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Abstract 

Ali Kareem Abed 

Automated Prediction of Solar Flares Using SDO Data 

The Development of An Automated Computer System for Predicting Solar Flares Based 

on SDO Satellite Data Using HMI Images Analysis, Visualisation, and Deep Learning 

Technologies 

Keywords: Convolutional Neural Network, Deep Belief Networks, Solar Flares, Flare 

Prediction 

Nowadays, space weather has become an international issue to the world's countries 

because of its catastrophic effect on space-borne and ground-based systems, and 

industries, impacting our lives. One of the main solar activities that is considered as a 

major driver of space weather is solar flares. Solar flares can be defined as an enormous 

eruption in the sun's atmosphere. This phenomenon happens when magnetic energy stored 

in twisted magnetic fields, usually near sunspots, is suddenly released. Yet, their 

occurrence is not fully understood. These flares can affect the Earth by the release of 

massive quantities of charged particles and electromagnetic radiation. Investigating the 

associations between solar flares and sunspot groups is helpful in comprehending the 

possible cause and effect relationships among solar flares and sunspot features. 01 This 

thesis proposes a new approach developed by integrating advances in image processing, 

machine learning, and deep learning with advances in solar physics to extract valuable 

knowledge from historical solar data related to sunspot regions and flares.  

This dissertation aims to achieve the following:  
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1) We developed a new prediction algorithm based on the Automated Solar Activity 

Prediction system (ASAP) system. The proposed algorithm updates the ASAP system 

by extending the training process and optimizing the learning rules to the optimize 

performance better. Two neural networks are used in the proposed approach. The first 

neural network is used to predict whether a specific sunspot class at a particular time 

is likely to produce a significant flare or not. The second neural network is used to 

predict the type of this flare, X or M-class. 

2) We proposed a new system called the ASAP_Deep system built on top of the ASAP 

system introduced in [6] but improves the system with an updated deep learning-based 

prediction capability. In addition, we successfully apply Convolutional Neural 

Network (CNN) to the sunspot group image without any pr-eprocessing or feature 

extraction. Moreover, our system results are considerably better, especially for the 

false alarm ratio (FAR); this reduces the losses resulting from the protection measures 

applied by companies. In addition, the proposed system achieves a relatively high 

score of True Skill Statistic (TSS) and Heidke Skill Score (HSS). 

3) We presented a novel system that used the Deep Belief Networks (DBNs) to predict 

the solar flares occurrence. The input data are SDO/HMI Intensitygram and 

Magnetogram images. The model outputs are "Flare or No-Flare" of significant flare 

occurrence (M and X-class flares). In addition, we created a dataset from the sunspots 

groups extracted from SDO HMI Intensitygram images. We compared the results 

obtained from the complete suggested system with those of three previous flare 

forecast models using several statistical metrics.  

 In our view, these developed methods and results represent an excellent initial 

step toward enhancing the accuracy of flare forecasting, enhance our understanding of 
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flare occurrence, and develop efficient flare prediction systems. The systems, 

implementation, results, and future work are explained in this dissertation.   
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CHAPTER ONE 

1  INTRODUCTION 

1.1 Space Weather 

In 1995, the Office of the Federal Coordinator for Meteorology (OFCM) put the 

definition for space weather in their National Space Weather Program Strategic Plan as 

“The conditions on the sun and in the solar wind, magnetosphere, ionosphere, and 

thermosphere that can influence the performance and reliability of space-borne and 

ground-based technological systems and can endanger human life or health. Adverse 

conditions in the space environment can cause disruption of satellite operations, 

communications, navigation, and electric power distribution grids, leading to a variety of 

socioeconomic losses”[7]  

Space weather can affect many industries' daily operations, such as satellites and 

GPS devices, international space stations, oil pipelines, power grids, aircraft 

communications, and water supply. Figure 1.1 shows some of the sectors and 

infrastructure that are prone to crash due to space weather. The consequences of space 

weather can extend to the different sectors and societies that depend on these industries, 

leading to huge economic and trade losses[8]. One of the most prominent solar activities 

that drive space weather and affect its environment is solar flares. Solar flares are 

unexpected eruptions that can release a huge quantity of energetic particles and radiations, 

affecting the Earth's environment directly or within a few days. Flares happen in active 

regions (ARs) above Sunspots (SSs). Accurate space weather prediction models can help 

avoid the consequences of space weather storms by providing early warnings for these 

events' occurrence [9].  Furthermore, all the industries influenced by space weather can 
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mitigate these dangerous solar events if given enough time to execute preventive 

measures before a space storm incident[9]. 

SSs and ARs are areas that appear on the photosphere of the sun and are considered 

as relevant entities. They are associated with solar flares, and their local behavior can be 

studied for flare predicting[10, 11]. More information about SSs, ARs, and flares are 

discussed in the next section. 

1.2 Space Weather Effects 

Systems that are affected by space weather conditions can be classified into space-

based and ground-based systems. 

1.2.1 Space Weather Effects on Space-Based Systems 

Space weather effects on space systems can be summarised in the following points: 

Firstly, a single event affects the electronics of spacecraft due to the ionization tracks 

from galactic cosmic rays, solar energy, and inner radiation belt ions. Secondly, radiation 

harms the electronics of spacecraft and other materials from radiation belts and solar 

energetic particles. Thirdly, an impact on spacecraft imaging and sensing equipment by 

particles passing through the detectors and lead to noise. Fourthly, hot plasma and 

energetic electrons lead to electrostatic charging[12].  

Solar radiation could also be dangerous to astronauts. This will be a much more 

significant issue for future missions passing into interplanetary space and beyond 

geomagnetic shielding protection [13]. 
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1.2.2 Space Weather Effects on Ground-Based Systems 

Considerable solar flares could lead to frequency jamming that disconnects wireless 

communication systems[14]. During a solar explosion, solar X-rays can disconnect point-

to-point High Frequency (HF) radio communications. This phenomenon is called the 

Sudden Ionospheric Disturbance (SID). In the same method, the oil and gas industries are 

another ground-based industry that could be affected by considerable solar flares, as gas 

pipelines and metallic oil can be influenced by solar activities. These pipelines are either 

buried in the ground or undersea and are maintained by a negative electrical potential 

with respect to the ground. This conserves against corrosion and is called cathodic 

protection [14]. Figure 1.1 shows some of the industries that are vulnerable to disruption 

by space weather. 

Figure 1.1: Illustrates how the space weather effects on Earth. Satellites and GPS device, International 

space station, Aircraft communications, and water supply [3]. 



 

 

  CHAPTER ONE 

4 

1.3 Solar Activities 

All solar activities, for instance, solar flares, solar storms, and coronal mass 

ejections, are generated by the changes that happen in a lower position of the Sun's surface 

and solar magnetic fields. In this section of the thesis, solar activities are highlighted and 

discussed. 

1.3.1 Sunspots (SSs) 

The SSs regions are temporary phenomena on the Sun's photosphere. SS regions 

appear darker than the surrounding areas. The SS structure varies from simple pore-like 

structures to highly complex structures. Figure 1.2 gives an example of SSs. In addition, 

single SSs or a combination of SSs might last anywhere from a matter of days to the next 

few weeks but ultimately decay. Generally, the structure of SSs consists of two parts 

(Umbrae and Penumbrae). The Umbrae is the darker central of the SS. It might be 

surrounded by darker gray areas called Penumbrae [15]. They are further related to 

extremely powerful and complicated magnetic fields. Moreover, the SS's strong magnetic 

activity drives the temperature away from the SS center. So, the SS temperature becomes 

lower than the temperature of the sun's surface, which makes the SS regions dark [16].  

Figure 1.2: The general anatomy of a fully developed sunspot [13]. 
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The SSs grow and decay as they move across the surface of the sun. Similarly, SS 

sizes differ from small size 300 km to significant size diameters above 100,000 km, 

proximately eight times the Earth's diameter. In addition, the lifetime of SS ranges from 

less than one hour to more than six months [17]. 

As shown in Figure 1.3, the SSs can be observed in the intensitygram images 

captured by the Helioseismic and MagneticImager (HMI) instrument installed on the 

Solar Dynamics Observatory (SDO).  The intensitygram images display SSs as black 

spots on the bright solar disk [17].  

With a view to facilitating the tracing of the SSs through their real-time, the 

National Oceanic and Atmospheric Administration (NOAA) assign every SS area a 

unique number, known as the NOAA number. The NOAA number enables scientists to 

track and relate SSs with solar activities. 

Figure 1.3: Sunspot in an SDO/HMI intensitygram image, taken from NASA. 
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1.3.2 Sunspot Classification 

 There are two methods to classify the SS group in the NGDC  sunspot catalogues 

used in this study : Mt.Wilson and Mclntosh. The Mt, Wilson method was suggested by 

Hale [18]. The fundamental principle of this method is the magnetic polarities distribution 

within the SS group. On the other hand, in 1966, Patrick S. McIntosh proposed a method 

for the SS classification; this method extended a version of the Zurich SS classification. 

Also, it depends on describing the main characteristics of the SS using three criteria: Z 

Zurich class (modified), P describes the largest spot within a SS group, D the SS 

distribution within the group [15]. The McIntosh SS classification system is shown in 

Figure 1.4. In addition, Figure 1.4 gives some examples of McIntosh classifications to 

some SS. 

 

Figure 1.4: McIntosh Sunspot classification system. 
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1.3.3 Active Regions (ARs)  

ARs appear on the photosphere of the Sun, as illustrated in Figure 1.6. It can be 

defined as areas on the sun that contain the disturbed complex magnetic field. ARs could 

release huge amounts of energy in the form of different types of solar activity, including 

explosive "solar storms" like solar flares and coronal mass ejections (CME) [19]. SS and 

ARs are viewed as one component, and they have been studied to predict solar activities 

[10]. 

ARs appear in SDO/HMI magnetogram images, which are captured nearly every 

10 minutes. As shown in Figure 1.6, magnetogram images display the polarity of the 

photosphere's magnetic field. There are three colours in the magnetogram image: firstly, 

black represents the negative polarity; secondly, white represents the positive polarity, 

and lastly, grey represents the neutral polarity. 

Figure 1.5: Four sunspot regions have differing McIntosh classifications[4] . 
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1.3.4 Solar Flares 

Solar flares are one of the main important solar activities that can severely affect 

Earth and missions on space, as shown in Figure 1.7. A solar flare can be defined as a 

significant flare in the solar atmosphere when strong magnetic energy in the solar 

atmosphere is unexpectedly released over a period enduring from minutes to hours. In 

addition, these flares are often related to solar magnetic storms known as CMEs [20]. 

When the explosion occurs, many types of harmful radiation will be thrown into space 

like X-rays, infrared, gamma-rays, ultraviolet, and radio waves, released over the 

electromagnetic spectrum [21]. 

Researchers classified solar flares according to their strength. The smallest ones are 

A-class, followed by B, C, M, and the largest ones are X-class, see Figure 1.8. Like the 

Figure 1.6: The full-disk SDO/HMI magnetogram and the active region zone. 
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Richter scale for earthquakes, each letter represents a 10-fold increase in energy output. 

Within each letter class, there is a finer scale from 1 to 9 [20]. 

Classes of solar flares that have the most impact on the earth's environment are the 

X-class flares, which represent the biggest eruptions in the solar system. Also, these 

classes are often correlated with solar magnetic storms called coronal mass ejections 

(CMEs), It can create long-lasting radiation storms that can harm GPS signals, 

communications services, satellites, and even power networks and ground-based 

technologies. The M-type flares are medium-sized; they can cause minor radiation storms 

that might endanger astronauts and cause brief radio blackouts at the poles. Minor 

radiation storms sometimes follow an M-class flare. The B or C types flares are the 

lowest, but they can cause geophysical disturbances [20]. 

Figure 1.7: Illustrates significant eruption of a solar flare from NASA. 
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1.4 Motivation 

We have shown in previous sections that significant solar flares events could affect 

the Earth's environment and human health. Even though extreme solar activities cannot 

be prevented, forecasting these events can assist in taking timely action to minimize 

danger to living organisms and equipment. For instance, in 2003, between the end of 

October and the beginning of November, the biggest ever-registered solar event occurred. 

This event caused the malfunction of Earth-orbiting satellites, caused airplane routes to 

be changed and damaged electric power, and interruption of electricity in many European 

countries such as Sweden. In another great solar event, between 5 and 6 December 2006, 

significant X-class flares thrower a CME that interfered with GPS signals being sent to 

ground-based receivers [20]. Furthermore, advanced modern techniques that provide 

continuous observations of the Sun provide benefits by enabling these activities' 

prediction. 

It is important for the industry affected by space weather to follow a set of steps 

that may reduce solar storms' effect. For this reason, accurate forecast systems are needed. 

Figure 1.8 Illustrate a solar flare the classification system, taken from NASA. 
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On the other hand, some difficulties are still facing current solar flare forecast 

models.  

These include: 

 After many years of studies and research, the physical mechanisms for solar flares 

and coronal heating are still not fully understood. However, identifying them is 

considered the ‘holy grail’ of solar physics. 

 Prediction services are based on various forecasting systems using several 

parameters, for example, the classification of SSs area, brightness, etc., because 

there are no fixed parameters on which to forecast when a flare will happen. 

 Data is available in various forms provided by new satellites launched to observe 

the sun, such as the SDO satellite. 

 In the last few years, the deep learning neural network has achieved remarkable 

success compared with traditional neural networks [22]. These include complex 

processors, such as data mining, the diagnosis of diseases, and many others[23]. 

Using a deep learning approach for space weather forecasting is still a novel 

research area that needs to be investigated to assist with knowledge extraction 

from the massive amount of publicly available solar activity data. 

Large historical archives of solar datasets and the dramatically increasing data 

volumes are occurring due to the developments in monitoring devices. This data helped 

to build more perfect prediction systems. Furthermore, these datasets can increase our 

knowledge of solar activities. 
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1.5 Research Objectives 

This work aims to develop new flares prediction systems that can provide more 

reliable performance compared to existing prediction systems. The development will be 

reached by executing the following objectives: 

1. Develop machine learning algorithms for the ASAP system by increasing the 

training vector period and changing machine learning rules to be more 

accurate and efficient.  

2. Create a system to predict solar flares from SDO/HMI images based on deep 

learning (convolution neural network with different structures) to generate 

accurate predictions. 

3. Create a system to predict solar flares from SDO/HMI images depend on deep 

learning (the Deep Belief Networks (DBNs)) to predict the solar flares 

occurrence. 

4. Create a dataset for training and testing the deep learning models from the 

sunspots groups cropped from SDO /HMI Intensitygram images observed by 

SDO/HMI. 

5. Update an algorithm for cropping, padding, and labeling SS group regions. 

6. Develop an association algorithm to relate cropping SS group regions with 

solar flares reported by NOAA SWPC1 in the NGDC X-ray solar flare 

catalogue. 

7. Evaluate the developed algorithms by comparing the produced predictions 

with the actual flares as reported by NOAA SWPC1 in the NGDC X-ray solar 

flare catalogue.  
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1.6 Challenges Facing the Flare Forecast Domain 

It is useful to identify some of the challenges facing the flare forecasting domain. 

These challenges are: 

1.6.1 Flare Prediction Challenges 

Several challenges are facing the design of an accurate flare prediction system. The 

most important challenges include: 

 After many years of studies and research, the physical mechanisms to heat the 

corona and release solar flares are still not fully understood. 

 Various data sources and formats exist with a clear lack of balanced data. 

 Multi-disciplinary knowledge is needed. 

The fundamental challenges posed by Space Weather in our study are: Firstly, 

combining the learning of solar physics, image processing techniques, artificial 

intelligence (AI), and feature selection algorithms. Secondly, the investment of archived 

solar data to design an efficient solar flare prediction system.  

A break-down of the main challenges tackled in this thesis are given underneath: 

 Studying the problems of current flare prediction systems. 

 Seeking the use of new and accurate solar data sources that could upgrade the 

accuracy of prediction systems and techniques to find useful information. 

 Comprising SSs region properties and their representation in solar images with 

the properties of the McIntosh SS classification scheme in order to create a new 

prediction model. 

 Checking the role of deep learning technologies in the space weather forecast. 
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 Seeking methods to measure the accuracy of the prediction system and compare 

the prediction results with NOAA Space Weather Prediction Center (SWPC). 

1.7 The Scope and Outlines of the Thesis 

This thesis is organized as follows: 

 Chapter 2 provides a comprehensive literature review for recent research on 

predictions of solar activities. 

 Chapter 3 explores the different available sources of solar data and solar data used 

in this thesis. 

 Chapter 4 presents a novel method of developing an improved second-generation 

of the Automated Solar Activity Prediction system (ASAP).  

 Chapter 5 provides a practical implementation and an evaluation for the proposed 

forecasting systems using the deep learning approach. It is used to establish an 

automated hybrid computer system for the short-term forecast using the SS 

group's complexity level on SDO/HMI Intensitygram images.  

 Chapter 6 presents a novel method using Deep Belief Networks (DBNs) to predict 

solar flares occurrence. 
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 Chapter 7 discusses the conclusions of the work presented in this thesis, 

recommendations for future work, the author’s original contributions, and the 

resources that have been used in this work. 

  

Figure 1.9: An overview of the thesis structure. 
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Chapter Two  

2  Literature Review 

Over the last few years, researchers have demonstrated increased interest in 

accurate solar flare prediction systems. However, the flaring mechanism's research is still 

not fully understood, making it very complicated to develop these systems. Different 

techniques are developed to design an accurate flare prediction model or approach. In this 

chapter, the literature related to many of the most cited studies is organized as follows: 

Section 2.1, the introduction. Section 2.2 the knowledge gaps in solar flare forecasting 

systems. Section 2.3 a short conclusion of the chapter. 

2.1 The Knowledge Gaps in Solar Flare Forecasting Systems 

In the past decade, various space weather forecasting systems have been designed 

by applying two main approaches: statistical and machine-learning methods. Some 

researchers proposed solar flare prediction systems based on statistics and machine-

learning strategies using different input data kinds. In this section, we review some 

examples of these models. 

The Space Environment Services Center created a forecasting system in space 

weather called THEOPHRASTUS or THEO in 1987. It was not fully automated. Some 

parts were based on experts’ judgments. THEO Issues a warning signal for X-ray flare 

probabilities within 24 hours, according to a few variables, such as spot growth, magnetic 

classification, McIntosh classifications, historical flare activity, magnetic topology, and 

spot activity (i.e., magnetic shear and rotation)[24]. 

In 1988 the Cedar Valley Solar Observatory in Canada proposed a solar prediction 

system called WOLF. According to the McIntosh classification, the system classifies SSs 
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regions and then supply flares forecasting. Besides, the models had a knowledge-based 

system depend on many a set of IF-THEN rules. WOLF provides the probability of flare 

occurrence with specific X-ray intensity. However, this system needs a human expert to 

provide descriptions of an SS used as inputs. [24]. 

Gallagher et al. [25] designed a system, the AR Monitor (ARM), and it was 

developed by Big Bear Solar Observatory - USA. This system evaluated the probability 

for each area to generate C, M, or X-class flares based on nearly eight years of NOAA 

data from cycle 22. Despite that, this model is not self-contained because it depends on 

SSs McIntosh classifications offered by NOAA. 

In 2005, Wheatland, M. S.[26] designed a statistical forecasting method for solar 

flare. The data used in this system are the event statistics of flares already observed. 

However, this system used historical flare data that GOES recorded. The model was also 

examined by GOES data recorded for the period from 1975 until 2003. A detailed 

differentiation is made with U.S. National Oceanic and Atmospheric Administration 

(NOAA) foretelling from 1987 until 2003. However, the results showed the superiority 

of the system over the U.S. National Oceanic and Atmospheric Administration in 

predicting for both M and X-solar flares events 

In 2006, the National Astronomical Observatories in China suggested a method for 

solar flares prediction. This method depended on three physical measures: the neutral 

line's length, the maximum horizontal gradient, and the number of singular points. All 

these measures were extracted from a large number of SOHO/MDI magnetogram images. 

