAN [30],
respectively. Different from traditional pix2pix, the proposed model utilizes the
Convolution-SwitchNorm-LReLU/ReLU [31] modules (LReLU for encoder and
ReLU for decoder) rather than the Convolution-BatchNorm-ReLU [32]. The former
(i.e. switchable normalization) can switch between BatchNorm [32], LayerNorm
[33] and InstanceNorm [34] by learning their weights end-to-end. This improvement
boosts the robustness of proposed model. In addition, loss function of the proposed
model contains an adversarial cGAN loss, a masked L1 loss and an edge mask
loss/smoothness. The adversarial cGAN loss can capture the full entropy of
concerned conditional distributions, and thereby produce highly realistic textures.
The masked L1 loss calculates the L1 loss only over OERs, enforcing correctness
at low frequencies which guarantees restoration of high fidelity for OERs. The edge
mask loss is used for smoothing edges of OERs and suppressing edge artifacts in
the final restored image.
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Fig. 5.6 The over-exposure region (OER) database built on the LSDO

In [27], a new database of over-exposure, collecting 13700 images from Large-
scale Solar Dynamics Observatory image database (LSDO) [35], was established
for training model. As shown in Fig. 5.6, ground truth image IA, over-exposure
image IB , binary mask map IC and edge mask map ID are concerned with our
task, recovering the region labeled by IC in IB , while keeping outside of IC

unchanged. Given OER �M and non-OER �M , we can get �M = IB � IC and
�M = IB � (1 − IC), where � is the element-wise product operator. Inspired by
image inpainting, the neural network, GAN, can be employed to retrieve missing
region of IB (i.e., �M ). In a GAN, a generator G is trained on the pairs of ground
truth and degraded ones. Then, the generator is applied to a degraded image to
output a repaired one, i.e., IG = G(IB).

For our task, IG is expected to contain realistic textures as far as possible, i.e.
visually coherent and semantically plausible relative to IA. In addition, IG � IC

has high fidelity relative to corresponding regions in ground truth IA. Moreover,
boundary between OERs and normal regions should transit smoothly to suppress
artificial edges. To achieve these purposes, a mask L1 loss term and a edge mask
loss/smoothness term are additionally introduced in loss function.

In the proposed mask-pix2pix model, the generator employs an U-Net architec-
ture as demonstrated in Fig. 5.7. The 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. The parameters
of each layer is explained in Table 5.3 in detail. In addition, skip connections are
added between encoder and decoder at the same layer as shown in Fig.5.7 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 Fig. 5.7). This
cross-layer connection can reduce sematic gap between the same layers of encoder
and decoder since they are far away in an U-Net structure. The discriminator is a
PatchGAN network, the structure of which is explained in Table 5.4. 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 [31] instead of Convolution-BatchNorm-
ReLU [32] of conventional pix2pix [28] in the proposed model. The former was
proved to be more robust.
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Fig. 5.7 Architecture of the generator

The OERs recovery is an image impainting task, but more concerns fidelity of
reconstructed signal, natural transition between OERs and non-OERs. Therefore, 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 ID , as demonstrated in Fig. 5.6, 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, by referring to (2.7), which is given by

LcGAN(G,D) =EIB ,IA [log D(IB, IA)] + EIB ,z[log(1 − D(IB,G(IB, z)))],
(5.5)

where G and D denote the generator and discriminator, respectively, z represents
Gaussian noise, objective of G is to minimize D(IB,G(IB, z)) so that G(IB, z)

looks more like a real image, while D maximizes D(IB, IA) to distinguish “fake”
and “real” as good as possible. Figure 5.8 illustrates the concept of adversarial
cGAN training, consisting of a generator and a discriminator. In Fig. 5.8, the
discriminator has two missions, checking whether IA and IB are an image pairs
(“real” and “fake”), and whether G(IB) is “real” (or “fake”), while G produces
“fake” images as real as possible to deceive D.

