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Abstract

Solar flares are enormous explosions on the solar surface that originates from sunspots,

which could cause damage to satellites, power grids and radio communication systems.

Having early-warning systems that could accurately predict the eruption of harmful flares

are becoming more crucial, as our society grows more dependant on technology. Deep

learning has brought about a new era of flare prediction tools and models, with astounding

success compared to traditional techniques, although at a deficit of interpretability.

In this study, we present findings and study the effects of several deep neural network

architectures, optimised with different optimisation techniques and scaling strategies. We

aim to create simplified models with enough capacity to accurately predict flares, using

image-derived sunspot features. We also investigate the predictive ability of these features

using deep learning attribution methods.

We find that the task can be modelled such that the basic multilayer perceptron (MLP),

with a small architecture, could accurately predict solar flares on par with its larger

MLP counterparts. We find that including the temporal information of past observations

does not increase performance, but smoothed the probabilistic forecasts in the case of our

proposed one-dimensional causal convolutional (1D-CNN) network, compared to the MLP

network. We also find that the attribution methods tested were able to extract the most

relevant features relating to the eruption of flares, which is consistent with other findings

in the literature. The study contributes towards open questions regarding imbalanced

classification and probabilistic forecasting using deep neural networks, specifically giving

an informed perspective on binary classification architectures, optimisation techniques,

scaling strategies and attribution methods. In the process, we provide some additional

insight into a well-known dataset, and develop a deployable solar flare prediction model.

Keywords: Deep Neural Network, Solar Flare Prediction, Interpretability
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Chapter 1

Introduction

In this chapter we introduce the study and discuss why it is relevant and interesting. We

discuss what forms part of the scope, as well as the research questions and objectives.

1.1 Background

The Sun has been praised for its radiance throughout the ages, and not without good

reason; it provides light, life and warmth for all mankind. As quiet as the Sun may

seem, it is actively blasting electromagnetic (EM) energy everywhere. Solar flares are

gigantic explosions on the solar surface that originate from sunspots, also known as active

regions (ARs). These flares produce a wide spectrum of photons releasing X-rays, visible

light, ultra-violet light and energised protons. The largest solar storms come from coronal

mass ejections (CMEs). CMEs launch massive plumes of plasma, containing billions of

tons of solar particles, which have a magnetic field binding them. They usually take

tens of hours to propagate the 1.495× 108 km (= 1 astronomical unit = 1 AU) to reach

Earth [1]. Just like hurricane forecasting, there are instruments actively trying to classify

the severity of solar storms. Space weather forecasting tries to predict these storms by
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Chapter 1 Problem statement

observing the Sun for solar flares and CMEs.

Fortunately, the Earth’s magnetic field helps to protect humans from some of the effects

of solar storms, by deflecting the charged particles of the solar wind plasma around the

Earth. However, strong solar storms can influence electrical systems such as power grids,

satellites and radio communication systems. As our reliance on these technologies grows,

so does our need to have accurate forecasting models [1].

The increased availability and cadence of quality solar data and the rise of computational

power in the last decade have reignited the field of solar flare prediction using machine

learning and deep learning techniques, with great success compared to traditional meth-

ods [2]–[10].

Deep learning is a subset of machine learning that leverages multiple layers and non-linear

functional units to achieve outstanding performance in fields such as speech recognition,

computer vision and natural language processing. Deep learning has excellent generali-

sation ability, which allows models to perform well on unseen data, but is still not well

understood [11]. Deep learning is also inherently difficult to interpret and explain, and is

still an active area of research [12].

1.2 Problem statement

Solar flares are eruptive events on the Sun that can have detrimental effects on various

technological systems that are essential to modern society, such as power grids, satellites

and various radio communication systems [13]. Accurate forecasts of solar flare occurrence

and intensity is an unsolved problem, and being able to predict these events is becoming

crucial for our infrastructure. Our goal is to create a deep neural network (DNN) that

can predict the occurrence of a flare ahead of time, by using image-derived features of the

solar disk and ARs. The secondary aim is to keep the model as simple as possible, not

only to keep the model practically robust but also to optimise it to be interpretable, for
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us to learn something about the underlying physics of flare formation.

1.3 Project scope

Given the problem statement above, we restrict the scope of the research to a limited

number of datasets and architecture types:

• Datasets: The spaceweather HMI active region patch (SHARP) dataset provides

vector and line-of-sight magnetogram images of sunspots, with metadata containing

parameters explaining the physics of each AR. The Geostationary Operational

Environmental Satellite (GOES) X-ray dataset supplies the class labels for the flare

types. The aforementioned datasets are publicly available, as well as the processed

dataset used by Liu et al. [4].

• Architecture types: The focus will be on starting with a simple architecture,

namely multilayer perceptrons (MLPs) to establish a baseline, and then move on to

a temporal convolutional network (TCN) variant.

1.4 Research questions

To investigate the forecasting capabilities of a DNN in terms of predicting solar flares,

the following research questions are formulated:

• What is the simplest neural network architecture that can provide a solid baseline

for solar flare prediction?

• What impact does additional architecture and optimisation extensions have on the

network’s prediction ability?

• From the trained networks, what can we learn about the importance of different

features during the time period leading up to a flare?
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1.5 Objectives of the study

The objective of this study is to investigate the feasibility of solar flare prediction with

modern deep learning methods, while maintaining reproducibility and interpretability of

the developed models. Particularly, the aims are to:

• Develop a baseline model that can perform to an acceptable degree of capability.

• Analyse the effect that more sophisticated methods have on performance, compared

to the baseline model.

• Utilise the model training parameters to aid in the interpretation of the physical

mechanisms responsible for driving flare activity.

1.6 Research methodology

This study consists of empirical research based on prior work on solar flare prediction

using DNNs. It will explore the importance of certain physics-based features, derived

from solar images. The following will form part of the study:

• Literature review: Gain a steadfast understanding of DNNs, focusing on models

regarding time-series prediction. Comprehend the formation of solar flares. Investi-

gate recent research regarding the prediction of solar flares using DNNs, as well as

previous prediction methods.

• Codebase development: Develop a flare prediction codebase. The codebase will

consist of methods to configure, train, evaluate and analyse the DNNs’ performance

in terms of flare prediction.

• Experimental development: Using the flare prediction codebase, DNNs will be

trained to:

– Determine the most essential features and parameters for flare production.
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– Identify specific hyperparameters (HPs) and optimise them for each architec-

ture.

– Analyse the network’s predictive ability by comparing several importance rank-

ing techniques on manually designed features, and investigate whether deep

learning models can give us additional information about the physics of flare

development.

• Assess and discuss the experimental findings: After executing the set of

experiments, the results will be assessed and discussed in detail.

1.7 Dissertation overview

This dissertation is structured as follows:

• In Chapter 2 we introduce the field of space weather and machine learning. We

review existing literature on flare prediction.

• In Chapter 3 we discuss the dataset, along with its input and target features.

• In Chapter 4 we perform an analysis of the input features. The different scaling

strategies are also analysed.

• In Chapter 5 the MLP is optimised for different architectures, scaling strategies and

optimisation techniques, to establish a baseline model.

• In Chapter 6 our proposed TCN-variant architecture is trained and evaluated.

• In Chapter 7 we apply attribution methods to our best MLP and TCN-variant

models to determine the predictive capability of individual input features.

• In Chapter 8 we elaborate on the practicalities of deploying models such as ours.

• In Chapter 9 we deliberate on the objectives, summarise the key findings and their

implications, and we discuss future work.
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Chapter 2

Background

In this chapter we give background information from relevant literature and introduce sev-

eral concepts that are essential in this study. We investigate similar studies and identify

areas where further empirical analysis is required.

2.1 Introduction

The problem we look to solve is to predict solar flares with interpretable DNNs. We

introduce the domain, namely solar physics, with the focus on flares and space weather;

the means of predicting, namely DNNs and other models previously used; how the quality

of the models is measured with performance metrics; and how important certain features

are for flare prediction using attribution methods.

In Section 2.2 we cover space/solar physics, and in Section 2.3 we introduce relevant

deep learning concepts and strategies. In Section 2.4 we describe previous work utilising

traditional and machine learning techniques for flare prediction. In Section 2.5 we explain

how DNNs can be used to explain the importance of features related to flare production.
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Lastly, in Section 2.6, we list all the typical metrics used to evaluate solar flare prediction

models.

2.2 Space weather

Space weather is a catch-all term for the effect that EM and particle emissions from the

Sun have on technology through its influence on the geomagnetic field, on the ground

and in space. The most severe effects of space weather are driven by solar flares and

CMEs that project bursts of radiation and plumes of magnetised gas outwards from the

sun. Spacecraft, communications and power transmission systems may be compromised

by these space weather phenomena. [14]. The direct effect of a solar flare is not harmful to

humans, because of the Earth’s magnetosphere protecting us from most of the radiation.

However, as our dependence on technology grows, this could become more life-threatening

soon.

Solar flares are enormous explosions of radiation from the solar surface and corona, emit-

ting energy across the entire EM spectrum [13]. Flares can be small and harmless or

vicious and catastrophic (see [15], where solar storms cause communication outages of

air traffic and disaster relief efforts during an extreme hurricane season). Large flares

are sometimes accompanied by CMEs, which cause the bulk of geomagnetic disturbances

observed at earth.

The largest flare in the last 15 years was on September 6, 2017. Figure 2.1 shows the false

colour, full-disk image of the Sun around the time of eruption taken by the atmospheric

imaging assembly (AIA) instrument on board the Solar Dynamics Observatory (SDO)

spacecraft. Small flares are common but larger flares, such as this, are rare.
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Figure 2.1: SDO/AIA full-disk image of class X9.3 flare. Taken 2017/09/06. Retrieved from

[16].

Flares occur in ARs which are regions of strong complex magnetic fields that evolve

rapidly over time [13]. These regions are colder than the surrounding solar surface, hence

the distinctive spots. These ARs are assigned unique National Oceanic and Atmospheric

Administration (NOAA) numbers to identify these regions as they appear on the earth-

facing solar disk. An image of the photosphere or solar surface a day before the flare

(from Figure 2.1) can be seen in Figure 2.2, with four distinct ARs traced in red, this

time taken by the HMI instrument on board the SDO spacecraft.
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Figure 2.2: SDO/HMI magnetogram with ARs traced inside red squares. White regions are

magnetic fields coming out. Black regions are magnetic fields going in. Gray is zero magnetic

field. Taken 24 hours before flare eruption. Retrieved from [16].

Flares release energy much like earthquakes, slowly building up stress and quickly releasing

it. Figure 2.3 shows this flare energy as the integrated X-ray emissions from the Sun, as

measured by a series of satellites known as the GOES. The x-axis is time and the y-axis

shows the Watts per square metre on a log scale. The two different colours are the two

different wavelength bands (0.5− 4.0Å (blue) and 1.0− 8.0Å (orange)). One can see that

the Sun emits a baseline level of flux, but on September 6 at 12:00, increased the output

in a few orders of magnitude; that was the flare. The abrupt vertical lines around 09:00

is missing data.
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Figure 2.3: GOES X-ray flux on September 6, 2017. Retrieved with Sunpy [17].

Flares are classified logarithmically by peak flux, measured in the 1-8Å pass-band, into

classes A, B, C, M, and X (see Table 2.1). Flares that release more than 5×10−5Wm−2 or

≥M5-class are considered large flares, and the Space Weather Prediction Center (SWPC)

sends out alerts for these flares, since they are more likely to cause disturbances in satellite

communication and radio transmissions [18].

Table 2.1: Solar flare classification by X-ray flux at geostationary orbit. The letter classes are

further subdivided into decades.

Class min flux [Wm−2] max flux [Wm−2]

A < 10−7

B 10−7 10−6

C 10−6 10−5

M 10−5 10−4

X 10−4 >

According to the standard model of flare eruption, a flare is triggered when plasma in-

stabilities below the solar surface result in the rise of a section of plasma (known as a

prominence) above the surface. As the section of very hot plasma rises, the magnetic
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field lines ‘frozen’ into the plasma starts breaking apart and reconnects to lower sections.

This results in a rapid release of radiation at the reconnecting point, resulting in the

broadband emission of EM energy, and plasma flung out into interplanetary space. See

[13] for a detailed description of flare dynamics.

2.2.1 Solar flare prediction

Solar flare prediction can be thought of as the same as predicting terrestrial weather such

as analysing cloud patterns can be used to forecast rain. Similarly, magnetic field patterns

on the Sun can be used to predict whether there will be a flare, today or tomorrow.

If we take a closer look at a single one of these ARs in Figure 2.4, there are some strong

borders between the field lines going in and out of the Sun (indicated by orange arrows).

Flares regularly originate from these regions [13].

If we isolate the pixels very closely, as in Figure 2.4, the magnetic field through the given

area can be calculated, for example the magnetic flux for this specific AR at this specific

time. This makes up one feature, and there are numerous studies on the different types

of features that can be used to predict flares, see Section 2.4.

The current understanding of which features cause flares have to do with: (a) the size,

(b) the complexity and (c) evolution of the flare [13].
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Figure 2.4: Soon-to-be-flaring AR from magnetogram in Figure 2.2

2.2.2 Solar satellites and instruments

We have come a long way as a species from first observing the Sun with a telescope in

the 17th century, to having satellites taking stunning close-up images with the Parker

solar probe. Through the years, many satellites have been launched to study the Sun and

observe its inner and outer workings. In the paragraphs that follow, the most relevant of

these satellites and the instruments they carry are explained, following [19].

Probably the most groundbreaking solar satellite was the Solar and Heliospheric Obser-

vatory (SOHO), launched in 1995. It was stationed at the Earth’s first Lagrangian point

(L1). At this point, the combined gravity of the Sun and Earth keeps the object locked

near the Earth-Sun line, roughly 1.5 million kilometres from Earth. It was designed to

study the Sun’s internal structure and outer atmosphere, as well as the origin of the

solar wind. It had 12 instruments to measure different kinds phenomena, of which the

Michelson doppler imager (MDI) is the most popular for solar flare prediction, since it

measures the longitudinal component of the Sun’s magnetic field. These images that

measure the strength of the solar magnetic field are called magnetograms. SOHO also

aided in the discovery of coronal waves, solar tornadoes and our adroitness to forecast

space weather. SOHO/MDI was decommissioned in 2013 [20].
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The SDO [21] is the successor of SOHO, launched in 2010, purposefully designed to under-

stand the impact of solar variability on Earth. It has three instruments: (1) AIA [21] takes

full-disk images of the Sun in 10 different wavelengths every 12 seconds. (2) HMI [22] also

takes magnetogram and continuum images of the solar surface like SOHO/MDI, but at

a higher 4 k resolution with a charge-coupled detector (CCD) camera. (3) EUV variabil-

ity experiment (EVE) measures the extreme ultraviolet spectral irradiance to understand

differences in timescales that influence Earth’s climate.

GOES is a series of satellites formally started in 1975 by NOAA, with GOES-17 being

the latest to the series, launched in 2017. Each of the satellites differs greatly, but most

of them had some form of Earth-facing, Sun-facing and space environment sensors. The

sun-facing instruments include the X-Ray Sensor (XRS) and the EUV Sensor. The XRS

consists of an ion chamber that measures X-ray flux in the 0.5-4 and 1-8 Angstrom (Å)

wavelength bands. This allows for the accurate surveying of the start and evolution of

solar flares. These instruments provide a gauge on the intensity of flares [18].

Other missions used for solar observations that are relevant, but are not examined in

this study include: Transition Region and Coronal Explorer (TRACE) [23], Reuven Ra-

maty High-Energy Solar Spectroscopic Imager (RHESSI) [24], Solar Radiation and Cli-

mate Experiment (SORCE) [25], Hinode [26] and Solar Terrestrial Relations Observatory

(STEREO) [27]

2.2.3 Solar cycles

The number of sunspots fluctuates in 11-year cycles (see Figure 2.5). This makes up one

solar cycle [28], [29]. At the beginning of a solar cycle, the sunspots are located in higher

latitudes up to 40◦. Over the course of the solar cycle, the sunspots move closer to the

equator. This behaviour is exemplified in the Maunder butterfly diagram in Figure 2.6.

13



Chapter 2 Space weather

Figure 2.5: Daily and monthly sunspot count (last 13 years). Solar cycle 24. SC: Waldmeier’s

standard curves prediction method, based on the sunspot number series [30]. CM: K. Denkmayr

and P. Cugnon’s method, using regression on the sunspot number series along with the geomag-

netic index [31]. Retrieved from [32]

Figure 2.6: Maunder butterfly diagram of flare-producing sunspot groups. Sunspot latitudes

over time. Retrieved from [33]
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2.3 Machine learning and DNNs

“To deal with hyper-planes in a fourteen-dimensional space, visualize a 3D space and say

‘fourteen’ to yourself very loudly. Everyone does it.” – Geoffrey Hinton

2.3.1 A brief overview of DNNs

Artificial intelligence (AI) has been the dream of inventors through the ages, but unlike

the Mechanical Turk (1769) that thwarted great minds such as Napoleon and Benjamin

Franklin at chess, which turned out only to be a man in a box [34], today, humanity has

made great strides towards AI in solving menial tasks, understanding speech and images,

as well as really beating the greatest chess players, to name but a few.

Representation learning is a set of methods that allows raw data to be fed into an al-

gorithm that determines the representation needed for classification. Deep learning is

basically representation learning that makes use of multiple layers of transformations.

Deep learning is part of the larger machine learning family based on artificial neural net-

works [35]. With the rise of computing power and abundance of data in the last decade,

the field of deep learning has gained plenty of traction, due to its pattern recognition abil-

ity that surpasses older machine learning techniques on tasks such as image recognition.

The adjective deep comes from the models having layers that extract simpler representa-

tions of the raw data. When coupled with non-linear activation functions, these networks

can map inputs to outputs in a non-linear fashion. The term neural was loosely derived

from the understanding of neurons at that time (1960s) but has changed since then [36].

DNNs most likely owe their fame to their ability to generalise well. The term “gener-

alisation” points to a model’s ability to perform well on data that it has not seen. The

reason why DNNs generalise so well is still unclear and is an active area of research at

present [11].

MLPs, also known as fully connected feedforward networks, are the most basic deep
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learning architectures and we elaborate more on them in Chapter 5. Background on the

MLP architecture provided in Section 5.2. One drawback of MLPs are that they do not

take into account the temporal information of solar flares, unless something like sliding

windows are used.