These three physical parameters are believed to be closely linked to solar flares. These 

variables were extracted by applying a statistical model on the period starting from April 

1996 until January 2004 with different time windows of 12 and 48 hours[27]. 
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In 2006, M. TERNULLO et al.[28] oublished a study of a statistical analysis 

executed by associating SS groups with data on M and X flares. All SS groups’ data were 

collected at the INAF-Catania Astrophysical Observatory and in the NOAA reports. 

Simultaneously, data of M and X solar flares were collected from the GOES-8 satellite 

from January 1996 until June 2003. The results obtained suggest that many factors have 

a significant relationship to significant flare events. Also, the study proved that flaring 

eventuality lightly raises with SS age. Moreover, it limited some conditions to increase 

the possibility of enormous flare events. The highlight most prominent of these conditions 

are a considerable asymmetry and diameter for penumbra in the largest SS in the group, 

the number of a spot in n the group, magnetic configuration, and the SSs group area. 

Experiments on historical MDI magnetograms images for  89 ARs and flare events 

were carried out by Jing et al. [29]. The main aim of these experiments to explore the 

connection between three magnetic features and significant solar flare. These features are 

the mean value of spatial magnetic gradients at strong-gradient magnetic neutral lines, 

the length of strong-gradient magnetic neutral lines, and the total magnetic energy 

dissipated in a layer of thickness 1 m during 1 s over the AR’s area. These experiments' 

results came as follows: It suggested that the investigated Characteristics bear a 

relationship between the magnetic condition of the solar photosphere and the flare 

eruption. 

Multiple attempts have been made to create a flare prediction system for solar flare 

type M and X class by Wang et al. [30]. It was dependent on three main magnetic 

properties extracted from SOHO/MDI magnetogram images. These features are the 

neutral line's length, the number of singular points, and the maximum horizontal gradient. 

This system was trained and tested on two different periods. Training period data from 
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15 April 1996 - 31 December 2001, and testing period data from 1 January 2002 - 31 

December 2002 and 1 January 2003 - 31 December 2003. 

Yuan et al.[31] suggested a solar flare prediction system. This system is a cascading 

combination of an ordinal logistic regression model and a support vector machine 

classifier. The forecasting parameters are three photospheric magnetic variables: length 

of the strong-gradient magnetic polarity inversion line, the total unsigned magnetic flux, 

and total magnetic energy dissipation. However, this system's result was either 'true' or 

'false' for flares within 24 hours. The data used as input for the system consists of a sample 

of 230 ARs between 1996 to 2005 from SOHO/MDI magnetogram images. The results 

show progress in the accuracy of X-type flare prediction. 

In 2007, Qahwaji and Colak[32] suggested an automated solar flare forecasting 

system. This system depended on McIntosh classification of SS groups and solar cycle 

data. Furthermore, they used different Machine learning algorithms such as Cascade-

Correlation Neural Networks (CCNNs), Support Vector Machines (SVMs), and Radial 

Basis Function Networks (RBFN) were executed to allocated the perfect models for solar 

flare forecasting. In this study, they used the data period from 1 Jan 1992 until 31 Dec 

2005. It was found that SVMs are better in predicting whether a McIntosh classified for 

the SS group is going to be a flare or not, and CCNNs are perfect in predicting the type 

(M and X flare). 

Nishizuka et al.[33]  designed a solar flare prediction system using machine 

learning that forecasted the significant solar flares in the next 24 hours. System inputs are 

solar observation data from 2010 to 2015, including ultraviolet (UV) emission, soft X-

ray, and vector magnetograms. These data were collected from the Geostationary 

Operational Environmental Satellite (GOES) and the Solar Dynamics Observatory 

(SDO). In addition, they used a full sun-disk magnetogram to discovered ARs, and 



 

 

  Chapter Two 

20 

features were extracted with their time differentials, including magnetic neutral lines, the 

current helicity, the UV brightening, and the flare history. The system was created by 

comparing three machine learning algorithms: the support vector machine, k-nearest 

neighbors (k-NN), and extremely randomized trees. The results showed that the best 

execution of the three types of algorithms was k-nearest neighbors. Furthermore, it found 

that former flare activity was a significant feature. 

Barnes and Leka [34] submitted a study about flare probabilities based on four AR 

parameters are the total excess energy (𝐸𝑒), the total flux (ϕ𝑡𝑜𝑡), the Effective Connected 

Magnetic Fields (Beff), and the measure of the amount of magnetic flux close to high 

gradient polarity-separation lines (𝑅). Prediction depends on the statistical method of 

discriminant analysis are made for all of these variables. Furthermore, their power to 

produce significant flares is quantified by applying skill scores. Conclusion of this study, 

ARs were classified into 'flaring' if AR caused M or X type; on the contrary, an AR was 

classified as “flare-quiet. 

An expert system called the SVM-KNN system was introduced in[35]. This system 

combines two methods: the support vector machine (SVM) with K-nearest neighbors 

(KNN). The primary function of this system is to predict solar flare and proton events. 

The main parameters used as input for the solar flare forecasting model are the SS 

magnetic class, the SS area and the McIntosh class of the SS group, and 10 cm solar radio 

flux. On the other hand, the main parameters used as input for the solar proton event 

forecasting model are the flux of soft X-ray, the longitude of ARs, and those for the solar 

flare forecasting model. The data of solar ARs used in this prediction model from January 

1996 until December 2004 examined. However, this study showed the SVM-KNN model 

high accuracy in the prediction compared to the method that used only the SVM model. 
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In a significant advance in 2009, Colak and Qahwaji[6] designed an automated 

hybrid system near real-time called Automated Solar Activity Prediction (ASAP).  They 

used Intensitygram and magnetogram images from SOHO/MDI as input data to the 

system to detect the SS region. Then, classified according to McIntosh classifications. 

Furthermore, they used the McIntosh classes and the area of sunspot groups as inputs to 

the learning algorithms to produce forecasts for the significant flares (X, M, and C-class).  

Different performance measurement criteria are applied and compared with the NOAA 

Space Weather Prediction Center (SWPC), which showed more accurate predictions than 

SWPC. 

Yuan et al. [31] suggested solar flares prediction system that worked based on 

photospheric magnetic measurements. They used a cascading combination of an ordinal 

logistic regression model and a support vector machine classifier. This system works on 

three photospheric magnetic parameters, e.g., length of the strong-gradient magnetic 

polarity inversion line, the overall unsigned magnetic flux, and total magnetic energy 

dissipation. The data used in all experiments are 230 ARs between 1996 and 2005. The 

output of this model is true or false for the solar flares every 24 hours. 

Ahmed et al.[36] applied machine-learning and feature-selection algorithms to 

study two important factors in solar flare occurrences. Firstly, Solar Monitor Active 

Region Tracker (SMART) MF properties are linked to flare events. Secondly, the flare-

prediction-capability of magnetic feature (MF) features was detected by SMART's. In 

addition, spatiotemporal association algorithms are applied to link magnetic features with 

flares in order to know flaring and non-flaring magnetic features.  Furthermore, the data 

used in this studied from April 1996 to December 2010. The data used have been 

investigated according to the target of each experiment. 
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In 2014, the University of Alabama developed a (MAG4) system of forecasting an 

AR’s production rate of more significant flares in magnetic energy[37]. This system 

prediction was depending on applying magnetogram data for the Sun. This system's 

principle work uses the McIntosh active-region (AR) classes to predict Solar Proton 

Events (SPE), CMEs, and M and X class flares. 

Hong et al.[38] designed an Automatic Solar Synoptic Analyzer (ASSA). This 

system's primary function is identifying coronal holes, SS groups, and filament channels 

that are three properties responsible for the space weather. This system is built on an 

artificial neural network technique with the ASSA coronal hole data archive from 1997 

to 2013. This system applied images of SOHO EIT 195, and SDO AIA 193 used for 

morphological recognition. After that, SOHO MDI Magnetograms and SDO HMI 

Magnetograms were applied for quantitative verification. This system can predict three 

classes of solar flares are C, M, and X-flare. 

In 2015, Muranushi et al.[39] developed a fully automated space weather prediction 

called UFCORIN. They had tested 6160 various combinations of Solar Dynamic 

Observatory/ Helioseismic and Magnetic Imager data as input data. They simulated the 

prediction of GOES X-ray flux for the period from 2011 until 2012. They concluded that 

a direct measurement of the true skill statistic (TSS) from small cross-validation sets is 

ill-posed and used the standard scores (z) of the TSS to compare the various prediction 

strategies' performance. In addition, the better three values of TSS were 0.75 ± 0.07, 0.48 

± 0.02, and 0.56 ± 0.04, respectively. 

In 2017,  Nishizuka et al. [33] developed a flare prediction system by comparing 

three types of machine learning algorithms optimized to predict the flares occurring 

following 24 hours. These machine-learning algorithms: k-nearest neighbors (k-NN), 

support vector machine, and extremely randomized trees. They used data between 2010 
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to 2015. These data are ultraviolet (UV) emission, soft X-ray emission, and vector 

magnetograms taken by the Solar Dynamics Observatory and the Geostationary 

Operational Environmental Satellite. 

There has been a growing interest in Deep Learning Networks (DNNs) in the last 

few years. Deep structured learning is a branch of machine-learning aiming to simulate 

the human brain's activity, specifically in object recognition and the input data through 

various layers of neural communications[40]. These algorithms have been applied 

successfully to different fields such as speech recognition, computer vision, natural 

language processing, medical image analysis because of the enormous amounts of data 

available and great computer hardware development.  

In 2018 [41] suggested a solar flare prediction system based on CNN. This system 

used solar ARs (ARs) detected from SOHO/MDI and SDO/HMI magnetograms images 

within ±30° of the central meridian for the proposed system's training and testing. 

Park et al. [42] suggested an expert system based on applying three types of 

convolutional networks. These types are Alex Net and Google Net, one newly proposed 

model, and two pre-trained models. This model used the SOHO/Michelson doppler 

imagers and SDO/Helioseismic magnetic imagers as input data.  The model's output is 

the “Yes or No” of solar flares occurrence (C, M, and X types), and this system's 

productions are compared with GOES observations. 

In a recent paper by [43], they proposed a novel convolutional neural network 

(CNN) model to make a binary class forecast for C-class and M-class solar flares within 

24 hr. This study suggested a method of shuffle and split cross-validation (CV) based on 

AR segregation. This method is the first attempt to verify the validity and stability of the 

flare forecast model. The model trained on 10 CV for both C-class and M-class The CNN 
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model used in this study achieved a relative score of TSS = 0.749 ± 0.079 for M-class, 

and TSS = 0.679 ± 0.045 for C-class[43]. 

Kangwoo Yi et al.[44] developed a novel deep learning model to predict significant 

solar X-ray flare flux profiles. These models depend on a sequence-to-sequence 

framework applying a long short-term memory cell and an attention mechanism. The 

system predicted 30 minutes of X-ray flux profiles during the X-ray flare increase with a 

minute time. They evaluated the two models applying the 10-fold cross-validation and 

RMS error (RMSE) based on flux profiles and RMSE based on its peak flux. This study 

concluded using deep learning to predict solar flare X-ray flux profiles without any 

preprocessing to extract features from data. Secondly, achieve the best execution for 

forecasting X-ray flux profiles with low-peak fluxes than those with high-peak fluxes. 

Long Xu et al.[45] developed a novel deep learning model for predicting CME 

arrival time. This model depends on two deep neural networks designed first to detect 

EUV waves and then outline their wavefronts, giving early signatures of CMEs. This 

model's results lauded that the parameters for describing EUV waves can be more easily 

deduced, benefiting the subsequent statistical analysis of CMEs. 

Deep neural network technologies (Deep Belief Networks (DBNs)); have recently 

attracted the attention of many seekers in several implementations of big data analysis. 

Most of these studies pointed out that DBNs models can bring out better forecast accuracy 

than traditional Artificial Neural Networks.DBNs have already been used successfully to 

solve many complex issues, for example, classification, dimensionality reduction, and 

image processing such as [46] [47] [48]. In addition, to our knowledge, this is the first 

study(the system presented in chapter 6 ) that deal with this type of deep learning and use 

it in space weather prediction. 
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Deep learning algorithms, so far, have been commonly used to run in isolation. 

These models are produced to find solutions for special problems. The algorithms have 

to be redesign from scratch once the type of problem changes. To solve this problem, 

researchers are interested in Transfer learning. Transfer learning is the concept of 

overcoming the isolated learning model and using knowledge acquired for one mission 

to solve different related ones. 

In 2019,  Zheng et al.[49] developed a flare prediction system by applying a 

modified Convolutional Neural Network (CNN) model in conjunction with transfer 

learning to predict the flares( ≥C-class or ≥M-class flare) occurring following 24 hours. 

These machine-learning algorithms: CNN with transfer learning. They used data between  

2010 to 2018. These data are(line-of-sight magnetogram samples of ARs provided by the 

SHARP8, which is a new data product from the HMI on-board the SDO according to 

these AR samples, they adopted the approach of shuffle-and-split cross-validation (CV) 

to build a database that contains 10 separate dataset groups. 

 

2.2 Conclusion 

Even though solar flare prediction systems' efficiency has been improved in recent 

years most improvements are still not at the required level. Therefore, future studies on 

the space weather forecast are needed to understand the main reasons for solar flares and 

design a more dependable solar flare prediction system. 

Best systems designed to predict space weather depend on different factors, such as 

data, various parameters, methods used, and validation measures. One of the important 

and serious things that should be considered when designing and building a solar flares 

prediction system is data choice. The choice of data type and sources is a significant issue. 
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The solar flare system should be based on widely disseminated data for real-time and 

extended periods to enable the undertaking of large-scale analysis, evaluation, and build 

systems that can work in real-time. For instance, currently, the Solar Dynamics 

Observatory (SDO) is one of the best and most excellent data sources for solar flare 

prediction systems. The SDO data are available orderly in near real-time and publicly 

available. 

The other important factor in designing solar flare systems or space weather studies 

is an unlimited number of parameters associated with a solar flare; this led to different 

views on the relationship between parameters and solar flare. Some researchers see that 

some parameters are strongly associated with a solar flare, and some parameters are 

weakly associated with a solar flare. For example, the ASAP system provided by Colak 

and Qahwaji depended on the McIntosh classifications of sunspot groups and sunspot 

group size as an input to the prediction system. However, the SVM-KNN system provided 

by Li et al. depends on the SS magnetic class, the SS area, and the McIntosh class of the 

SS group, and 10 cm solar radio flux as the input parameters to the system. Nowadays, 

many systems claim that they utilize the best efficient parameters strongly related to 

significant solar flare occurrences; unfortunately, they are still not operating high 

accuracy. For that purpose, there is a requirement to examine a large number of solar 

parameters at the same time, derived from significant solar data and long periods, in order 

to design the space weather forecast system with high efficiency and reliability.  

The other important factor is the methods or approach used to design solar flare 

prediction systems. These methods can be divide into linear statistics and machine 

learning. Data is one of the most important factors in designing space weather forecast 

systems that use statistical or machine learning approaches. Therefore, forecasting models 

should apply data ready for use that covers a long time to cover minimal and maximal 
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solar data in real-time. Furthermore, they should run the models in real-time. As we noted 

previously in this section, the Solar Dynamics Observatory (SDO) is one of the best data 

sources. SDO data are publicly available at regular in near real-time. 

 It should implement a set of measures to verify the efficiency of flare prediction 

models' prediction capability. Such measures should include: Firstly, test the forecasting 

system on datasets that have events from the solar minimum and maximum and cover a 

long time; Secondly, studying all the detections such as SS or AR detections in the 

investigated time without ignoring any, finally, use several climatological skill scores to 

validate the test results of the system. These measures should be selected and analyzed 

closely in order to design a model for predicting space weather with high efficiency and 

realism, as explained in [34]. 

In the final analysis and according to the points discussed above, it is challenging 

to compare the achievements of solar flare prediction systems and assess the 

advancements that have been achieved by the various studies and research so far. 

Therefore, a set of scientific criteria and generic guidelines that include several conditions 

and elements, such as the one discussed above, should be established to measure the 

proposed systems' proficiency. 
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CHAPTER THREE 

3 Solar Data 

3.1 Introduction 

In this part of theses, we highlight various types of solar data utilized in this work. 

We applied two types of solar data to find the associations between SSs and flares. In 

addition, some solar data types are used to detect SSs and analyse and study the evolution 

patterns of SS regions. 

3.2 Solar Images 

Satellites and ground-based observatories are providing many kinds of solar 

images. However, satellite images are more apparent than images provided by ground-

based observatories because satellites observations are not affected by clouds and are 

available 24/7 [50]. 

3.2.1  Satellites 

Several solar satellites were launched to study the solar atmosphere, such as the 

Solar Dynamics Observatory (SDO) and the Solar and Heliospheric Observatory  

(SOHO). SDO is a NASA mission that is part of the Living with a Star (LWS) program 

and it was launched on 11 February 2010. SOHO was launched by a European industrial 

consortium led by Matra Marconi Space (now Airbus Defence and Space) on December 

2, 1995, to study the Sun. 
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This part of the study will focus on SDO because we used its data in the current 

research. The primary mission of SDO will be taking a nearer study at the sun, which is 

considered as the main cause for all Space Weather. This satellite will help us realize how 

solar storms are released in the Sun's atmosphere, and how the Sun's system works.  

SDO produces high definition images of the Sun in 13 various wavelengths, using 

two instruments, the Helioseismic and Magnetic Imager (HMI) and the Atmospheric 

Imaging Assembly (AIA)[51]. These images can be seen in Figure 3.2. 

 Helioseismic and Magnetic Imager (HMI) is an instrument on the SDO used to 

measure the magnetic field and peer beneath the Sun’s opaque surface by applying a 

method called helioseismology. A function of this instrument is to discover the 

physics of the Sun’s magnetic dynamo. Stanford University designed HMI. This study 

used two types of images: HMI Intensitygrams and HMI Magnetograms to detect the 

SS group and the AR, respectively[52]. The set wavelengths produced by this 

instrument are as follows. 

Figure 3.1:Shows the evolving heliophysics system observatory[5]. 
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 HMI Intensitygrams (Continuum): provide images of the solar surface, which 

include a broad range of visible light for a solar region in the photosphere. 

 HMI Dopplergram: produce maps of velocity on the sun's surface. 

 HMI Magnetogram provides a form of the magnetic field on the sun’s surface, 

with white representing outward magnetic field lines, and black representing  

magnetic field lines pointing away inwards for Solar Regions on the 

Photosphere 

 Atmospheric Imaging Assembly (AIA) is a battery of four telescopes used to 

photograph the outside layer of the Sun's corona, at temperatures between 20 thousand 

to 20 million degrees. AIA filters cover ten various wavelength colours or bands, 

chosen to reveal the solar activity's main features. The instrument was built by the 

Lockheed Martin Solar Astrophysics Laboratory (LMSAL), Palo Alto, 

California[52]. The set wavelengths produced by this instrument are as follows. 

 AIA 1700: provide images of the solar surface as an ultraviolet light 

continuum. The sun's layer, called the chromosphere, which lies over the 

photosphere, is where the heat starts increasing. Temperatures: 4500 Kelvin. 

 AIA 4500: this image is a White light continuum representing the sun's surface 

or photosphere. Temperatures: 6000 Kelvin. 

 AIA 1600: this image shows the upper photosphere of the sun's surface called 

the transition region. The transition region is where the heat quickly increases. 

Temperatures: 10,000 Kelvin. 

 AIA 304: This light is released from the transition region and the 

chromosphere. The images of this wavelength are colourized in red. 