(2) L1 loss of masked region IB � IC relative to IA � IC , for high accuracy of
reconstructed OER, which is defined as:

Lm
1 (G) = E[‖(IA − G(IB)) � IC‖1]. (5.6)
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Table 5.3 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), (2×2×512)

SwitchNorm, ReLU, Dropout

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

SwitchNorm, ReLU, Dropout

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

SwitchNorm, ReLU, Dropout

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

SwitchNorm, ReLU, Dropout

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

SwitchNorm, ReLU

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

SwitchNorm, ReLU

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

SwitchNorm, ReLU

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

Output IG (256×256×1)

Table 5.4 Architecture of the discriminator

Layers Architecture of discriminator Output size

input [IA IB ] or [I∗
G IB ] (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

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

Le
1(G) = E[‖(IA − G(IB)) � ID‖1]. (5.7)
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Fig. 5.8 Training on adversarial cGAN loss

In conclusion, the final optimization objective is given by

G∗ = arg min
G

max
D

LcGAN(G,D) + λ1Lm
1 (G) + λ2Le

1(G), (5.8)

where λ1 and λ2 are the weights for combining the above three loss components.
They are set to 0.1 in our experience.

5.2.2 Evaluations

To verify the proposed mask-pix2pix model, it is implemented by PyTorch on
our raised database, and compared with other state-of-the-art image inpainting
algorithms. In addition, ablation experiments are performed to evaluate each
component of the loss function. We train our model using the Adam optimizer,
where β1 = 0.5, β2 = 0.999, and ε = 10−8. The image resolution is 256×256, and
batch size is 16. The initial learning rate is initialized to 0.0002, and then reduced to
half every 100 epochs.
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5.2.2.1 Database

For model training, a database for over-exposure is built over LSDO [35] which
consists of event records, corresponding images, and some image parameters. Event
records encompass the list of solar events with generated and extracted attributes.
There are four kinds of events, AR, filament, solar flare and sigmoid. For an AR,
bounding box attributes give top-left and bottom-right coordinates of a polygon
enclosing the AR, so corresponding AR can be cropped out from full-disk SDO/AIA
images. The cropped ARs are scaled to the same resolution (512×512), denoted
by IA. Then, imposing a threshold on ARs to produce images with over-exposure,
denoted by IB . From IB , we can extract a mask map, denoted by IC , which is further
dilated by a circular kernel (radius of 3). Final, edge mask map ID accounting for
edge mask loss/smoothness is extracted from IC . Thereby, each sample in database
contains four components: real image IA, over-exposed (fake) image IB , mask map
IC and edge mask map ID .

5.2.2.2 Comparisons with State-of-the-Art Approaches

We compare the proposed mask-pix2pix with a patch-based Planar Structure
Guidance (PSG) [36] and pix2pix [28]. Figure 5.9 shows visual comparisons on
3 samples. It can be found that the proposed mask-pix2pix can generate images
with significant visual quality improvement over two benchmarks, PSG does not
recover OERs sufficiently, pix2pix [28] may underestimate OERs, still leaving over-
exposure OERs after reconstruction. We quantitatively measure their performances
using peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM)
[11]. The PSNR and SSIM are shown below each reconstructed image in Fig. 5.9.
Average PSNR and SSIM are also computed on the whole database (over 1600
samples), listed in Table 5.5. It can be observed that the proposed model outperforms
other two benchmarks significantly, achieving PSNR gain up to 5 dB relative to the
pix2pix [28] and 15 dB relative to the PSG [36].

5.2.2.3 Ablation Studies

To evaluate contribution of each component of loss function, we perform the
following three ablation experiments:

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

(2) adversarial loss and masked L1 loss, i.e. LcGAN(G,D) + λ1Lm
1 (G);

(3) adversarial loss, masked L1 loss and edge mask loss/smoothness, i.e.
LcGAN (G,D) + λ1Lm

1 (G) + λ2Le
1(G).
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Fig. 5.9 Comparisons between the proposed one and two state-of-the-art methods
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Table 5.5 Average PSNR and SSIM comparisons between our model and other two benchmarks
(bold numbers indicate the best performance)

Average Average

Methods Loss functions Modules PSNR SSIM

PSG [36] 24.6219 0.9810

pix2pix [28] LcGAN + λ1L1
a Convolution-BatchNorm-

ReLU
34.7763 0.9891

pix2pix LcGAN + λ1L1
a Convolution-SwitchNorm-

LReLU/ReLU
35.9939 0.9918

mask-pix2pix LcGAN + λ1Lm
1

a Convolution-SwitchNorm-
LReLU/ReLU

37.4334 0.9937

mask-pix2pix LcGAN + λ1Lm
1 + λ2Le

1
b Convolution-SwitchNorm-

LReLU/ReLU
39.6931 0.9985

a λ1 = 0.1.
b λ1 = λ2 = 0.1.