2.3.2 DNNs for time-series prediction

The nature of solar flares is time related, implying that past observations are relevant

for future prediction. DNNs exist that have been designed for time-series prediction

called recurrent neural networks (RNNs), the most popular being the long short-term

memory (LSTM) [37]. Unlike the MLP, the RNN has connections that feed back to

previous units, making it able to remember past information. The addition of hidden cell

units allow the LSTM also to forget redundant information. LSTMs were also designed

to combat the vanishing gradient problem of the normal RNN.

Recently, non-recurrent networks that have also shown promise, are the TCN [38] and our

proposed one-dimensional convolutional neural network (1D-CNN). (Background on the

TCN and our 1D-CNN is presented in Section 6.2). TCNs use dilated causal convolutions

and skip connections to learn the temporal information of the data, instead of feeding

back information to previous units like the LSTM, it uses convolution kernels with large

receptive fields to remember past observations. The TCN can also be used as a drop-in

replacement of a LSTM. The traditional 1D-CNN is the rawest form of convolutional

networks that uses one dimensional data, instead of two dimensional data that is typi-

cally used for image and video classification, to extract the local information across the

kernels [39]. They are used in many other applications such as electrocardiograms (ECG)

classification or early motor fault detection [40], [41]. Convolutions are also easier to

probe than LSTMs.
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2.4 Previous studies on solar flare prediction

In this section we discuss the traditional approaches to flare prediction and how machine

learning allowed us to use many features and large datasets. We also highlight the different

approaches taken to predict flares. Many techniques have been applied successfully, of

which we show a few examples. We establish and comment on a baseline model used for

this study and discuss our deductions from previous works.

2.4.1 Traditional methods

Traditionally most flare prediction studies only used one or two features with simple

statistical techniques; for example, if the fractal dimension of AR images is ≥ 1.25,

the occurrence of an X-class flare is most likely [42]. These statistical methods often

proved somewhat unreliable and did not scale well, especially when evaluated on different

datasets.

2.4.2 Changes brought about by machine learning

Since the launch of the SDO in 2010 and the availability of data and computation power

giving rise to machine learning, there has been a surge in solar-based prediction research.

Instead of using a few features, we can now use hundreds of features in machine learning

models, while also using enormous datasets such as the one generated by the SDO. We

highlight some of the most groundbreaking approaches which include:

• A support vector machine (SVM) that looks only at the AR images of the solar

magnetic fields and calculate 25 features from it (for example magnetic flux or

how much energy is stored in the magnetic field) and then view it as a binary

classification problem: whether the AR will produce a flare, yes or no [43]. This

model achieves accuracy of 0.924 ± 0.007, which seems to be good, but for predicting

rare events this can be deceitful because a high accuracy can be achieved by just
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predicting ‘no’, all the time. This is why the researchers also used the true skill

statistic (TSS) (recommended for flare prediction by [44], discussed in Section 2.6),

that can quantify better how well the model is doing with imbalanced data (see

Chapter 3). This skill score ranges from minus one to one, where minus one predicts

everything wrong, zero is random guessing and one is perfect prediction. In this case,

the researchers obtained a TSS = 0.761 ± 0.039. From a physics perspective, they

deduced that ARs with a twisted or curled magnetic field are more likely to flare.

• Another approach tried to look not only at the magnetic field on the surface on

the Sun but also directly at the image data at different wavelengths, as well as

its atmosphere [45]. The researchers used a convolutional kernel network [46] on

3.6 million images of the solar surface and various layers of the solar atmosphere

and ended up with a TSS = 0.814 ± 0.026, which is still within the error of the

previous model. It is therefore unclear whether using this much extra data was

a real improvement. They mention possible reasons for the small improvement:

(1) They did not consider previous predictions and that something like an auto-

regressive component could help. (2) They only looked at ARs individually, but

perhaps the different ARs are influencing each other; this concept is not new and

is called sympathetic flaring [47]. Sympathetic flaring is another technique that is

currently being studied with machine learning.

• Similarly, [5] used a LSTM model and tried to derive features from the magnetic

field images employing an auto-encoder. The authors found that their machine-

derived features could predict almost as well as the physics-based features (SHARP,

discussed in Chapter 3) derived from physical understanding. LSTM and other tem-

porally sensitive networks are useful, since they capture the flare dynamics better.

• Ambitious endeavours include using the entire Earth-Sun model, which includes

solar image data, solar wind, the Earth’s magnetic field etc. This is currently being

researched by the SOLSTICE team [48].
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2.4.3 Summary of previous results

The most significant models for flare prediction (with their original proposers) are the

MLP [49], SVM [43], [49]–[53], Jordan Network (JN) [54], Deep Flare Net (DeFN) [2],

random forest (RF) [49], [55], [56] and LSTM network [4].

We briefly summarise the key results in Table 2.2 below. The table is comprised of the

popular models and their respective scores (recall, precision, accuracy, balanced accuracy

(BACC), Heidke skill score (HSS) and TSS, respectively) achieved on Liu et al.’s [4]

dataset for a given flare class (adapted from Liu et al. with permission).

There are a few caveats that should be mentioned here:

• Only the architecture is given: Liu et al. did not mention any specifics on the HPs

or optimisation strategy used. The extent of optimisation on models other than the

LSTM is unclear.

• No standard deviation/error is given nor any indication that the networks are stable

across multiple seeds.

• No validation score is given, only a test/evaluation score. This makes it difficult to

reproduce the optimisation of their models.

• These results are not from their cross-validation evaluation technique. (See Ap-

pendix A.1 for more information on this technique.)
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Table 2.2: Previous machine learning flare prediction models and results (reproduced from Liu

et al. [4] with permission). Metrics include: recall, precision, accuracy, BACC, HSS and TSS,

respectively

Metric Model ≥M5.0 ≥M ≥C

Recall MLP 0.944 0.812 0.637

SVM 0.644 0.692 0.746

JN 0.923 0.851 0.701

DeFN 0.889 0.891 0.761

RF 1.000 0.850 0.727

LSTM 0.978 0.881 0.762

Precision MLP 0.037 0.143 0.451

SVM 0.014 0.106 0.497

JN 0.033 0.178 0.543

DeFN 0.037 0.173 0.497

RF 0.034 0.252 0.532

LSTM 0.038 0.222 0.544

ACC MLP 0.901 0.855 0.778

SVM 0.818 0.824 0.803

JN 0.882 0.884 0.826

DeFN 0.907 0.872 0.801

RF 0.886 0.924 0.822

LSTM 0.899 0.909 0.829

BACC MLP 0.922 0.834 0.725

SVM 0.732 0.76 0.781

JN 0.903 0.868 0.779

DeFN 0.898 0.881 0.786

RF 0.943 0.888 0.786

LSTM 0.938 0.895 0.803

HSS MLP 0.064 0.204 0.389

SVM 0.020 0.141 0.472

JN 0.056 0.26 0.502

DeFN 0.064 0.253 0.476

RF 0.059 0.361 0.502

LSTM 0.074 0.347 0.539

TSS MLP 0.845 0.669 0.449

SVM 0.464 0.52 0.562

JN 0.806 0.736 0.558

DeFN 0.796 0.763 0.572

RF 0.886 0.776 0.572

LSTM 0.877 0.790 0.607

20



Chapter 2 Previous studies on solar flare prediction

2.4.4 Baseline model

According to Liu et al.’s results, their LSTM model performs the best compared to the

other models with the binary classification task. This research builds on the work of

Liu et al. [4], using their dataset (see Chapter 3) and results to evaluate our model’s

performance. Their best model made use of attention mechanisms, which is beyond the

scope of this study. They also only used 20 of the 40 available features after doing feature

elimination. During our analysis of [4] we found some discrepancies and possible issues

that we will highlight and address as they occur.

2.4.5 Key points and unsolved problems with flare prediction

The key points that previous research reveals are:

• Machine learning does hold a significant advantage compared to traditional meth-

ods. Open-source data and software have sparked a significant improvement in the

field [43].

• “More data” and “bigger models” do not yield better predictive capacity, but rather

more information-rich data, and well-optimised models [45].

Three main problems remain unresolved in the general field of solar flare prediction and

machine learning:

• Class imbalance problem - Many real-world problems suffer from this issue,

where the class that one is trying to predict is outweighed by another. Various

possible solutions exist including the use of generative adversarial networks [57], to

generate extra data.

• Benchmarking problem - There are many different datasets and models, but no

standard to test against or a benchmark to compare model performance. This could

be solved by using large inter-calibrated datasets.
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• Interpretability problem - Deep learning models are notorious for being difficult

to interpret. From a science perspective, understanding the dynamics of the Sun

would prove more useful than a model that can only predict flares accurately. This

is more the focus of the current study than the previous two problems.

2.5 Interpretability and explainability of DNNs

DNNs are notoriously difficult to interpret and are likened to a “black box”; the model

can give excellent results, but it is unknown how it arrives at that conclusion. This is

often undesirable in medical, science and financial fields, where trust and the reason for

decision-making are crucial. In recent years, research has surged towards more explainable

and interpretable DNNs [58].

The terms ‘explainability’ and ‘interpretability’ are used in different ways in different

contexts in the literature. Explainability is often used to describe the importance of

features that lead to a decision, for example heat-maps on images that highlight the most

important pixels for image classification. Interpretability can be thought of mapping an

abstract concept to human understanding. This is often coupled with what an algorithm

bases its choices on [12]. For this study, we define interpretability as identifying the

relative importance of features that contribute to flare production.

Traditionally, decision trees were the preferred method for interpretable machine learning,

but performed unsatisfactorily when dealing with higher-order multi-dimensional prob-

lems such as image classification [59], hence, the need for models and techniques that

achieve good performance but remain explainable and interpretable.

Some approaches that try to understand DNNs include, architectures designed to re-

veal the importance of features [60], attribution methods [61] or even model-agnostic

approaches, such as local interpretable model-agnostic explanations (LIME) [62]. Many

have tried to compare the different techniques but thus far, no single method has been

found satisfactory or close to perfect [12], [61], [63]–[65]
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2.5.1 DNN attribution methods

Attribution methods try to quantify the relevance of input features in a network, usu-

ally accomplished with one of two manners, perturbation-based or gradient-based meth-

ods [61].

Perturbation-based methods calculate the attribution (how much a feature attributes to

the prediction) by changing an input feature and measuring the output with the original.

Typical perturbation-based methods include:

• Ablation [66], which determines the importance based on the magnitude of change

in the output when the inputs are replaced by a baseline (typically zero).

• Shapely value sampling [67], derives the feature importance based on the number

of sample permutations on all the features, by adding each permutation to the

baseline and computing the magnitude of change in the output; these results are

then averaged over all permutations.

Gradient-based methods determine the attribution of all the input features after doing a

forward and backward propagation through the network. There are a growing number of

gradient-based techniques, such as:

• DeepLIFT (deep learning important features) [68] describes the difference in

the non-linear activation’s outputs in relation to the differences in inputs from a

baseline.

• Integrated gradients [69] approximates the integral of gradients across the net-

work path and from the baseline to inputs.

• Input × gradient [68] was initially proposed to sharpen attribution maps. It

calculates the attribution by taking the inputs and multiplying these with the signed

partial derivatives of the output with respect to the input.
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The Captum library [70] was designed to implement the listed attribution methods in a

network easily, which we use and discuss in more detail in Chapter 7.

2.6 Performance metrics

To quantify the performance of our models, we incorporate the typical metrics used for

flare prediction in binary classification, as well as probabilistic forecasting [2], [4], [6], [7],

[9], [43]–[45], [49], [56], [71].

2.6.1 Binary classification metrics

Binary classification problems can be analysed using a confusion matrix, which consists

of true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN).

These values can then be arranged to determine specific metrics. The metrics typically

used for flare prediction are,

Recall =
TP

TP + FN
(2.1)

Precision =
TP

TP + FP
(2.2)

Accuracy (ACC) =
TP + TN

TP + FP + TN + FN
(2.3)

Balanced accuracy (BACC) =
1

2

(
TP

TP + FN
+

TN

TN + FP

)
(2.4)

Heidke skill score (HSS) =
2(TP× TN− FP× FN)

(TP + FN)(FN + TN) + (TP + FP)(FP + TN)
(2.5)
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True skill statistic (TSS) =
TP

TP + FN
− FP

TN + FP
(2.6)

Accuracy is inadequate for unbalanced classification; BACC is better. As suggested by

[44], we use TSS as our main metric, which is the recall minus the false alarm rate. The

HSS indicates how much improvement there is over random guessing. The higher BACC,

TSS and HSS are, the better the model performs.

2.6.2 Probabilistic forecasting metrics

Any binary classification task can be converted to a probabilistic forecasting model by

applying a soft-max function to the output layer to squeeze the outputs between zero

and one, this gives a probability of flare eruption. This is often better for climatology

forecasting such as flare prediction. Common metrics include the Brier score (BS) and

Brier skill score (BSS).

The BS is typically used as a measurement for accuracy for probability forecast; it is

merely the mean-squared error (MSE) of n number of forecast-observation pairs [72],

BS =
1

n

n∑
i=1

(yi − xi)
2 , (0 ≤ BS ≤ 1) (2.7)

with the forecast (xi) as a probability.

BSS is adjusted to give the skill or relative accuracy based on the event relative frequency,

given as [73],

BSS =
BS− BSclim

0− BSclim

= 1− BS

BSclim

, (BSS ≤ 1) (2.8)

where,

BSclim = BS for the reference forecast (2.9)

The reference forecast is the probability at which a relevant event is likely to occur.

For more on the practicalities of forecasting, refer to Chapter 8.
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2.7 Conclusion

Solar flare prediction is crucial for protecting mankind’s technological infrastructure. Tra-

ditionally basic statistical and machine learning techniques were used to predict solar

flares by only using a single or a few features, but the advent of deep learning has sparked

new interest in the space weather field with a host of new promising techniques with

improved performance. These novel techniques should be used carefully when developing

and measuring model performance.

Deep learning also comes with a lack of interpretability that is not desirable when trying

to uncover the scientific principles that govern flare production, although some techniques

such as attribution methods, can reveal the importance of certain features.
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Dataset

In this chapter we describe the dataset, how it is acquired, and what the input and output

features are, as well as giving general statistics of the data.

3.1 Description

The dataset describes a binary classification problem: whether or not a Γ-class flare

will erupt within the next 24 hours, where Γ is ≥C, ≥M and ≥M5.0 class. For the

remainder of the study, we will only focus on ≥M5.0-class flares, since their classified as

large flares by the National Centers for Environmental Information (NCEI). The dataset

consists of input and target features. Input features describe the evolution of an identified

AR of the Sun using 25 physical features and 15 history features. Physical features are

of two types: SHARP describes the magnetic-field characteristics of an active patch, as

estimated from images of the Sun’s magnetic field (the SHARP features) [74], and Lorentz

force components are functions of the SHARP parameters that capture dynamic behaviour

given estimated magnetic field characteristics (the Lorentz features) [75], [76]. History

features of a specific AR encapsulates (part of) its flaring history. This is important
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because complex ARs can produce multiple flares (see September 6, 2017, NOAA: 12 673,

for an example). Target parameters describe whether or not (True/False) a flare ≥M5.0-

class (in our case) will occur within the next 24 hours, for the given input features. For

a description of input and output parameters, see Section 3.3.

3.2 Source

The dataset that is used in the remainder of this study (with a few tweaks and fixes, see

Section 3.5 and 3.3.4), is open source and available on GitHub under the GNU General

Public License. It is sourced, processed and compiled by Liu et al. [4]. All of their data

and models are available for download at the link provided1. The SHARP data series

was released at the end of 2012 and was instantiated by the SDO/HMI team [74]. It can

be queried at Joint Science Operations Center (JSOC)2 as hmi.sharp. The Lorentz force

components can be queried as cgem.Lorentz. By querying the website, one can specify

the desired time or ARs, and receive all extracted features for the given data series (for

example hmi.sharp or cgem.Lorentz ).

Target parameters are derived from the GOES X-ray flare catalogues, provided by the

NCEI. The catalogues include the flare time and magnitude pertaining to each AR.

The input and target parameters are obtained for the period of May 2010 and May 2018

from the JSOC website using the SunPy package [17], at a cadence of 1 hour. Similar

to what Bobra and Couvidat [43] do, the AR whose samples are ±70◦ from the central

meridian or whose features are incomplete are discarded. These edge cases are discarded,

since the parameters derived from the images could be misleading.

1https://web.njit.edu/wangj/LSTMpredict/
2http://jsoc.stanford.edu/

28



Chapter 3 Input and target parameters

3.3 Input and target parameters

In this section we examine all the input and target features, to understand what they are

and how they are prepared for the deep learning models. For the input parameters, there

are two groups of predictive parameters. The first group relates to the 25 physical features

described in [43], that portrays magnetic field properties. The second group consists of

15 features related to flaring history. We elaborate on this in the following sections. For

a description of each input parameter, see Table A.1 in Appendix A.2.

3.3.1 Physical features

The HMI instrument [22] takes full-disk images of the Sun’s magnetic field, as shown

in Figure 2.2. An automated processing pipeline extracts the HMI active region patch

(HARP) at 720-second intervals throughout its lifetime [74]. Finally, the SHARP parame-

ters are derived from the cut-out images, which are available in helio-projective Cartesian

CCD image coordinates or the remapped cylindrical equal area (CEA) projection [77].

SHARP describes the magnetic-field distribution and its deviation from a potential-field

configuration [74]. The Lorentz force components are the integrated Lorentz force mea-

sured over the outer solar atmosphere, which is perpendicular to the motion of the charged

particles and magnetic field [76], [78]. The SHARP parameters and the additional Lorentz

force components that are based on the SHARP data make up the first 25 physical features

of the dataset.

3.3.2 Flare history features

The first nine out of 15 history features describe the AR at data sample xt for time step

t as defined by Nishizuka et al. [79]. These features include the total number of B-class

(C-class, M-class, X-class, respectively) flares that developed in the same AR before the

observed sample at time step t, named as Bhis (Chis, Mhis, Xhis, respectively). Similarly,

features Bhis1d (Chis1d, Mhis1d, Xhis1d, respectively) represent the number of relevant

29



Chapter 3 Input and target parameters

class flares 24 hours before time point t in the same AR. Xmax1d represents the maximum

X-ray flux in the last 24 hours before time point t.