Temperatures: 50,000 Kelvin. 
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 AIA 171:  The images of this wavelength display coronal loops and the quiet 

corona and are colorized in gold. Temperatures: 600,000 Kelvin. 

 AIA 193:  The wavelength represents two regions; the first shows a lightly 

hotter area of the corona, and the second shows the greatly more burning 

material of a solar flare. Temperatures: 1,000,000 Kelvin for the first region 

and 20,000,000 Kelvin for the second region. 

 AIA 211: The wavelength represents hotter, magnetically ARs in the sun's 

corona. This image is colorized in purple Temperatures:  2,000,000 Kelvin. 

 AIA 335: The wavelength also represents hotter, magnetically ARs in the sun's 

corona. This image is colorized in blue Temperatures:  2,500,000 Kelvin. 

 AIA 094:  The wavelength displays regions of the corona during a solar flare. 

This image is colorized in green. Temperatures:  6,000,000 Kelvin. 

 AIA 131: The wavelength displays the material in flares. This image is 

colorized in teal. Temperatures:  10,000,000 Kelvin. 
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3.3 Data Catalogues  

In this study, we used two catalogue sources. These sources are the National 

Geophysical Data Centre (NGDC) and the Space Weather Prediction Centre (SWPC). 

NGDC gathers recorded data from several observatories around the planet Earth and 

keeps comprehensive publicly available databases for solar activities and features. On the 

other hand, SWPC observes the solar and geophysical events with a real-time prediction. 

In addition, it issues space weather warnings. 

Figure 3.2: Represents imagery from the Helioseismic and Magnetic Imager (HMI). 
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3.3.1 The NGDC SSs Catalogue 

The NGDC SS catalogue (https://www.ngdc.noaa.gov/stp/space-weather/solar-

data/solar-features/sunspot-regions/usaf_mwl/)keeps records of all SS groups providing 

their date, time, position, Mt Wilson classification, NOAA number, McIntosh 

classification, Number of spots, Long.extent, Individual date, Regional date, Station serial 

number, Quality, and Station. A sample from this catalogue is shown in Figure 3.3.  

Two classification systems exist in this catalogue as follows: 

 The McIntosh classification system depends on the size, shape, and spot density 

of SSs. . Summarizes the components of the McIntosh classification system. We 

introduced a detailed explanation of this system in section (1.3.2). 

Figure 3.3: Shows summarize the components of the McIntosh classification system. 

https://www.ngdc.noaa.gov/stp/space-weather/solar-data/solar-features/sunspot-regions/usaf_mwl/
https://www.ngdc.noaa.gov/stp/space-weather/solar-data/solar-features/sunspot-regions/usaf_mwl/
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Table 3.1: McIntosh classification system [48] 

 

 Mount Wilson classifications system: In 1919, Hale et introduced this a 

classifications system for SSs. This system consists of three major types: Alpha 

(α: unipolar), Beta (β: bipolar), and Gamma (γ: complex). These types are defined 

according to the distribution of magnetic polarities within spot groups. All details 

of these kinds are represented in Table 3.2 (below). 

  

McIntosh Description 

S
u

n
sp

o
t 

C
la

ss
 

A The unipolar group with no penumbra. Length < 3oheliographic. 

B The bipolar group with no penumbra. Length ≥3oheliographic 

C The bipolar group with penumbra on one end of the group, in most 

casessurrounding the largest of the leader umbrae. 

D The bipolar group with penumbra on spots at both ends of the 

group.Length ≤10oheliographic. 

E The bipolar group with penumbra on spots at both ends of the 

group.10o< Length ≤15oheliographic. 

F The bipolar group with penumbra on spots at both ends of the 

group.Length > 15oheliographic. 

H The unipolar group with penumbra. 

P
en

u
m

b
ra

l 
C

la
ss

 

x No penumbra. 

r The rudimentary penumbra partially surrounds the largest spot. 

s Small symmetric penumbra. The N-S (north-south) diameter across 

thepenumbra ≤2.5oheliographic. 

a Small asymmetric penumbra. The N-S diameter ≤2.5oheliographic. 

h Large symmetric penumbra. The N-S diameter > 2.5oheliographic. 

k Large asymmetric penumbra. The N-S diameter > 2.5oheliographic. 

S
p

o
t 

D
is

tr
ib

u
ti

o
n

 

x Undefined for a single spot or unipolar groups. 

o Open—few spots between leader and trailer. 

i Intermediate. Numerous spots without a mature penumbra lie between 

theleading and trailing portions of the sunspot group. 

c Compact. Many strong sunspots within the sunspot group, with at least 

oneinterior spot possessing mature penumbra. 
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Table 3.2: Illustrates Mount Wilson classifications system. 

Mt. Wilson Description 

Class Catalogue 
Unipolar: A sunspot group with one or more 

spots of the same polarity. 

β B 

Bipolar: A sunspot group having both positive 

and negative magnetic polarities with a simple 

and distinct division between the polarities. 

γ G 

Complex: A sunspot group in which the positive 

and negative polarities are so irregularly 

distributed as to prevent classification as a 

bipolar group. 

δ D 

A qualifier to magnetic classes indicating that 

there are two or more umbrae of opposite 

polarity inside a single penumbra or penumbral 

area. 

βγ BG 

A sunspot group that is bipolar but which is 

sufficiently complex that no single, continuous 

line can be drawn between spots of opposite 

polarities. 

βδ BD 

A sunspot group of general beta magnetic 

classification but containing one (or more) delta 

spot(s). 

βγδ BGD 

A sunspot group of beta-gamma magnetic 

classification but containing one (or more) delta 

spot(s). 

γδ GD 

A sunspot group of gamma magnetic 

classification but containing one (or more) delta 

spot(s). 

3.3.2 The NGDC Solar Flares 

The NGDC solar flares catalogue keeps records of all flare’s eruptions and 

providing information such as the dates, start time, end time, peak time, position, X-ray 

class-ray intensity, and the NOAA numbers for the ARs that are associated with the 



 

 

  CHAPTER THREE 

36 

detected flares. More details can be found in our previous section (1.3.4). A sample from 

this catalogue is shown in Figure 3.4.  

3.3.3 Conclusions and Summary 

This chapter highlighted the most important types and sources of solar data used in 

this study. The conclusions are drawn from this chapter refer to the following points: 

 A large number of flares and sunspots are missing from the NGDC (flares and 

sunspots) catalogues. This has been deduced by comparing the data in the flare 

and sunspot catalogues with the top solar flares from the sunspot region by Space 

Weather Live. Furthermore, there are many data discrepancies including missing 

characteristics such as location and the NOAA number. 

 A total of 271883 SS groups are registered in the NGDC SS catalog from 1981 

to 2017. It is found that 50532 are registered without area information, and 36939 

are registered without McIntosh classifications. 

 A total of 71475 flares are registered in the NGDC flare catalogue from 1981 to 

2017. 32908 of them are reported without NOAA number, and It is found that 

36935 are registered without locations. 

Figure 3.4: Shows the NGDC solar flares catalogue. 
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 A total of 511932 HMI intensitygram and HMI magnetogram images are 

downloaded from the SDO’s website 

(https://sohowww.nascom.nasa.gov/home.html) in the period from 2010 to 2017. 

It is divided into 255,966 HMI intensitygram and 255,966 HMI magnetogram. 
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CHAPTER FOUR 

4 THE ASAP SYSTEM UPDATE BASED ON OPTIMIZATION OF 

A MACHINE LEARNING APPROACH 

  

4.1 Introduction 

Recent attention has been paid to solar flare prediction because powerful solar 

eruptions could affect our daily life activities and different technologies. Therefore, this 

chapter presents a novel method for flares prediction, representing the second-generation 

of the ASAP system that analyzes the SS region's features within the context of solar flare 

predictions. ASAP can be defined as an automated hybrid computer platform for the 

short-term prediction of dangerous solar flares based on SS McIntosh classes and area 

properties, using NN machine learning. More details about the ASAP system can be found 

from [6]. 

The suggested algorithm improves the ASAP system by expanding a period of 

training vector and generating new machine learning rules to be more successful. We used 

two NNs in this system. The first NN predicts if a significant solar flare will occur, while 

the second NN is activated to determine whether the predicted flare will be X-class and/or 

M-class flare. Several measurement criteria are applied to evaluate the system 

performance; all results are also provided in this chapter. Furthermore, the quadratic score 

(QR) is used as a metric criterion to compare the proposed algorithm's predictions with 

the Space Weather Prediction Center (SWPC) between 2012 and 2013. The results show 

that the proposed algorithm outperforms the old ASAP system. 
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4.2 Artificial Neural Networks (ANN) 

ANN is one of the essential tools applied in machine learning. It can be defined as 

a computational model that is vaguely inspired by the biological NNs that constitute 

human brains [53]. It consists of several highly interconnected processing components 

called (neurons); these elements work together to solve complex problems that are 

difficult for the human brain to solve. Furthermore, all parts are distributed in three 

primary layers, as shown in Figure 4.1. These layers start with the input layer and end 

with the output layer, and in most cases, hidden layers(s) in the middle. The ANN's parts 

and implementation procedure are summarized below. 

4.2.1 Neurons 

The neuron is a key element in the formation of the ANN created to simulate the 

biological neuron's work. It begins with input values multiplied by the weights; after that, 

the result moves through a transfer function to issue neurons' output. Furthermore, the 

activation function is considered as the weighted sum of the neuron’s inputs. The 

following Figure 4.2.explains the typical model of ANN, and it is called Perceptron. 

Figure 4.1: Shows the main structure of ANN. 
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4.2.2 Activation Function 

The basic unit in a NN structure is the activation function. This function aims to 

transform an input signal of each node in an ANN into an output signal. This output signal 

is utilized as input to the following layer in the structure. Furthermore, an activation 

function determines if a neuron should be activated or not by computing the weighted 

sum and adding bias to it. The purpose of this is to put non-linearity into the output of a 

neuron. There are several popular types of activation functions such as: 

1. Threshold Activation Function (Binary step function): It is a threshold-based 

activation function. If the input value is greater or smaller than a threshold, the 

neuron is activated and transfers the same signal to the next layer. 

 

Figure 4.2: Shows the similarity between Biological Neuron (A) and Artificial Neural Network (B). 

Figure 4.3 Threshold Activation Function. 
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2. Sigmoid Activation Function — (Logistic function): A Sigmoid function is a 

mathematical function having a curve that ranges from 0 to 1 as an “S”-form 

curve; therefore, it is applied for models where we need to predict the probability 

as a result. 

 

3. Hyperbolic Tangent Function (tanh): It is a nonlinear function in nature. The 

function ranges from -1 to 1. This function is used as an alternative to a sigmoid 

function. 

4. Rectified Linear Units (ReLu): ReLu is a commonly used activation function in 

ANN and CNN, ranging between 0 to infinity (0,∞). 

Figure 4.4: Sigmoid activation function 

Figure 4.5: Hyperbolic tangent function. 
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4.2.3 The Method of Learning NNs 

As explained in the previous section, the NN consists of connected neurons. Each 

neuron in a NN is associated with a weight multiplied by the input value. Each neuron is 

containing an activation function that determines the product of the neuron.  

 NNs training determines the outputs for NN nodes. It depends on the product from 

the difference between the actual value and the output value; an error value called Cost 

Function is calculated and sent back through the system. The Cost Function can be 

defined as one half of the squared difference between actual and output value. 

The cost function for each layer of the NN was evaluated and used to modify the 

weights and the following input threshold. The main aim of this process is to minimize 

the cost function.  

Figure 4.6: Rectified linear units. 
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Whenever the value of the cost function is little or near zero, the predicted value is 

closer to the actual value. The error continues to reduce in each execution because the 

network is beginning to learn how to analyze values. We continue to perform these 

operations until we get the lowest value for the cost function possible. 

Figure 4.7 shows the Back-propagation algorithm. It is used continuously in a 

network until the error value reaches the lowest value that can be obtained. We summarize 

the process of training NNs as follows [2]: 

Figure 4.7: The back-propagation algorithm. 
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Firstly, we randomly choose to initialize the network parameters (weights and 

biases). All these weights are determined by small non-zero numbers. Secondly, input a 

set of input data examples in the first layer of the NN called the input layer, each feature 

is input to one node in the input layer. Thirdly, cross a set of examples through the 

network from left to right in order to get their prediction. Fourthly, compare the predicted 

result with the actual result and compute the loss value (cost function). Fifthly, execute 

the backward-propagation algorithm from right to left to propagate this loss to each of the 

parameters that make up the NN model and update the weights based on the error value. 

Sixthly, repeat the points from the first to the fifth and modify the weights after each 

execution (Reinforcement Learning). Lastly, after processing all the training data, an 

epoch is completed, previous steps are repeated for other epochs. All stages are described 

in Figure 4.8. 

4.3 Sunspot Detection and Classification Algorithms 

In this part of the chapter, we provide a brief overview of the system for sunspot detection 

and classification that was presented by [54]. This system consists of three main steps: 

pre-processing, sunspot detection and grouping, and sunspot classification. These steps 

can be summarized as follows: 

1) Pre-processing step. 

Figure 4.8: Shows the stages of training neural networks[2]. 



 

 

  CHAPTER FOUR 

45 

At this first step, we are using both images (intensitygram and magnetogram images) 

to: 

 Determine the solar disk, radius  and centre, make a mask and remove any 

information for example (date and direction) from the image  

 Calculate the Julian date and solar coordinates. 

After that, we are using only magnetogram images to 

  Firstly, map the magnetogram image from Heliocentric-Cartesian 

coordinates to Carrington  Heliographic coordinates. 

  Next, re-map the image to Heliocentric-Cartesian coordinates. Apply 

centre, radius, and solar coordinates of the intensitygram image as the new 

centre, radius, and solar coordinates of the magnetogram image. 

2) Sunspot grouping 

 Find all sunspot candidates from HMI intensitygram images by applying 

intensity thresholding. 

 Find all active region candidates from HMI magnetogram images by 

applying morphological image processing algorithms for example 

intensity filtering, dilation, and erosion. The HMI magnetogram images 

visualise the magnetic fields of the solar photosphere, with white and black 

areas showing different magnetic polarities. These areas (white and black) 

are discovered individually and combined afterward to define the active 

region candidates 

 Next, use the region growing approach to combine active region with 

sunspot candidates. In the region growing technique, small regions of 

candidate pixels are iteratively mixed according to similarity constraints. 

More details about this technique are described in [54]. 

 After that, employ neural networks to combine areas of different magnetic 

polarities to define the specific boundaries of sunspot groups. 

 Finally, mark the identified sunspot groups. 

3) McIntosh-based classification 

 Using neural networks and image processing in order to detect local 

features from each sunspot group. 

 Detect the height, length, and size of the area of the sunspot. 
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 Apply neural networks to identify the kind of penumbra of the sunspot 

for instance Symmetric or Asymmetric and Mature or Rudimentary. 

 Apply image processing to detect features from the sunspot group. These 

features are the largest spot, distribution, length, and polarity. 

 Use a decision tree algorithm to determine McIntosh classification by used 

the extracted features as input data. 

Detailed descriptions concerning this part of the platform are presented in[54] and 

illustrated in Figure 4.9. 

Figure 4.9: The steps and outcomes of the sunspot discovery and grouping methods. Images 1 and 2 

are the images input to the system. Image 3 displays the detected sunspots, while image 4 displays 

the discovered active regions. These images are integrated by appling region growing in image 5 to 

show the exact locations of active regions. Appling Neural Networks active regions are classified into 

groups in image 6 and this data is also utilized to find sunspot groups in image 7. 
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4.4 Knowledge Representation of Solar Catalogues 

The NOAA number for the flare that is associated with the detected AR. In this 

section, a C++ platform is created to associate SSs and flares automatically. NGDC has 

SS data from various observatories and sometimes contains different SS groups' 

observations for multiple times of the same day. Flares and SS catalogues were examined 

to associate SS groups with the solar flares, which are considered the main causes of these 

flares. All the recorded flares and SSs for the periods from  1st December 1981 to 1st 

December 2011 and from 1 January 2014 to 30th June 2017, which includes 67386 solar 

flares (43147 C-class, 5213 M-class, and  398 X-class) and 261686 SS groups, are tested 

using the association algorithm described in [32]. 

4.4.1 The Algorithm for Associating Flares and Sunspots  

The association algorithm is based on the following conditions: 

 A SS and a solar flare are associated if they have the same NOAA number. 

Whereas SSs and flares that do not have NOAA numbers are filtered out from 

the lists. 

 A solar flare event should be listed after a SS is observed within a predefined 

time window. Four-time windows were used: 6, 12, 24, and 48 hours. 
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 If more than, one SS is associated with the same solar flare, only the nearest SS 

in time to the flare is considered related, and the other SSs are deleted. 

 This table represents the final association results between flare and SS for the 

periods from 1st December 1981 to 1st December 2011 and from 1 January 2014 to 30th 

June 2017. 

Table 4.1: Inputs and output values for the first neural network utilized for preparing the flaring 

probability. 

Time Window C M X Association Not association 

6 24443 4252 368 174419 50328 

12 46371 8273 711 202054 22693 

24 88891 16090 1419 215136 9611 

48 150973 27598 2422 219364 5383 

Figure 4.10: Flowchart showing the algorithm for associating flares and sunspots. 
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4.5 The Flare Prediction System 

We used the size area of SS groups together with the McIntosh classes as the input 

for the solar flare forecast algorithm. Our solar flare forecast algorithm is composed of 

two NNs, as illustrated in Figure 4.15. The Jack-knife method [55] was used to evaluate 

the NN algorithms' training and generalization efficacies.  

We require to define numerical representations for the ASSOCIATED and 

UNASSOCIATED data that were used because almost all machine learning technologies 

work with numbers. This means that we need to transform the McIntosh classification of 

each sunspot to an identical numerical value. 

 In order to do that, we will return to the basics of McIntosh classification, which is 

represented as Zpc, as we mentioned earlier in the section (1.3.2). There are seven broad 

categories that belong to the Z part of classification (i.e., A, B, C, D, E, F, H), six broad 

categories that belong to the p part (i.e., x, r, s, a, h, k) and four broad categories that 

belong to the c part (i.e., x, o, i, c). Therefore, three numerical values are represented in 

each sunspot group. The complete  transform process is depicted in Figure 4.11. 

The first NN accepts four inputs. These inputs are the three McIntosh classes and 

the SS area. On the other hand, The NN provides one output in the range of 0.1 to 0.9 for 

4 time windows (6, 12, 24, and 48 hours). A threshold of 0.5 is used to categorize the 

generated outputs. The system generates the probability that this SS group will produce a 

Figure 4.11: The complete transform process of the prediction system. 
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solar flare in the next 6, 12, 24, and 48 hours. Therefore, the first NN is trained using SS 

regions from the NGDC SS catalogue and solar flare from the NGDC flare catalogue 

associations described in the previous section. The training vector includes four inputs 

numerical values and their corresponding single output value (Flare=0.9 or No Flare=0.1), 

as shown in Table 4.2. 

For instance, if there is a SS region with a McIntosh classification of EFI and an 

area of 875 in millionths of solar hemisphere related to a solar flare, then the training 

vector will be [0.7,0.9,0.5,0.35;0.9]. 

Table 4.2: Illustrate numerical values for the first NN representing the McIntosh classes and SS 

area as the inputs and their corresponding target 

The second NN determines if the predicted flare will be M-class and/or X-class 

flare. The second NN is trained using a training set that includes only the three McIntosh 

classes for SS groups related to M-class and X-class flares. Therefore, the second NN 

consists of three inputs and two outputs. The first and second outputs represent the M-

class and X-class flares, respectively. This NN works as follows: 

 If the SS group is related only with an M-class flare, then the first output will be 

more than or equal to 0.5; otherwise, it will be less than 0.5. 

 If the SS group is related only with an X-class flare, then the second output will 

less than or equal to 0.5; otherwise, it will be less than 0.5. 