Figure 5.10 illustrates the experimental results of the three experiments. It can
be found that the first ablation experiment fails to estimate accurate intensity and
content of missed region, despite of smooth boundary between OERs and non-
OERs. Benefiting from the proposed masked loss, the second ablation experiment
could well address the problem of the first one, however, it yields artificial edges as
illustrated in the first and third images in Fig. 5.10. Importing edge mask loss Le

1
beyond the second one, the third experiments, namely the proposed one, could well
address the above two problems.

5.3 Generating Magnetogram from EUV Image

Magnetic filed manipulates all of solar activities occurring in solar atmosphere.
Solar bursts, such as flares and CMEs, happening in high solar atmosphere, are
still highly associated with magnetic field of photosphere in low solar atmosphere.
Exploring the relation between magnetic filed of photosphere and EUV observation
of corona is great importance for us to understand the mechanism of solar bursts.

SDO/AIA [37] provides UV and EUV observatories of solar chromosphere and
corona. It can present rich solar activities of chromosphere and corona. SDO/HMI
can measure photospheric magnetic fields. Galvez et al. [38] pointed that the
mapping between HMI and AIA from physical mechanism. Kim et al. [39] thought
of this mapping as an image-to-image translation, generating farside magnetograms
from STEREO [40] EUV 304 Å observatories by using pix2pix network [41]. The
model of [39] can provide the entire evolution of an active region from the farside
to the frontside of the Sun.

We reproduced Kim’s algorithm, and compared SDO/HMI magnetograms and
generated magnetograms in Fig. 5.11. It can be observed that the model successfully
generates frontside magnetograms from SDO/AIA 304 Å images. The generated
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Fig. 5.10 Evaluation on the hybrid loss function (contribution of each component is evaluated)
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(a) (b) (c)

Fig. 5.11 Generated Magnetograms from SDO/AIA. (a) SDO/AIA 304 Å. (b) Generated magne-
tograms. (c) SDO/HMI magnetograms

images are similar to those of SDO/HMI in morphology, with active regions,
polarities being well aligned. More importantly, we can generate magnetograms of
the farside of the Sun when applied the well trained model on SDO to STEREO as
shown in Fig. 5.12. As we know, STEREO consists of two nearly identical satellites,
one ahead of the Earth in its orbit and the other trailing behind, to provide the first-
ever stereoscopic measurements to study the Sun and the nature of its coronal mass
ejections, or CMEs. Unfortunately, it did not carry a magnetograph. Using Kim’s
model, it is possible to generate magnetograms from SECCHI EUVI (Extreme
UltraViolet Imager) onboard STEREO. Thus, we can monitor the continuous
evolution of magnetic fields from the farside to the frontside of the Sun when the
farside EUV observation is available, cooperating with SDO/HMI.

However, it suffered from magnetic pole reversal problem, inconsistent motion
and fluctuating visual perception for the sequence of magnetograms. The reason lies
in that Kim’s model [39] was a static model established on a single input and single
output system, so it cannot well describe the gradual transition and stable geometric
construction of an input sequence.

For processing a time series, we add a convolutional Gated Recurrent
Units(GRU) [42] to a general pix2pix GAN [41] to construct a convGRU-pix2pix
network which is a dynamic model. A dynamic model could explore sequential
information from input image sequence beside mining information from each
individual image, benefiting for generating consistent magnetogram sequence.
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(a) (b)

Fig. 5.12 Generated Magnetograms from EUV observation of STEREO. (a) STEREO 304 Å. (b)
Generated magnetogram from (a)

In addition, a dynamic model could bridge the gap between source domain and
target domain in case their variations are asynchronous. Compared to HMI, AIA
observatories record solar activities at high solar atmosphere, where fast local
brightening or mass ejection usually happen. The evolution of HMI and AIA is
asynchronous. The former evolves slowly, even solar bursts happening. While the
later changes fast and violent, especially in the case of solar bursts.