The last six of the 15 history parameters are related to time decay values, as proposed by

Jonas et al. [45]. The decay value for data sample xt at time step t with respect to the

B-class (C-class, M-class, X-class, respectively), expressed as Bdec (Cdec, Mdec, Xdec,

respectively), is calculated as,

Bdec (xt) =
∑
fi∈FB

e−
t−t(fi)

τ (3.1)

Cdec (xt) =
∑
fi∈FC

e−
t−t(fi)

τ (3.2)

Mdec (xt) =
∑
fi∈FM

e−
t−t(fi)

τ (3.3)

Xdec (xt) =
∑
fi∈FX

e−
t−t(fi)

τ (3.4)

where FB (FC , FM , FX , respectively) depicts the corresponding flare that happened in

the same AR before time step t. t(fi) is the time of flare fi, and τ is the decay constant,

where τ is set to 12 as empirically determined by Jonas et al. [45]. The last two time

decay parameters take into account all flare classes before time step t and are calculated

as follows,

Edec (xt) =
∑
fi∈F

E (fi) · e−
t−t(fi)

τ (3.5)

log Edec (xt) =
∑
fi∈F

log (E (fi)) · e−
t−t(fi)

τ (3.6)

where F = FB ∪ FC ∪ FM ∪ FX and E(fi) is the magnitude of flare fi.

Figure 3.1 is a simple representation of what the decay values look like.
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Figure 3.1: Simplified decay value illustration. Each class decays at constant rate τ after a flare.

E is the sum of the decay values of all the classes. Log E is the logarithm of E. Class B is

omitted for illustration purposes. Replicated from source [45]

3.3.3 Target parameters

Figure 3.2 depicts the labelling scheme used to create the target parameters. The flares

are labelled positive 24 hours before the start of the Γ-class flare, where Γ is ≥C, ≥M

and ≥M5.0-class.

Figure 3.2: Illustration of positive and negative labelling for the prediction task. Every rect-

angular box represents a sample at one-hour intervals. The red line indicates the starting time

of a Γ-class flare. Data samples 24 hours before the flare are labelled as positive, represented

by the blue rectangles. The other samples belong to the negative class, as shown by the green

boxes. Samples are not included from the white rectangular box. Sourced with permission from

Liu et al. [4]
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3.3.4 Normalisation

Liu et al. [4] state that because the features each has different units and scales, varying

in orders of magnitude, the physical features are normalised with z-norm (Equation 3.7)

and the history features are minimum-maximum (min-max) scaled (Equation 3.8). (We

argue that performing z-norm on all the features is sufficient and elaborate more on this

topic in Chapter 4.) Nevertheless, the normalisation that Liu et al. originally used is

done as follows: For the 25 physical features, zki stands for the normalised value of the

ith features of the kth data sample. Such that

zki =
vki − µi
σi

(3.7)

where vki is the value of the ith of the kth data sample, µi is the mean of the ith feature,

and σi is the standard deviation of the ith feature.

For the 15 flare history features, we have

zki =
vki −mini

maxi−mini
(3.8)

where maxi and mini are the maximum and minimum values of the ith feature, respec-

tively.

The i values used by [4] are somewhat controversial, and discussed in Section 4.4.1.

3.4 Dataset partitioning and statistics

In this section, we explain how the dataset is partitioned into the required training,

validation and testing sets. We also extract a few general statistics from the dataset, such

as the number of flares, sunspots, and ARs with their corresponding lifetimes.
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3.4.1 Dataset partitioning

The dataset is prepared specifically to solve a binary classification problem; whether or

not a Γ-class flare will erupt from an AR within the next 24 hours, where Γ is divided into

three classes separately: ≥M5.0, ≥M and ≥C class. This follows the previous attempts

made by Bobra & Couvidat [43], Jonas et al. [45] and Nishizuka et al. [2], using historical

observations of an AR to predict its future flaring activity. All the aforementioned studies

considered ≥M and ≥C class flares. Additionally, the ≥M5.0 class is considered in this

dataset since there are so few X-class flares.

Supervised learning requires that the dataset be divided into some form of training, vali-

dation and test set. The training and testing set should be disjoint to ensure so that the

predictions are on samples it has never seen before. The number of positive and negative

samples per flare class for each partition can be seen in Table 3.1.

Table 3.1: Number of positive and negative samples for each flare class in every partition.

Reproduced from Liu et al [4] with permission.

≥C class ≥M class ≥M5.0 class

Positive Negative Positive Negative Positive Negative

Training (2010-2013) 18 266 66 311 2 710 81 867 633 83 944

Validation (2014) 7 055 19 418 1 347 25 126 292 26 181

Testing (2015-2018) 8 732 35 957 1 278 4 341 180 44 509

The data can also be sequenced before feeding to a model, as in the case of an LSTM or

TCN. This means that for time step t we use the samples from (t − s), where s is the

sequence length. When sequencing the data, one needs to append zeroes before an AR

for the length of the sequence, so as not to leak data from one AR to the next.

3.4.2 Flares per class

Table 3.2 shows the number of flares per class in the entire dataset.
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Table 3.2: Flares per class type

Class Flare Flares

B 4 203

C 6 768

M 704

X 49

3.4.3 Class ≥M5.0 dataset statistics

The ≥M5.0 dataset will be used, since is it generally regarded as a major class flare.

Therefore, Table 3.3 shows the relevant information on the dataset labelled positive for

flares ≥M5.0 in magnitude. For each dataset partition (training, validation, testing), we

list the number of ARs that produced a ≥M5.0 flare, the number of samples that are

labelled positive for being ≥M5.0, the number of samples of those ARs that eventually

produce a flare ≥M5.0 and the total number of samples. Lastly, the fraction of imbalance

is also measured by taking the positive labelled samples and dividing these by the total

number of samples. This gives a sense of how unbalanced the dataset is, meaning how

much the positive samples outweigh the negative samples.

Table 3.3: ≥M5.0-class flare dataset partitioning and statistics

Category Train Set Validation Set Test Set

ARs >M5 23 12 8

Positive labelled samples 633 292 180

Samples of ARs that eventually flare >M5 4 362 2 183 1 476

Total samples 84 577 26 473 44 689

Fraction of imbalance 0.75% 1.1% 0.4%

3.4.4 Active region lifetimes

Since the Sun is not a solid mass, the duration of rotation depends on the distance from

the equator (At equator: 25 days [77]). Each AR has different locations that it can occupy
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on the Sun, which can determine the AR’s size and duration. This also changes depending

on the time in the solar cycle [13] (see: butterfly diagram in Figure 2.6). Including the

coordinates could also prove useful for developing a flare prediction model; unfortunately,

these are not included in the Liu et al. [4] dataset.

Data are sampled at a 1-hour cadence, thus if we count the samples, we can determine

the number of days these ARs last. Naturally, since only a part of the Sun is seen, if the

AR moves behind the edge of the Sun, it is not possible to know its duration past that

point. To get a rough estimate, the samples for flares for each class are counted and the

number is averaged in Table 3.4. It can be seen that ARs producing X- and M-class flares

seem to have longer lifetimes than those producing less intense flares. Each AR can flare

multiple times in its lifetime. This statistic is strictly specific to this dataset and is not a

study on AR lifetimes. For more information on sunspot lifetimes, refer to [80].

Table 3.4: Average AR duration per flare class

Flare Class Samples per AR (µ ± σ) Days (µ ± σ)

B 152 ± 57 6.3 ± 2.4

C 167 ± 49 7.0 ± 2.1

M 184 ± 37 7.6 ± 1.5

X 182 ± 28 7.6 ± 1.2

3.4.5 Annual sunspot count

The number of ARs per year are tallied and presented in Table 3.5. The peak of the solar

cycle can be seen to have been reached in 2013-2014 (refer to the annual sunspot count

in Figure 2.5). This dataset contains the bulk of the solar cycle, but not all.
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Chapter 3 Errata for Liu et al.’s dataset

Table 3.5: Annual sunspot count in entire dataset

Year Number of ARs

2010 72

2011 195

2012 201

2013 235

2014 184

2015 191

2016 130

2017 62

2018 9

3.5 Errata for Liu et al.’s dataset

There is a minor fault in the original dataset used by Liu et al. [4]. It does not invalidate

their models but changes the ranking of their features. The problem is that some of the

physical SHARP features are incorrectly labelled and do not correspond to the JSOC

names. This issue possibly originated from their data queries to JSOC, since the issue is

already in their raw data. See Figures 3.3a and 3.3b, where the value in red (a) is the

same as in (b) but (a) has the incorrect feature name. In this example SAVNCPP (a)

should be USFLUX (b). This is the same issue for the other physical features.

(a) Screenshot of Liu et al.’s dataset. Incorrect

feature name and value highlighted in red.

(b) Screenshot of JSOC query. Correct feature

name and value highlighted in red.

Figure 3.3: Example of incorrect labelling in Liu et al.’s dataset.

We present a quick fix for the data in Table 3.6. Each feature name should just be
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renamed to the correct feature name. All of our subsequent experiments are done with

the names of the new features.

Table 3.6: Errata for Liu et al.’s dataset

Old feature New feature

SAVNCPP USFLUX

ABSNJZH SAVNCPP

TOTPOT TOTUSJZ

TOTUSJZ ABSNJZH

TOTBSQ TOTPOT

USFLUX AREA ACR

AREA ACR MEANPOT

MEANPOT R VALUE

SHRGT45 MEANGAM

MEANSHR MEANJZH

MEANJZD MEANALP

MEANJZH MEANSHR

MEANGAM MEANGBT

MEANGBT MEANGBZ

MEANALP TOTBSQ

R VALUE SHRGT45

MEANGBZ MEANJZD

3.6 Conclusion

For the rest of this study, we proceed to use the ≥M5.0 class dataset, unless stated

otherwise, since a ≥M5.0 class is generally considered a major class flare. The fixed

dataset according to the errata is also used. When referring to the training, validation

and test set, we mean the original partition of 2010-2013, 2014 and 2015-2018 respectively.

We stick to the original partition to keep our models comparable with those of Liu et al. [4].

For a full description of each parameter and its formula, see Appendix A.2 Table A.1.

37



Chapter 4

Feature analysis

In this chapter we perform an analysis on the dataset, in order to understand the features

and their dependencies with each other better, as well as their predictive ability.

4.1 Introduction

“Data is like garbage. You’d better know what you are going to do with it before you

collect it” - Mark Twain

Before training of a neural network can commence, the data need to be analysed, to

prepare it better for the model development. In Chapter 3, the dataset was probed for

a few general statistics, but it does not tell us anything about how the features interact

with one another, how useful certain features are for flare prediction or the distributions

of the features.

The aim is to understand the data better by analysing the distribution and correlation

for each feature. We also inspect how predictive each feature is to the target. The impact

of different scaling strategies is also analysed.
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Chapter 4 Feature distribution analysis

We start by determining the distribution of each feature in Section 4.2. In Section 4.3, the

correlation of all features with one another are calculated. We study the effect of different

scaling strategies in Section 4.4. Lastly, we analyse how predictive certain features are

related to the target in Section 4.5.

4.2 Feature distribution analysis

Before we can determine how predictive each feature is to the target, the features need

to be checked to see if they are normally distributed. If the features are not normally

distributed then either non-parametric methods need to be used to determine predictive

capability, or the data need to be transformed with something like power transforms [81].

First, we discuss how one can test for normality, then we apply the test to our data.

Based on our observations, we decide which methods can be used to give an estimate of

how predictive features are.

4.2.1 Tests for normality

Typical normality tests include graphically looking at the histograms or drawing a quantile-

quantile plot of each feature. This is less viable when dealing with many features. Another

alternative is performing statistical tests, such as the D’Agostino-Pearson Test, which

measures skewness and kurtosis [82]. However, statistical tests come with their own set

of caveats, for example, being very sensitive to the number of samples and having as-

sumptions [83]; in this case, we settle on a histogram to obtain an indication of feature

distribution.
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4.2.2 Feature distribution plots

To obtain the distributions of our features, we plot a histogram for each feature of the

training set, along with its maximum likelihood Gaussian distribution, in Figure 4.1 below.
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Figure 4.1: Histogram of each feature (coloured) and maximum likelihood Gaussian distribu-

tion (black). Colours indicate: Strong normal (green), log-normal (magenta), weak leptokurtic

normal (yellow), bi-modal (red). Z-normalised to have zero mean and equal unit variance on all

features before plotting. Training set. (Best viewed as pdf.)
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From Figure 4.1, the maximum likelihood Gaussian distribution (black curve) is an es-

timate of how the histogram (coloured curve) should be for the data to be normally

distributed. The closer the coloured curve resembles that black curve; the more normally

distributed the feature. Features are visually sorted into the groups indicated in Table

4.1:

Table 4.1: Distribution categories of strong normal, weak leptokurtic normal, bi-modal and

non-normal features.

Categories Condition Features

Strong normal (Green) If histogram fits the black curve

closely

MEANGBZ,

MEANGBT,

MEANGBH,

EPSZ

Log-normal (Magenta) If the distribution is strong log-

normally distributed

USFLUX,

AREA ACR,

TOTUSJH,

TOTUSJZ,

TOTBSQ

Weak leptokurtic normal

(Yellow)

If the distribution is not skewed

with only a small spike making it

somewhat leptokurtic

MEANJZH,

MEANJZD,

MEANALP,

TOTFX,

TOTFY

Bi-modal (Red) If there are clearly two peaks EPSX, EPSY

Non-normal (Blue) The other 24 features are not nor-

mally distributed i.e. large kurto-

sis and/or skewness

Remaining

Not all of the features in the dataset are normally distributed, as confirmed by Figure

4.1. Most of the features suffer from very strong skewness or kurtosis, especially history

features. Some features seem to be log-normally distributed, indicating multiplicative

random processes instead of additive process as is the case with normally distributed
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phenomena. See [84] for interpreting log-normal distribution in biological systems. The

features are not uni-modal, normal or univariate, therefore analysis of variance (ANOVA)

would not work with these data [85]. Even if we were to power transform our data

to be more normally distributed, the ANOVA results would still not be very reliable

(see supplemental Figures A.5 in Appendix A.3). An alternative would be to use non-

parametric methods such as mutual information (MI) for feature ranking, which we discuss

further in Section 4.5.

4.3 Feature correlation

To understand more about the relationships between the features themselves, the corre-

lation between each feature and every other feature can be determined to tell us more

about how related they are to each other. In this section, we touch on the different kinds

of correlations and determine the Pearson correlation between all the features with one

another, displayed as heat-maps.

4.3.1 Correlation methods

Correlation measure the linear association between two variables [86]. If the correlation is

strong between two features, it means that they are closely associated with each other. The

most popular and relevant two correlations are Pearson’s and Spearman’s rank correlation,

each having unique conditions and advantages.

Pearson correlation coefficient

This measures how strong the linear relationship is between two variables [87], quantified

between minus one and one, where one is a perfect linear relationship, zero is no relation-

ship and minus one is a perfect negative relationship. It also assumes that both variables

are normally distributed when dealing with rankings, but do not need to be normally
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distributed when only calculating linear relationships [88].

Spearman’s rank correlation coefficient

Often in the real world, values are not linearly correlated, which is where Spearman’s

correlation is useful. Unlike Pearson’s correlation it does not measure the strength of

the linear relationship, but the strength and direction of the monotonic relationship.

A monotonic relationship implies that when one value increases so does the other and

vice versa [89]. It makes no assumptions about the distribution of the data and is non-

parametric.

4.3.2 Feature correlation plots

Pearson correlation measures the strength of the linear correlation between two distribu-

tions [87]. Therefore, a grid of Pearson correlation coefficients can be made of all the input

features in combination with one another. This grid reveals how strongly each feature is

linearly correlated with another. The grid is visualised as a heat-map in Figure 4.2 below.

The features are grouped into clusters where certain features within a group are closely

linearly correlated with one another. The feature pairs that have a Pearson correlation

ρ > ±0.7 are then inspected, since a correlation of ρ > ±0.7 indicates a strong linear

correlation. All other feature pairs are indicated as zero for simplicity.
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Figure 4.2: Feature correlation (Pearson) heat-map of all samples in training set. Features that

are closely linearly correlated are clustered together. Only correlations larger than ρ > ±0.7

that are not only correlated with themselves are shown, for example 28 of 40 (for aesthetic

purposes). Correlations are rounded up to the first decimal.

These correlation heat-maps display the mutual correlation between features, not correla-

tion to flare occurrence. The one-day history and decay features would correlate according

to mathematical definition. Various other pairs of parameters share high degree of corre-

lation due to similar physical attributes quantified by both parameters. The parameters
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measuring total flux, helicity, energy, etc. all share high correlation. Similarly, parameters

quantifying mean angles and gradients of magnetic field are also correlated.

Features that correlate larger than 0.95 essentially carry the same information, therefore

it would be possible to keep only one of these features per cluster and the prediction model

should still perform the same. Doing this, the number of features can be reduced from 40

to 32, which could significantly speed up the training process as well (see supplemental

Figure A.2 in Appendix A.3).

When we observe the correlation for the samples 24 hours leading up to the ≥M5.0 class

flares (see the supplemental Figures A.3 and A.4 in Appendix A.3); we see that R VALUE

starts strongly correlating with the first cluster with TOTPOT, and MEANPOT with

MEANSHR and SHRGT45. This suggests that there are pre-flaring mechanisms driving

these changes.

4.4 Comparison of scaling strategies

Liu et al. [4] scaled their dataset with z-normalisation (z-norm, Eq. 3.7) on the physical

features and min-max scaling (Eq. 3.8) on their history features. They state that two

different strategies are required because the values between physical features and history

features vary in orders of magnitude. They also scaled and transformed on the entire

dataset (as confirmed in Section 4.4.1). This could bias the model to generalise better on

the specific test set, and is considered bad practice in the machine learning community. It

is better practice to scale the data only on the training set, and transform the validation

and test set based on those scaler properties. By using z-norm, all the features are scaled

to a mean of zero and a unit variance.

In the rest of this section, we investigate the differences between scaling strategies with the

help of box-plots to visualise the distributions of the features and draw likely conclusions.
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4.4.1 Confirmation of scaling used

If Liu et al. [4] scaled on the entire dataset, features where min-max scaling was applied

would have exactly a minimum of zero and a maximum of one. We examined all the

features and show Cdec as a test case in Table 4.2. Because the minimum and maximum

is precisely zero and one, confirms that the scaling was performed on the entire dataset.