Inputs Output 

McIntosh classes Normalized 

(with 2500) 

sunspot area 

FLARE =0.9 

NO FLARE= 0.1 A= 0.10 

H= 0.15 

B= 0.20 

C= 0.35 

D= 0.60 

E= 0.75 

F= 0.90 

X= 0 

R=0.10 

S=0.30 

A=0.50 

H=0.70 

K=0.90 

X=0 

O=0.10 

I=0.50 

C=0.90 
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 If the SS group is related to the M-class and X-class of a solar flare, all the 

corresponding outputs will be greater than or equal to 0.5; otherwise, it will be 

less than 0.5. 

For instance, if there is a McIntosh classification of FKI related only with M-class 

and X-class solar flares, then the training vector for this example will be [0.9, 0.9, 0.5; 

0.77, 0.56]. 

 

4.6 Optimization of the Neutral Networks 

The two NNs are optimized by comparing the forecast outputs from the two NNs 

against the actual results. Furthermore, The SS samples were randomized, chosen 80% 

for training and the remaining 20% for testing every training and testing executed.  From 

the comparison, the following measures are calculated first: True Positive (TP), False 

Positive (FP), True Negative (TN), and False Negative (FN). These measures are 

described below: 

 TP represents the number of cases when a SS group is associated with an 

actual flare, and a flare forecast is produced, then this prediction is true. 

Figure 4.12: Solar flare prediction algorithm with training and testing data. 
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 FP represents the number of cases when a SS group is associated with an 

actual flare, but no flare forecast is produced, then this prediction is wrong. 

 TN represents the number of cases when a SS group is not associated to any 

actual flare, and no flare forecast is produced, then this prediction is true. 

 FN represents the number of cases when a SS group is not associated to any 

actual flare, but no flare forecast is produced, then this prediction is wrong. 

We are using the measures above to evaluate the prediction performance of the 

learning algorithm using the forecasting measures shown below: 

 True Positive Rate (TPR): Higher TPR represents a better prediction performance. This 

value is calculated by applying Equation (4-1).  

 𝑻𝑷𝑹 =
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
 Equation (4-1) 

 False Positive Rate (FPR): Minimum FPR represents better prediction performance. 

This value is calculated by applying Equation (4-2). 

 𝑭𝑷𝑹 =
𝑭𝑷

𝑭𝑷 + 𝑻𝑵
 Equation (4-2) 

 True Negative Rate (TNR): Maximum TNR means a better prediction performance. 

This value is calculated by applying Equation (4-3). 

 𝑻𝑵𝑷 =
𝑻𝑵

𝑭𝑷 + 𝑻𝑵
 Equation (4-3) 

 False Negative Rate (FNR): Minimum FNR represents better prediction performance. 

This value is calculated by applying Equation (4-4). 
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𝑭𝑵𝑷 =

𝑭𝑵

𝑻𝑷 + 𝑭𝑵
 

Equation (4-4) 

 False Alarm Rate (FAR) represents the possibility of false flare forecasts. Minimum 

FAR represents better prediction performance. This value is calculated using Equation 

(4-5). 

 𝑭𝑨𝑹 =
𝑭𝑷

𝑭𝑷 + 𝑻𝑷
 Equation (4-5) 

 Mean Squared Error (MSE) represents the average of the squares of the difference 

between the predicted flare cases and the actual flare cases for all SS group detections. 

A minimum MSE value represents better prediction performance. This value is 

calculated by applying Equation (4-6). 

 

Where, 𝑝𝑖 is the value of all output for the inputs given in the training vector, and 𝑟𝑖 is 

the actual output given in the training vector, 𝑛 is the whole number of symbols in the 

training vector. 

 Accuracy (ACC) represents how close the overall generated forecasts to the actual 

events. Maximum ACC rates represent a better prediction performance. This value is 

calculated by applying Equation (4-7). 

 
𝑨𝑪𝑪 =

𝑻𝑹 + 𝑻𝑵

(𝑻𝑷 + 𝑭𝑵) + (𝑭𝑷 + 𝑻𝑵)
 

Equation (4-7) 

 𝑀𝑆𝐸 =
1

𝑛
∑(𝑝𝑖 − 𝑟𝑖)

2

𝑛

𝑖=1

 Equation (4-6) 



 

 

  CHAPTER FOUR 

54 

 Heidke Skill Score (HSS), this value represents the chance factor associated with the 

predictions. The value of HSS is between -1 to 1. Negative values indicates that the 

prediction is based on chance, 0 shows no-skill, while positive values represent perfect 

forecasting. 

 More details on these relevance and significance of these measures can be found 

in [56].  

4.6.1 Testing and training the first neural network 

Several training experiments are carried out while changing the number of nodes in the 

hidden layer for each association time window (6, 12, 24, and 48), as follows. 

o The number of nodes in the hidden layer was varied from 1 to 15. 

o  The training and testing methods were executed 10 times for every hidden node.  

o The test measures were calculated for every execution for each number of 

hidden nodes. The average and standard deviation for the measures were 

calculated to depend on different decision thresholds: 0.5, 0.45, 0.4, and 0.35 

and recorded there in Table 4.4. 

  

 𝑯𝑺𝑺 =
𝟐 × ((𝑻𝑷 × 𝑻𝑵) − (𝑭𝑷 × 𝑭𝑵))

((𝑻𝑷 + 𝑭𝑵) × (𝑭𝑵 + 𝑻𝑵) + ((𝑻𝑷 + 𝑭𝑷) × (𝑭𝑷 + 𝑻𝑵))
 Equation (4-8) 
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Table 4.3: Training and testing for networks with different time-windows and thresholds. 

 Threshold Time Window  Nodes Run TPR FPR FNR TNR FAR ACC SPC HSS MCC TSS 

0.5 6 6 Mean 0.2625 0.0065 0.7375 0.9935 0.2961 0.9531 0.9935 0.3629 0.4115 0.2560   
6 StD 0.0153 0.0009 0.0153 0.0009 0.0214 0.0019 0.0009 0.0156 0.0128 0.0148 

0.45 6 6 Mean 0.3084 0.0095 0.6916 0.9905 0.3443 0.9528 0.9905 0.3975 0.4288 0.2989   
6 StD 0.0224 0.0015 0.0224 0.0015 0.0253 0.0017 0.0015 0.0178 0.0134 0.0212 

0.4 6 6 Mean 0.3669 0.0146 0.6331 0.9854 0.4029 0.9512 0.9854 0.4297 0.4441 0.3523   
6 StD 0.0223 0.0022 0.0223 0.0022 0.0288 0.0015 0.0022 0.0141 0.0126 0.0206 

0.35 6 6 Mean 0.4340 0.0218 0.5660 0.9782 0.4597 0.9481 0.9782 0.4526 0.4565 0.4121   
6 StD 0.0341 0.0043 0.0341 0.0043 0.0350 0.0024 0.0043 0.0154 0.0147 0.0305 

0.5 12 8 Mean 0.5995 0.0369 0.4005 0.9631 0.2699 0.9118 0.9631 0.6073 0.6118 0.5627   
8 StD 0.0355 0.0065 0.0355 0.0065 0.0226 0.0035 0.0065 0.0140 0.0117 0.0297 

0.45 12 9 Mean 0.6635 0.0506 0.3365 0.9494 0.3124 0.9090 0.9494 0.6207 0.6220 0.6128   
9 StD 0.0398 0.0129 0.0398 0.0129 0.0378 0.0064 0.0129 0.0091 0.0085 0.0275 

0.4 12 6 Mean 0.6866 0.0547 0.3134 0.9453 0.3220 0.9089 0.9453 0.6275 0.6286 0.6319   
6 StD 0.0372 0.0127 0.0372 0.0127 0.0352 0.0067 0.0127 0.0075 0.0073 0.0251 

0.35 12 4 Mean 0.7117 0.0636 0.2883 0.9364 0.3504 0.9046 0.9364 0.6225 0.6240 0.6481   
4 StD 0.0327 0.0091 0.0327 0.0091 0.0242 0.0044 0.0091 0.0089 0.0090 0.0247 

0.5 24 13 Mean 0.7952 0.0610 0.2048 0.9390 0.1555 0.8970 0.9390 0.7467 0.7478 0.7342   
13 StD 0.0223 0.0126 0.0223 0.0126 0.0230 0.0046 0.0126 0.0088 0.0090 0.0125 

0.45 24 3 Mean 0.8111 0.0696 0.1889 0.9304 0.1714 0.8955 0.9304 0.7459 0.7463 0.7415   
3 StD 0.0186 0.0108 0.0186 0.0108 0.0207 0.0052 0.0108 0.0107 0.0108 0.0126 

0.4 24 1 Mean 0.8128 0.0722 0.1872 0.9278 0.1768 0.8942 0.9278 0.7433 0.7434 0.7406   
1 StD 0.0077 0.0051 0.0077 0.0051 0.0107 0.0050 0.0051 0.0110 0.0110 0.0103 

0.35 24 3 Mean 0.8669 0.1105 0.1331 0.8895 0.2350 0.8828 0.8895 0.7277 0.7311 0.7564   
3 StD 0.0175 0.0144 0.0175 0.0144 0.0223 0.0067 0.0144 0.0129 0.0116 0.0102 

0.5 48 2 Mean 0.8705 0.0823 0.1295 0.9177 0.1020 0.8962 0.9177 0.7901 0.7906 0.7882   
2 StD 0.0177 0.0097 0.0177 0.0097 0.0099 0.0051 0.0097 0.0103 0.0100 0.0115 

0.45 48 2 Mean 0.8898 0.0997 0.1102 0.9003 0.1185 0.8955 0.9003 0.7894 0.7897 0.7902   
2 StD 0.0126 0.0120 0.0126 0.0120 0.0121 0.0051 0.0120 0.0099 0.0099 0.0099 

0.4 48 2 Mean 0.9043 0.1283 0.0957 0.8717 0.1454 0.8865 0.8717 0.7721 0.7734 0.7760   
2 StD 0.0079 0.0169 0.0079 0.0169 0.0161 0.0078 0.0169 0.0152 0.0145 0.0140 

0.35 48 13 Mean 0.9098 0.1537 0.0902 0.8463 0.1683 0.8751 0.8463 0.7500 0.7532 0.7561   
13 StD 0.0100 0.0253 0.0100 0.0253 0.0233 0.0109 0.0253 0.0210 0.0187 0.0184 
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Table 4.4: Shows the results of the best consecration for the first NN. 

    

Table 4.5: The training parameter settings of first NN Model. 

 

 

4.6.1  Testing and training the second neural network 

 For each association time window (6, 12, 24, and 48), the training and testing 

methods for the second NN were handled as follows: 

Threshold 

Time 

Window Nodes Run TPR FPR FNR TNR FAR ACC SPC HSS MCC TSS 

0.35 6 6 Mean 0.4340 0.0218 0.5660 0.9782 0.4597 0.9481 0.9782 0.4526 0.4565 0.4121 

0.45 12 9 Mean 0.6635 0.0506 0.3365 0.9494 0.3124 0.9090 0.9494 0.6207 0.6220 0.6128 

0.35 24 3 Mean 0.8669 0.1105 0.1331 0.8895 0.2350 0.8828 0.8895 0.7277 0.7311 0.7564 

0. 5 48 2 Mean 0.8705 0.0823 0.1295 0.9177 0.1020 0.8962 0.9177 0.7901 0.7906 0.7882 

Epochs learning rates Activation function Threshold  

12000 0.01 Sigmoid (SIG) 0.5 

Figure 4.13: The NNs architecture that used in the first NN with different time windows, where 

(4.13.1) represent time window (6), (5.4.2) represent time window (12),( 5.4.3) represent time 

window(24), (5.4.4) represent time window(48). 
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o  The number of hidden nodes for the second NN was varied from 1 to 20. 

o  The only measure used to measure the second NN performance is the MSE for each 

of the target functions because of the target functions (M-Flare Probability and X-

Flare Probability) binary values. 

o  The former table found the best NN structure for the second NN are 20 hidden 

nodes for 6 hours forecast window, 18 hidden nodes for 12 hours forecast window, 

19 hidden nodes for 24 hours forecast window, and 20 hidden nodes for 48 hours 

forecast window. 

o  Four sets of decision rules were created: intensity_6.dat, intensity_12.dat, 

intensity_24.dat, and intensity_48.dat. 
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Table 4.6: Shows the results of the best consecration for the second NN. 

Time MSE Number of Hidden Nodes 
  

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

6 M 0.023 0.021 0.021 0.021 0.021 0.021 0.031 0.013 0.008 0.017 0.007 0.034 0.012 0.006 0.004 0.011 0.004 0.004 0.006 0.003 

X 0.022 0.021 0.021 0.021 0.021 0.021 0.037 0.018 0.026 0.020 0.013 0.033 0.010 0.013 0.010 0.018 0.010 0.007 0.012 0.007 

12 M 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 0.024 

X 0.017 0.015 0.017 0.017 0.017 0.017 0.015 0.020 0.016 0.011 0.016 0.017 0.017 0.013 0.006 0.011 0.011 0.004 0.008 0.007 

24 M 0.024 0.022 0.022 0.022 0.022 0.016 0.019 0.016 0.007 0.005 0.022 0.007 0.014 0.013 0.005 0.005 0.005 0.004 0.004 0.005 

X 0.017 0.016 0.016 0.016 0.016 0.017 0.016 0.017 0.009 0.007 0.031 0.008 0.014 0.015 0.005 0.007 0.006 0.007 0.003 0.009 

48 M 0.024 0.022 0.022 0.022 0.022 0.012 0.012 0.015 0.013 0.028 0.009 0.022 0.007 0.006 0.010 0.173 0.009 0.005 0.005 0.005 

X 0.018 0.017 0.017 0.017 0.017 0.015 0.009 0.016 0.030 0.027 0.009 0.022 0.008 0.011 0.012 0.319 0.019 0.010 0.012 0.011 
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Figure 4.14: The NNs architecture that used in the second NN with different time windows, where 

(4.14.A) represent time window(6), (5.4.B) represent time window(12),( 5.4.C) represent time 

window(24), (5.4.D) represent time window(48). 

 Table 4.7: The training parameter settings of the second NNs Models 

Epochs learning rates Activation function Threshold  

30000 0.001 Sigmoid (SIG) 0.5 
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4.7 Actual Implementation and Evaluation of Updates ASAP's System 

The McIntosh classified SSs and SS area are fed to the machine learning system 

(first and second NN) as explained in Section 3, which is trained with 45 years of data 

after applying the association algorithm. Based on the embedded learning rules, the 

system predicts if a solar flare will occur within different time windows (6, 12, 24, and 

48 hours). If a significant solar flare is forecasted, then the probability of this solar flare 

being M-class or X-class flare is also predicted. This is illustrated in Figure 4.15. The 

entire system is implemented in C++. 

4.7.1 Evaluation of the Second Generation ASAP System 

The second generation ASAP's system was tested on solar SDO HMI continuum 

images from January 1, 2012, to December 31, 2013. Furthermore, the new system's 

performance was evaluated by comparing the produced forecasts with the actual flares 

(NGDC solar flare catalogue). There were 67787 HIM continuum images available 

during this period at a cadence of 96 images per day. These HIM continuum images and 

their corresponding 67787 MDI magnetogram images were processed using the updated 

ASAP System, and four SS catalogues were generated, which we refer to as 

Figure 4.15: The figure illustrates the final proposed solar flare prediction system. 
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ASAPDATABASE_06, ASAPDATABASE_12, ASAPDATABASE_24, and 

ASAPDATABASE_48. Table 4.6 gives an example of the ASAPDATABASE_ 

Catalogue.  

Table 4.8: Shows a sample of the ASAPDATABASE_ Catalogue. N. (Number of sunspots inside the 

group), L (Length of the sunspot group), F (Flaring Probability), M (Probability of the flare to be 

M class), X (Probability of the flare to be X class). 

Date Time Location Class N. L. Area F. M. X. 

0/06/2014 02:30 S03W68 AXX 1 0 24 0.105 0.0143 0 

10/06/2014 02:30 S15W19 FHC 28 19 556 0.294 0.232 0.219 

10/06/2014 02:30 S12W53 BXO 2 1 18 0.0719 0 0 

10/06/2014 02:30 S12W58 HRX 1 0 8 0.106 0.0112 0 

 

To associate the SSs with solar x-ray flares registered in the NGDC catalogue, I 

used the association algorithm, suggested in [6], to compare sunspots and solar flares 

based on their locations  (latitude and longitude) not their NOAA numbers because the 

sunspot groups in ASAPDATABASE_ Catalogue do not have NOAA numbers. 

Moreover, all solar flares that do not have location information were excluded from this 

study. More details about the work of this algorithm can be found in [6]. 

After the completion of the association algorithm, the forecast performance is 

evaluated applying different verification measures as defined below. 

4.7.2 Verification of the Second Generation ASAP's System 

The new ASAP system produces forecasts in a numerical format, between 0.0 and 

0.9, as shown in Table 6.4. We used different measures for evaluating the estimates of 

the new ASAP system. These different measures are divided into two types; the first type 

requires forecast probabilities. So, the system directly converts the generated predictions 

to percentages. For instance, if the second NN output is 0.23 for M-Flare, it is supposed 

that the SSs has a 23% M-Flare probability. 
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The second type is categorical forecasts (Yes/No). The system used a threshold 

value of 0.5 (50%) for deciding the final forecasts. The first NN includes output values 

0.1 (10%) non-flaring and 0.9 (90%) flaring. The value of the hybrid system output is 

determined according to the threshold used. A predicted output that is larger than the 

threshold means that a significant flare is predicted to occur. 

The second NN includes two output values. The first output for M-Flare probability 

and the second output for X-Flare probability. The M-Flare probability and X-Flare 

probability are determined according to the value of the threshold used if the resulting 

value is greater than the threshold, there is a possibility of an M-Flare probability occur. 

However, if the value is less than the threshold, there is a low possibility of an M-Flare. 

The same method determines the probability of occurrence for X-Flares. 

With a view to calculate the forecasts' success, the association results are 

investigated using four criteria: TP, FP, TN, and FN. The solar flares in the NGDC 

catalogues during the verification period (January 1, 2012, to December 31, 2013) are 

compared with 309535 SS groups detected from 67,787 MDI image pairs and recorded 

in ASAPDATABASE_06.txt, ASAPDATABASE_12.txt, ASAPDATABASE_24.txt, 

and ASAPDATABASE_48.txt. Also, the results of the second generation ASAP's system 

were compared with the results of the old ASAP's system for the same period (January 1, 

2012, to December 31, 2013). The forecast outputs are compared for different time 

windows: 6, 12, 24, 48 hours. Additional prediction verification measures are applied to 

evaluate the second generation ASAP's system and the old ASAP system for each time 

window, as shown in Table 4.9 and Table 4.10, respectively. These measures are 

arranged as follows: Probability of Detection (POD), FAR, Percent Correct (PC), Heidke 
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Skill Score (HSS), and Quadratic Score (QR). More details about these measures in a 

recent paper by[56]. 

Table 4.9: Results of the second generation ASAP's system. 

Time Type POD FAR PC HSS 
 

ALL 0.854 0.499 0.919 0.630 

6 M 0.738 0.855 0.988 0.242  
X 0.400 0.900 0.999 0.160 

 
ALL 0.906 0.273 0.868 0.806 

12 M 0.865 0.614 0.980 0.533  
X 0.500 0.857 0.999 0.222 

 
ALL 0.935 0.077 0.796 0.929 

24 M 0.889 0.553 0.967 0.595  
X 0.600 0.769 0.998 0.333 

 
ALL 0.943 0.042 0.710 0.950 

48 M 0.873 0.640 0.946 0.510 

 X 0.778 0.563 0.996 0.560 

Table 4.10: Results of the old ASAP system. 