The baseline of the proposed model is a general pix2pix GAN, consisting of
a generator and a discriminator. The generator is a typical U-Net, i.e., an encoder-
decoder structure. As shown in Fig. 5.13, a basic U-net is equipped with a convGRU
module between encoder and decoder, granting the ability of processing time series
over a static model.

GRU was proposed by Cho et al. [43], being a RNN model, which allows
each recurrent unit to capture sequence dependencies over various lengths of time
adaptively. Compared to LSTM, GRU combines cell state and hidden state, resulting
in a lightweight model. The GRU has a gating structure which controls the flow of
information inside the unit and is formulated as follows:

rt = δ(Wrxt + Rrht−1 + br) (5.9)

zt = δ(Wzxt + Rzht−1 + bz) (5.10)

h̃t = ϕ(Whxt + rt � (Rhht−1) + bh) (5.11)

ht = zt � ht−1 + (1 − zt ) � h̃t (5.12)



5.3 Generating Magnetogram from EUV Image 77

Fig. 5.13 Architecture of convGRU-pix2pix network for generating magnetogram from EUV
image sequence

where h̃t and ht are candidate hidden state and hidden state at time t respectively, rt
and zt are reset gate and update gate at time t respectively, W∗ and R∗ (∗ = r, z, h)
denote the weights of network, b∗ (∗ = r, z, h) represents bias of network. The
nonlinear functions δ(·) and ϕ(·) are sigmoid and tanh functions, respectively.

Following the work of [39], SDO/AIA 304 Å and SDO/HMI magnetogram
form image pairs for model training. Three AIA 304 Å sequential images and one
HMI image are grouped together to provide a sample, where three AIA sequential
images constitute a conditional input, and one HMI magnetogram is ground-truth to
the proposed convGRU-pix2pix. The HMI magnetogram has the same time stamp
with the third AIA 304 Å image. There are about 40 thousands samples in total,
constituting a database.

We compares three models, pix2pix, multi-channel pix2pix and convGRU
pix2pix, to verify the effectiveness of time series model for generating magne-
tograms. It can observed that convGRU pix2pix model has the most consistent
evolution of magnetic field, especially around strong magnetic field from generated
magnetogram sequence https://github.com/filterbank/solarMag.

https://github.com/filterbank/solarMag
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5.4 Generating Magnetogram from Hα

Hα is a specific deep-red visible spectral line created by hydrogen with a wavelength
of 6562.8 nm. Thus, Hα telescope can be placed on the ground. Since there is close
correlation between magnetogram and Hα, we propose to learn mapping between
Hα and HMI magnetogram by using cGAN.

Mapping between SDO/HMI and Hα images concerns an image-to-image trans-
lation task. Pix2pix model was raised for image-to-image translation. Its baseline
is a cGAN, consisting of a generator and a discriminator. The objective function
of a cGAN is described by (2.7) concerning an adversarial loss. Besides, L1 loss
measuring fidelity of signal is employed in our model. The proposed model takes
the same framework to pix2pix, while optimization objective is different from
pix2pix. As mentioned above, static model, like pix2pix, cannot well fit for the
task of generating magnetogram from SDO/AIA image. The reason lies in that
SDO/AIA images and SDO/HMI magnetograms are asynchronous at the same time
scale. Surprisedly, this static model performs well on generating magnetogram from
Hα since both of them record the images of photosphere, with the same scale of
evolution of solar activities.

The pix2pix network adopts an U-Net as the generator and a patch-wised fully
convolutional network as the discriminator. The details of network configuration
are listed in Table 5.6. The encoder has eight blocks, each of which is composed
of Convolution, InstanceNorm and LeakyReLu. Among these blocks, the forth to
eighth ones take dropout with probability of 0.5. The decoder has eight blocks, each

Table 5.6 Network configuration used for magnetogram generation from Hα (Ei and Di (i =
0, 1, ..., 7) denote the i-th layer of encoder and decoder, respectively)

Modules Conv2d ConvTranpose InstanceNorm LeakyReLU ReLU Dropout

Encoder E0 � � �
E1 � � �
E2 � � �
E3 � � � 0.5

E4 � � � 0.5

E5 � � � 0.5

E6 � � � 0.5

E7 � � � 0.5

Decoder D0 � � �
D1 � � �
D2 � � �
D3 � � � 0.5

D4 � � � 0.5

D5 � � � 0.5

D6 � � � 0.5

D7 � � � 0.5
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of which consists of Transposeconvolution, InstanceNorm and ReLu. In addition,
the ninth to fourteenth blocks employ dropout with the probability of 0.5.