Table 4.2: Cdec feature statistics

Cdec - Entire dataset Cdec - Train set

count 155 739 84 577

mean 0.0269 0.0251

std 0.0729 0.0697

min 0 0

max 1.0000 0.9643

4.4.2 Distribution of scaling strategies

There are two reasons why we want to use a different scaling method from [4]: As we

are interested in interpretability, all the features should be treated the same so that

the importance of features is not influenced by the different scaling strategies. Secondly,

scaling parameters are calculated only on the training set. When data from the validation

and test sets are scaled, the parameters calculated from the training set are used, so that

the validation and test data are not biased.

The three scaling strategies in question are:

• Liu et al.’s scaling strategy. Physical features are scaled with z-norm. History fea-

tures are scaled with min-max scaling. Scaled on the entire dataset. (z minmax all)

• Physical features are scaled with z-norm. History features are scaled with min-max

scaling. Scaled on the training set. (z minmax train)

• All features are scaled with z-norm. Scaled on the training set. (z train)
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The raw dataset is transformed with these three scaling strategies and a box-plot is drawn

for each strategy, to visualise the differences in feature distributions (see Figures 4.3, 4.4

and 4.5). All plots are shown only on the training set data.

Each box is drawn with the box edges being Q1 and Q3, the 25th percentile and 75th

percentile, respectively. The median is the solid line within the box (green) and the mean

is the dotted line (red). The minimum whisker is Q1 - 1.5*IQR and the maximum whisker

is Q3 + 1.5*IQR, where IQR = Q3-Q1. The outliers are not shown. The magenta line

divides the physical features (left) from the history features (right).

Figure 4.3: Box-plot of features with z-norm on physical features and min-max scaling on history

features. Scaled on entire dataset (z minmax all). The median is the solid green line. The mean

is the dotted red line. Outliers are not shown. The magenta line divides physical and history

features.
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Figure 4.4: Box-plot of features with z-norm on physical features and min-max scaling on history

features. Scaled on training set (z minmax train). Same format as Figure 4.3.

Figure 4.5: Box-plot of features with z-norm on all features. Scaled on train dataset (z train).

Same format as Figure 4.3.

Min-max scaling on the history features (z minmax train) is mostly zero compared to only

z-norm (z train). Having mostly zero values using min-max scaling for a feature could

potentially have some merit, by overfitting sooner, but did not yield the higher scores (see

Section 5.7).
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The z train strategy is chosen for the remainder of the research, so as to not bias the

model and keep the importance of features the same.

4.5 Predictive capacity of features

From Section 4.2, we saw that features are not all normally distributed and sometimes

bi-modal, eliminating parametric methods for determining predictive capability. Since we

have numerical input features with a categorical output, a viable option would be to use

MI to rank our features according to how well they estimate the target value.

MI, also known as information gain [90], measures the mutual dependence between two

variables. It is zero when the two variables are independent, and higher for a larger

dependency. Originally it was defined in terms of discrete random variables but has since

been extended to continuous variables [91]. We calculate the MI using the k-nearest

neighbours entropy estimation method as described in [92], [93], and implemented in

sklearn [94].

We determine the MI for each feature with respect to the target value, on the training

set, using a nearest neighbours value of 6, shown in Figure 4.6. We sorted the features

according to the importance found by [4], which is similar to that found by [43], [56].

Both scaling strategies (z train and z minmax train explained in Section 4.4) are shown.

The discrepancies between the history feature importance for z train (blue) and z minmax train

(orange) are due to the k-nearest neighbours estimation method. The distribution of the

data for both scaling strategies are the same, and the scaling strategies only scale the

data linearly, therefore the MI is not expected to change significantly.

The 16 features that have high importance, is similar to what [4] found, although not

exactly in the same order. This is a good starting point, but not enough convincing

evidence to explain the predictive capability of each feature. In Chapter 7, we extend our

investigation to attribution methods.
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Figure 4.6: MI of input features with respect to target features. Sorted most to least important

according to Liu et al.’s [4] feature importance. Nearest neighbours of 6.

4.6 Conclusion

Feature correlations exposed certain clusters of features that strongly correlate linearly.

Several features in a cluster share high degree of correlation due to similar physical at-

tributes quantified by both parameters. The parameters measuring total flux, helicity,

energy, etc. all share high correlation. Similarly, parameters quantifying mean angles

and gradients of magnetic field are also correlated. Some features could potentially be

removed by keeping only one feature per cluster, while theoretically retaining the same

information.

Histograms confirmed that not all the features in the dataset are normally distributed,

allowing only non-parametric ranking of features, such as MI. The MI analysis revealed

that the scaling strategy does affect the importance of features, and also regarded the top

16 features of [4] as relevant for flare prediction. MI is certainly not exhaustive enough
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for determining feature importance and alternative methods are tested in Chapter 7.

Different scaling strategies were introduced, of which we only use the z train in our re-

search, unless stated otherwise. Z train is z-normalisation (Eq. 3.7) fitting only on the

training set, which does not bias the validation and test set and treats all features equally.
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Chapter 5

Multilayer Perceptron baseline

In this chapter we create and optimise a baseline model for flare prediction using MLPs.

We also evaluate the one-cycle learning rate (OCLR) policy and compare scaling strategies.

5.1 Introduction

“Onions have layers... Ogres have layers...” - Shrek

We aim to establish a baseline with the MLP, since it is the simplest form of DNN,

for predicting flares larger than class M5, based on research previously done [2], [4], [49].

Different optimisation techniques are evaluated in an attempt to facilitate the optimisation

process, as optimisation is a very time-consuming process. We also investigate the effect

of the different scaling strategies on performance (see scaling strategies in Section 4.4).

First, the MLP architecture is introduced and its functionality is explained in Section 5.2,

then the MLP used by [4] is replicated as closely as possible and optimised in Section 5.3.

We then simplify and optimise the model while retaining its predictive capacity in Section

5.4. In Section 5.5 the OCLR policy is studied to see if it can eliminate the strenuousness
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Chapter 5 MLP architecture

of model optimisation while also boosting performance. All the models are evaluated and

compared in Section 5.6. Lastly, in Section 5.7, we inspect and compare the effect of the

different scaling strategies on model performance.

5.2 MLP architecture

MLPs, also known as fully connected feedforward networks, are the most basic deep

learning architectures. They learn parameters θ that best approximate the function y =

f(x;θ) [36]. An example of these networks can be seen in Figure 5.1.

Learning in supervised DNNs takes place via (stochastic) gradient descent, by trying to

find the minima in the loss landscape. The networks attempt to find the minima by

doing forward- and backward propagation. Forward propagation entails multiplying the

input node values or features with the weights, passing the sum through some activation

function, all the way until the final output layer. With supervised learning, the error

between the predicted and true output values is calculated with a loss function. The

backward propagation algorithm efficiently determines the gradient of the loss function

with regard to the parameters being optimised. The weights are updated using this

gradient, and this process is repeated until the network has effectively minimised the loss.

Once the entire dataset has been processed in this manner it counts as one epoch [36].

Next, we explain each of the sub-components in more detail.
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Chapter 5 MLP architecture

Input Layer

Hidden Layers

Output Layer

Figure 5.1: MLP illustration: Vector x as input nodes, Wi as the weights between nodes, σ as

the activation function at the hidden nodes and y as the output nodes. The number of nodes

and hidden layers can vary.

Activation functions

On each of the hidden layers’ nodes, an activation function σ is applied on the linear

combination of weights and values from the previous layer. Non-linear activation functions

are used, typically rectified linear unit (ReLU) [95], which is a piece-wise linear function

that zeros values smaller than zero, and passes through values larger than one, defined as

y = max(0, x).

Figure 5.2: ReLU activation function.
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Loss functions

For binary classification problems such as ours, cross-entropy is the most common loss

function [36]. Cross-entropy loss, or log loss, measures the difference between two prob-

ability distributions. When dealing with unbalanced data, one can also specify a weight

connected to the loss function as described in [96],

Jwcce = − 1

M

K∑
k=1

M∑
m=1

wk × ykm × log (hθ (xm, k)) (5.1)

where M is the number of training examples, K is the number of classes, wk is the weight

for class k. ykm is the target label for training example m for class k. xm is the input for

training example m. hθ is the model with neural network weights θ. Parameter Jwcce is

the weighted categorical cross-entropy loss. This assumes that there are a output node

per class.

Optimisers and Optimisation

Optimisers are responsible for minimising the loss function and updating the weights;

the most bare-boned of these is stochastic gradient descent (SGD). With classical gra-

dient descent each parameter is updated according to the gradient of the loss function

with respect to the parameters θ for the entire dataset. Mini-batch SGD increases the

computational efficiency by updating the parameters for n number of random samples in

each mini-batch. Mini-batch size is referred to as batch size throughout the rest of this

dissertation. SGD is formally defined in [97] as,

θ = θ − η · ∇θJ
(
θ;x(i:i+n); y(i:i+n)

)
(5.2)

where ∇θJ is the gradient of the loss function with respect to the parameters θ, for some

learning rate (LR) of η, and with n the number of training samples in batch i : i+ n.

Another popular variation of SGD uses the addition of Nesterov momentum. Nesterov

momentum introduces some velocity component v, that assists in avoiding local minima
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as well as speeding up in directions of strong improvement. According to [98], the update

rule is changed such that,

vt+1 = γvt − η∇θJ (θt + γvt)

θt+1 = θt + vt+1

(5.3)

with γ as the momentum term. Parameters x(i:i+n) and y(i:i+n) left out for clarity.

The parameters θ are the weight values for the connections between nodes that are up-

dated by the optimiser during training. The HP are the parameters than can be changed

outside of the learning algorithm to change its performance. Optimisation of neural net-

works entails the tuning of HPs, for example, number of layers, number of nodes, mini-

batch size, LRs, etc. to achieve optimal performance. There is a very strong interplay

between HPs, especially batch size and LR. This is still an active area of research [99],

[100].

Regularisation

Regularisation is defined as any modification made to the learning algorithm that restricts

the training process to boost generalisation [36]. Overfitting happens when the model

learns to fit the training data too well, and when unseen data are presented, the model

performs poorly, hence, the need for splitting data into training, validation and test sets.

Dropout [101], is one of the most popular regularisation techniques. It works by “dropping

out” random hidden layer nodes during training, which hurts the training process but

reduces overfitting, and can in turn improve the model’s generalisation ability.

Weight decay [102] is another regularisation technique that has been shown to improve

generalisation by suppressing noise on the targets. It applies a regularising term to the

loss function, to bring the weights closer to the origin.

Batch normalisation (BatchNorm) [103], normalises layer inputs as each batch comes in
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such that,

x̂d =
xd − E

[
xd
]√

Var [xd]
(5.4)

where E is the mean and V ar is the variance along dimension d for samples x in the

batch. BatchNorm allows the use of larger batch sizes and higher LRs [104].

There are some concerns regarding the order of BatchNorm and dropout, regarding which

should precede which. This is still an active area of research, but we placed our dropout

after BatchNorm as suggested by [105], otherwise it could cause more instabilities.

5.3 Optimising Liu at al.’s MLP with static LR

Liu et al. [4] achieved a test TSS of 0.845 with their MLP on the ≥ M5.0-class problem

(see Table 2.2). They did not report on standard error, so we do not know whether their

methods were tested across multiple seeds. Standard error (SE) measures the uncertainty

around the estimate of the mean, given as SE = σ/
√
n, where σ is the standard deviation

and n is the number of samples (or seeds) [106].

Their MLP architecture consisted of two layers, with 200 and 500 nodes respectively, with

all 40 features as inputs and two nodes as output. All other HPs used in their MLP are

unknown.

We aim to optimise and retest their MLP architecture to see if we can obtain similar

performance across multiple seeds, using the z train scaling strategy, not to bias our data

or change the feature importance (refer to section 4.4 on scaling strategies).
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5.3.1 Model setup

We create an MLP with 40 input nodes, two hidden layers, each with 500 nodes and an

output layer with two nodes, denoted as 40 500 500 2 or simply 2 500. The following

setup is kept the same throughout all our MLP experiments unless specifically stated

otherwise. Hidden layers have ReLU activation functions [95]. Weights are initialised

using Kaiming initialisation, which has proven to improve performance when using ReLU

activation functions [107]. Seeds describe the pseudo-random initialisation of weights

before training commences. No bias nodes are included. Batch normalisation with an

affine transform is used to stabilise training [103]. Weighted cross-entropy is used as loss

function, since the data are extremely unbalanced. SGD with Nesterov momentum of 0.9

is implemented as optimiser [98].

We optimise for TSS with early stopping. Early stopping entails stopping training if the

model has not improved on the desired metric (training loss in our case) in the last x

epochs, called patience (40 in our case), and selects the model at the epoch with the best

validation TSS. This allows the model to train until the training loss converges and uses

the model at the epoch that has the best validation TSS.

The elements that can vary per experiment are: the number of layers and nodes, batch

size, dropout, weight decay, seed, LR and scaling strategy.

All models are built with the Pytorch library [108], and results logged using “weights and

biases” [109].

5.3.2 Static LR optimisation procedure

Optimisation is performed by searching over a grid of possible HPs with static LRs (does

not change during training), where each parameter is trained in combination with all the

other parameters. After a region is found to have good performance, the grid is refined

to find the optimal HPs, by extending edge cases and searching among good HPs.
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Three grid searches are performed to find the optimal model, each with a goal of:

• Finding an appropriate batch size, that yields stable and high validation TSS (grid

search 1 - GS1).

• Adding regularisation to stabilise training even more, since larger batch size are still

somewhat unstable (grid search 2 - GS2).

• Refining regularisation and LRs (grid search 3 - GS3).

The HP we search over for each grid-search is in Table 5.1.

Table 5.1: Experimental setup for MLP architecture (2 500)

Hyperparameters GS1: No regularisation GS2: Adding dropout and weight decay GS3: Refining

Goal Finding a reliable batch size Adding regularisation Refine dropout and LR

Architecture 40 500 500 2 40 500 500 2 40 500 500 2

Seeds (random) 15, 49, 124 15, 49, 124 15, 49, 124

Scaling strategy z train z train z train

Batch size 256, 1 024, 8 192, 65 536 65 536 65 536

Learning rates 0.0001 - 0.1 0.001 - 0.3 0.14 - 0.6

Dropout 0 0, 0.4, 0.8 0.8, 0.9, 0.95, 0.98

Weight decay 0 0, 0.001, 0.01 0

5.3.3 Static LR optimisation results

The MLP is trained over GS1 in Table 5.1 with batch sizes ranging from the typical 256

to 65 536, which is the largest that can fit into the training set and memory. Figure 5.3

presents the different batch sizes with the training, validation and test TSS versus LRs.

The curves are the average TSS across three seeds with a standard error shadow. The

training, validation and test TSS is evaluated at the epoch with the highest validation

TSS.
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Figure 5.3: TSS versus LR plot for different batch sizes. No regularisation. 2 500 MLP archi-

tecture. Training set (blue), validation set (green).

It is clear that the smaller batch sizes are more unstable and do not reach as high validation

TSS. Batch size 65 536 is selected for subsequent experiments, it is also at the upper limit

of what could be practically chosen.

When studying the validation TSS training curve, smaller batch sizes exhibit much more

‘spiky’ behaviour than the larger batch sizes (see Figure 5.4). Adding regularisation could

help smooth out the training curves.
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Figure 5.4: Validation TSS versus epochs between batch size 1 024 (orange) and 65 536 (blue),

with LR of 0.0007 and 0.1, respectively. Best HPs with highest validation TSS shown. Batch

size 1 024 reveals extremely spiky behaviour. Average across three seeds with standard error

shadow.

Another grid-search (GS2) is performed over different degrees of dropout and weight decay

(refer to Section 5.2), with the batch size of 65 536. A dropout of 0.4 means that 40% of

the nodes in the MLP are randomly zeroed for each batch that is propagated. The TSS

versus different LRs and degrees of regularisation is found in Figure A.6. The validation

TSS for the model at the best learning rates can be seen in Table 5.2.

It seems that the higher the dropout, the more stable the validation TSS. Weight decay

of 0.001 seems nearly identical to zero weight decay and 0.01 weight decay is only harmful

Table 5.2: Best validation TSS for different dropout and weight decay values. Mean and standard

error over three seeds.

Validation TSS Dropout: 0 Dropout: 0.4 Dropout: 0.8

Weight decay: 0 0.8237 ± 0.0041 0.8212 ± 0.0017 0.8258 ± 0.0025

Weight decay: 0.001 0.8309 ± 0.0076 0.8242 ± 0.0017 0.8287 ± 0.0029

Weight decay: 0.01 0.8289 ± 0.0047 0.8195 ± 0.0073 0.8261 ± 0.0078
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to performance. Therefore, we discard weight decay, as it shows no clear advantage. The

edge of the grid in the grid search gave the best scores and needs to be extended and

refined to include larger dropouts and higher LRs. This bring us to GS3, with the TSS

versus LR plot in Figure 5.5.
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Figure 5.5: TSS versus LR plot for degrees of dropout. 2 500 MLP architecture. Training set

(blue), validation set (green)

The best validation TSS achieved is with a dropout of 0.95 at a LR of 0.5. The final scores

can be found in Table 5.7. Our test TSS of 0.747 is less than the 0.845 of the MLP found

by [4], which we investigate further in Section 5.7. The training curve of the training and

validation TSS can be seen in Figure 5.6.
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Figure 5.6: Training and validation TSS versus epochs of best 2 500 MLP. LR: 0.5. Dropout:

0.95. Average across three seeds with standard error shadow. Best model at epoch 235 with

TSS of 0.8478 for seed 49.

5.4 Simplifying the MLP

In the previous section we saw that the two hidden layer with 500 nodes (2 500) archi-

tecture did very well with an extremely high degree of dropout, probably due to over-

parameterisation. Therefore, in this section, we seek a single hidden layer alternative

with significantly fewer parameters that can achieve similar or better performance than

the larger model. Having a smaller architecture could also make interpreting it easier.

5.4.1 Static LR optimisation procedure

The model is set up exactly like the previous model in Section 5.3.1, except that the

number of layers has been reduced to one and we perform a search for the number of

nodes.

Two grid-searches are performed to approximate the best network by:
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• Performing a rough search over a wide range of nodes, dropout and LRs, with only

one seed (GS1)

• Refining the LRs across three seeds, with selected HP from the initial probe (GS2).