Time Type POD FAR PC HSS 
 

ALL 0.840 0.600 0.938 0.535 

6 M 0.532 0.857 0.991 0.224 
 

X 0.571 0.973 0.997 0.051 
 

ALL 0.899 0.441 0.907 0.684 

12 M 0.625 0.781 0.985 0.323 
 

X 0.000 1.000 0.999 0.000 
 

ALL 0.932 0.280 0.858 0.808 

24 M 0.823 0.595 0.976 0.542 
 

X 0.000 1.000 0.998 0.000 
 

ALL 0.953 0.188 0.795 0.873 

48 M 0.939 0.515 0.962 0.638 
 

X 0.917 0.947 0.992 0.099 

 

POD: This vector's function measures the probability of actual solar flares being 

forecasted correctly by the ASAP system. The best result for this vector is in a 48-hour 

time window. It is usual to expect that POD would rise with time since many significant 

flares happen in 48-time windows. In the new ASAP system for 24 time window hours, 
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POD demonstrates slight improvement in the prediction of X-type events by (0.6), 

however, the old ASAP did not predict any of these events by (0). 

FAR: represents the proportion of the ASAP system predicting a solar flare that 

does not happen. The data shows that FAR produced from the new ASAP system 

improved for all time window. FAR has to be reduced in order to improve the reliability 

of the system. 

PC: measures the true forecasts rate of the system, that is, the ratio of successful 

flare and no flare forecasts generated by a system. The PC values of the new ASAP system 

are similar to those of the old ASAP system for all-time windows. Even though the PC 

rates for three-time windows (6,12, and 24)are incredibly high, that means if the ASAP 

system supplies just one output, which is no- flare, these PC rates would still be 

significant. 

HSS: this is a very useful measure for measuring the prediction performance when 

predicting rare events, such as solar flares. Therefore, HSS is a very significant measure 

for evaluating the forecast of the ASAP system. HSS results show that new ASAP 

forecasts are not generated by chance, especially for flaring and M-class and X-class flare 

forecasts. 

 QR: The quadratic score (QR) represents the mean square error (MSE) of the 

probabilities provided by the ASAP system. QR is used to calculate the accuracy in 

probability predictions. In the previous part of this report, we showed the importance of 

estimating and calculating MSE. We compared the new ASAP system results with NOAA 

Space Weather Prediction Center (SWPC) for the same years from 2012 to 2013 and the 

24 hours and 48 hours prediction result as shown in Table 4.11. The average QR (or mean 

square error) between 2012 and 2013 is also calculated. The comparison results showed 
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that ASAP provides better accuracy in predictions than SWPC for M-class and X-class 

flare predictions. 

 Table 4.11: Results of comparison between the second generation ASAP's system with SWPC for 

QR factor. 

 

4.8 Conclusions and Summary  

In this chapter, we introduce a new machine-learning-based system trained and 

tested using 45 years of data from the NGDC flare catalogue and the NGDC SS catalogue. 

The work in this chapter has led us to conclude that the performance of the second-

generation ASAP's system depends on two systems. The first system is the grouping and 

classification performance of the image processing system. The second system depends 

on the generalization abilities of the machine learning system. In general, these results ( 

HSS, POD, PC, and QR measurements) would seem to suggest that the second generation 

ASAP's system are dramatically improved as compared to the results of the old ASAP 

system especially when forecasting that a solar flare will erupt. In particular, HSS is very 

encouraging which indicates that the second-generation system forecasts are better than 

chance. On the other hand, the same thing cannot be said for the FAR measurement. This 

is a problem that has to be tackled especially for X-class flare predictions, which we are 

planning to solve it in the near future. Also, a comparison of QR results of the second-

generation system and SWPC showed that the second-generation system provides better 

forecast results than SWPC. 

 DATE CLASS 24 48 

ASAP 2012-2013 M 0.0334 0.0538 

  X 0.0023 0.0037 

SWPC 2012 M 0.15 0.15 

  X 0.022 0.017 

 2013 M 0.043 0.12 

  X 0.02 0.024 

 Average M 0.0965 0.135 

  X 0.021 0.0205 
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In terms of processing time, it takes about 3 seconds to process the two SDO/HMI 

images and to produce the forecasts on an Intel(R) Core i7- CPU machine with 16 Gb 

memory. This allows the system to produce near-real time classifications and predictions. 

The system can be adjusted to receive other types of solar images. Finally, a number of 

potential limitations need to be considered: 

Firstly, a large number of data are missing from the NGDC’s sunspots and flares 

catalogues, which were excluded from this study. To solve this problem, we can collect 

data from more than one source. 

Secondly, there is a need to include more features into the sunspot features set 

(McIntosh classification and area), such as the location and number of sunspots in the 

group, and examine their importance in relation to flare prediction accuracy. 
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CHAPTER FIVE 

 

5 The Automated Prediction of Solar Flares from SDO Images Using 

Deep Learning  

5.1 Introduction 

In the last few years, there have been a growing interest in Artificial Intelligence 

(deep learning) technologies for creating automated systems, especially for space weather 

applications, because space weather impacts space-borne and ground-based systems and 

our lives. This chapter's main objective, the deep learning approach, is used to establish 

an automated hybrid computer system for a short-term forecast; it is achieved using the 

sunspot group's complexity level on SDO/HMI Intensitygram images. Furthermore, this 

proposed system can issue the forecast of solar flare occurrence within the following 24 

hours. The proposed system's input data are SDO/HMI full-disk Intensitygram images 

and SDO/HMI full-disk magnetogram images. The system outputs are the “Flare or Non-

Flare” of daily massive flare occurrence (C, M, and X classes). This system integrates an 

image processing system to automatically detect sunspot groups on SDO/HMI 

Intensitygram images using active-region data extracted from SDO/HMI magnetogram 

images presented by (Colak and Qahwaji 2008)) and deep learning to generate these 

forecasts. The deep learning-based system is designed to analyze sunspot groups on the 

solar disk to predict whether this sunspot group is capable of releasing a significant flare 

or not. The proposed system introduced in this work is called ASAP_Deep. 

The deep learning model used in the proposed system is based on the integration of 

the Convolutional Neural Network (CNN) and Softmax classifier to extract special 

features from the sunspot group image detected by an image processing system from 
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SDO/HMI (Intensitygram and magnetogram) images. Furthermore, a CNN training 

scheme based on integrating a back-propagation algorithm and a mini-batch AdaGrad 

optimization method is suggested for weight updates and modifying learning rates, 

respectively. The sunspot regions' images are cropped automatically by the imaging 

system and processed using in depth learning rules to provide near-real-time predictions. 

The significant results of this chapter are as follows. Firstly, the ASAP_Deep system 

builds on the ASAP system introduced in (Colak and Qahwaji 2009) but improves the 

system with an updated deep learning-based prediction capability. Secondly, successfully 

apply CNN to the sunspot group image without any pre-processing or feature extraction. 

Thirdly, the system results are considerably better, especially for the false alarm ratio 

(FAR); this reduces the losses resulting from companies' protection measures. In addition, 

the proposed system achieves a relatively high score of TSS and HSS.  

The remainder of the chapter is organized as follows: Section 5.2 describes this 

chapter's motivation and objectives. Section 5.3 presents the methods used for the 

detection and classification of sunspot groups. An overview of other proposed approaches 

and the proposed deep learning approach is presented in Section 5.4. The practical 

implementation and evaluation of the proposed system are discussed in Section 5.5, while 

the conclusions are presented in Section 5.6. 

5.2 Data 

In order to get continuous and consistent observational solar data to support the 

solar flare prediction models used in this study, we used the observational solar data from 

SDO/HMI images. The HMI instrument on SDO provides routine observations of the sun 

and records a terabyte of data a day. HMI observes the full solar disk at 6173 Å with a 

resolution of 1 arcsecond. The instrument images the sun with two 4096-pixel CCD 
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cameras. HMI Intensitygram images may be used as a white light equivalent for sunspot 

observations [57]. 

On the other hand, HMI magnetogram images visualise the velocity and line-of-

sight magnetic flux density in the Sun's photosphere. While the magnetogram images 

visualise the sun's magnetic flux density, with white and black huge regions referring to 

opposite magnetic polarities. The white areas have positive magnetic polarity (pointing 

outward), while black regions indicate negative magnetic polarity (pointing toward the 

Sun). We used these images for detecting active regions that represent the boundaries of 

sunspot regions. 

5.2.1 The Sunspot Groups Detection   

In [58], a modified computer platform was introduced to upgrade the previous 

system [54], enabling it to automatically detect and group sunspots from SDO/HMI  

instead of SOHO/MDI only. Detailed descriptions concerning this part of the platform 

are presented in [54] [58] and illustrated in Section 4.3 and Figure 4.9. 

 To avoid the impact of projection effects on the solar flare productivity, we used only 

the sunspot groups, which exist between ±45° of the central meridian[36] 

5.3 An Overview of the Proposed Approach 

Many research and academic studies in space weather have shown that solar flares 

are significantly related to sunspots and active regions [59]. Consequently, I use sunspot 

group images that are cropped from the input images (SDO/HMI Intensitygram and 

magnetogram) as input data to the CNN model. The deep learning system presented here 

depends on extracting features automatically from the sunspot images to generate its 

predictions for the next 24 hours. This system applies computerized learning rules based 
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on deep learning to create objective forecasts. More details are provided in the following 

sections. 

5.3.1 Preparation of the Data Used to Input for Deep Learning Model 

The CNN model used in the proposed system processes sunspot images created by 

cropping the sunspot regions from the SDO/HMI Intensitygram image. In order to prepare 

the CNN model's input data, an algorithm is written to identify, detect, crop, and label 

sunspot regions. All detected sunspot regions are registered with their features such as 

date, time, location, and the number of the detected sunspot group within the processed 

SDO/HMI Intensitygram image in a catalogue called DATABASE.24 catalogue. More 

details are provided about the DATABASE.24 catalogue in (Sect. 5.4). 

The cropped images are of different sizes based on the complexity of the detected 

sunspot region. Complex sunspot regions, usually associated with X-, M- and C-class 

flares, tend to be larger compared to less complex sunspots, which are usually associated 

with A or B-class flares. However, the input to deep learning CCN must be uniform in 

size as the CCN works on fixed-size images. The CNN used in this work processes input 

images of size (128×128) pixels. One of the solutions proposed to address this problem 

is the use of padding. We padded all the detected sunspot regions with white pixels to 

ensure they are all of the same size (128×128) pixels, with the original images centred 

between the padded sides. In very rare cases, the size of the detected sunspot region could 

be larger than (128) pixels. We solved this problem by resizing them to (128) pixels for 

the side greater than (128) pixels and padding the smaller side if needed. We decided to 

develop and use this approach instead of cropping out a rectangular patch from the image 

[40], which can lose crucial features from the image. This algorithm is illustrated in [40], 

which can lose crucial features from the image. This algorithm is shown in Figure 5.1. 
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5.3.2 Training CNN Model 

To obtain a large amount of observational data to train the CNN model, a data set is 

created from sunspot groups' characteristics observed by SDO/HMI. We associate the 

cropped images for the sunspot groups recorded in the DATABASE.24 catalogue with 

the solar x-ray flares reported in the NGDC catalogue, as illustrated in Figure 5.2. I used 

a recorded dataset from May 2010 to January 2012 and from January 2014 to May 2017 

for training the CNN model. We chose 47043 HMI intensitygram images and 47043 HMI 

magnetogram during this period at a cadence of twenty-four images per day. The NGDC 

solar flare catalogue is publicly available (at https://www.ngdc.noaa.gov/stp/space-

weather/solar-data). In this work, we had to modify the association algorithm introduced 

in [32] to compare sunspots and solar flares based on their locations (latitude and 

longitude). The new modifications are necessary because the sunspot groups in 

DATABASE.24 catalogue do not have NOAA numbers. In addition, solar flares reported 

Figure 5.1: A sample of the image used as an input to deep learning. These images obtained by 

applying cropping and padding sunspot regions algorithm. The output images have fixed size 

(128×128) pixels. 

https://www.ngdc.noaa.gov/stp/space-weather/solar-data
https://www.ngdc.noaa.gov/stp/space-weather/solar-data
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in the NGDC flare catalogue that do not have location information are not included in this 

study. 

The association algorithm used here is explained below: 

 Read all records of sunspot groups that are reported in DATABASE.24. 

 Read all records of flares in the NGDC flare catalogue. 

 Execute a comprehensive search to link each actual flare with its identical sunspot 

group reported in DATABASE.24 by matching their longitude, latitude, and time 

information. The following conditions should be applied to execute the linking 

process: firstly, the difference in time between every solar flare and the cropped 

sunspot group images should be smaller than 24 hours. Secondly, the solar flare 

should be within a 10-degree radius of the cropped sunspot group image location.  

Figure 5.2: The association between sunspot groups that are registered in the DATABASE.24 

catalogue and solar flares that are reported in the NGDC flare catalogue. 
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  If these conditions are available, then this sunspot group image is associated with 

a solar flare. 

 Label the cropped sunspot region image to include the flare class and image 

number. In this work, we refer to a "significant flare" by "1_" and "not flare" by 

"0_". These are illustrated in Figure 5.3.  

5.4 ASAP_Deep System Catalogue  

The ASAP_Deep system issues a catalogue, called DATABASE.24, which lists the 

entire sunspot regions detected. This catalogue contains many data fields, such as the 

date, time, location, and sunspot group number within the total sunspot groups detected 

in the solar image. Furthermore, the last column contains the prediction results for each 

detected sunspot group by the suggested system. Parts of the DATABASE.24 catalogue 

are shown in Table 5.1. 

Table 5.1: A sample of the DATABASE.24 catalogue product system. 

 

Date Time location Number Prediction 

03/09/2012 00:00 N13W10 0 0 

03/09/2012 00:00 N10E36 1 0 

03/09/2012 00:00 N03W19 2 1 

03/09/2012 00:00 S10W26 3 0 

Figure 5.3: A sample dataset Image 0_1 represents an image that did not generate a flare , while 

image 1_1 represents an image that generated a flare. 
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5.5 Convolutional Neural Network (CNN) 

A Convolutional Neural Network (CNN) is a type of deep neural network 

commonly used to analyse visual imagery. However, it is different from traditional neural 

networks because it integrates several locally connected layers by working on automated 

feature mapping, followed by a number of fully connected layers that work on the 

classification [60, 61]. As shown in Figure 5.4, CNN architecture consists of the following 

parts: the convolution layer, pooling layers, and fully connected layers. More details on 

this are given below: 

5.5.1 Convolution Layer:  

In this layer, the weights (parameters) consist of learnable filters (kernel), as shown 

in Figure 5.5. Every filter is small spatially but extends through the full depth of the input 

volume. These filters are randomly produced and learned by the back-propagation 

algorithm. The output of each filter convolved over the whole input image is called the 

feature map or the activation map, and the number of the feature maps is the same as the 

number of applied filters in that same layer. 

Figure 5.4: The CNN architecture, where the green and blue colours refer to the learnable 

convolution kernels and the activation maps, respectively. The cross-lines between the last two 

layers indicate the fully connected neurons used in CNN. 



 

 

  CHAPTER FIVE 

75 

Figure 5.4 demonstrates a first convolution layer consists of seven feature maps 

stacked together and generated from seven filters independently convolved across the 

entire input image. Therefore, every feature map is a grid of neurons that share the same 

weights. The features map of the convolutional layer is defined in Equation (5-1) below. 

 
𝑐𝑗(𝑟) = 𝑚𝑎𝑥 (0, 𝑏𝑗(𝑟) + ∑𝑚𝑖𝑗(𝑟)

𝑖

× 𝑎𝑖(𝑟)) 
Equation (5-1) 

Here, 𝑎𝑖(𝑟)and 𝑐𝑗(𝑟)are the 𝑖𝑡ℎ input and the 𝑗𝑡ℎ output feature map, respectively. 

𝑏𝑗(𝑟) is the bias of the 𝑗𝑡ℎ output map. 𝑚𝑖𝑗(𝑟) is the convolution filter between the 𝑖𝑡ℎ 

input map and the 𝑗𝑡ℎ output map. The ReLU activation function (c = max (0, a)) is 

applied here to add non-linearity to the network. 

In order to determine how many neurons there are produced or how they are 

arranged, there are three main hyperparameters responsible for the output size: depth, 

zero-padding, and stride[62]. We discuss these as follows: 

 To start with the depth: it represents the depth of the output volume. It depends on 

the number of filters used; this means each filter is used to detect something various 

in the input image. For instance, if the first Convolutional Layer uses as an input 

Figure 5.5: Shows a convolutional layer in convolutional neural networks. 
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the raw image, then several neurons may activate in the presence of different blobs 

of colour or oriented edges.  

 Secondly, zero-padding is a process of adding layers of zeros around the border of 

input images to preserve the features on the borders of images.as show in Figure 

5.6.  

 The third hyperparameter is the stride. we should specify the stride with which we 

slide the filter. For example, if the stride is 1, the filters move only one pixel at a 

time. Whereas if we specify the number of steps is 2, the filters jump two pixels 

at a time, slide them around the input volume. 

We can compute the spatial size of the output volume by assuming that there is a 

function of the input volume size (H), the receptive field size of the Conv Layer neurons 

(K), the zero-padding used in this case (Z) around the border, and the stride used in this 

case (A). [63]. This is illustrated in Figure 5.7. Thus, the formula for calculating number 

of neurons is shown in Equation (5-2): 

 

 The output volume =  (H − K + 2Z)/A + 1 Equation (5-2) 

Figure 5.6: Shows convolution operations image after adding zero padding. 
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For instance, assume a 3×3 kernel is applied to a 5x5 input using 2×2 strides with zero 

padding 1x1. We compute the spatial size of the output volume as follows: 

𝑇ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 =  (𝐻 − 𝐾 + 2𝑍)/𝐴 + 1 =  (5_3 + 2)/2 + 1 = 3 

Kernel =(
2 0 1
1 0 0
0 1 1

) 

 

 

5.5.2 Pooling (Max-Pooling Layer): 

The second important concept of CNNs is pooling, which is a kind of non-linear 

downsampling. This layer aims to minimize the spatial size of the convolutional layers’ 

output representations and control overfitting. It is common to periodically add a pooling 

Figure 5.7: Shows the kernel (3×3) just slides across every position of the input (5×5) padded 

with a 1 × 1 border of zeros using 2 × 2 strides. 
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layer after the convolutional layer in a CNN pattern that may be repeated one or more 

times in a model. The pooling layer works independently on all depth slices to produce a 

new group of the same number of pooled feature maps. 

Pooling includes selecting a pooling operation, much similar to a filter to be used 

to feature maps. The pooling operation or filter volume is smaller than the volume of the 

feature map; generally, it is almost 2×2 pixels used with a stride of 2 pixels; this leads to 

that the pooling layer will regularly decrease the size of all feature maps.  

There are two common types of pooling methods: The average Pooling method and 

the Max Pooling method. The average Pooling method returns the average value of all 

the values from the feature map segment covered by the filter. On the flip side, the max 

Pooling method returns the maximum value from the feature map segment covered by 

the filter. The two pooling methods are shown in Figure 5.8. 

In this study, we used the max Pooling method in the CNN structure. The most 

popular form is a pooling layer with filters of size 2x2 used with a stride of 2 down 

samples all depth slice in the input by 2 over both width and height, reducing 75% of 

convolutional layers output [64]. The max-pooling layer can be formulated as follows 

equation Equation (5-): 

Figure 5.8: Shows the Average Pooling method and Max Pooling method. 
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In Equation (5-3), 𝑐𝑗,𝑘
𝑖 is the values of a neuron in the 𝑖𝑡ℎ output feature map, which is 

calculated over an (s × s) non-overlapping local area in the 𝑖𝑡ℎ input map 𝑎𝑗,𝑘
𝑖 . 