For model training, a database consisting of magnetogram and Hα pairs is
established. The Hα images and magnetograms come from the Global Oscillation
Network Group (GONG [44]) and HMI [45]) onboard SDO [37]), respectively.
GONG includes six stations (the Big Bear Solar Observatory, High Altitude
Observatory, Learmonth Solar Observatory, Udaipur Solar ObservatoryInstituto
de Astrofísica de Canarias and Cerro Tololo Interamerican Observatory) located
around all over the world. GONG provides full-disk line-center Hα solar images
(2048 × 2048) with time cadences about 1 min. The line-of-sight (LOS) magnetic
field is provided by SDO/HMI, observing solar photospheric magnetic field with
high temporary and spatial resolutions. We collect 500 Hα and HMI LOS image
pairs from 2012 to 2013. The original Hα and HMI images are 2048 × 2048 and
4096 × 4096, respectively.

We get paired Hα and HMI according to their timestamps. HMI has spatial
resolution of 0.5 arcsec per pixel, while GONG Hα has only half of spatial
resolution of HMI. For adapting to GPU ability, both of them are downsampled
to 512 × 512. Finally, a database includes 654 paired images is obtained. During
training, training set, validation set and test set have 394, 130 and 130 image pairs,
respectively.

Figure 5.14 demonstrates an example of generating magnetogram from Hα for
quantitative evaluation, where the left image is a Hα image, the middle one is a
SDO/HMI image and the right one is the generated magnetogram. It can be obser-
vation that the generated magnetogram is very close to the ground-truth. In addition,
it is found that generated magnetogram sequence changes smoothly without abrupt
fluctuation which occurs to generating magnetogram from SDO/AIA. The reason
lies in that Hα is more close to magetogram of photosphere, while EUV image of
SDO/AIA behaves more active and violent, especially in case solar flares.

Fig. 5.14 Example of generating magnetogram from Hα
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Chapter 6
Deep Learning in Solar Forecasting Tasks

Abstract Besides classification and generation, deep learning is also applicable
to time series analysis. Unlike CNN which accepts singe image input, RNN is
specifically designed for handling time series input, e.g., video sequence, natural
language processing. As the best representative of RNN, LSTM has been widely
exploited in various of time series analysis, achieving big success. In this chapter,
it is applied to solar activity/event forecasting and solar radiation index prediction.
As one of the most violent solar eruptions, solar flare is the main driving source of
catastrophic space weather, so forecasting of solar flare is of great importance. The
solar radio flux of 10.7 cm is a typical index for measuring global solar activity. It is
a typical indicator of long-term space weather.

Keywords Solar flare forecasting · Recurrent neural network (RNN) · F10.7 cm
radio flux · Solar cycle

6.1 Solar Flare Forecasting

Solar flares are caused by the release of energy stored in the magnetic field of
solar active regions. Their triggering mechanism, however, remain unknown. For
this reason, solar flare forecasting is highly dependent on statistics concerning rela-
tionship between solar flare and magnetic/topological parameters of active region.
In our previous effort [1], deep learning method was employed to establish solar
flare forecasting model over line-of-sight magnetograms of solar active regions.
For validation of the proposed model, a database was constructed, containing
magnetograms of active regions recorded by SOHO/MDI and SDO/HMI from April
1996 to October 2015. The experimental results indicated that the proposed model
is comparable to the state-of-the-art models. In addition, the proposed model is
robust, not sensitive to noise. Moreover, heat map of network demonstrated which
characteristics of magnetic field contribute most to solar flare forecasting.
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6.1.1 History of Solar Flare Forecasting