Table 5.3: Experimental setup for smaller MLP architecture

Hyperparameters GS1: Rough GS GS2: Refine LR

Goal Estimation of good HPs Learning rate refined

Number of nodes (one layer) 10, 25, 50, 100 100

Seeds (random) 15 15, 49, 124

Scaling strategy z train z train

Batch size 65 536 65 536

Learning rates 0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1 0.01 - 1.4

Dropout 0.4, 0.8, 0.9, 0.95 0.8

Weight decay 0 0

5.4.2 Static LR optimisation results

The model is trained over all combinations of HP in GS1 from Table 5.3. In Table A.2 is

a snippet of the combination of HP that consistently gave the best validation TSS. The

best LR seems to lie between 0.01 and 1 for a dropout of 0.8 and 100 nodes. We refine

the search with a finer grain of LRs, as well as across more seeds in GS2, seen in Figure

5.7.
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Figure 5.7: TSS versus LR plot. MLP 1 100. Dropout: 0.8. Best validation TSS of 0.8489 ±

0.0067 at a LR of 0.5

The best LR that has the highest validation TSS and smallest standard error is at 0.5.

We compare this model to the previous larger model in Section 5.6, Table 5.7. The

smaller (1 100) MLP is better in terms of training and validation TSS but is poorer in

its generalisation ability (test TSS). Since the smaller network is better on validation

TSS, we proceed with it. The training curve of the model can be seen in Figure A.15 in

Appendix A.4.

5.5 Optimising the simplified MLP with OCLR

In this section we aim to optimise the architecture from the previous section by means

of the OCLR policy, compare the performance and see whether the policy can reduce the

effort of searching for optimal LRs to speed up the process of finding optimal HPs.
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5.5.1 OCLR policy

In our problem of trying to optimise a DNN for flare prediction, the most difficult task is

certainly finding the best HPs, of which the batch size and the LR are the most tedious.

Recently, a few techniques have been developed that could potentially alleviate the burden

of incrementally searching for batch sizes and LRs, one of which is the OCLR policy

introduced in [110]. In their research, these authors describe the phenomenon coined

‘super-convergence’, which is when neural networks can be trained tens of times faster than

static LRs when using their LR policy. One can potentially achieve ‘super-convergence’

by first doing a pre-training test and then applying the OCLR scheduling technique when

training. Pre-training includes the LR range test, to compute an estimate of the optimal

LR for the OCLR policy. They also suggest using the largest batch size that can fit into

memory. Training commences with the previously determined batch size and LRs using

the OCLR scheduling. The concept of cyclical LRs such as OCLR is a combination of

curriculum learning [111] and simulated annealing [112].

Learning rate range test

The LR range test is used to determine whether super-convergence is likely for a given

architecture. There are two versions of this approach: (1) Smith’s original [110] and (2)

fast.ai’s tweaked version [113]. We follow fast.ai’s approach in the range test.

The LR range test is a pre-training run, starting with a very small LR close to zero that

is exponentially increased while measuring the loss. This provides some insight into how

well a network can be trained over the range of LRs. A typical curve (from fast.ai’s

approach) of the LR range test can be seen in Figure 5.8.

As the LR increases, the loss dips into a minimum and diverges again. Fast.ai suggests the

LR at which the curve has the steepest descent for static LRs. For the OCLR scheduler,

they suggest anywhere in the region of the minimum, even LRs much larger than at the

minimum loss, but they warn that larger maximum LRs need a longer cycle [113].

66



Chapter 5 Optimising the simplified MLP with OCLR

Figure 5.8: Typical range test. Geometrically spaced steps from 10−5 to 10−0. Adapted

from [113]

OCLR scheduling

In short, the OCLR scheduling anneals the LR from an initial LR (min lr) up to some

maximum LR (max lr, warm-up phase) and then back down to the initial LR (cool-down

phase) and then much lower than the initial LR (annihilation phase). This makes up one

cycle (see Figure 5.9).

The max lr is chosen from the range test, min lr is typically a tenth of max lr. Each

iteration is a batch, therefore adjusting the number of epochs changes the length of a

cycle. No early stopping is applied either; the model is selected at the end of training for

evaluation.
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Figure 5.9: OCLR scheduling process. Each iteration is a batch.

5.5.2 OCLR optimisation procedure

Model setup

The same architecture is used as in the previous section, with a single layer and 100

nodes (1 100). The model has ReLU activation functions, with Kaiming initialisation,

batch normalisation with affine transforms, weighted cross-entropy as loss function, SGD

with Nesterov momentum of 0.9 optimiser, and is optimised for validation TSS.

Early stopping is not used since that would mean cutting short the full effect of the OCLR

policy. Batch size is fixed to 65 536, as OCLR requires the largest size that can fit into

memory.

LR range test setup

For the LR range test, the LR starts at 10−5 and ends at 10, with 200 geometrically

spaced iterations in between, as used by fast.ai [113]. No smoothing is applied. The

higher the number of iterations in the range test, the better the results, but the longer it

takes to compute. 100 iterations were too few to capture the correct shape and 300 took

extremely long too compute, therefore 200 was a perfect trade-off between the two (see

supplemental Figure A.7 for decision).
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For a range test, we observe the training and validation TSS as well as the loss versus

LRs. Our decision on the maximum LR (max lr) obtained from the range test is based

on the validation TSS and selected at the point before rippling begins. (See section 5.5.3

for decision).

OCLR scheduling setup

For the actual OCLR scheduler the division factor is set to the default of 25, making the

minimum LR (min lr) equal to the maximum LR (max lr) divided by the division factor.

The total number of steps is equal to the maximum number of epochs times the number

of batches that fit into the training set. The LR is adjusted every batch with a cosine

annealing strategy, which rapidly increases or decreases the LR in curved fashion instead

of a straight line as in Figure 5.9. The turning point percentage is at 30% of the total

steps.

OCLR optimisation procedure

Then the models are trained utilising a grid-search to

• Find the appropriate number of epochs (which affects the number of total steps)

and degree of dropout (GS1).

• Validate whether the max lr of one was a sound assumption to make (GS2).

The HPs searched over are in Table 5.4.
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Table 5.4: MLP OCLR grid searches

HP GS1: Epochs and dropout GS2: Max lr

Goal Find number of epochs and dropout Find best max lr

Max lr 1 0.4, 1, 4.66

Epochs 50, 100, 200, 400 200

Dropout 0.4, 0.8, 0.9, 0.95 0.9

Architecture (layers nodes) 1 100 1 100

Seed 15 15, 49, 124

Scaling strategy z train z train

5.5.3 OCLR results

Determining the best number of epochs

First, the LR range test is performed over the various degrees of dropout and plotted in

Figure 5.10.
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Figure 5.10: LR range test of MLP (1 100) across multiple dropout values. Batch size: 65 536.

200 logarithmically spaced iterations. Parameters µ and m are ×10−6 and ×10−3, respectively.

Larger dropouts seem to be able to utilise higher LRs before diverging. Dropouts 0.8,

0.9 and 0.95 start to ripple around LR=1 and diverge around LR=10 on validation TSS,

whereas dropout=0.4 becomes unstable at about LR=100m. Fast.ai suggests choosing a

max lr anywhere between the minimum loss and before divergence; we chose our max lr =

1, right before rippling begins and after the minimum loss. We evaluate this decision

empirically in Section 5.5.3.

Now training can commence with OCLR scheduling using our chosen max lr = 1 over the

HPs from GS1, to obtain the results seen in Table 5.5.
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Table 5.5: GS1: Finding optimal number of epochs and dropout, with max lr = 1.

Nodes Epochs Dropout Training TSS Validation TSS

100 50 0.4 0.8420 0.7943

0.8 0.7866 0.7931

0.9 0.7545 0.7924

0.95 0.7015 0.7897

100 0.4 0.8849 0.8114

0.8 0.8655 0.8090

0.9 0.7849 0.7943

0.95 0.7471 0.7900

200 0.4 0.9658 0.6758

0.8 0.9263 0.8175

0.9 0.8828 0.8292

0.95 0.8096 0.7993

400 0.4 0.9816 0.5257

0.8 0.9367 0.7897

0.9 0.8992 0.8070

0.95 0.8009 0.8141

From the rough search, we find that a dropout of 0.9 and 200 epochs produces the highest

validation TSS. Next, we will test across multiple seeds.

Obtaining the best maximum LR (max lr)

To see whether a max lr of one is the best choice for the selected HPs, we train the model

across three seeds, using OCLR scheduling, for three max lr choices,

• Minimum validation loss before rippling begins (0.4).

• Maximum validation TSS before rippling (1).

• Maximum validation TSS after rippling (4.66).

The LR range test for the model is depicted in Figure 5.11.
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Figure 5.11: LR range test for best OCLR model. Dropout: 0.9. Epochs: 200. MLP (1 100)

The results from GS2, for the different max lr values are found in Table 5.6.

Table 5.6: Max lr TSS comparison

Max LR Train TSS Validation TSS Test TSS

0.4 0.8690 ± 0.0091 0.8275 ± 0.0044 0.7852 ± 0.0025

1 0.8770 ± 0.0053 0.8317 ± 0.0029 0.7673 ± 0.0106

4.66 0.8535 ± 0.0091 0.8171 ± 0.0034 0.7572 ± 0.0116

In terms of the validation TSS a max lr=1 did best but by a small margin compared to

the smaller max lr of 0.4. The larger max lr of 4.66 did experience more adverse effects,

which is understandable, since the rippling could cause more instability. Fast.ai mentioned

that networks are not too sensitive to the choice of the maximum LR [114].

The best model’s training curves are visualised in Figure A.16 in Appendix A.4.
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5.6 Model evaluation and comparison

For this section, we compare our three different MLP models by means of performance

metrics and other helpful diagrams that aid in model evaluation. The binary classification

models are also evaluated as probabilistic forecasting models on selected ARs.

5.6.1 Performance comparison

In Table 5.7 below we calculate the average recall, precision, BACC, HSS and TSS across

three seeds with standard error, which are similar to the metrics used to evaluated flare

prediction performance by [2], [4], [45], [49], [55], [115]. We calculate the performance for

the large and small MLP optimised with static LRs and our small MLP optimised using

the OCLR policy.

The 1 100 static MLP did best for all the metrics on the validation set but produced

lower recall, BACC and TSS on the test set. All our models have higher precision and

HSS than the MLP of [4], but are worse on recall and TSS. (This is explored further

in Section 5.7). The smaller architecture optimised with the OCLR policy is less prone

to overfitting and has better generalisation, as expected by [110]. When optimising with

the OCLR policy, the smaller MLP did slightly worse on the validation set with a TSS of

0.8317±0.0029 but on par with the larger architecture with a test TSS of 0.7673±0.0106.

We did not benefit from any super-convergence.
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Table 5.7: MLP performance comparison. Average and standard error over three seeds.

Metric Model Training Validation Test

Recall Static (2 500) 0.9289 ± 0.0253 0.9281 ± 0.0034 0.7815 ± 0.0018

Static (1 100) 0.9921 ± 0.0009 0.9281 ± 0.0000 0.6630 ± 0.0491

OCLR (1 100) 0.9789 ± 0.0032 0.9292 ± 0.0023 0.8111 ± 0.0111

MLP ([4]) - - 0.944

Precision Static (2 500) 0.1464 ± 0.0108 0.1162 ± 0.0062 0.0843 ± 0.0037

Static (1 100) 0.2095 ± 0.0118 0.1413 ± 0.0033 0.1053 ± 0.0005

OCLR (1 100) 0.1260 ± 0.0040 0.0962 ± 0.0022 0.0697 ± 0.0008

MLP ([4]) - - 0.037

BACC Static (2 500) 0.9438 ± 0.0138 0.9245 ± 0.0034 0.8735 ± 0.0015

Static (1 100) 0.9818 ± 0.0014 0.9326 ± 0.0008 0.8201 ± 0.0237

OCLR (1 100) 0.9638 ± 0.0023 0.9159 ± 0.0015 0.8837 ± 0.0053

MLP ([4]) - - 0.922

HSS Static (2 500) 0.2429 ± 0.0173 0.1906 ± 0.0101 0.1460 ± 0.0062

Static (1 100) 0.3374 ± 0.0163 0.2306 ± 0.0050 0.1757 ± 0.0018

OCLR (1 100) 0.2127 ± 0.0065 0.1574 ± 0.0036 0.1219 ± 0.0014

MLP ([4]) - - 0.064

TSS Static (2 500) 0.8878 ± 0.0276 0.8489 ± 0.0067 0.7470 ± 0.0030

Static (1 100) 0.9636 ± 0.0028 0.8651 ± 0.0017 0.6402 ± 0.0474

OCLR (1 100) 0.9276 ± 0.0047 0.8317 ± 0.0029 0.7673 ± 0.0106

MLP ([4]) - - 0.845

5.6.2 Evaluation plots

For our three MLP models, we draw the following three plots, which we call evaluation

plots, on the test set (train and validation in Appendix A.4):

a) Skill score profile (SSP) over the range of probability thresholds. Before the evalua-

tion plot is drawn, the model outputs are passed through a soft-max layer, squeezing

the outputs between zero and one. This creates a probabilistic forecasting model,

at which a probability threshold can be selected to predict either a binary zero or

one.
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b) Receiver operating characteristic (ROC) curve. The ROC curve illustrates the rela-

tionship between the TP rate and the FP rate, whereas the area under curve (AUC)

gives a measure of how well the model can differentiate between two classes, with a

maximum of one [116].

c) The reliability diagram is often used in climate forecasting to explain the observed

frequency of a flare (blue) against the predicted probability of a flare [117]. Note

that this is a fraction matching the left-most y axis. A histogram (red) is used to

show the sample count per bin, irrespective of actual flare status. The histogram

matches the right-most y axis. Plots below the perfectly calibrated dotted line in

the reliability diagram imply over-forecasting [71]. The climatological event rate is

the probability of an event occurring, which is set to the fraction of imbalance on

our training set, which is 0.75% (see Table 3.3). This is used to calculate the BSS,

which is also indicated in the label.

These evaluation plots were also used by [4], [49], [71] for their flare prediction models. The

evaluation plots for the large (2 500), simplified (1 100) and simplified OCLR networks,

on the test set, are shown in Figures 5.12, 5.13 and 5.14, respectively. The plots on the

training and validation set can be found in Appendix A.4.

Figure 5.12: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP 2 500.
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Figure 5.13: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP 1 100.

Figure 5.14: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP 1 100;

OCLR.

According to the SSP plots, the MLP trained with the OCLR policy had a higher test TSS

at the threshold of 0.5 with a much more constant TSS across the different probabilities;

this could indicate that the OCLR policy did have some regularising effect that improved

generalisation, as mentioned by [110]. We also observe TSS peaking with every model

at the probability threshold around 0.007, which is close to the climatological event rate.

This is consistent with other flare prediction research [44], [55], [115].

For the ROC curves, all three models have a nearly identical AUC, which is able to
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separate the classes really well; however, ROC curves are deceiving when working with

imbalanced data. The alternative is precision-recall curves [118] (see Appendix A.4, Figure

A.14, for a precision-recall curve with static MLP (1 100) on the test set).

All our MLP models are poorly calibrated, as seen in the reliability diagrams, with curves

positioned far below the perfectly calibrated line, thus indicating that our models are

over-predicting that flares occur. It should also be noted that a larger BSS does not

correspond with a more calibrated reliability diagram [71]. Reliability diagrams become

more important when talking about the practical implementation of such a model, which

we elaborate on in Chapter 8, but are not as crucial when considering the quality of a

binary classifier.

5.6.3 Error analysis

We perform an error analysis with our best model (MLP 1 100, static LR), using what

we call prediction plots, which consist of two diagrams. The first shows the predicted

probability that a flare larger than class M5 will occur in the next 24 hours, along with

the peak flux at the time of the flare. The second depicts the binary output: when the

probability passes the threshold (into the blue region, first diagram), the predicted output

is one, likewise for the flux (into the red region, ≥M5.0). Otherwise, the output is zero.

The target values in the second diagram are labelled positive 24 hours before flare eruption

as originally created by [4].

We quantify the number of flares predicted accurately ahead of time for the validation

and test set using the prediction plots. If the predicted probability is above the 0.5

threshold for at least three hours ahead of flare time, the flare is counted as a ‘hit’. If

the predicted probability is under the 0.5 threshold or late, the flare is counted as a miss.

Only ≥M5.0-class flares are counted. The tally can be seen in Table 5.8.
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Table 5.8: Number of flares correctly and incorrectly predicted. Validation and test set. MLP

(1 100)

Partition Hit Miss Total

Validation 17 3 20

Test 9 4 13

We select three ARs from all those that flare larger than class M5, based on our static

simplified MLP, which represent the main recurring categories that we observe:

• “The Good” (NOAA: 12 017) - This has a large flare in the centre of the AR’s

observed lifetime. Probabilities easily predict the impending flares at the right

times. See Figure 5.15, is has seven flares: [four C-class, M2, X1, M2 and another

C-class.]

• “The Bad” (NOAA: 12 027) - In this case the large flare happens early in the AR

observation. The model’s prediction is late and misses the flare, either due to the

AR being on the limb of the Sun or simply miss-predicting. See Figure 5.16.

• “The Ugly”(NOAA: 12 242) - These ARs exhibit anomalous behaviour, usually

with probabilities spiking drastically everywhere. See Figure 5.17.

It is clear from Figures 5.15, 5.16 and 5.17 that the model over-predicts after a flare

has erupted, causing the distinct double-peak. The MLP does not know it has already

flared, as it has no memory. The history features might contribute to the sharp rise in

probability after a flare occurred. The model successfully ignores the C-class flare, which

it was trained to do.
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Figure 5.15: “The Good” MLP prediction plot of NOAA: 12 017. (Left-hand image) Predicted

probability (blue) and peak flare flux (red). (Right-hand image) Predicted binary output (blue)

and target value (red). Probability inside blue shade predicted as one. Pending flux in red shade

observed as one, otherwise zero. From validation set. Flare counted as a hit.
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Figure 5.16: “The Bad” MLP prediction plot of NOAA: 12 027. From validation set. Flare

counted as a miss. Same format as Figure 5.15
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Figure 5.17: “The Ugly” MLP prediction plot of NOAA: 12 242. From validation set. First

flare counted as a miss. Second flare counted as a hit. Same format as Figure 5.15

5.6.4 Incorrect labelling count

Only after our study was completed, a detailed error analysis revealed that some labels

did not span the entire 24 hours before flare eruption, as made evident in Figure 5.17.