5.5.3 Fully Connected Layers  

 The result feature maps of the last convolution or pooling layer are ordinarily 

flattened, i.e., converted into a one-dimensional array, and joined to one or more fully 

connected layers [65]. The fully connected layer can be found in Figure 5.9; this layer 

processes the output from the former layers, which were reduced to a one-dimensional 

feature vector. In those layers, the production of each neuron in layer (𝑙 − 1) are fully 

connected to all neuron in layer l. The production y(l)(j) of neuron j in a fully connected 

layer l is defined as follows:  

where 𝑁(𝑙−1) represents the number of neurons in the former layer (𝑙 − 1), 

,𝑤(𝑙)(𝑖, 𝑗) represents the weight for the neuron,𝑏(𝑙)(𝑗) represents the bias of the 

neuron,𝑓(𝑙) is the activation function of the layer[64]. 

 𝑐𝑗,𝑘
𝑖 = 𝑚𝑎𝑥

0≤𝑚,𝑛<𝑠
(𝑎𝑗.𝑠+𝑚,𝑘.𝑠+𝑛

𝑖 ) Equation (5-3) 

 
𝑐(𝑙)(𝑗) = 𝑓(𝑙)  [ ∑ 𝑐(𝑙−1)(𝑖).𝑤(𝑙)(𝑖, 𝑗) + 𝑏(𝑙)(𝑗)

𝑁(𝑙−1)

𝑖=1

] 
Equation (5-4) 

Figure 5.9: Illustrate a fully connected layer receives all feature vectors from previous layers 

(convolution and pooling layers) took from the internet. 
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5.6 SoftMax Layer 

The classifier applied in the fully connected layer of the model is the Softmax 

regression classifier, which can be defined as a generalized binary Logistic Regression 

classifier used to deal with the multi-class classification function. Figure 5.10 (below) 

shows how softmax works and how softmax regression differs from logistic regression.  

In general, a softmax activation function produces for each node a probability value 

between 0 and 1, and the sum of all the produced probabilities equals 1. Moreover, outputs 

of the softmax values can be interpreted as binary values by a cross-entropy function [66]. 

Assume that there are p labeled and C classes training set {(a1, b1), (ap, bC)}, where 

𝑎𝑖 ∈ 𝑅𝑚is the 𝑖th training sample and 𝑏𝑖. ∈ {1..C} is the class label of 𝑎𝑖. 

After that, for a specific test input ai, the Softmax classifier will output a C-

dimensional vector. The estimated probability of every class label conditioned on this 

input feature will be represented in the output vector. The equation to compute the 

probability vector of each label can be defined as follows: 

Figure 5.10: Shows the softmax logistic regression classifier in the last layer of the CNN and the 

difference between it and logistic regression. 
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 ℎ𝛳(𝑎𝑖) =

[
 
 
 
 
 
 
𝑃(𝑏𝑖 = 1|𝑎𝑖; 𝛳)

𝑃(𝑏𝑖 = 2|𝑎𝑖; 𝛳)

𝑃(𝑏𝑖 = 3|𝑎𝑖; 𝛳)
.
.
.

𝑃(𝑏𝑖 = 𝐶|𝑎𝑖; 𝛳)]
 
 
 
 
 
 

=
1

∑ 𝑒𝛳𝑇𝑗𝑎𝑖𝐶
𝑗=1

 

[
 
 
 
 
 
 
 𝑒

𝛳𝑇
1𝑎𝑖

𝑒𝛳𝑇
2𝑎𝑖

𝑒𝛳𝑇
3𝑎𝑖 .
.
.
.

𝑒𝛳𝑇
𝐶𝑎𝑖 ]

 
 
 
 
 
 
 

 Equation (5-5) 

These parameters (𝛳1, 𝛳2, 𝛳3, … . 𝛳𝑎) are set to be randomly generated and learned 

via the back-propagation algorithm. The cost function utilized for the Softmax classifier 

is called a cross-entropy loss function. The equation of this function can be written as 

follows: 

 
𝐾(𝛳) = −

1

𝑛
[∑∑1{𝑏𝑖 = 𝑗}𝑙𝑜𝑔

𝑒𝑗𝑎𝑖
𝑇

∑ 𝑒𝑙𝑎𝑖
𝑇𝐶

𝑙=1

𝐶

𝑗=1

𝑛

𝑖=1

] +
𝜆

2
∑∑𝛳𝑖𝑗

2

𝑝

𝑗=0

𝐶

𝑖=1

 

Equation 

(5-6) 

This function 𝟏{·} represents a logical function, when the output value is a true 

value it becomes 1{·} = 1, else 1{·} = 0.  The other important factor is weight decay, 

which tends to decrease the weight's magnitude for avoiding an overfitting problem. 

Lastly, the gradient descent approach is applied to solve the lowest of the K (𝛳), as shown 

in Equation (5-7): 

 𝛻𝜃𝑗
𝐾(𝜃) = −

1

𝑚
∑[𝑎𝑖(1{𝑏𝑖 = 𝑗} − 𝑝(𝑏𝑖 = 𝑗|𝑎𝑖; 𝜃))] + 𝜆𝜃𝑗

𝑚

𝑖=1

 Equation (5-7) 

In Equation (5-6), the gradients are defined for a single class j, and for every, iteration 

the parameters will be updated for any given training pair (𝑎𝑖, 𝑏𝑖) as follows: 

 𝜃𝑛𝑒𝑤 = 𝜃𝑜𝑙𝑑 − 𝛼𝛻 𝐾(𝜃)𝜃
  Equation (5-8) 

The symbol α represents the learning rate[67]. 



 

 

  CHAPTER FIVE 

82 

5.7 The Proposed System 

 An overview of the proposed solar flare prediction system is shown in Figure 5.11. 

It consists of three units, beginning with the input (SDO/HMI Intensitygram and 

magnetogram images) to the output (flare prediction). 

As shown in Figure 5.11, in unit 1, a pre-processing procedure is implemented on 

the SDO/HMI Intensitygram and magnetogram images based on the image processing 

system suggested by [54]. This aims to automatically detect sunspot groups from the 

SDO/HMI Intensitygram image. This model is explained in detail in Section 5.2.1. As 

demonstrated in unit 2, an algorithm is written to crop, pad, and label a sunspot group 

detected by unit 1 to produce input data (CNN) in unit 3. This algorithm is explained in 

Section 5.3.1. At the same time, the third unit works to provide solar flare predictions. 

This unit begins by using historical knowledge and associates the solar group images with 

Flare or No-Flare labels. Subsequently, training and testing datasets were created from 

historical SDO/HMI images data from 2010 to 2017 except for the period from 2012 and 

2013 used in the whole system test. The training set was applied to train CNN models; 

after that, the trained CNN models worked on the test dataset to produce the prediction 

outputs, which were evaluated and selected the best CNN structure by using the Accuracy 

(ACC) measurement. The implementation of this system is discussed below.  
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Figure 5.11: An overview of the proposed solar flare prediction system, which consists of three main units.Unit1 used to detect sunspot, unit 2 used to crop and pad sunspot, 

and unit 3 represented CNN model. The inputs are SDO/HMI Intensitygram and magneto. 
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5.8 Training Methodology 

In this study, all experiments were executed on a fixed group of data. We used the K-

fold Cross-Validation method to validate the work of the model. We used all available 

data as random training and test samples. The method begins by repeatedly training the 

algorithm K times with a fraction of 1/K of training examples left out for testing purposes, 

as illustrated in Figure 5.12. The training is carried out by applying the back-propagation 

algorithm with the mini-batch AdaGrad optimization procedure proposed in [68]. Each 

set of training data is split into mini-batches, and the training errors are computed for each 

mini-batch in the Softmax layer and back-propagated to the lower layers.  

After each training process, the testing set is used to measure the accuracy of the 

current model by calculating the cross-entropy loss and the accuracy rate, as shown in 

Figure 5.12. According to the AdaGrad optimization method, the learning rate is scaled 

by a factor equal to the square root of the sum of squares of the previous gradients. An 

elementary learning rate should be chosen; for this reason, we used the popular learning 

rate value of (10−4).  

Figure 5.12: An illustration of K-fold cross-validation (K=10). 
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5.8.1 Input Image Size 

The input image size for the CNN has an important effect on the NN's speed and 

accuracy. In this work, the input image size is (128𝑝𝑖𝑥𝑒𝑙×128𝑝𝑖𝑥𝑒𝑙).  More details about 

creating these images and modifying the image-processing platform are presented in 

section (4.2). This system can automate the detection and classification of SSs using 

SDO/HMI continuum and magnetogram images as input data. In order to control the 

spatial size of the input and output volumes, a zero-padding (1 pixel) is applied only 

around the input layer. 

5.8.2 Training Strategies 

In this work, several accurately prepared training techniques and strategies are used 

to stop overfitting during the learning process and raise the NN's generalization 

efficiency. These techniques are: 

 The dropout method was introduced by Srivastava et al. [66] and used to avoid 

overfitting during training. The dropout method is executed in each training 

iteration by ignoring nodes in hidden units with a probability of 0.5, along with 

their connections with other nodes. The nodes which are dropped do not 

participate in both forward and backward passing. In order to reduce the complex 

coadaptation of nodes by preventing the interdependencies from emerging 

between the nodes. Such cases are depicted in Figure 5.13. More details on this 

method can be found in [66] 
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 Weight decay is applied in the learning process as an additional term to calculate 

the cost function and update the weights. In this work, the weight decay parameter 

is set to 0.0005 [69]. 

 The AdaGrad algorithm is executed to raise the learning rate for more sparse 

data, which is converted into a larger update for infrequent features. A reduced 

learning rate for sparse minus data is transformed into a smaller update for the 

frequent features. The AdaGrad technique has been shown to enhance the 

convergence performance stability of NNs which the infrequent features are more 

useful than the more frequent features. More details about the AdaGrad algorithm 

can be found [68]. 

5.9 Optimization of the Neutral Networks Prediction System 

Calculating the Accuracy (ACC) during training for different CNN topologies 

optimizes the convolution neural network[70]. ACC is calculated by applying Equation. 

(5-9). 

 
𝑨𝒄𝒄𝒖𝒓𝒄𝒚 𝑹𝒂𝒕𝒆 =

𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑆𝑎𝑚𝑝𝑙𝑒𝑠

𝑁
× 100 Equation (5-9) 

Figure 5.13: fig (1) represent a standard NN before using the dropout  procedure, while, fig (2) 

represent  NN  after using the dropout  procedure. 
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Where 𝑁 represents the total number of samples in the training vector, many 

training experiments are executed while changing the number of kernels in the 

convolution layer. For each new experiment, the ACC Rate of the training is registered, 

and the CNN topologies with the highest ACC are chosen. To obtain the results optimized 

for CNN, we select the best rate among many ACC rates produced at every epoch, when 

one epoch denotes an entire training data set having passed through our model for 

training. Table 5.2 summarizes the characteristics of the adopted sunspot image that are 

used in the training phase.  

Table 5.2: The characteristics of the adopted sunspot image databases. 

Property Dataset 

Number of classes 2 

Samples per subject 1728 

Number of images 3456 images 

Training set 1555 

Testing set 172 

Image size (128×128) pixels 

Image format PNG 

 

From Table 5.3, we can see that the structure ([6, 16, 32,64, 96] 𝐶19) is the best 

CNN topologies. Furthermore, Figure 5.14 shows a set of training parameters and the best 

CNN configuration used in the proposed system. This model consists of five convolution 

layers [6, 16,32,64,96].   
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Table 5.3: The ACC rates obtained for various CNN architectures using the input image size of 

(128 × 128) pixels. Each configuration has either 3 or 4 layers and indicates the number of filters in 

each layer. 

CNN Configuration Accuracy Rate 

[6, 6, 16, 16]𝐶1 88.1011 

[6, 16, 16, 16]𝐶2 88.6308 

[6, 16, 16, 32]𝐶3 88.3456 

[6, 16, 32, 32]𝐶4 87.8973 

[6, 16, 32, 64]𝐶5 88.9976 

[6, 16, 32, 96]𝐶6 89.1606 

[6, 16, 32, 128]𝐶7 89.2421 

[6, 16, 32, 256]𝐶8 88.4271 

[6, 32, 32, 32]𝐶9 87.7751 

[6, 32, 32, 64]𝐶10 88.6308 

[6, 32, 32, 96]𝐶11 87.7751 

[6, 32, 32, 128]𝐶12 87.7343 

[6, 32, 32, 256]𝐶13 87.4083 

[6, 16, 32, 32, 64]𝐶14 87.9381 

[6, 16, 32, 32, 96]𝐶15 88.1826 

[6, 16, 32, 32, 128]𝐶16 88.8753 

[6, 16, 32, 32, 256]𝐶17 88.6308 

[6, 16, 32, 64, 64]𝐶18 88.7938 

[𝟔, 𝟏𝟔, 𝟑𝟐, 𝟔𝟒, 𝟗𝟔]𝑪𝟏𝟗 90.3941 

[6, 16, 32, 64, 128]𝐶20 88.8346 

[6, 16, 32, 64, 256]𝐶21 88.1011 

[6, 16, 64, 64, 256]𝐶22 88.1011 

 

Figure 5.14: An illustration of the CNN model used in the ASAP_Deep system. 
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We set the maximum number of epochs at 30 and start the training with an initial 

learning rate of 0.0001. We can see the training progress for fold K=10 with these set 

options in Figure 5.15and Table 5.4. 

Table 5.4: The training parameter Settings of CNN Model. 

 

Model Optimizer 

Learn 

Rate 

Epochs 

Mini-

Batch Size 

H.W 

resource 

Iteration 

[𝟔, 𝟏𝟔, 𝟑𝟐, 𝟔𝟒, 𝟗𝟔] Adam 

1.0×

10−4 

30 8 Single GPU 11640 

Figure 5.15: The training progress of the CNN model when K=10. 
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Aforementioned, we study the results obtained using the CNN model-based 

approach with [6 16 32 96] structure. Figure 5.16 and Figure 5.17 present the obtained 

confusion matrix and Receiver Operating Characteristic curve (ROC) curve when we 

applied all datasets (training and testing) in the obtained CNN model. 

Figure 5.17: The ROC curve of flare classification by CNN model. 

Figure 5.16: Confusion matrix, which is obtained from the flare classification by CNN model. 
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5.10 Practical Implementation and Evaluation of the Solar Flare Prediction 

System  

The practical application of the suggested system depends on the integration of the 

image processing system that can automatically detect, group, and classify SSs group, as 

described in [54], with deep learning systems to predict solar flares. The suggested system 

is shown in Figure 5.11. The prediction system supplies automated prediction of solar 

flares from SDO/HMI images. 

The system begins near-real-time operation by processing the SDO/HMI continuum 

and magnetogram images to generate the detected sunspot groups' images. This process 

is explained in section 5.2.1. These detected images are used as inputs to the deep learning 

system. All processes are described in Section 5.3.1. The deep learning system is trained 

on six years of data from 1/05/2010 to 1/5/2017, except for two years from 1/1/2012 until 

31/12/2013. These two years of data (from 1/1/2012 until 31/12/2013) are used for system 

evaluation. According to the generated learning rules, the system forecasts whether an 

immense solar flare (C-, M- and X-class) will occur within 24 hours. The system is 

implemented in C++ for the image processing system to detect sunspot and MATLAB 

for CNN. 

5.11 Evaluation of the Suggested System  

The performance of the solar flare prediction system was evaluated by comparing the 

generated predictions by ASAP_Deep, which were recorded in the DATABASE.24 

catalogue with the actual solar flares, as recorded by NOAA SWPC1 in the NGDC X-ray 

solar flare catalogue (https://www.ngdc.noaa.gov/stp/space-weather/solar-data/solar-

features/solar-flares/x-rays/goes/xrs/).  

https://www.ngdc.noaa.gov/stp/space-weather/solar-data/solar-features/solar-flares/x-rays/goes/xrs/
https://www.ngdc.noaa.gov/stp/space-weather/solar-data/solar-features/solar-flares/x-rays/goes/xrs/
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The system was tested on solar SDO/HMI intensitygram images from January 1, 2012, 

to December 31, 2013. This period included many massive solar flares [1], as illustrated 

in Figure 5.18. This period also had the X5.4 solar flare, which erupted on March 6, 2012, 

at 7 PM EST [71]. Investigating periods of high solar activity is essential for a 

performance evaluation of the suggested system.  

In total, 16,946 HMI intensitygram images were chosen from SDO images during this 

period at a cadence of twenty-four images per day. A similar number of HMI 

magnetogram images were processed using the suggested system, and a sunspot catalogue 

was created, which we refer to as the DATABASE.24 catalogue. Parts of the 

DATABASE.24 catalogue are shown in Figure 5.18. 

To test the suggested system, we compared the solar flare predictions of each sunspot 

group image, as recorded in the DATABASE.24 catalogue, with the solar x-ray flares 

reported in the NGDC solar flare catalogue. Between January 1, 2012, and December 31, 

2013, there were 1,261 sunspots associated with C-class flares, 153 sunspots were 

Figure 5.18: A number of solar flares together with the number of sunspots each year [1]. 
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associated with M-class flares, and 12 sunspot groups were associated with X-class solar 

flares. 

To associate the sunspot groups discovered by our system that were reported in the 

DATABASE.24 catalogue with solar x-ray flares recorded in the NGDC catalogue, we 

had to use the association algorithm explained in section 5.3.2. After that, the forecasting 

system's performance was evaluated by applying different verification measures, as 

described below. 

5.12 Verification Results 

The ASAP_Deep system produces forecasts in a numerical format, 0 (non-flaring) and 

1 (flaring), as represented in Table 5.5. In this study, we used several measures to evaluate 

the forecasts of the ASAP_Deep system. To evaluate the models, we considered several 

statistical scores using the two-by-two contingency table shown in Table 5.5. The true 

positive “TP” is the number of cases where the ASAP_Deep system correctly predicts a 

solar flare. The false positive “FP” happens when ASAP_Deep incorrectly predicts a flare 

will occur in the next 24 hours. The false negative “FN” is where the ASAP_Deep system 

incorrectly predicts that no flare will happen. Finally, the true negative represents the 

cases when ASAP_Deep correctly predicts that no flare will happen.  
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Table 5.5: Four criteria used to calculate the success of the generated predictions from the 

suggested system with Statistical scores used to evaluate the proposed system. 

 

The solar flares with location information during the investigation period (January 1, 

2012, to December 31, 2013) were compared with the 112,486 sunspot group images that 

were detected from 16,946 HMI image pairs and registered in DATABASE.24. One of 

the major issues in the database is an imbalance class [72-74], where the number of non-

flaring samples is far more than the number of flaring samples. In order to overcome this 

issue, there are two strategies[41]. First, the positive classes (TP, TN) and negative classes 

(FP, FN) can be considered independently to estimate the system performance. Second 

(it is used in this system ), the skill scores HSS and TSS can be considered instead of the 

first strategy to estimate the system performance. 