Since 1930s, statistical model was widely used for modeling of solar flare forecast-
ing [2–7]. With the increase of interesting in AI, machine learning was developed
to discover the knowledge from massive data for solar flare forecasting, such
as well-known SVM [8–10], neural network [11–14], ordinal logistic regression
[15], Bayesian network [16], and ensemble learning [17]. Both statistical and
conventional machine learning based models of solar flare forecasting rely on mor-
phological and physical parameters of active regions. Compared to morphological
parameters, physical parameters which measure complexity and non-potentiality of
active regions are more reasonable, e.g., neutral line length [18], magnetic field
gradient [19], highly stressed longitudinal magnetic field [20], distance between
active regions and predicted active longitudes [21], Zernike moment of magne-
tograms [22]. Furthermore, The evolutions of physical parameters in active regions
are studied in [23–27]. However, most of parameters extracted from active regions
are strongly correlated with each other, resulting in comparable performance of
the models using these parameters [6, 28, 29]. Extracting efficient parameters from
action regions has become a bottleneck to solar flare forecasting for a long time.

Deep learning has been developed fast [30–32] in the last decade. The most
exciting characteristic of deep learning is an end-to-end feature learning. Thus, it can
automatically mine some specific forecasting patterns hidden in massive data, rather
than extract hand-crafted physical/morphological parameters from active regions for
solar flare forecasting, which has made a breakthrough in solar flare forecasting.

6.1.2 Deep Learning Model for Solar Flare Forecasting

Applying shallow models (e.g., SVM) to solar flare forecasting, physical parameters
would be extracted from magnetograms at first. Then, a classifier/regressor is
trained over these parameters. With deep learning, we now learn both features
of magnetograms and a classifier/regressor simultaneously from an end-to-end
network. In our previous effort [1], we proposed a solar flare forecasting model
on the baseline of CNN, achieving state-of-the-art performance.

The framework of the proposed model is illustrated in Fig. 6.1, consisting of
convolution layer, nonlinear layer, pooling layer and fully-connected layer. Each
convolutional layer has 64 filters to ensure ability of extracting forecasting patterns
from input data. The size of the filters is set to 11×11. Network parameters/weights
are initialized by a zero-mean Gaussian function with 0.02 standard deviation.
The gradient descent algorithm based optimization can not ensure the global
optimization solution, Although different weights result in different solution of
optimization objective, suboptimal solutions which can get the similar results for
the different initializations of the random weights. To unify image size, images
of arbitrary sizes are first revised into a fixed size via cropping or warping [33].
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Fig. 6.1 Framework of the proposed solar flare forecasting model

Here, we process all images into size of 100 × 100. Then, convolution operation
is performed in convolutional layer. After that, rectified linear unit is applied
to achieve nonlinear transform. And then, max pooling is imposed on output of
nonlinear layer to compress network volume, for avoiding over-fitting. On the top
of convolution layers, three fully-connected layers are stacked. Finally, network
outputs a probability, representing whether a flare event will happen.

After selecting network structure, weights of the network are learnt from massive
data by using stochastic gradient descent (SGD) algorithm. The learning rate during
SGD determines how fast the training process is converged. In the case of small
learning rate, training process would converge slowly, otherwise training process
may diverge. Here, learning rate is set to 0.01. The loss function is a cross-entropy
between network outputs and labels of training samples, formulated by

L = −
∑

i

yi log(xi), (6.1)

where yi and xi are labels and network outputs, respectively.

6.1.3 Model Validation

The proposed model was implemented over the Caffe platform [34], developed by
the Berkeley Vision and Learning Center. First, we trained model over SOHO/MDI,
and tested it over SDO/HMI. The forecasting accuracy measured by TPR and FPR
is listed in Table 6.1. It can be observed that the proposed model can achieve
TPR of 0.85 for M flare forecasting in 24 h. Second, we compared the proposed
model with state-of-the-art methods. Since these models were trained and tested
over different dataset, and with different event definition, forecasting cadence and
forecasting period, we only taken 24 h M flare forecasting as an example in [1].
Murray et al. [35] carried out forecasting over full disk, where the dataset included
141 positive samples and 1489 negative samples from 2015 to 2016. Muranushi et
al. [36] provided 24 h full-disk forecasting for M flare with 1 h cadence. The dataset
consisted of 1574 positive samples and 6837 negative samples from 2011 to 2012.
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Table 6.1 Forecasting precisions of solar flare for different forecasting period and flare level