This could be caused by data cleanup, where there are missing values or simply miss-

labelling which was done by [4]. The number of incorrectly labelled ≥ M5.0-class flares

are counted and tabulated in Table 5.9. Most of our analysis was done on the validation

set, but having four out of 13 incorrectly labelled flares on the test set, is concerning.

This would likely affect measured generalisation performance but is not changed, both

due to time constraints and to be able to compare results directly with [4]. Ideally, we

would have tested our best network on the corrected test data to quantify the difference,

if found earlier in the study.
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Table 5.9: Number of incorrectly labelled flares, per partition, out of total number of ≥ M5.0-

class flares.

Partition Number of

incorrectly

labelled flares

Total number of

≥M5.0-class

flares

Training 7 42

Validation 2 20

Test 4 13

5.7 Comparison with Liu et al. results

In this section, we compare the results from our various models, scaling strategies and

optimisation techniques with that of Liu et al. [4].

5.7.1 Scaling strategies

Up to this point, our models could not achieve the test TSS of 0.845 for the MLP of [4].

Liu et al. [4], used two scaling strategies for their dataset, where we only used one. It

is also possible that they also stopped training before a maximum validation TSS was

reached, since they trained only for seven epochs. To see if their scaling strategies hold

any clear advantage, the previous simplified model (1 100) was retrained and optimised

on the scaling strategy used by [4] and compared with our previous results. We optimised

the models using the static LR.

Similar to the GS2 in Table 5.3, the (1 100) MLP model is re-optimised on the different

scaling strategies that were employed by Liu et al. Figure 5.18 presents the TSS versus

LRs plot, for the training, validation and test set. It is clear that z train reaches a higher

validation than the other strategies, but the other strategies are able to reach much higher

test TSS.
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Figure 5.18: TSS versus LR plot for different scaling strategies on MLP (1 100) with dropout

of 0.8.

To understand better where this drastic difference comes in, we can look at the training

curves of the validation TSS for the best model from z train and z minmax train in Figure

5.19. The z minmax train strategy starts overfitting much sooner, leading to a better test

TSS; we see why this happens next, in Section 5.7.2.
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Figure 5.19: Training curve of validation TSS between best MLP model optimised with z train

and z minmax train. LR of 0.5 and 0.3 respectively. Average across three seeds with standard

error shadow.

5.7.2 Early stopping

None of our models achieved the test TSS of 0.845 as presented by [4], but for analysis

purposes only, if we plot the test TSS on the training curve (see Figure 5.20) and stop

training early, before the maximum validation TSS has been reached, we see that we can

indeed achieve up to 0.880 test TSS. This is why the models that tend to overfit sooner

have better test TSS. This is also what we observe the authors in [4] did when they

trained their models; they stopped training at a certain epoch, before the best validation

TSS could be reached. If not using train or validation accuracy to guide this process, it

is not clear how the specific epoch was selected.
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Figure 5.20: Typical training curves of training, validation and test TSS for illustration purposes.

High test TSS can be obtained by stopping early, but validation TSS is not yet maximized.

Average across three seeds with standard error shadow.

It becomes clear that our simple models are able to achieve similar performance to the

MLP of [4] using z minmax train and z minmax all. However, the z train scaling strategy

achieves higher validation TSS and should therefore be used in the model selection process,

which leads to a lower test TSS.

5.8 Conclusion

The smaller single-layer, 100-node, MLP with static LRs model reached the highest vali-

dation TSS compared to the 2 500 and OCLR model, although it had a much lower and

more unstable test TSS. The MLP (1 100) trained with static LRs on z train will be the

MLP model that we use in Chapter 7, since it performed the best in the model selection

process.

The scaling strategy used by [4] (z minmax all) overfits sooner, inhibiting the maximum

TSS the model can reach on the validation set and giving better results on the test set.
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However, when doing model selection, all choices should be based on the validation set,

in which our z train strategy proved best. Stopping training early, before the maximum

validation TSS is reached, will give a higher test TSS, but should not be done as it imposes

prior knowledge about the test set into the model selection process.

One known limitation of the MLP is that it does not consider the evolution of the AR

across time, which we aim to address next in Chapter 6.
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TCN-variant Investigation

In this chapter we propose a TCN-variant for flare prediction. We optimise and evaluate

the network’s predictive capability.

6.1 Introduction

“People assume that time is a strict progression of cause to effect, but actually, from a

nonlinear, non-subjective viewpoint, it’s more like a big ball of wibbly-wobbly, timey-wimey

... stuff.” - The Tenth Doctor (Doctor Who)

Previously we trained an MLP for a time-related problem, but MLPs do not take into

account any past observations unless one adds an auto-regressive component such as

sliding windows [119]. With flare prediction, we know that the evolution of an AR is

relevant [13], but with an MLP no temporal or time-related information is retained,

except except for explicitly engineered history features such as Xdec, Xhis, etc.

LSTMs are often used for time-series modelling [120], but recently it has been shown

that TCNs can operate on par with LSTMs [38], with the advantage of having better
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interpretability, since they use convolution kernels, which are inherently easier to dissect.

In this chapter, we propose our 1D-CNN architecture, which is a simplified version of the

traditional TCN, to use the temporal information of the data in an attempt to improve

flare prediction performance, while keeping our model easy to interpret in Chapter 7.

In Section 6.2 the traditional TCN architecture is explained and our 1D-CNN is proposed

and elaborated on. The 1D-CNN is optimised in Section 6.3 and evaluated in Section

6.4.1. We discuss and conclude our findings in Sections 6.5 and 6.6.

6.2 1D-CNN architecture

This section introduces the TCN, what it is and how it works. We explain how our

1D-CNN differs from the traditional TCN and why we use it instead. We describe all the

adjustable HPs as well as how the input data are prepared in sequences and fed to the

network.

6.2.1 The TCN

The TCN was proposed by Bai et al. [38], specifically for sequence modelling of time series

data. The TCN is founded on the time delay neural network published 30 years ago by

Waibel et al. [121], along with zero-padding to ensure that the size of all the layers are

equal, and dilated convolutions and residual/skip connections, to get a larger history.

The TCN architecture is best described as several residual blocks in sequence [122]. Each

residual block contains dilated causal 1D convolutions, weight normalisation [123], ReLU

activation [95] and dropout [101]. As the number of blocks i increases, so does the dilation

with d = 2i. There are basically two ways to increase the receptive field (history) of the

TCN: increasing the number of residual blocks i or the kernel (or filter) size k.
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6.2.2 Our 1D-CNN

In short, our 1D-CNN the same as a normal 1D-CNN but with causal convolutions. It is

a TCN without the skip connections, dilation and weight normalisation. The purpose of

using this instead of the full TCN is to begin with the a simpler architecture and make

the model easier to interpret.

The 1D-CNN architecture (see Figure 6.1) consists of an input layer of time series data,

causal convolutional layer with several kernels and a ReLU activation function with

dropout. Since the output of the convolutional neural network (CNN) layer is a se-

quence the same length as the input, we take the sample at the last time-step and feed it

to a fully connected layer that connects to the final two output nodes to create the binary

classifier.

Figure 6.1: 1D-CNN architecture

To demonstrate how a normal 1D-CNN works (without causal convolutions), we create a

small example in Figure 6.2, with input features X, Y, Z, a sequence size of four and a

kernel size of two.
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Figure 6.2: 1D-CNN functional illustration.

At a time-step, the sequence is convolved with all of the kernels, as seen in Figure 6.3.

Figures 6.3a, 6.3b and 6.3c show the kernel (from Figure 6.2) as it strides along the

sequence, computing the output. The last column of the output array is passed through

a fully connected layer to the final binary output nodes.
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(a)

(b)

(c)

Figure 6.3: 1D-CNN convolution process. Without causal convolutions.

Currently, in this example the model would be at time-step t = 3 (refer back to Figure

6.2), but clearly time-steps i = 4, 5, 6 are leaked into the current time-step. With causal

convolutions this is avoided by simply using the sequence of values before the time-step,

for example t = 0, 1, 2, 3 and zero-padding for the missing values at t = 0.
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6.2.3 Sequencing solar flare data

The data is sorted per AR and if a sequence of samples is selected, then parameters from

different AR can leak into the sequence, causing inaccuracies. Therefore, we zero-pad

sequences when changing ARs, such that no information is shared.

6.3 Optimisation

In this section we prepare the 1D-CNN model and optimise it using static LRs. We

provide less detail in this section, but follow a similar overall process as in Section 5.3.

6.3.1 Model setup

For the 1D-CNN architecture, we begin using only a single level, which is the smallest

possible architecture. We use a stride of one with no dilation on the kernels. The sequence

length of the input data is equal to the receptive field, which is equal to the kernel size in

our setup. Weights are initialised with Kaiming initialisation [107] since they used ReLU

activation functions. Dropout is used on the convolutional layers.

The HP that can vary are: batch size, kernel size, number of kernels, dropout, LR and

seed.

6.3.2 Optimisation procedure

From the results in Chapter 5 we found that using the OCLR policy did not yield a

performance increase; therefore, the 1D-CNN is optimised by searching for the best static

LR, in a similar fashion as the MLP. To optimise the 1D-CNN we first search over a wide

range of likely HPs for a single seed (GS1, Table 6.1), and once a reasonable range of

HPs has been identified that gives the highest validation TSS, we refine the search (GS2,
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Table 6.1).

Table 6.1: Experimental setup for 1D-CNN. Bold items indicate the best validation TSS results.

Hyperparameters GS1 GS2

Goal Rough grid search for

possible range of HPs

Refining dropout and

LR

Batch size 256, 1 024, 65 536 65 536

Levels 1 1

Kernel size 2, 3, 7, 13 3, 7, 13

Number of kernels 20, 40, 80, 160 40

Weight decay 0 0

Dropout 0, 0.4, 0.8 0.8

LR 0.001, 0.01, 0.1, 1 0.05 - 0.23

Seed 15 15, 49, 124

6.3.3 Optimisation results

From GS1, again the largest batch size, with a kernel size of 7, the number of kernels

equal to the number of features (40) and a large dropout (0.8) gave the highest validation

TSS.

The results from GS2 are shown in Figure 6.4, with the best validation TSS reached with

a kernel size of 7, 40 kernels, dropout of 0.8 and at a LR of 0.066.
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Figure 6.4: TSS versus LR plot of 1D-CNN model. Kernel sizes: 3, 7 and 13. Dropout: 0.8.

Scaling strategy: z train.

6.4 Model evaluation and comparison

Similar to the MLP, we evaluate our best 1D-CNN on different performance metrics,

evaluation plots and prediction plots. We also compare our model to the LSTM described

by [4].

6.4.1 Performance comparison

All the performance metrics for the best 1D-CNN model and LSTM [4] can be found in

Table 6.2.
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Table 6.2: 1D-CNN performance metric comparison. Average and standard error over three

seeds

Metric Model Training Validation Test

Recall 1D-CNN 0.9947 ± 0.0010 0.9224 ± 0.0050 0.7944 ± 0.0224

LSTM ([4]) - - 0.978

Precision 1D-CNN 0.1428 ± 0.0201 0.1165 ± 0.0159 0.0764 ± 0.0094

LSTM ([4]) - - 0.038

BACC 1D-CNN 0.9736 ± 0.0047 0.9202 ± 0.0051 0.8770 ± 0.0085

LSTM ([4]) - - 0.938

HSS 1D-CNN 0.2387 ± 0.0317 0.1902 ± 0.0261 0.1326 ± 0.0158

LSTM ([4]) - - 0.074

TSS 1D-CNN 0.9473 ± 0.0093 0.8403 ± 0.0102 0.7539 ± 0.0170

LSTM ([4]) - - 0.877

The 1D-CNN validation TSS was 0.8% (absolute) lower than that of the larger MLP

(2 500), but with almost double the standard error. The 1D-CNN test TSS was 0.7%

(absolute) better than that of the large MLP (2 500). From these results, there is no

clear gain for including temporal information using the 1D-CNN architecture.

Our 1D-CNN did not achieve the same performance as the LSTM of [4], but we know from

Section 5.7 and 5.7.2 that scaling strategies and premature stopping of training based on

test results can lead to high test TSS of 0.8968 ± 0.0028. However, this is bad practice.

6.4.2 Evaluation plots

The best 1D-CNN’s evaluation plot on the test set is displayed in Figure 6.5. Training and

validation sets can be found in Appendix A.5, Figures A.19 and A.20. For a description

of our evaluation plots, refer back to Section 5.6.2.

The 1D-CNN evaluation plots are nearly identical to our MLP models, with the test TSS

again peaking at the climatological event rate and a reliability diagram that over-forecasts.
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Chapter 6 Model evaluation and comparison

Figure 6.5: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. 1D-CNN.

6.4.3 Error analysis

The number of accurately predicted flares are tallied and “The Good, The Bad and The

Ugly” prediction plots (refer back to Section 5.6.3 for a detailed description of the plots)

are redrawn for our best 1D-CNN model, based on the highest validation TSS it achieved,

as well as for the best LSTM model by [4]. We examine whether the addition of temporal

information can help the models perform better in an operational setting for the selected

ARs.

1D-CNN

Using the prediction plots, we counted the number of flares predicted accurately in the

validation and test set for the 1D-CNN in Table 6.3. The flares predicted are the same

as the MLP, except one more flare is correctly predicted on the test set.
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Table 6.3: Number of flares correctly and incorrectly predicted. Validation and test set.

1D-CNN.

Partition Hit Miss Total

Validation 17 3 20

Test 10 3 13

From the prediction plots in Figures 6.6, 6.7 and 6.8, it is clear that the 1D-CNN also over-

predicts after a flare has occurred, similar to the MLP, however, the 1D-CNN probabilities

are less sporadic.
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Figure 6.6: “The Good” 1D-CNN prediction plot of NOAA: 12 017. Validation set. Counted

as a hit. Same format as Figure 5.15
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Figure 6.7: “The Bad” 1D-CNN prediction plot of NOAA: 12 027. Validation set. Counted as

a miss. Same format as Figure 5.15
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Figure 6.8: “The Ugly” 1D-CNN prediction plot of NOAA: 12 242. Validation set. First flare

counted as a miss. Second flare counted as a hit. Same format as Figure 5.15

LSTM from [4]

We took the final pretrained LSTM model used by the authors of [4], on their dataset,

using only their top 20 features (as used by [4]) and with an attention layer as originally

used, and drew the prediction plots for a threshold of 0.5.

The tally of the predicted flares for the LSTM can be found in Table 6.4. It is evident
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that the LSTM accurately predicts more flares ahead of the eruption, than our MLP and

1D-CNN. This disparity could be due to the architecture, scaling strategy, number of

features, optimisation strategy or attention mechanisms.

Table 6.4: Number of flares correctly and incorrectly predicted. Validation and test set. Best

LSTM by [4]

Partition Hit Miss Total

Validation 18 2 20

Test 12 1 13

The prediction plots in Figures 6.9, 6.10 and 6.11, reveal that the LSTM probability does

not spike after a flare has occurred. The probability also rises and falls more gradually.

The LSTM does over-predict more severely than our MLP and 1D-CNN.
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Figure 6.9: “The Good” LSTM plot of NOAA: 12 017. Validation set. Counted as a hit. Same

format as Figure 5.15
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Figure 6.10: “The Bad” LSTM prediction plot of NOAA: 12 027. Validation set. Counted as a

miss. Same format as Figure 5.15
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Figure 6.11: “The Ugly” LSTM prediction plot of NOAA: 12 242. Validation set. Both flares

counted as a hit. Same format as Figure 5.15

6.5 Discussion

From the performance metric results in Table 6.2, it is clear that the single-layer 1D-CNN

has no clear advantage over the MLP even when accounting for past observations. Other

research has shown that the models trained on shuffled data actually performed better [2],

thus completely disregarding the temporal element. This is counter-intuitive, since we
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know from the physics and observation that the evolution of the flare is crucial to the

production of flares [13].

Liu et al. [4] used an attention layer for their final LSTM network and saw an increase

in performance. They also optimised their final LSTM model using their own version of

cross-validation (see Appendix A.1, Figure A.1). They did not use cross-validation with

the model results shown in Table 2.2. Our 1D-CNN did not use any attention mechanism

or form of cross-validation. Cross-validation such as k-fold is typically used when datasets

are not large (or information-rich) enough to solve real-world tasks, making it ideal for flare

prediction [124]. Introducing cross-validation could potentially be beneficial, to combat

the large class imbalance.

6.6 Conclusion

The single-layer 1D-CNN with a receptive field of either 7 or 13 did not perform better

in terms of the validation and test TSS it achieved compared to our MLP. The addition

of temporal information using the 1D-CNN yielded no significant improvement with the

performance metrics, but did show a smoothing effect on the predicted probabilities in

an operational setting.

The addition of attention mechanisms and cross-validation could potentially improve per-

formance, as shown in [4], but the largest bottleneck seems to lie in the data itself and

the general issue with unbalanced data.

These models are nevertheless useful and could still be used to with reasonable certainty

to tell us more about the features they learnt to be most relevant for flare prediction,

which we elaborate on next in Chapter 7.
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Chapter 7

Interpretability

In this chapter we carry out a case study on a specific AR and investigate the feature at-

tribution methods with the MLP and 1D-CNN. We compare the different techniques with

existing research and domain knowledge.

7.1 Introduction

Space weather scientists are more interested in which solar mechanics drive the eruption

of flares than accurate prediction models. While DNNs are able to predict flares with

gusto, how they arrive at those choices is still not well understood. However, there are

empirical techniques, such as attribution methods, that, while not physics-based, are able

to estimate how important the model regards certain input features.

In this chapter we aim to use our previous best MLP and 1D-CNN to calculate the

importance of all the features during the observed life-cycle of an AR. The different models

and attribution techniques will be compared to each other and to previous research.

In Section 7.2 we explain the different attribution methods, the specific AR observed and
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Chapter 7 Feature attribution

the results from the attribution methods applied to our MLP and 1D-CNN models. The

findings are discussed in Section 7.3 and concluded in Section 7.4.

7.2 Feature attribution

First, we explain the attribution methods we use for our analysis and the specific samples

to which these are applied. Then we calculate the feature importance for each attribution

method on both models.

