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Automatic detection of solar events, especially uncommon events such as coronal dimming (CD) and coronal wave (CW),
is very important in solar physics research. The CD and CW are not only related to the detection of coronal mass ejections
(CMEs) but also affect space weather. In this paper, we have studied methods for automatically detecting them. In addition, we
have collected and processed a dataset that includes the solar images and event records, where the solar images come from the
Atmospheric Imaging Assembly (AIA) of Solar Dynamics Observatory (SDO) and the event records come from Heliophysics
Event Knowledgebase (HEK). Different from the methods used before, we introduce the idea of deep learning. We train single-
wavelength and multiwavelength models based on Faster R-CNN. In terms of accuracy, the single-wavelength model performs
better. Themultiwavelength model has a better detection performance on multiple solar events than the single-wavelength model.

1. Introduction

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

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

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

For the detection of CW, Thompson et al. manually
identified it [9] in 2009 with data on Solar and Heliospheric
Observatory (SOHO) between 1997 and 1998. Then, Nitta et
al. did a similar job and identified the CW [10] observed by
the AIA on board the SDO spacecraft [11] in 2003. Manual
identification is completely dependent on the user and this
method is only suitable for small dataset. Podladchikova
et al. used automatic dimming detection algorithm NEMO
to detect CW based on SOHO [7]. Wills-Davey et al.
proposed Huygens tracking technique [12]. This algorithm
used percentage base-difference images to identify the pulse
by finding the peak intensity line corresponding to the peak
of the Gaussian cross-section. The semiautomated detection
algorithm, Coronal Pulse Identification and Tracking Algo-
rithm (CorPITA), was proposed by Long et al. [13]. CroPITA
used intensity profile techniques to identify the propagation
pulse, tracked its entire evolution, and then returned its
kinematics estimate.
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In 2010, NASA launched the SDO spacecraft, which
orbited the Earth to capture full-disk images of the sun.
AIA, an independent instrument of SDO, captures eight
high-definition (4096×4096) full-disk images of different
wavelengths every 10 to 12 seconds. SDO produces approx-
imately 1.5 TB of data per day so that manual and traditional
identification methods are no longer suitable for current
conditions. In the case of large data, an automatic and rapid
detection algorithm of CD and CW is very research-oriented.
In 2017, Kucuk et al. used deep convolutional neural networks
to classify solar events [14], including Sigmoid (SG) and Flare
(FL). At the same time, they also used a deep learning model
to detect solar events, such as Active Region (AR) [15].

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

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

2. Data Preparation

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

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

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

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

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

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

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

3. Deep Learning for CD and CW Detection

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

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

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

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

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

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

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

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

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

The input of the Faster R-CNN is the solar image and
the corresponding label. The label includes the event type
(CD) and location coordinates in the image. The feature is
extracted from the solar image through a deep convolutional
neural network, and then the feature map is processed in
two lines. One line is a RPN network, and the purpose is
to obtain candidate regions. RoI is operated on the obtained
candidate regions and the feature map to get candidate region
feature. The other line is the classification and bounding box
regression of candidate regions feature. The topology of the
network is shown in Figure 3.
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Figure 4: Network structure for RPN.

RPN is a full convolutional neural network. The previous
layer of the input of the network is feature map, and the
output is rectangle candidate region. First, a sliding window
is performed on the feature map of the shared convolution
network to obtain the 𝑛×𝑛window.Thiswindow is used as an
input to the network, and 𝑘 candidate regions are predicted at
the same time. Here, we name the candidate region an ancher
and each ancher has different sizes and ratios. Each window is
mapped to a low latitude vector by a convolution operation.
This vector is used in two subnetworks, with bounding box
regression and bounding box classification. The output of the
bounding box classification network is whether each ancher
contains an object, i.e., foreground or background, and the
size of the output vector is 2𝑘.Theoutput of the bounding box
regression network is to adjust the location of each ancher to
make it more accurate, and the size of the output vector is 4𝑘.
The network structure of RPN is shown in Figure 4.

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

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

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

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

𝐿𝑐𝑙𝑠 (𝑝, 𝑢) = − log (𝑝𝑢) (2)

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

𝐿 𝑙𝑜𝑐 (𝑡𝑢, v) = ∑
𝑖∈{𝑥,𝑦,𝑤,ℎ}

𝑆𝑚𝑜𝑜𝑡ℎ𝐿1 (𝑡
𝑢
𝑖 − V𝑖) (3)

𝑆𝑚𝑜𝑜𝑡ℎ𝐿1 (𝑥) =
{
{
{

0.5𝑥2 |𝑥| < 0
|𝑥| − 0.5 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(4)

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

4. Experimental Results and Discussion

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

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

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

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

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

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

𝑟𝑒𝑐𝑎𝑙𝑙

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

(5)

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

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

(6)

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

𝐴𝑝 = 1
11 ∑
𝑟∈{0,0.1,...,1}

𝑃𝑡 (𝑟) (7)

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

𝑃𝑡 (𝑟) = max
𝑟∗:𝑟∗≥𝑟

𝑝 (𝑟∗) (8)

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

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

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

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

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

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

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

5. Conclusions

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

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

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

Data Availability

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

https://github.com/Gkllmon/SolarData.git
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