Forecasting Flare Number of events Performance index

periods(hours) levels TP FN TN FP TPR FPR

6 C 1945 1106 37,516 7919 0.64 0.17

M 304 60 39,782 8340 0.84 0.17

X 29 4 40,894 7559 0.88 0.16

12 C 3386 1496 32,856 10,748 0.69 0.25

M 559 115 38,388 9424 0.83 0.20

X 61 6 41,050 7369 0.91 0.15

24 C 5338 2017 31,301 9830 0.73 0.24

M 999 176 38,398 8913 0.85 0.19

X 118 18 40,899 7451 0.87 0.15

48 C 7191 3591 31,607 6097 0.67 0.16

M 1614 378 37,711 8783 0.81 0.19

X 229 8 39,791 8458 0.97 0.18

Table 6.2 Performance comparisons of four 24 h M flare forecasting models

Definitions Forecasting Forecasting Evaluation index

Reference of events frequency periods Testing samples TP rate TN rate TSS

[35] Full disk Every 6h 24h 2015–2016 80% 72% 0.525

M class

[36] Full disk Every 1h 24h 2011–2012 85% 67% 0.517

M class Cross validation

[9] Active region 24h before 24h 2010–2014 83.2% 93.3% 0.765

M class 30% for testing

Proposed
model

Active region Every 1.5h 24h 2010–2015 85% 81% 0.662

[1] M class

Bobra and Couvidat [9] established a forecasting model of 24 h M flare over active
region. The dataset included 303 positive samples and 5000 negative samples, 70%
data for training and remaining for testing. To validate our model, the dataset was
split into ten folds, nine folds for training, one fold for testing. This process was
repeated ten times, until each fold was tested once. Then, evaluation metrics were
averaged over ten times of testing to give performance evaluation. The performance
comparisons are listed in Table 6.2. It can be observed that the proposed model
achieves the best prediction for flares, measured by TPR.

To better understand the mechanism of network, the first convolutional layer of
the network was visualized in Fig. 6.2. The first convolutional layer consists of 64
convolutional kernels of size 11 × 11, which were initialized randomly as shown
in Fig. 6.2a. Along with the increase of iterations, network weights became more
and more orderly as shown in Fig. 6.2b,c. After 3000 iterations, the weights became
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Fig. 6.2 Visualization of the proposed network (64 convolutional kernels of the first convolutional
layer). (a) Initial random filter weights. (b) Filter weights after 1000 training iterations. (c) Filter
weights after 2000 training iterations. (d) Filter weights after 3000 training iterations

stable gradually as shown in Fig. 6.2d, indicating that stable forecasting patterns
were captured successfully.

6.1.4 Discussions

The proposed solar flare forecasting model has achieved state-of-the-art perfor-
mance. It may be further improved by incorporating with more observations of
solar chromosphere and corona. Thus, we further raised a new model over the first
baseline model, by importing EUV images to cooperate with magnetograms for
solar flare forecasting. Moreover, a dynamic deep network was raised for inferring
solar flare from a magnetogram sequence. Since solar flare is a dynamic process, a
sequence can better represent a dynamic process. For verifying this dynamic model,
a database of solar flare sequences was established. The database contains more
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than 1091 flare sequences, covering all flares happening from 1996 to 2020. Each
sequence has 30–100 magnetograms, and corresponding EUV images.

6.2 F10.7 cm Forecast

The source of F10.7 (wavelength equals to 10.7 cm) is gyroresonance emission and
bremsstrahlung emission [37–39], which are two different mechanisms [40]. F10.7,
as proxy of EUV observation, characterizes intensity of solar EUV radiation. It is
also the input parameter of many existing ionosphere and navigation models. F10.7
forecast is of great importance to space weather. There has been a bunch of F10.7
forecast methods in the literature. Liu et al. [41] applied autoregressive model(AR)
with 54-order to predict f10.7 within 27 days. Huang et al. [42] used support vector
regression(SVM) method to predict F10.7 [42]. Lei et al. [43] defined an index PSR

from 304 Å EUV observation to forecast F10.7 [43].
LSTM is a kind of RNN which is provided for processing time series data,

exploring long-term dependencies of input sequence. It is now quite mature, used in
pedestrian prediction [44], speech recognition [45], sequence to sequence learning
[46]. In this work, it is employed to be the backbone, establishing a two-stream
LSTM model for F10.7 forecast. The two streams have the same network structure,
but the time steps of them are different, 3-days and 27-days, respectively. Compared
to single stream model, two-stream model takes an additional 27-days input, which
could mine knowledge about solar rotation cycle of 27-days, benefiting F10. 7
forecast. The experimental results demonstrate that two-stream model achieves
better performance than single stream model.