7.2.1 Feature attribution methods

In Section 2.5, we briefly describe five attribution methods, two perturbation-based and

three gradient-based. The perturbation-based methods are ablation and shapely value

sampling [67]. The gradient-based methods are DeepLIFT [68], integrated gradients [69]

and input × gradient [68]. All the techniques mentioned will be evaluated. Most of these

techniques require a baseline, which represents a zero activity case. We use a zero baseline,

since similar results were found when defining the baseline as the non-events arising from

NOAA 12 252, which never produced a flare. We describe the main methods, following

the descriptions in [70]:

Ablation [66]

This technique determines the feature importance by swapping out each input feature

with some baseline (zero in our case) and measuring the change in the output. Features

can be grouped together, but are studied individually in our analysis.
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Shapely value sampling [67]

Shapely values stem from cooperative game theory. The method works by adding every

permutation of the input features sequentially to a baseline. The difference in the output

after adding each feature coincides with its contribution, and the average is calculated for

these differences over all permutations to get the attribution.

This method is more computationally expensive, depending on the number of features.

Shapely value sampling eliminates some of the computation by sampling random per-

mutations and calculating the average marginal contribution from these permutations.

Features can also be grouped.

DeepLIFT [68]

DeepLIFT tries to quantify the difference in the outputs from a baseline with regard to

the difference in inputs from a baseline. It does this with the theory of multipliers that

criticises certain neurons for the change in the output. These multipliers are defined by

[68] as,

m∆x∆t =
C∆x∆t

∆x
(7.1)

where ∆x is the difference between the input neuron x and the baseline, and ∆t is the

difference between the target neuron t and the baseline. C is the contribution of ∆x to

∆t.

Integrated gradients [69]

Integrated gradients approximate the integral of gradients with respect to inputs across

the network path from the baseline to inputs. Originally proposed by [69] as,
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IntegratedGrads i(x) := (xi − x′i)×
∫ 1

α=0

∂F (x′ + α× (x− x′))
∂xi

dα (7.2)

where integrated gradients are calculated along the ith dimension from baseline x′ to

input x, and α is the scaling coefficient. F (x) is the function that represent the DNN and

∂F (x)
∂xi

is the gradient of F (x) along the i dimension.

Saliency [125]

Saliency is a straightforward method for determining attribution, by calculating the gra-

dient of the output in relation to the inputs. It can be thought of as taking a first-order

Taylor expansion at the inputs, and the coefficients are the gradients in the linear rep-

resentation of the model. The importance of the features is simply the absolute value of

the coefficients. One downfall of this technique is that is only has positive importance.

Input × gradient [68]

Input × gradient is an addition to saliency that computes the outputs related to the

inputs and multiplies it with the input features. The product of the coefficient from the

gradient, with the input is the attribution of the feature.

7.2.2 Case study

The AR we will be observing is NOAA: 12 673. This was a class X9 flare, the largest in

the last 15 years. It is the same flare described in Section 2.2.

This AR was specifically selected because it is massive and both our MLP and 1D-CNN

were able to predict the flare accurately ahead of time. If the models have learnt what

causes extremely large flares, then extracting which features are important for large flares

could give valuable feedback on which features should be looked for at certain stages of

an AR’s life-cycle to determine whether it might erupt.
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The prediction plots for NOAA: 12 673, for both the MLP and 1D-CNN, can be found

in Appendix A.6, Figures A.21 and A.22, respectively.

7.2.3 Attribution over active region life-cycle (MLP)

The Captum library [70] was designed to use attribution methods to analyse DNNs. We

use this library to calculate the feature attribution. For our best MLP model we create a

diagram that plots all the different attribution methods for each feature over the duration

of the AR, as seen in Figure 7.1.

Each subplot represents the specific input features (labelled by title) and the five attri-

butions. The five attribution colours are listed in the bottom right-hand panel (logEdec).

The red-shaded region shows the period from t − 24 hours up to t, where t is the time

of the flare eruption. The plot starts at t − 150. The importance shown is the average

importance over three seeds with a standard error shadow. Some attribution methods

peak long before flare eruption and may indicate some build-up to a flare, or something

unrelated to flare eruption.

7.2.4 Attribution over active region life-cycle (1D-CNN)

We repeat the previous section by recreating the attribution plot by using our best

1D-CNN model in Figure 7.2.

7.2.5 Comparison of attribution methods

In Table 7.1, we look at the features in the time leading up to the flare and sort them

into three trends: upwards, downwards and noisy. If the trend is upwards before flare

production, it means that the model regards the specific feature as relevant for predicting

flares. We only consider trends that rise above zero to be upwards trending. If the trend

is noisy or downwards before the flare eruption time, the model considers the feature as
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unimportant.

TOTUSJH, TOTUSJZ and TOTPOT are consistently found to trend upwards, preceding

the larger flare for both models, which corresponds to the findings of [4], [43], [56]. These

parameters are indicative of the shape (TOTUSJH ), magnitude (TOTPOT ) and current

density (TOTUSJZ ) across the AR, all indicative of the dynamics involved in the eruption

triggering mechanisms [43] The 1D-CNN upwards-trending features are the same ones that

the authors in [4] found in their top 17 features. Unlike the previous research mentioned,

our attribution methods also highlight the importance of features during certain stages

of the ARs.
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Table 7.1: Feature trends of attribution method between MLP and 1D-CNN

Trend Features

(MLP)

Features

(1D-CNN)

Upwards SAVNCPP,

TOTUSJH,

TOTUSJZ,

TOTPOT,

Cdec, Mdec,

logEdec, Bhis,

Chis, Mhis

SAVNCPP,

TOTUSJH,

TOTUSJZ,

TOTPOT,

ABSNJZH,

USFLUX,

TOTBSQ,

Cdec, Mdec,

Edec, Mhis,

Chis1d,

Mhis1d

Downwards TOTFX,

MEANGAM,

MEANJZH,

MEANALP,

MEANGBZ,

MEANGBT,

EPSX,

EPSY, EPSZ,

Chis1d,

Mhis1d

TOTFX,

MEANGAM,

SHRGT45,

MEANSHR,

Bdec, Bhis1d

Noise Remaining Remaining

7.3 Discussion

Some magnitudes dominate after the flare had already occurred, for example Xmax1d,

which can be misleading, hence the study of trends instead of magnitudes. Plotting the
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attribution versus time highlights the importance of features during certain stages of the

AR life-cycle. DeepLIFT and integrated gradients are found to be near identical in our

analysis.

The 1D-CNN’s attribution seemed to be most consistent with [4], with its upwards-

trending features contained in their top 17 features. This suggests that our attribution

methods can extract predictive features, which can be investigated further.

These attribution methods could also be used on the image-based flare prediction models

to help explain the choices the models make, based on the formation of the AR, in future

work.

7.4 Conclusion

We applied attribution methods to our best MLP and 1D-CNN models to derive the

importance of features during certain stages of an AR life-cycle. Our 1D-CNN upwards-

trending features were consistent with the top 17 features of [4], and revealed that the

importance of features change drastically as the AR evolves. Some feature importance

differed between model types, but TOTUSJH, TOTUSJZ and TOTPOT was repeatedly

found important in both, which agrees with previous research [4], [43], [56]. This suggests

that the vertical current, current helicity and photospheric magnetic free energy density

are very relevant for large flare prediction.

Monitoring the individual importance of these predictive features can also be beneficial

for flare prediction, as there are very noticeable trends in features, such as TOTUSJH,

before flares occur.
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Figure 7.1: Attribution versus time for best MLP (1 100) model. 24 hours before flare (red

region). NOAA:12 673

110



0.0

0.5

1.0

1.5
ABSNJZHABSNJZHABSNJZHABSNJZHABSNJZH

0.15

0.10

0.05

0.00

0.05 AREA_ACRAREA_ACRAREA_ACRAREA_ACRAREA_ACR

0.6

0.4

0.2

0.0

0.2 MEANALPMEANALPMEANALPMEANALPMEANALP

0.0

0.2

0.4

0.6

0.8

1.0 MEANGAMMEANGAMMEANGAMMEANGAMMEANGAM

0.2

0.0

0.2

0.4

0.6 MEANGBHMEANGBHMEANGBHMEANGBHMEANGBH

0.2

0.1

0.0

0.1

0.2
MEANGBTMEANGBTMEANGBTMEANGBTMEANGBT

0.2

0.1

0.0

0.1

0.2

0.3 MEANGBZMEANGBZMEANGBZMEANGBZMEANGBZ

0.10

0.05

0.00

0.05

0.10 MEANJZDMEANJZDMEANJZDMEANJZDMEANJZD

0.75

0.50

0.25

0.00

0.25
MEANJZHMEANJZHMEANJZHMEANJZHMEANJZH

0.8

0.6

0.4

0.2

0.0 MEANPOTMEANPOTMEANPOTMEANPOTMEANPOT

0.0

0.2

0.4
MEANSHRMEANSHRMEANSHRMEANSHRMEANSHR

0.4

0.2

0.0

R_VALUER_VALUER_VALUER_VALUER_VALUE

0.2

0.0

0.2

0.4

0.6
SAVNCPPSAVNCPPSAVNCPPSAVNCPPSAVNCPP

0.0

0.1

0.2

0.3

0.4
SHRGT45SHRGT45SHRGT45SHRGT45SHRGT45

0.0

0.2

0.4 TOTPOTTOTPOTTOTPOTTOTPOTTOTPOT

0.2

0.0

0.2

0.4

0.6 TOTUSJHTOTUSJHTOTUSJHTOTUSJHTOTUSJH

0.4

0.2

0.0

0.2

0.4

0.6 TOTUSJZTOTUSJZTOTUSJZTOTUSJZTOTUSJZ

0.2

0.1

0.0

0.1
USFLUXUSFLUXUSFLUXUSFLUXUSFLUX

0.05

0.00

0.05

0.10
EPSXEPSXEPSXEPSXEPSX

0.075

0.050

0.025

0.000

0.025

0.050
EPSYEPSYEPSYEPSYEPSY

0.2

0.0

0.2

0.4 EPSZEPSZEPSZEPSZEPSZ

0.1

0.0

0.1

0.2 TOTBSQTOTBSQTOTBSQTOTBSQTOTBSQ

0.1

0.0

0.1

TOTFXTOTFXTOTFXTOTFXTOTFX

0.05

0.00

0.05

0.10 TOTFYTOTFYTOTFYTOTFYTOTFY

0.2

0.1

0.0

0.1 TOTFZTOTFZTOTFZTOTFZTOTFZ

0.02

0.00

0.02

0.04

0.06
BdecBdecBdecBdecBdec

0.100

0.075

0.050

0.025

0.000
BhisBhisBhisBhisBhis

0.02

0.00

0.02

0.04

0.06 Bhis1dBhis1dBhis1dBhis1dBhis1d

0.2

0.0

0.2

0.4

0.6 CdecCdecCdecCdecCdec

0.2

0.1

0.0

0.1 ChisChisChisChisChis

0.1

0.0

0.1

0.2 Chis1dChis1dChis1dChis1dChis1d

0

2

4

6

EdecEdecEdecEdecEdec

0.0

0.5

1.0

1.5
MdecMdecMdecMdecMdec

0.0

0.2

0.4

0.6

0.8 MhisMhisMhisMhisMhis

0.5

0.0

0.5

1.0 Mhis1dMhis1dMhis1dMhis1dMhis1d

1.0

0.5

0.0

0.5 XdecXdecXdecXdecXdec

0 50 100 150
0.4

0.2

0.0

0.2 XhisXhisXhisXhisXhis

0 50 100 150

1.5

1.0

0.5

0.0 Xhis1dXhis1dXhis1dXhis1dXhis1d

0 50 100 150
0

1

2

3

4 Xmax1dXmax1dXmax1dXmax1dXmax1d

0 50 100 150

0.2

0.1

0.0

0.1 logEdeclogEdeclogEdeclogEdeclogEdec

Attribution method
Integrated Gradients
DeepLIFT
Input x Gradient
Ablation
Shapley Value Sampling

Sample

Im
po

rta
nc

e

Figure 7.2: Attribution versus time for best 1D-CNN model. 24 hours before flare (red region).

NOAA:12 673

111



Chapter 8

Deployment Practicalities

In this chapter we elaborate on the practicalities, should this or any other model be de-

ployed for near real-time flare prediction.

8.1 Introduction

“How long is a piece of string?” - Engineers

Ultimately space observations require early-warning systems that can predict solar phe-

nomena ahead of time, in order to take the necessary precautions. Ideally, for solar flare

prediction we would like to have a model that can give a probability on how likely a

certain class of flare is within a given time span for every AR.

In this chapter, we explain the process of acquiring data and doing near real-time pre-

dictions with probabilistic models. First, the difference between probabilistic and binary

classification models are discussed in Section 8.2. In Section 8.3 we go through the data

acquisition pipeline we developed, followed by how the acquired data can be used to do

near real-time predictions in Section 8.4.
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Chapter 8 Data acquisition pipeline

8.2 Probabilistic vs. binary classification models

Any binary classification model can be converted into a probabilistic forecasting model

by passing the final nodes through a soft-max layer to squeeze the outputs between zero

and one. Many DNNs have recently been developed that increased the TSS achievable for

flare prediction ([2]–[10]), but networks with a high TSS tend to lack BSS and reliability

(in the sense of reliability diagrams), and is not well understood [55].

Typically in terrestrial weather forecasting, models are calibrated [126], but this is not

favoured in the space weather forecasting community. The opinion from the authors

of [71] is that models should already be trained to reliable performance. It has been shown

mathematically that reliable prediction models maximise TSS at the climatological event

rate [127].

Producing reliable DNNs for solar flare prediction has not been thoroughly discussed in

the literature, but at the time of writing the authors of [71] aimed to find a more reliable

model, using what they called the Deep Flare Net-Reliable (DeFN-R) model. The DeFN-

R is an MLP with skip connections. They were able to achieve near-perfect calibration in

their network by simply using cross-entropy instead of weighted cross-entropy for the loss

function and optimising for BSS. These are new results, developed in parallel with ours.

8.3 Data acquisition pipeline

Liu et al. [4] created a dataset that incorporates SHARP features [74], Lorentz fea-

tures [75], [76], history data [79] and decay values [45], from 2010 to 2018.

We created our own pipeline to generate an equivalent dataset to that of Liu et al.

Depending on the desired model (a) with or (b) without the Lorentz features (which

cannot be queried in real time, see Section 8.4), the dataset can be generated for training,

validation and testing. The process for generating the Liu et al. equivalent dataset is

depicted by the solid lines following path ‘a’ in Figure 8.1, and works as follows:
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Chapter 8 Near real-time prediction and inference

• SHARP and Lorentz features are obtained from JSOC.

• The GOES flare list is acquired and used to calculate the history and decay values,

as well as determine the labels for the target values.

• The data is cleaned for any missing and edge values, as well as scaled.

• The dataset is partitioned into the desired training, validation and testing sets.

• The model is optimised and used to make predictions.

8.4 Near real-time prediction and inference

There are a few issues that need addressing before near real-time predictions can be made.

First, a model needs to be trained and ready to use for the specific task, for example

predicting flares larger than class M5 in the next 24 hours. Then, the near real-time

data need to be queried from JSOC. The SHARP data have a near real-time option

called hmi.sharp 720s nrt, but the Lorentz force components do not, and are typically

only available after a few days. So there are two options for deployment: (a) manually

calculate the real-time Lorentz features based on the real-time SHARP data as done

by [76], which requires technical expertise; or (b) leave out the Lorentz features, with

a probable slight loss in accuracy (since TOTBSQ is important for flare classification

according to Chapter 7, but might not be too severe, as strongly it correlates strongly

with other important features as seen in Figure 4.2), and have a model for immediate

deployment. Either way, the rest of the deployment process should remain relatively

similar. For the sake of this study, we explain the process without the Lorentz features.

Once the SHARP data have been acquired for the current time and AR, the history

values would need to be calculated, but this would require a record of previous queries

and history features for each AR to be stored, for example, in a database. The database

can keep a record of each AR over its lifetime, which is currently on the Sun. Records of

past ARs can be discarded once an AR has expired, to conserve storage. Our previous
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Chapter 8 Near real-time prediction and inference

pipeline can be tweaked such that new entries are appended without labels to do this.

The history values are thus derived from the current and previous entries in the record

for the current AR. The new input entry is normalised, passed through the model and a

soft-max function to determine the probability of flare eruption at the current time.

Figure 8.1 shows how the model development and real-time deployment would run. Solid

lines indicate the process for model creation and dashed lines denote the process for real-

time deployment. The Lorentz features are in dashed box as it indicates optional input

features that may not always be available.

We developed a live flare prediction model as a proof of concept, using a MLP1. It is

deployed using Flask and Heroku. It currently only uses the SHARP features to predict

the probability of a class M5 flare within in next 24 hours, for every HARP. Updates can

be made as required.

1http://deep-flare-prediction.herokuapp.com/
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Figure 8.1: Schematic for training and deploying prediction models. Solid lines (black) are

meant for the model training and selection process. Dashed lines (blue) denote the flow for

doing near real-time prediction. Input data are denoted as in(t− s, ..., t), for a sequence s hours

in the past, and the predicted output denoted as out(t − s, ..., t) (sequences only applicable to

1D-CNN). MLP only uses values at time-step t. Lorentz features are optional (red), depending

on availability, denoted as path (b).

8.5 Conclusion

We have created a data acquisition pipeline that is able to generate the dataset similar

to [4], which includes physical and history features. Our binary classification models can

be converted to probabilistic forecasting models by passing the output nodes through a

soft-max function to squeeze the results between zero and one. Near real-time prediction

is possible either by leaving out the Lorentz features or building the necessary implemen-

tation to calculate them. Leaving out Lorentz features might come with a slight loss in

performance, since TOTBSQ is regarded as relatively important from Chapter 7.
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Chapter 9

Conclusion

In this chapter we summarise key findings and elaborate on the implications of these find-

ings. We also reflect on future work.

9.1 Introduction

As stated in Chapter 1, the aim of this dissertation was to develop neural networks with

limited parameters and straightforward architectures, specifically limiting recurrence, for

flare prediction; to test different optimisation techniques; and to interpret these mod-

els to explore flare driving mechanisms. We summarise the key findings, examine their

implications and propose future work.