The prediction results were compared for the 24-hour window. To further evaluate the 

results, we used several statistical scores. The measures used were: Accuracy (ACC), 

Alarm Rate (FAR), Critical Success Index (CSI), the Heidke Skill Score (HSS), Percent 

Correct (PC), and the probability of detection (POD). The Probability of Detection 

 Observations 

Prediction Flare No-flare 

Flare TP FP 

No-Flare FN TN 

ACC (Accuracy) (TP+TN)/(TP+FP+FN+TN) 

POD (Probability of Detection) TP/(TP+FN) 

CSI (Critical Success Index) TP/(TP+FP+FN) 

FAR (False Alarm Ratio) FP/(TP+FP) 

HSS (Heidke Skill Score) 2[(TPxTN)(FNxFP)]/[(TP+FP)(FN+TN)+(TP+FP)(FP+TN)] 

TSS (True Skill Statistics) TP/(TP+FN)- FP/(TP+FP) 
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(POD), also named the True Positive Rate (TPR), represents the ratio of the number of 

cases correctly predicted to the number of whole observed cases. The range of POD is 0 

to 1, with a perfect prediction score of 1. Accuracy (ACC) measures the rate of correct 

prediction. The range of ACC is 0 to 1, with a perfect prediction score of 1. The Critical 

Success Index (CSI) is a more balanced score because CSI includes false alarms. The 

range of CSI is the same as those for ACC and POD. The False Alarm Ratio (FAR) 

measures the rate of incorrect prediction events by the ratio of false alarms for a suggested 

system to the total number of prediction events. The range of FAR is also 0 to 1, with a 

perfect forecast score being 0. The Heidke Skill Score (HSS) illustrates the chance factor 

in forecasts. The range of HSS spans from -1 (for no correct predictions) to +1 (for all 

correct forecasts), and a value of zero indicates that the forecasts have been produced 

mainly by chance. Furthermore, HSS is a good measure to verify systems designed to 

predict rare events. The True Skill Statistic (TSS) is also called the Hanssen-Kuiper skill 

score and represents the difference between the POD and FAR. Furthermore, this 

parameter is used to effectively distinguish between a “Yes” event and a “No” event; it 

allows to check whether forecasting an event leads to a high increase in false alarms or 

not (Hanssen & Kuipers, 1965).  TSS ranges between −1 to 1, with 1 indicating a perfect 

system score and −1 the worst score. Meanwhile, 0 means no skill score. 

HSS is considered a suitable statistical score for measuring the prediction skill for rare 

events, but it changes according to the proportion of the number of no-events and the 

number of event observations. Bloomfield et al. (2012) stated that HSS changes despite 

the forecast events being fixed.  This highlights the limitation when using HSS as a 

comparison metric among various systems. This study is proposing TSS as an alternative 

variable because TSS does not depend on the number of no-flare events and flare events 
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observed. Therefore, we used TSS as a key parameter and other metrics as secondary 

parameters. 

As shown in Table 5.6, we compare our suggested system with four previous systems, 

which are: [6], [72], [41], and [43]. We used these systems for comparison purposes 

because they were designed by using different statistical and machine learning 

techniques. 

Table 5.6: Prediction evaluation measures compared with four other systems. 

 

Table 5.6 shows that our results differ slightly from other forecasting systems. 

ASAP_DEEP has a POD value of 0.898, which is consistent with other systems. Our 

approach has achieved an excellent CSI value (0.72) compared to the system by [41]. The 

CSI value of the remaining three systems is not reported. The FAR value of our approach 

is 0.21, which is better than [6] and significantly better than [72] and [41] except for [43]. 

ASAP_Deep has an HSS value of 0.837, which is much better compared to other systems. 

The HSS results show that the predictions generated by ASAP_Deep are not achieved by 

chance. The TSS value of our suggested system is 0.894, which is remarkably better than 

those of the previous models [72], [41], and [43]. However, the model developed by [6] 

Statistical Scores ASAP_Deep [6] [72] [41] [43] 

POD 0.898 0.851 0.76 0.81 0.84 

CSI 0.72 --- … 0.14 … 

FAR 0.21 0.65 0.83 0.84 0.1 

ACC 0.8 0.91 0.8 0.76 0.87 

HSS 0.837 0.37 0.174 0.169 0.71 

TSS 0.894 --- 0.59 0.621 0.71 
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did not compute this value. In summary, the proposed system has clear advantages 

compared to the other four models by basing it on several statistical score results. 

To evaluate the stability of the proposed system, the 10-fold cross-validation method 

is used. Our data is divided randomly into ten subsets, then nine subsets are used for 

training, and the remaining one subset is used for testing. The mean and standard 

deviation of the proposed system scores are calculated in Table 5.7. It is obvious that the 

mean of the proposed system scores is close to the values in Table 5.7; also, the standard 

deviations are significantly small. These results indicate that the proposed system is 

relatively stable regardless of the selected input dataset. 

Table 5.7: The Mean and Standard Deviation of 10-fold Cross-validation from Proposed Model. 

 

5.13 Conclusions  

A new system for predicting solar flares from SDO/HMI data using a deep learning 

approach is introduced. The proposed system integrates image processing techniques and 

deep learning with solar physics to automatically forecast whether a sunspot group is 

going to be associated with the eruption of a solar flare. The efficient operation of this 

system depends on the detection, grouping, and classification of the sunspot region by the 

image processing system and the prediction accuracy of the deep learning system. 

The main objective of this study is to develop or produce a new generation of 

Automated Solar Activity Prediction (ASAP) systems, as proposed by (Colak and 

Qahwaji 2009), by replacing the flare prediction system based on machine learning with 

Statistical Scores POD FAR ACC CSI HSS TSS 

Mean 0.891 0.081 0.903 0.887 0.806 0.807 

Std. Dev. 0.019 0.021 0.015 0.022 0.03 0.03 
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one based on deep learning. The overall measurement results are summarized in Table 

5.6. These results offer a compelling view of different statistical scores and have further 

strengthened our confidence in the deep learning approach to developing space weather 

prediction systems, such as solar flare predictions. Firstly, the input data to the CNN 

model used in the proposed system are sunspot group images without any pre-processing 

of data, which are much simpler than those of the flare prediction system in the ASAP 

system. Secondly, our results in Table 5.7 show that the proposed system is effective for 

predicting solar flares because it is trained to automatically extract features from the 

sunspot group's images. Thirdly, we successfully obtained a small FAR value.  These are 

very helpful for reducing costs and losses for companies and services affected by changes 

in space weather, such as operators of spacecraft and airplanes. Finally, our system needs 

only a two-second and few milliseconds to produce prediction results using the input data, 

which is enough to forecast solar flares on a near-real time basis. Furthermore, results so 

far have been very encouraging and refer to the possibility that a deep learning approach 

could improve the capability of prediction.  

In our view, the proposed system's forecasting rates can improve performances by 

investing in the advanced classification abilities of deep learning techniques. 

Consequently, we think it is significant to observe the system's operation during its initial 

stages, which involves comparing the output of the system with the actual flares 

announced by NASA.  

Based on the promising findings presented in this study, work on the remaining 

issues is continuing. However, we note that not all flares have sunspots regions; for 

example, flares occur near the sun's limb and the side that does not face the earth, which 



 

 

  CHAPTER FIVE 

99 

could significantly impact our forecasting. To tackle this problem, the suggested system 

could be linked with another prediction model to build on forecasts with the x-ray.  
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CHAPTER SIX 

6 AN APPLICATION OF THE DEEP BELIEF NETWORKS TO 

THE PREDICTION OF SOLAR FLARE USING SDO/HMI DATA 

6.1 Introduction 

This chapter presents a novel method using the Deep Belief Networks (DBNs) to 

predict solar flares. The input data for verifying this system are SDO/HMI Intensitygram 

and Magnetogram images (from 2012 Jan to 2013 December with 1 h cadence). The 

model outputs are “Flare or No-Flare” of significant flare occurrence (M and X-class 

flares). To obtain data to train and test the performance of the DBN model used in this 

system, a dataset is created from the sunspots groups extracted from SDO HMI 

Intensitygram images from November 1, 2010, to December 31, 2011, and January 1, 

2014, to June 1, 2017. We compared the results obtained from the complete suggested 

system with those of three previous flare forecast models using several statistical metrics. 

This study concluded that the proposed model results are slightly higher in Heidke skill 

score and true skill statistics and better in false alarm ratio (FAR) than the previous solar 

flare prediction systems.  

The remainder of the chapter is organized as follows: Section 6.2 gives a brief 

overview of the data used in this study. The third section 6.3, describes algorithms used 

to prepare training and testing data for the system. A new methodology for a prediction 

model based on the deep learning approach is described. The performance of the proposed 

model is evaluated in section 6.4. Finally, our discussions and conclusions are provided 

in the final section 6.5.  
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6.2 Data 

To get continuous and consistent observational solar data to support the solar flare 

prediction models used in this study, we used the observational solar data from SDO/HMI 

images. The HMI instrument on SDO provides routine solar observations and records a 

terabyte of data per day. All the details about the satellite, instruments, and data are 

provided in section 5.2.  

6.2.1 Detection of Sunspot  

To detect the sunspot regions used as input to the DBN in the suggested system, we 

modified the method presented by Colak and Qahwaji in 2008. More details about this 

system were given in (Colak and Qahwaji, 2008). This automated sunspot detection and 

grouping and classification algorithm consist of three main stages. We used only the first 

and second stages in our system. These stages are pre-processing of sunspot images, 

detection and grouping. These stages can be briefly summarized as follows: 

a) Step-1:  

We used both images (SDO/HMI Intensitygram and magnetogram) to detect the 

solar disk, determine radius and centre for images, define a mask to delete any additional 

information or signs from the images, such as date and direction. The Julian date and solar 

coordinates (heliographic longitude, heliographic latitude, and position angle) were 

calculated by applying the equations presented [75]. 

b) Step-2: 

1. We used intensity thresholding to detect sunspot candidates from HMI 

Intensitygram images. 
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2. We used morphological image processing algorithms such as erosion, dilation, and 

intensity filtering to determine active region candidates from HMI magnetogram 

images. The HMI magnetogram images appear as the mark of the solar 

photosphere's magnetic fields, with light and dark regions pointing to opposite 

magnetic polarities. These regions (light and dark) are determined individually and 

combined to detect the active region candidates. 

3. To combine active region and sunspot candidates, we used the region growing 

algorithm. 

4. Mark the determined sunspot groups. 

5. We cropped sunspot groups from HMI intensity images after determining the start 

point and endpoint of all sunspot groups regions. 

6. A sunspot group’s images catalogue was created, referred to as the Sunspot 

Catalogue Images (SCI). Parts of the SCI are shown in Table 6.1. The catalog's 

contents are date, time, location, and the sunspot group serial number within the 

total sunspot groups detected in the one SDO/HMI intensitygram. 

7. We save all sunspot images with the name format (date-time _order no. of the 

region. format type of image) (20120101_0000_1.png). 

Table 6.1: A sample of the Sunspot Catalogue Images (SCI). 

 

Date Time Location Number 

05/07/2015 03:00 N14E55 0 

05/07/2015 03:00 N16W15 1 

05/07/2015 03:00 N11E01 2 

05/07/2015 03:00 S09E03 3 

05/07/2015 03:00 S13E32 4 

05/07/2015 03:00 S16E41 5 
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These areas are not of the same size. To make these areas equal in size, we carry out the 

following steps: 

 Image padding was applied to ensure the detected sunspot regions are centtered in the 

middle of 128×128 images.  

 After that, we resize these images to the size (28 × 28) pixels, as the input layer for 

the DBN model is working with 28×28 pixels. All detection steps are depicted in the 

following Figure 6.1.  

6.2.2 Definition of Flaring and non-flaring Samples Images 

To define flaring and non-flaring samples of sunspot groups images, we apply the 

following steps: 

6.2.2.1 Associations between Sunspots and Flares 

To create data set for training and testing the DBN model, we follow the following 

steps: Firstly, we compared data in the solar flare catalogue and sunspot group catalogue 

to find the associations between flares and sunspots. These catalogues are publicly 

available and provided by the National Geophysical Data Centre (NGDC). Furthermore, 

NGDC keeps records of solar data from different observatories worldwide and holds one 

of the most comprehensive publicly available databases for solar activity and features. 

The NGDC sunspot catalogue contains a record of sunspot features such as the date, time, 

Figure 6.1: Illustrates steps of detection of Sunspot. 
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location, physical properties, and McIntosh classification of sunspot groups. The NGDC 

flare catalogue includes a record of observed solar flares containing information about 

their dates, starting and ending times, location, x-ray classification, and the National 

Oceanic and Atmospheric Administration (NOAA) number of the active regions that are 

associated with these flares. 

The association algorithm, as shown in Figure 6.2 aims to compare the eruption 

time and NOAA number of solar flares and sunspot groups. The algorithm would 

associate a sunspot group and a solar flare, only if their NOAA numbers match and if the 

solar flare is observed within a time-window after the sunspot group is observed. It 

excluded all sunspots with no NOAA numbers, location information, and classification 

information. In addition, we excluded solar flares not having NOAA numbers and solar 

flares types (A, B, and C). We have recorded this algorithm's output in a catalogue in 

Table 6.2 called Flare and Non-flare Sunspot (FNS). The main purpose of using this 

algorithm is to detect which sunspots are responsible for releasing the solar flares. 

Consequently, we can classify them into sunspot groups that release significant solar flare 

and sunspot groups that do not release significant solar flare. 
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Table 6.2: A sample of the Flare and Non-flare (FNS) Catalogue. 

Date Time Location Flare Class NOAA Time Window 

141021 17:14 S14E24 X 12192 24 

 

6.2.2.2 Determination of Flaring and Non-Flaring for sunspot group samples 

To create a data set for training and testing the suggested system, we associated the 

sunspot groups reported in the FNS catalogue with the sunspot groups detected and 

registered in the SCI catalogue. The working principle of the correlation algorithm is 

based on locations (latitude and longitude) and time of sunspot groups in both catalogues. 

It is not based on the NOAA numbers because sunspot groups detected and reported in 

the SCI catalogue do not have NOAA numbers. 

 

Figure 6.2: Illustrates associations between The NGDC sunspots catalogue and The NGDC flares 

catalogue. 
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The association algorithm that we used here is explained below: 

1. Read all the sunspot groups as reported in SCI. 

2. Read all sunspots associated with actual M and X-class flares with location 

information as reported in the FNS catalogue. These will be representing the class 

Flare (M and X-class) and class Not-Flare (C, B, and A-class) in the data set.  

3. To confirm that a sunspot group in the SCI catalogue and a sunspot group in the 

FNS catalogue are associated, the following criteria must be met: firstly, the date 

and time between the detected sunspot group in SCI and its associated sunspot 

group in the FNS catalogue must be at the same date and within the same hour. 

Secondly, the sunspot group in the FNS must be within the 10-degree radius of a 

sunspot group in the SCI location. 

4. To create a dataset that represents the non-flare type, we read all sunspots that are 

not associated with actual M and X-class flares with location information reported 

in the FNS catalogue. 

 

We used balanced classes, where we selected 50% of flares and randomly selected 50% 

of non- flares because the number of non-flare cases is very high. To avoid the impact of 

projection effects on the solar flare productivity, we used only the sunspot groups, which 

exist between ±45° of the central meridian[36]. 

6.3 Restricted Boltzmann Machines (RBMs) and Deep Belief Networks (DBNs)  

6.3.1 Restricted Boltzmann Machine  

Quite recently, considerable attention has been paid to the Deep learning approach 

from scientists and researchers in artificial intelligence. In this study, we used one of the 

most important types of deep learning, which is called Deep Belief Networks. According 
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to [76, 77], this model is known as a multi-layered probabilistic generative model. Each 

layer in the structure DBN consists of simpler undirected graphical units called Restricted 

Boltzmann Machines (RBMs), generally with stochastic binary elements. The basic 

structure of RBMs units consists of two fully connected layers via symmetric undirected 

edges, but there are no connections between companies of the same layer. The first layer 

is the bottom layer that consists of n visible units t = (𝑡1, 𝑡2, 𝑡3,..., 𝑡𝑛) that represent input 

data, while the second layer is the upper layer consisting of m hidden units 

g=(𝑔1, 𝑔2, 𝑔3, … , 𝑔𝑚), which are fully and bi-directionally connected with symmetric 

weights W = (𝑤1,1, 𝑤1,2, 𝑤1,3, … . , 𝑤𝑛𝑚).The RBM construct is illustrated in Figure 6.3.a. 

The RBM was utilized only with binary stochastic visible units and named Bernoulli 

RBM (BRBM). Nonetheless, applying binary units is not appropriate for real-valued data, 

for instance, pixels for images. As a result, a novel approach has been established called 

the Gaussian RBM (GRBM) to process this RBM determination [78]. Therefore, we can 

define the GRBM as follows: 

 𝑩(𝒕, 𝒈) = −∑ ∑𝒘𝒊,𝒈𝒋(𝒕𝒊/𝝈𝒊) − ∑((𝒕𝒊 − 𝒃𝒊)
𝟐/𝟐𝝈𝒊

𝟐) − ∑𝒖𝒋𝒈𝒋

𝒎

𝒋=𝟏

𝒏

𝒊=𝟏

𝒎

𝒍=𝟏

𝒏

𝒊=𝟏

 Equation (6-1) 

 𝑤𝑖𝑗  : This symbol represents the weights for the visible and hidden unit. 

 𝑏𝑖 and 𝑢𝑖: These symbols represent biases for the visible and hidden units, 

respectively. 

 𝜎𝑖 : This symbol represents the standard deviation of the Gaussian noise for the visible 

unit. 

In addition, the equation that describes the conditional probabilities for the visible 

units that send to hidden units and vice versa is as follows: 
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 𝒑(𝒕𝒊 = 𝒕|𝒈) = 𝑲(𝒕|𝒃𝒊 + ∑𝒘𝒊,𝒋𝒈𝒋, 𝝈𝒊
𝟐

𝒋

) 

 

Equation (6-2) 

 𝒑(𝒈𝒋 = 𝟏|𝒕) = 𝒛(𝒖𝒊 + ∑𝒘𝒊,𝒋

𝒕𝒊

𝝈𝒊
𝟐

𝒋

) 

 

Equation (6-3) 

 𝐾 (· | 𝜇, 𝜎2): This represents the function of the Gaussian probability density with 

mean μ and standard deviation σ. 

 𝑧(𝑋): This represents a sigmoid function. 

 In the model's training procedures, the training data's log-likelihood is increased 

applying stochastic gradient descent, and the renew the following equation computes 

rules for the parameters. 

 
∆𝒘𝒊,𝒋 = 𝜼(〈

𝟏

𝝈𝒊
𝟐
𝒕𝒊𝒈𝒋〉𝒅𝒂𝒕𝒂 − 〈

𝟏

𝝈𝒊
𝟐
𝒕𝒊𝒈𝒋〉𝒎𝒐𝒅𝒆𝒍) 

 

Equation (6-4) 

 ∆𝒖𝒊 = 𝜼(〈𝒈𝒋〉𝒅𝒂𝒕𝒂 − 〈𝒈𝒋〉𝒎𝒐𝒅𝒆𝒍)                        Equation (6-5) 

 ∆𝒃𝒊 = 𝜼(〈
𝟏

𝝈𝒊
𝟐
𝒕𝒊〉𝒅𝒂𝒕𝒂 − 〈

𝟏

𝝈𝒊
𝟐
𝒕𝒊〉𝒎𝒐𝒅𝒆𝒍)               Equation (6-6) 

 

 𝜂 : This symbol represents the learning rate. 

 〈. 〉𝑑𝑎𝑡𝑎: Refers to the expectations under the distribution identified by the input 

data (Positive stage). 

 〈. 〉𝑚𝑜𝑑𝑒𝑙: Refers to the internal representations of the RBM sample (Negative 

stage). 
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 𝑢𝑖 , 𝑏𝑖: These symbols represent the biases variable for visible and hidden units, 

respectively. 

Some literature indicated that it is intractable to calculate the 〈𝑡𝑖𝑔𝑗〉𝑚𝑜𝑑𝑒𝑙. As a 

result, the Contrastive Divergence (CD) model [79] has become the standard learning 

approach to renew the RBM variables by sampling k stages from the RBM distribution 

to estimate the second variable in Equation (6-4). One stage of CD procedure for a single-

sample can be executed as follows: 

 Visible units (𝑡𝑖) are initiated by applying training data, and the probabilities of 

hidden units are calculated by Equation (6-2). After that, a hidden activation 

vector (𝑔𝑗) is sampled from this probability distribution. 

 Calculate the outer output of (𝑡𝑖) and (𝑔𝑗), which assigns to the positive phase. 