6.2.1 Deep Learning Model for F10.7 cm Forecast

The proposed two-stream LSTM model for predicting F10.7 is shown in Fig. 6.3,
which is composed of two streams. The number of nodes of the left stream and
the right stream are different, depending on time steps. Each stream contains
three layers, input layer, hidden layer and output layer. Input layer receives F10.7
sequence (x1, x2, ..., xT ), T = 3 and T = 27 for two different streams. Hidden
layer consists of LSTM cells, each of which gets one element of the input sequence.
However, not all cells output, but only the last one. After hidden layer, we can get
a compressed representation from input F10.7 sequence for each stream. These two
representations are concatenated to be the input of output layer. In our task, output
layer is a regressor, for predicting F10.7 of future 3 days.
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Fig. 6.3 Architecture of two-stream LSTM model

6.2.2 Model Validation

We implement the proposed model by using Python over PyTorch library for
forecasting F10.7 of future 3 days. The database for model training and testing is
obtained from SWPC (https://www.swpc.noaa.gov/). The daily F10.7 is collected
from Jan. 1, 1996 to Apr. 30, 2018, including 8156 daily F10.7 observations. The
database is split into training set and testing set. The training set is from Jan. 1,1996
to Dec. 30, 2014, while testing set is from Jan. 1, 2015 to Apr. 30, 2018. To
measure model accuracy, mean square error (MSE) [47] between predicted F10.7
and ground-truth is employed. Adam optimizer is employed for training model, and
batch-size is 128.

F10.7 has the cycle of 27 days. For exploring this cyclicity of F10.7, input
data is a 54-dimension vector containing two cycles of daily F10.7 for both two
streams. One has 54-dimension F10.7 input with time step of 1. The other has
an input of 27 × 2 with time step of 2. For verifying advantage of the proposed
two stream model, we compare it with the LSTM of single stream and traditional
auto regression (AR) model. The codecs of these implementations can be accessed
via (https://github.com/filterbank/F10.7Forecast). The two-stream LSTM model
preforms the best, with the smallest MSE of 0.033870. The single stream LSTM
with the MSE of 0.035045 is inferior to the two-stream one, but much better than
AR model with the MSE of 0.097559. In addition, MSE tends to be stable after 50
epochs for the proposed model.

https://www.swpc.noaa.gov/
https://github.com/filterbank/F10.7Forecast
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Fig. 6.4 F10.7 forecast by AR(left), LSTM(middle) and two-stream LSTM(right) (180-days daily
F10.7 in 2016).

Fig. 6.5 F10.7 forecast by AR(left), LSTM(middle) and two-stream LSTM(right) (70-days daily
F10.7 in 2017)

Figures 6.4 and 6.5 show 10.7 curves predicted by the proposed two-stream
model and two benchmarks, where the left image gives the results of classical
AR model, the middle one is for the single stream LSTM model, and the right
one is for the proposed model. For comparison, real F10.7 in green color is also
included for comparing with the predicted one in red color. It can be seen that the
proposed model predicts F10.7 more close to ground truth than the AR model,
thanking to exploration of long-term dependence of input sequence. There is a
certain gap between predicted and real F10.7 for the AR model. As shown in
Fig. 6.5, in June 2017, F10.7 had a sudden variation due to the sunspots and other
interference factors. In this case, classical AR model fails, resulting in invalid
prediction. Although, LSTM has a long-term dependence which can be calibrated
to adapt to such a sudden variation, there is a certain delay of response for the
two LSTM models as shown in Fig. 6.5. Comparing these two LSTM models, two-
stream model is better than one-stream model, since it takes into account periodic
characteristics of F10.7 additionally.
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