9.2 Key findings and implications

After training and optimising several models with different optimisation techniques, and

interpreting each feature’s predictive capability, we observed the following key findings:
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Comparison with Liu et al.’s [4] result. Since this work was based on the dataset

kindly provided by Liu et al. and described in [4], we list some important considerations:

• Datasets:

– We believe some features were labelled incorrectly in the dataset. Utilising the

labels as-is would cause models to report incorrectly on certain features. We

re-labelled these and provided an errata (Section 3.5). Our models are trained

on the adjusted dataset. (Note that this has no effect on performance, only on

feature importance.)

– Some flares were incorrectly labelled by [4], by not spanning the entire 24 hours

before flare eruption. This would inhibit model performance on the test set (in

other words the out-of-sample or real-world performance). This was examined

and described in Section 5.6.4.

• Differences in approaches to model development between Liu et al. and what we

consider best practise was found:

– Liu et al. did not provide enough information regarding validation scores or

error across training seeds to enable a fair comparison with our model selection

procedures. All model development and model selection should conclude before

measuring the effect of any decision using the evaluation set.

– The dataset used by Liu et al. was scaled using measurements from the entire

dataset instead of just from the training set, which could bias the validation

and test results. Features should rather be scaled according to only the training

set, and the test set should remain unobserved until the final evaluation.

– Liu et al. stopped training at a specific epoch, which is acceptable practice,

however we do not know how the epoch was decided and whether it was based

on the validation set. Prematurely stopping training before the highest vali-

dation TSS is reached gives a higher test TSS. Our models could reach their

reported test TSS of 0.880 if the training should be stopped around the epoch
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where test TSS reaches a maximum, but this would be exceedingly bad prac-

tice.

– Early-stopping allows model selection at the epoch where the validation TSS

is the largest, which is perhaps a healthier way of doing model selection, rather

than stopping at a set epoch. Note that, validation TSS could still spike during

training and cause the models to be selected on unstable epochs. To circumvent

this, we used dropout as a regulariser.

– The scaling strategy also affects the model performance. Applying z-norm on

the physical features and min-max scaling on the history features, that is scaled

according to the training set (z minmax train), overfits much sooner on valida-

tion TSS than applying z-norm on all features (z train), and as previously seen;

leads to a higher test TSS. However, z train reaches a higher validation TSS,

and should be selected during the model selection process, if only validation

set results are considered.

– We only compared our models to those by [4] without cross-validation, as we did

not use cross-validation. Using k-fold cross-validation could potentially help

improve performance and bring stability to the very limited dataset. Again,

final evaluation should then be performed on a held-out set, not only using the

results from the k-fold test results.

Simpler models reach good performance

• The simplified MLP (1 100), optimised with static LRs, reached a higher validation

TSS of 0.865, compared to the validation TSS of 0.849 with the larger MLP (2 500).

Unfortunately, the test TSS was much lower for the smaller MLP. This indicates

that a high validation TSS does not correlate with a high test TSS, and that the

validation and test set might not sufficiently be representative of the real-world data

distribution.

• Using the novel OCLR policy [110], our simplified MLP could reach a validation

TSS of 0.832 but with a higher test TSS of 0.767, compared to the larger MLP with
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a test TSS of 0.747. This suggests that the smaller model can still perform on par

with the larger model, which significantly reduces the complexity of the model.

• The OCLR policy helped with performance, but the process of optimisation and

finding the optimal HP was still burdensome. The OCLR policy is efficient for

finding HPs that work well, but still needs plenty of tuning for finding the best

HPs.

• The addition of temporal information with our proposed 1D-CNN model did not

yield a significant improvement on the performance compared to the MLP. However,

the 1D-CNN had a smoothing effect on the predicted probabilities, suggesting that

past observation help stabilize probabilistic forecasting.

Attribution methods

• The features that trend upwards 24 hours before a large flare using attribution

methods with the 1D-CNN are also in the top 17 most important features found by

[4], [43], [56].

• Both models (MLP and 1D-CNN) found, using attribution methods, that TO-

TUSJH, TOTUSJZ and TOTPOT are the most relevant features for large flare

prediction, which is consistent with other literature [4], [43], [56]. This mean that

the vertical current, current helicity and photospheric magnetic free energy density

are very relevant for large flare prediction.

• Ablation, shapely value sampling, DeepLIFT, integrated gradient and input x gra-

dient all gave similar trends in our analysis, as found by [61].

• DeepLIFT and integrated gradient gave near identical results.

Development of real-time pipeline

• Lorentz features are not available in near real-time from JSOC. To deploy our

current best models, either the Lorentz features should be discarded, or a custom
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implementation should be made to calculate them. Leaving out Lorentz features

could result in a loss of performance, since TOTBSQ is regarded as important by

the attribution methods (see Section 7.2). However, the loss might not be too severe

as it is also strongly correlated with the other important features like TOTUSJH

(see Section 4.3). Including the Lorentz features would require an additional step

to calculate the parameters from the real-time SHARP features before the model is

executed.

• Smaller models are less computationally expensive to deploy in near real-time set-

tings.

While our models could reasonably predict flare events, we highlighted areas in the dataset

and with the optimisation strategies used, which could be improved upon; we do not

expect to create perfect flare prediction models.

9.3 Contributions

By completing this study, we demonstrate the use of simple DNNs for the prediction

of flares, acceptable optimisation strategies and model interpretation using attribution

methods.

The contributions of this study are thus:

• Smaller models that have similar predictive capacity than larger models.

• Favourable scaling strategies and optimisation techniques for finding an optimal

flare prediction model.

• The most important features that contribute to large flare production.

• Pipeline for creating Liu et al. equivalent datasets.

• Live, proof of concept, flare prediction model.
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The objectives listed in Chapter 1 were achieved. The performance and effects of different

architectures, optimisation techniques, scaling strategies and attribution methods were

investigated and compared. Key findings were outlined and their implications discussed.

A perspective on the optimisation and interpretation of solar prediction using DNNs was

given.

9.4 Future work

This study complements and supplements research themes concerning binary classification

and DNN interpretation, specifically for flare prediction. Subjects that we might want to

examine later on include:

• Approach the flare prediction task as a regression problem.

• Retest the LSTM by [4] using our optimisation strategy.

• Adapt the current approach to predict CMEs-associated flares with DNNs.

• Add attention mechanisms to the TCN for the flare prediction task.

• Study attribution methods on a wider range of architectures and examples.

• Investigate whether calibrated networks (in the sense of reliability diagrams) is

desirable from a practical perspective.

• Incorporate a larger dataset from multiple sources using solar images and image-

derived features.

• Explore techniques to balance the data.
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9.5 Conclusion

The task of flare prediction has inspired a host of new approaches and advancements using

DNNs versus traditional methods, but still lacks the reliability, performance and inter-

pretation desired. Some approaches used very large and convoluted architectures. This

study showed that smaller architectures can achieve similar performance, addressed a few

questionable practices from previous studies, and used attribution methods for obtaining

the importance of physics-based features responsible for large flare production. We hope

that this study will contribute to the improvement and understanding of flare prediction

models.

“If only I could be so grossly incandescent!” — Solaire of Astora

123



Bibliography

[1] NOAA, Solar Flares (Radio Blackouts) — NOAA / NWS Space Weather Predic-

tion Center, 2019. [Online]. Available: https://www.swpc.noaa.gov/phenomena/

solar-flares-radio-blackouts.

[2] N. Nishizuka, K. Sugiura, Y. Kubo, M. Den, and M. Ishii, “Deep Flare Net (DeFN)

model for solar flare prediction,” The Astrophysical Journal, vol. 858, no. 2, p. 113,

May 2018. doi: 10.3847/1538-4357/aab9a7.

[3] E. Park, Y.-J. Moon, S. Shin, et al., “Application of the Deep Convolutional

Neural Network to the Forecast of Solar Flare Occurrence Using Full-disk So-

lar Magnetograms,” The Astrophysical Journal, vol. 869, no. 2, p. 91, 2018. doi:

10.3847/1538-4357/aaed40.

[4] H. Liu, C. Liu, J. T. L. Wang, and H. Wang, “Predicting Solar Flares Using a Long

Short-term Memory Network,” The Astrophysical Journal, vol. 877, no. 2, p. 121,

Jun. 2019. doi: 10.3847/1538-4357/ab1b3c.

[5] Y. Chen, W. B. Manchester, A. O. Hero, et al., “Identifying Solar Flare Precursors

Using Time Series of SDO/HMI Images and SHARP Parameters,” Space Weather,

vol. 17, no. 10, pp. 1404–1426, 2019. doi: 10.1029/2019SW002214.

[6] Y. Zheng, X. Li, and X. Wang, “Solar Flare Prediction with the Hybrid Deep

Convolutional Neural Network,” The Astrophysical Journal, vol. 885, no. 1, p. 73,

2019. doi: 10.3847/1538-4357/ab46bd.

124

https://www.swpc.noaa.gov/phenomena/solar-flares-radio-blackouts
https://www.swpc.noaa.gov/phenomena/solar-flares-radio-blackouts
https://doi.org/10.3847/1538-4357/aab9a7
https://doi.org/10.3847/1538-4357/aaed40
https://doi.org/10.3847/1538-4357/ab1b3c
https://doi.org/10.1029/2019SW002214
https://doi.org/10.3847/1538-4357/ab46bd


[7] K. Domijan, D. S. Bloomfield, and F. Pitié, “Solar Flare Forecasting from Magnetic
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Appendix A

Supplemental Figures

This appendix contains supplemental figures, referred to in the main text.
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A.1 Appendix: Chapter 2

A.1.1 Liu et al.’s [4] cross-validation technique

Figure A.1: Visual depiction of Liu et al.’s cross-validation technique. The ‘ ’ parameter indicates

that all the folds except the one indicated are trained and validated on. Each partition in the

dataset is split into ten folds. Each iteration, the model is trained on nine of the ten folds. Folds

are shuffled before training. Based on [4].
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A.2 Appendix: Chapter 3

Table A.1: Overview of the 40 Features (25 SDO/HMI magnetic parameters [74], [75], 15 flare

history features [45], [79]). Reproduced from Liu et al [4] with permission.

Keyword Description Formula

TOTUSJH Total unsigned current helicity Hctotal ∝
∑
|Bz · Jz|

TOTPOT Total photospheric magnetic free energy density ρtot ∝
∑

(BObs −BPot)2dA

TOTUSJZ Total unsigned vertical current Jztotal =
∑
|Jz|dA

ABSNJZH Absolute value of the net current helicity Hcabs ∝ |
∑
Bz · Jz|

SAVNCPP Sum of the modulus of the net current per polarity Jzsum ∝
∣∣∣∑B+

JzdA
∣∣∣+
∣∣∣∑B−

z JzdA
∣∣∣

USFLUX Total unsigned flux Φ =
∑
|Bz| dA

AREA ACR Area of strong field pixels in the active region Area =
∑

Pixels

MEANPOT Mean photospheric magnetic free energy ρ̄ ∝ 1
N

∑(
BObs −BPot

)2

R VALUE Sum of flux near polarity inversion line Φ =
∑
|BLos | dA within R mask

SHRGT45 Fraction of area with shear >45° Area with shear > 45◦/ total area

MEANSHR Mean shear angle Γ̄ = 1
N

∑
arccos

(
BObs·BPot

|BObs‖BPot|

)
MEANGAM Mean angle of field from radial γ̄ = 1

N

∑
arctan

(
Bh
Bz

)
MEANGBT Mean gradient of total field |∇Btot| = 1

N

∑√(
∂B
∂x

)2
+
(
∂B
∂y

)2

MEANGBZ Mean gradient of vertical field |∇Bz| = 1
N

∑√(
∂Bz
∂x

)2
+
(
∂Bz
∂y

)2

MEANGBH Mean gradient of horizontal field |∇Bh| = 1
N

∑√(
∂Bh
∂x

)2
+
(
∂Bh
∂y

)2

MEANJZH Mean current helicity Hc ∝ 1
N

∑
BzJz

MEANJZD Mean vertical current density Jz ∝ 1
N

∑(
∂By
∂x
− ∂Bx

∂y

)
MEANALP Mean characteristic twist parameter αtotal ∝

∑
JzBz∑
B2
z

TOTBSQ Total magnitude of Lorentz force F ∝
∑
B2

TOTFX Sum of x-component of Lorentz force Fx ∝ −
∑
BxBzdA

TOTFY Sum of y-component of Lorentz force Fy ∝
∑
ByBzdA

TOTFZ Sum of z-component of Lorentz force Fz ∝
∑(

B2
x +B2

y −B2
z

)
dA

EPSX Sum of x-component of normalized Lorentz force δFx ∝
∑
BxBz∑
B2

EPSY Sum of y-component of normalized Lorentz force δFy ∝ −
∑
ByBz∑
B2

EPSZ Sum of z-component of normalized Lorentz force δFz ∝
∑

(B2
x+B2

y−B2
z)∑

B2

Bdec Time decay value based on the previous B-class flares only Bdec (xt) =
∑

fi∈FB e
− t−t(fi)

τ

Cdec Time decay value based on the previous C-class flares only Cdec (xt) =
∑

fi∈FC e
− t−t(fi)

τ

Mdec Time decay value based on the previous M-class flares only Mdec (xt) =
∑

fi∈FM e
− t−t(fi)

τ

Xdec Time decay value based on the previous X-class flares only Xdec (xt) =
∑

fi∈FX e
− t−t(fi)

τ

Edec Time decay value based on the magnitudes of all previous flares Edec (xt) =
∑

fi∈F Ei · e
− t−t(fi)

τ

logEdec Time decay value based on the log-magnitudes of all previous flares log Edec (xt) =
∑

fi∈F log (Ei) · e−
t−t(fi)

τ

Bhis Total history of B-class flares in an AR . . .

Chis Total history of C-class flares in an AR . . .

Mhis Total history of M-class flares in an AR . . .

Xhis Total history of X-class flares in an AR . . .

Bhis1d 1 day history of B-class flares in an AR . . .

Chis1d 1 day history of C-class flares in an AR . . .

Mhis1d 1 day history of M-class flares in an AR . . .

Xhis1d 1 day history of X-class flares in an AR . . .

Xmax1d Maximum X-ray intensity one day before . . .
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A.3 Appendix: Chapter 4

Figure A.2: Feature correlation (Pearson) heat-map of all samples in training set, keeping only

one feature per cluster with ρ > ±0.9. Features are clustered together that are closely linearly

correlated. Only correlations larger than ρ > ±0.7 that are not only correlated with itself are

shown. Correlations are rounded up to nearest decimal place.
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Figure A.3: Feature correlation (Pearson) heat-map of samples of ARs that would eventually

flare ≥M5.0 in training set. Features are clustered together that are closely linearly correlated.

Only correlations larger than ρ > ±0.7 that are not only correlated with itself are shown.

Correlations are rounded up to nearest decimal place.
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Figure A.4: Feature correlation (Pearson) heat-map of samples 24h before the flare in training

set. Features are clustered together that are closely linearly correlated. Only correlations larger

than ρ > ±0.7 that are not only correlated with itself are shown. Correlations are rounded up

to nearest decimal place.
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Figure A.5: Histogram of each feature (coloured) and maximum likelihood Gaussian distribution

(black). Z-normalized to have zero mean and equal unit variance on all features before plotting.

Training set. After Yeo-Johnson power transforms.
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A.4 Appendix: Chapter 5

A.4.1 Model optimisation
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Figure A.6: TSS over LR plot for degrees of regularisation. 2 500 MLP architecture. Training

set (blue), validation set (green)
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Table A.2: Example of MLP (1 100) GS1 results for 100 nodes and dropout of 0.8 for different

learning rates

Nodes Dropout Learning Rate Train TSS Validation TSS

100 0.8 0.001 0.8039 0.7864

0.005 0.8991 0.8475

0.01 0.9147 0.8605

0.05 0.9093 0.8636

0.1 0.9269 0.8616

0.5 0.9005 0.8559

1 0.8904 0.8570

A.4.2 LR range test. Best number of iterations test.

Figure A.7: Best number of iterations (Iter) for LR range test. Higher is better, but computa-

tionally expensive. 200 Iterations is a good trade-off.
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A.4.3 Evaluation plots

Figure A.8: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP (2 500).

Training set.

Figure A.9: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP (2 500).

Validation set.
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Figure A.10: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP (1 100).

Training set.

Figure A.11: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP (1 100).

Validation set.
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Figure A.12: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP (1 100)

OCLR. Training set.

Figure A.13: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. MLP (1 100)

OCLR. Validation set.
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A.4.4 Precision-Recall curves

Figure A.14: Precision-Recall curve of MLP (1 100). On test set. Best F1-score location marked

(black).
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A.4.5 Training curves

0 100 200 300 400 500
Epoch

0.0

0.2

0.4

0.6

0.8

TS
S

Training curves. MLP (1_100). Learning rate: 0.5. Dropout: 0.8

Training TSS
Validation TSS

Figure A.15: Training curves of 1 100 best MLP with static LR. Average over three seeds with

standard error shadow. Best model at epoch 203 with validation TSS of 0.8640 for seed 49.

0 25 50 75 100 125 150 175 200
Epoch

0.2

0.4

0.6

0.8

TS
S

Training curves. MLP OCLR (1_100). Maximum LR: 1. Dropout: 0.9

Training TSS
Validation TSS

Figure A.16: Training curves of 1 100 best MLP with OCLR. Average over three seeds with

standard error shadow. Best model at epoch 200 with validation TSS of 0.8375 for seed 124.
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A.5 Appendix: Chapter 6

A.5.1 Learning rate range test results

Figure A.17: LR range test for 1D-CNN. Dropout: 0.8. Kernel size: 7. Number of filters: 40
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A.5.2 Training curves
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Figure A.18: Training curve of best 1D-CNN model. Dropout: 0.8. Kernel size: 7. Number of

filters: 40. LR: 0.066. Average over three seeds with standard error shadow.

A.5.3 Evaluation Plots

Figure A.19: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. 1D-CNN.

Training set
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Figure A.20: (a) SSP of TSS and HSS, (b) ROC curve, (c) Reliability diagram. 1D-CNN.

Validation set

A.6 Appendix: Chapter 7
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Figure A.21: Prediction plot. Same format as 5.15. 1 100 MLP. Test set. (NOAA:12 673)
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Figure A.22: Prediction plot. Same format as 5.15. 1D-CNN. Test set. (NOAA:12 673)
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