 A sample that a reorganization for (𝑡𝑖
′) produced by the visible units from (𝑔𝑗) 

with Equation (6-3), and after that by (𝑡𝑖
′) resample the hidden unit’s activations 

to (𝑔𝑗
′). 

 Calculate the output of (𝑡𝑖
′) and (𝑔𝑗

′), which indicates the negative phase. 

 Renew biases and weights with - Equation (6-4) Equation (6-5). 

Figure 6.4 presents the calculation stages of the CD-1 algorithm. This learning 

algorithm of CD, k is generally set to 1 for many implementations. More details on the 

GRBM algorithm are given in [78]. Usually, two functions can be used to implement the 

RBMs models. The first function is used as a generative algorithm and the second 

function applies as discriminative algorithms. Both these fashions are explained in Figure 

6.3 (a-b). As we mentioned above, a layer of hidden units in the generative models used 

as a distribution over the visible units. This type of model is trained in an unsupervised 

method and applied as characteristic extractors to model the inputs for another learning 
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algorithm. At the same time, the second type function of the GRBM algorithm can also 

model the typical distribution of the input data and related to target labels. These types of 

models have two layers of visible units. The first layer represents the input data, while 

the second layer represents the Softmax label layer representing the target labels. We can 

define a discriminative RBM with n visible units of the input data t =(𝑡1, 𝑡2, 𝑡3,..., 𝑡𝑛) and 

m hidden units g=(𝑔1, 𝑔2, 𝑔3, … , 𝑔𝑚), and goals 𝑑 ∈ (1,2,3, . . , 𝑈), as follows: 

 𝒑(𝒅, 𝒕, 𝒈) ∝ 𝒆−𝑬(𝒅,𝒕,𝒈) 
Equation (6-7) 

Where, 

 𝑬(𝒅, 𝒕, 𝒈) = −𝒈𝑽𝑾𝒕 − 𝒃𝑽𝒕 − 𝒄𝑽𝒈 − 𝒓𝑽�⃗⃗� − 𝒈𝑽𝑨�⃗⃗�  Equation (6-8) 

 

 (W,b,c,A,r) : These variables represent the model parameters. 

 𝑑 = (1𝑑=𝑖)𝑖=1
𝑐 : This variable represents the U classes. 
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A detailed review of the discriminative RBM model is seen in this study [80]. 

 

6.3.2 Deep Belief Networks (DBNs)  

In 2016, Hinton et al. [76] presented a novel DNN model called the Deep Belief 

Network (DBNs). The DBN topology, shown in Figure 6.3 (c), illustrates a structure of 

many bipartite undirected graphical units; each unit is an RBM.  Furthermore, it shows 

the usage of an unsupervised greedy layer-wised algorithm to training DBNs units, in 

which the stacked RBMs are trained one at a time from the lower layers to the upper 

Figure 6.3: Illustrate main elements to  RBM modelling  (b) shows A discriminate RBM modelling 

the joint distribution of input data to t and aim classes d, (c) shows  Greedy layer-wised training 

algorithm for the DBN composed of three elements of RBMs, 

Figure 6.4: Shows an individual step of the CD algorithm. 
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layers. For example, assume that we have a DBN model composed of three hidden layers, 

as illustrated in Figure 6.3 (c). As stated in the greedy layer-wised training method 

suggested by Hinton et al. [76], the first unit of RBM is trained to apply the CD method 

to learn a layer (𝑔1) of feature representations from the visible units (𝑡1), as described in 

(Section 6.3.1). Thereafter, the hidden layer units (𝑔1), of the first RBM, are applied as 

visible units to train the second unit of RBM. The DBN model is considered trained when 

the learning of the last hidden layer is done. A DBN model with ℎ layers can model the 

joint distribution among the observed data vector 𝑡 and ℎ hidden layers 𝑔𝑜 as follows: 

𝒑(𝒕, 𝒈𝟏, . , 𝒈𝒉) = (∏𝒑(𝒈𝒐|𝒈𝒐+𝟏)

𝒉−𝟐

𝒐=𝟎

)𝒑(𝒈𝒉−𝟏, 𝒈𝒉) Equation (6-9) 

 𝑡 = 𝑔0, 𝑝(𝑔𝑜|𝑔𝑜+1): Represents the conditional distribution for the visible units 

shifted to hidden units of the RBM linked with level k of the DBN. 

 𝑝(𝑔ℎ−1, 𝑔ℎ): represents the visible-hidden joint distribution in the upper-level RBM. 

 

An instance of three layers of the DBN model as a generative model is illustrated 

in Figure 6.3 (d). The symbol Q appears for approximate or exact posteriors of that model 

applied for the bottom to top inference. During the bottom to top inference, the Q 

posteriors are all approximate except for the top-level 𝑝(𝑔ℎ|𝑔ℎ−1), which is formed as an 

RBM, and after that, the exact inference is possible. 

In this study, we used three layers from RBMs in the structure of DBN. In this 

structure, RBMs are used as an autoencoder in the first two layers, while the last layer of 

DBN is used as a classifier to obtain labels from input data. 
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A one hidden layer RBM is not usually the best method to detect the significant 

features in the input data. After RBM training, the detected characteristics can be applied 

as the input data for a second RBM. This type of layer-by-layer learning method can be 

applied to structure DBN [81]. In this method, DBN can gradually detect deep, important 

features of input data. Hence, DBN learns the deep feature of input data by pertaining to 

a hierarchal method. Figure 6.3 (c) illustrates a typical instance of a DBN used in this 

study that connects with a subsequent classifier. 

The first unit of RBM maps input data in zeroth-layer to a first-layer feature. It is 

trained in the same method as the RBM, as mentioned above. Next, when the first layer 

of RBM training is completed, subsequent RBM layers are trained by the output of its 

former layer RBM. The features of the last RBM represent the learned features of the all-

training model. A classifier DBN is added to the end of the feature learning system. The 

main aim of this layer is to obtain labels from input data. 

6.4 Practical Implementation and Evaluation of the suggested System  

An overview of the suggested system is shown in Figure 6.5. This system consists 

of three main units, beginning with the input (SDO/HMI Intensitygram and magnetogram 

images) to the output (flare prediction). The suggested system in Unit 1 starts its near 

real-time operations by processing SDO/HMI Intensitygram and magnetogram images 

based on the image processing system developed by this research group [54]. This system 

automatically detects sunspot groups from the SDO/HMI Intensitygram image. This 

method is explained fully in Section (6.2.1). In Unit 2, the imaging algorithm used in [29] 

to crop, pad, and label the sunspot groups detected by Unit 1 is deployed to produce input 

data for the (DBN) model in Unit 3. This algorithm is described in detail in Section 

(6.2.2). The DBN model described in Unit 3 is trained with 7 years of data after applying 
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the association algorithm. Based on the embedded learning rules, the system predicts if 

an enormous solar flare (M-class, X-class) is going to occur or not. The system is 

implemented in C++ for the association algorithm and MATLAB for the DBN model. It 

takes about 5 seconds to process the latest SDO/HMI Intensitygram and magnetogram 

images and a few milliseconds to generate these predictions. The system is developed to 

work in near real-time. 
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Figure 6.5:Illustration of the final completely solar prediction system suggested system. 
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6.4.1 Evaluation of the Suggested Model 

The performance of the suggested model was evaluated by comparing the actual 

flares as reported by NOAA SWPC in the NGDC X-ray solar flare catalogue with the 

generated predictions from the proposed model. The suggested model was tested on solar 

HMI intensitygram images from January 1, 2012, to December 31, 2013. This period 

included high solar activity intervals that produced a considerable number of M-class and 

X-class solar flares. Investigating periods of high-activity is important for the effective 

evaluation of our model. 

We selected 17280 HMI intensitygram images with a cadence of one image per 

hour. The suggested system processed these HMI intensitygram images and their 

corresponding 17280 HMI magnetogram images. In addition, a sunspot catalogue was 

created, which we refer to as the Sunspot Catalogue Images (SCI) contains all detected 

sunspots. Furthermore, the last column contains the prediction results for each detected 

sunspot group by the suggested system. Parts of the SCI catalogue are shown in Table 

6.3. 

Table 6.3: A sample of the SCI catalogue product by an ASAP_DBN system. 

 

To test the proposed solar flare model, we compared the solar flare predictions of 

each sunspot group in SCI with the solar x-ray flares reported in the NGDC solar flare 

catalogues. Between January 1, 2012, to December 31, 2013, 1689 reported flares with 

Data Time Location Serial number Forecast system 

07/03/2012 05:00 N19E10 0 1 

07/03/2012 05:00 N15E26 1 2 

07/03/2012 05:00 S17E06 2 1 

07/03/2012 05:00 S26W53 3 1 
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location information. There were 1262 C-Class, 262 B-Class, 153 M-Class, and 12 X-

Class solar flares during this period. Intending to associate solar x-ray flares registered in 

the NGDC catalogue with the sunspot groups discovered via our proposed system, we 

had to change the association method, suggested in [32], to link solar flares and sunspots 

according to their locations ( longitude and latitude) and not their NOAA numbers, as the 

sunspot groups in SCI do not have NOAA numbers.  Furthermore, not all the solar flares 

reported in the NGDC flare catalogue have location information, and these solar flares 

are not included in this study. The main steps of the association method that we used here 

are demonstrated as follows: 

 Read the actual flares (M and X-class) with location information registered in the 

NGDC solar flare catalogue. 

 Read all the sunspot groups and their solar flare predictions as registered in SCI. 

 Carry out an extensive search to associate each actual flare with its corresponding 

sunspot group by: 

a) Firstly, comparing their longitude and latitude. The solar flare must be within the 

10-degree radius of the sunspot location. 

b) Secondly, extract time information. The difference in time between the detected 

sunspot group and its associated flare must be less than 24 hours. 

 If all the conditions are met, this sunspot group is highlighted as being connected 

with a solar flare, and else it is considered not related. 

After completing the association process, we evaluate the proposed system by using 

various verification measures as explained below. 
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6.4.2 Verification Results 

There are two types of outputs in our solar flare prediction system. The first is Flare 

(F) prediction, and the second is the non-flaring (NF) prediction. To estimate this binary 

prediction system's performance, we used the two-by-two contingency table to compute 

five statistical scores, which are: Probability of Detection (POD), Accuracy (ACC), False 

Alarm Rate (FAR), Heike Skill Score (HSS), and True Skill Statistics (TSS).  More details 

about these statistical scores are given in the previous chapter section 5.12.  

 This study compared the result for our model with three established flare prediction 

models and summarized all findings in Figure 6.6. These models are[82], [43], and [41]. 

As there are no benchmark datasets that can be used to compare these models, we used 

different subsets of the SDO datasets and based our comparison on the benchmark space 

weather metrics of [56]. These models were also developed using the same techniques, 

for example, a deep learning approach(CNN). 

Figure 6.6: The Results of the Suggested Model (DBN) and the Comparison with Three 

previous solar flare prediction systems. 
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As shown in Figure 6.6, the suggested model outperforms the previous three models 

in some statistical scores. The DBN model has a POD value of 0.7, which is similar to 

[41] but slightly less than [82] and [43]. The DBN model has ACC values larger than 

0.99, which are better than the three models. Also, our model has a FAR value lower than 

0.19, which is significantly smaller compared to [41] and comparable to that of [82] and 

[43]. The suggested model has HSS and TSS values better than 0.75 and 0.70, 

respectively, which is dramatically better than the [41], slightly better than [82], and 

comparable to that of [43]. Based on the results of several statistical scores, it can be 

concluded that the research into using the deep learning approach in the design of solar 

flare prediction system has been very promising. 

Table 6.4: The Results of DBN Model and the Comparison with two Previous Flare Forecast 

Models (ASAP and ASAP_Deep)   in chapters 4 and 5. 

 DBN ASAP system ASAP_Deep 

POD 0.703 0.7445 0.898 

CSI ---  0.72 

FAR 0.192 0.661 0.21 

ACC 0.996 0.982 0.8 

HSS 0.75 0.464 0.837 

TSS 0.702  0.894 

Data set Training:2010-2017 

Test:2012-2013 

Training:2010-2017 

Test:2012-2013 

Training:1981-2017 

Test:2012-2013 

 

Furthermore, we compare our DBN models with two previous models in the fourth 

and fifth chapters and all result show in table. DBN model has slightly better values of all 

statistical scores, except the FAR, than the other two models (ASAP and ASAP_Deep). 

The POD value of DBN model is larger than 0.7, which is also lightly similar to those of 
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the previous models. The DBN model his ACC values larger than 0.99, which is 

comparable with those of the previous models. The CSI value was not calculated for the 

two models (DBN and ASAP_Deep  models) only for ASAP model is greater than 0.7. 

The FAR values of DBN model is less than 0.1, which are a little better than that of 

ASAP_Deep system and remarkably better than ASAP system. DBN model his HSS 

values greater than 0.7, which are a little similar than that of ASAP_Deep and much better 

that this of ASAP system. The TSS value of DBN model is larger than 0.7, which is 

slightly less than this of the ASAP_Deep model. In particular, the TSS value of deep 

learning models (DBN and ASAP_Deep) is noticeably better than this of the Machine 

Learning model (ASAP).  

In summary,  system depend on deep learning models seem to be much better than 

the system that depend on  Machen learning  models in view of several statistical scores. 

6.5 Conclusion and Summary 

As far as we know, this is the first time the (DBN) is used to predict significant 

solar flares. This system works by integrates advanced Deep learning (DBN) and image 

processing algorithms with solar physics to predict automatically whether an image of a 

sunspot group is going to produce a massive solar flare or not. The presented system's 

performance depends on the generalization capabilities of the Deep learning model 

(DBN) and the grouping and cropping performance of the image processing system. For 

our system, the TSS, HSS, POD, ACC, and FAR measures are good compared to the 

benchmark models shown in Figure 6.6 TSS and HSS are extremely promising. These 

results demonstrate that the DBN model is very useful for predicting solar flares because 

it is trained to extract important features from a sunspot group's image. Our trained DBN 
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model requires only a few milliseconds to output forecast results, which is enough to 

forecast solar flares at a near-real-time. 

Further developments could include developing a feature extraction method to 

extract more features from the cropped sunspot regions. One of the most important 

problems facing forecasting systems is the geometric effect on HMI images near the solar 

limb. Although most of the computations required for classification are executed in 

heliographic coordinates, the shortage of graphical information at the limb is the main 

issue that prevents us from obtaining more-generic classifications from sunspot regions 

beyond ±450.  
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CHAPTER SEVEN 

7 CONCLUSIONS AND PROPOSAL FOR  FURTHER WORK 

7.1 Overall Conclusions 

This thesis has addressed designing and implementing novel solar flares prediction 

systems based on deep learning technology and machine learning technology. These 

novel models have been trained and tested using historical solar data representing 

characteristics of various solar events and features such as SS groups, ARs, and solar 

flares. 

This chapter briefly summarizes the studies suggested in this PhD Thesis. In the 

first place, the contributions achieved in each chapter are briefly discussed and 

summarized. Then, pointing out some of the proposals and recommendations to be 

processed in future work in order to increase the reliability of space weather prediction 

systems. 

7.2 Detailed Conclusions 

Concluding notes on this thesis are listed as follows: 

1. I successfully present a second-generation ASAP system by expanding a training 

vector period and generating new machine learning rules to be more successful. 

2. I successfully apply deep learning models to the sunspot group images without 

any pre-processing or feature extraction. 

3. Our trained Deep Learning models require only a few milliseconds to output 

forecast results, which is enough to forecast solar flares at a near-real-time. 

4. The results by Deep Learning models are better in HSS, TSS, and FAR than the 

solar flare forecasting models, which depend on machine learning. Furthermore, 
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our results indicate a sufficient possibility that the deep learning techniques can 

enhance solar flare predictions' ability. 

5. We created a data set including all sunspot regions within ±45° of the central 

meridian for Intensitygrams images observed by the HMI from 2010 to 2017. 

6. Visual Studio (C++) has been used to implement machine learning and the 

platform for detecting and cropping the sunspot. Deep learning is implemented 

using MATLAB. 

To sum up, the work in this thesis has achieved all objectives that are declared in Chapter 

1. So far, the results have been very promising and encouraging despite the long training 

time and data collection required. However, the presented works in this thesis are still 

limited by the following points: 

 One of the difficulties facing space weather prediction systems is data. It is the 

bottleneck of observing just the line-of-sight of the sun’s surface. Therefore, any 

solar activity in an AR on the far side or near the east and west limb of the sun 

disk is not fully observable. Furthermore, there have been some X- and M-flare 

events, but they are not enough to implement reliable modeling with deep learning 

as they need huge solar data to predict accuratly. 

 The deep learning models used in this study require a fixed size for all input 

images, therefore we warp the input image to a fixed size. This means that the 

scaling data of input images is ignored in the proposed models. In future studies, 

we need to discuss the effect of this on model performance. 

In this thesis, the presented hybrid solar flare prediction systems are highly 

customizable in terms of choosing various prediction scenarios and various methods to 

encode the selected solar features at the decision-making stages. Moreover, it was created 

and executed in a technique that allows adding other approaches and solar flares features 
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in the near future. Hence, the proposed hybrid solar flare prediction systems can be 

improved significantly by selecting robust AI approaches that offer better performance in 

different prediction scenarios based on the selected solar features. All experimental 

results were carefully documented and presented in this thesis. In addition, real solar 

image databases were employed to assess the performance of the proposed approaches. 

7.3 Future Work  

The research study suggested in this thesis can be extended further by considering 

the following suggestions: 

  All presented models in the thesis can be improved by integrating with other 

prediction models that depend on a solar x-ray or the extreme ultraviolet images 

of active regions data and/or a solar disc projection. These will be helpful to 

predict some SS regions that appear near the solar limb or solar activity on the 

other side of the sun related to enormous flares. This is illustrated in Figure 7.1. 

Figure 7.1: The future work for integrating models suggested in the thesis with the GOES 

Prediction model. 
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 This study used instantaneous measurements to produce a binary flare forecast 

(flare, non-flare) with the class-balance dataset. However, solar flares are 

inherently a dynamic phenomenon, with clear pre-flare and post-flare phases. It is 

a multivariate time series dataset of active regions' magnetic parameters, 

characterized by specific evolutionary trends [83]. Therefore, it can be fruitful to 

investigate time series methods to increase the prediction system's accuracy, 

especially with the class-imbalance dataset. 

 As concluded in Chapter 3, many solar flares and sunspots are missing from the 

NGDC flares catalogue and the NGDC sunspots catalogue. This affected the 

findings in the systems. To correct this bias, it is necessary to find other accurate 

catalogues such as the SHARP catalogue or create another more consistent one in 

future research. 

 Development systems in chapter 5,6 by replacing the deep learning model with 

two models one for predicts that a flare is going to occur or no. Simultaneously, 

the second model is activated to determine whether the predicted flare will be M-

class and/or X-class flare. 

 Development systems in chapter 5 by replacing the CNN with a transfer learning 

model such as ResNet50, LeNet, GoogLeNet, etc. 

 

7.4 Research Resources 

In this thesis, there were several resources have been used to implement the 

research. These resources are: 

 We used different solar data from different sources such as SDO/HMI 

images and the NGDC catalogues, and SWPC. 
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 The MATLAB language was used to write a program for measuring the 

performance of the forecasting systems proposed in this thesis 

 Microsoft visual studio .net c programming language has been adopted to 

execute the association algorithms. 

 Machine learning algorithms (e.g., Artificial NN) have been adopted to 

implement the solar flare prediction model in chapter 5. 

 Deep learning algorithms (e.g., Convolutional NNs) have been adopted to 

execute the deep_ASAP model in chapter 4. 

 Different computer tools were developed to process the solar data to 

provide the inappropriate dataset format for the apple of deep learning and 

machine learning algorithms. 
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