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“I press on toward the goal to
win the prize for which God
has called me heavenward
in Christ Jesus.”

Phi 3:14

“Keep your eyes on the prize, hold on

Ain’t been to heaven, but I been told
Streets up there are paved with gold ”

Eyes on the Prize
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One of the most important discoveries of the past century in solar physics
was the detection of magnetic fields in sunspots by G. E. Hale, followed by
the establishment of the existence of the much weaker global magnetic field
of the Sun. Since then, the structure and polarity of magnetic fields in mag-
netically active regions (ARs) have been extensively investigated. Among
the most prominent manifestations of solar magnetic activity are solar flares.
Solar flares are localized explosive phenomena observed in the solar atmo-
sphere. First observed in white light by R. Carrington, they are character-
ized by enhanced radiation across the electromagnetic spectrum. Flares are
thought to originate from the rapid conversion of magnetic energy stored
in stressed coronal fields and may be associated with other manifestations
of solar activity, including solar energetic particle (SEP) events and, in some
cases, coronal mass ejections (CMEs). Because flare electromagnetic radia-
tion reaches the near–Earth environment within minutes, major flares can
produce prompt ionospheric disturbances and affect radio communication,
satellite navigation, and other technological systems that depend on the sta-
bility of the geospace environment. Despite their operational relevance, re-
liable flare forecasting remains challenging. Flare productivity depends on
the nonlinear evolution of magnetic structures across multiple spatial and
temporal scales, while the observational data are high–dimensional, hetero-
geneous, and strongly affected by the rarity of major events.

The Solar Dynamics Observatory (SDO) era has provided continuous,
high–cadence observations of the solar atmosphere at multiple wavelengths,
together with photospheric magnetic–field and Doppler measurements, and
physical parameters derived from vector magnetic–field data. At the same
time, recent developments in deep learning have made it possible to analyze
such large observational datasets and extract relevant information. These de-
velopments motivate the central objective of this thesis: the investigation of
deep–learning–based flare forecasting methods. Since solar flares are under-
stood to be magnetically driven phenomena, active–region magnetograms
constitute a natural starting point and a widely used source of predictive
information. While many forecasting approaches rely on single–time repre-
sentations of active–region magnetic field, this thesis focuses on the forecast-
ing value of their temporal evolution and investigates how predictive per-
formance is affected by progressively incorporating further sources of infor-
mation, including continuum and extreme–ultraviolet (EUV) observations,
as well as physical parameters derived from vector magnetic–field data.

The work is developed through four connected phases. First, convolu-
tional autoencoders are used to learn compact representations of line–of–
sight (LoS) magnetograms of ARs, with the aim of assessing whether the
latent space preserves physically relevant information about AR magnetic
morphology. Second, sequences of encoded LoS magnetograms are orga-
nized as temporal sequences and used as inputs to recurrent classifiers to
predict whether an AR will produce an M– or X–class flare within the fol-
lowing hours, based on its prior evolution, thereby assessing the predic-
tive power of both the learned representations and their temporal evolution.
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Third, the forecasting framework is extended to a multimodal and multi-
wavelength setting that combines LoS magnetograms, continuum and EUV
observations, and scalar physical parameters derived from vector magne-
tograms. In this case, the classification target is redefined as flares of class
C5.0 or above, and the temporal analysis is restricted to 36 min of observa-
tions with a 2 h prediction window. Here, the focus shifts from the long–term
evolution to short–term forecasting, where rapidly evolving photospheric
and coronal conditions may be interpreted as preflare signatures. Finally,
Layer–wise Relevance Propagation (LRP) is applied to interpret the predic-
tions of this multimodal model and to examine how relevance is distributed
across input modalities, as well as whether relevance allocation is associated
with physically meaningful structures, such as polarity inversion lines (PILs)
or regions of enhanced magnetic non–potentiality.

A first key innovation of this thesis is the use of compact neural represen-
tations learned through magnetogram reconstruction as inputs for flare fore-
casting. The results show that these representations can preserve both large–
scale magnetic organization and smaller–scale magnetic structures, and that,
when organized as temporal sequences, they also retain information on the
temporal evolution of physical parameters derived from LoS magnetograms.
Reconstruction objectives that explicitly constrain local magnetic–field gradi-
ents improve the recovery of gradient–sensitive physical diagnostics, indicat-
ing that the design of the learning objective affects the physical consistency
of the latent representation. When LoS magnetogram representations are ar-
ranged as time series and used for forecasting, temporal modeling provides
strong discrimination between flare–productive and non–flaring sequences,
supporting the idea that flare–relevant information is encoded not only in the
instantaneous magnetic configuration, but also in its evolution.

A second key innovation is the extension of the forecasting framework to
a multimodal and multiwavelength setting. The multimodal forecasting ex-
periments show that predictive performance improves as additional sources
of observational and physical information are incorporated. Models based
only on LoS magnetograms already capture useful predictive information,
but the inclusion of continuum and EUV imagery provides complementary
information about the photospheric and upper–solar–atmosphere evolution
of ARs. The best performance is obtained when image–based representations
are combined with physical parameters describing global magnetic proper-
ties.

The interpretability analysis indicates that the model decisions are of-
ten supported by localized relevance patterns in photospheric, transition–
region, and coronal observations, with qualitative correspondence to physi-
cally meaningful photospheric magnetic structures, such as PILs, strong mag-
netic–field gradients, enhanced current helicity, and regions of increased free
magnetic energy density, as well as to upper–solar–atmosphere structures
traced by EUV emission, including localized brightenings and coronal loops.
The relevance–allocation analysis further shows that image relevance gener-
ally accounts for most of the total relevance budget, while physical–parameter
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relevance varies across classification outcomes and reflects different contri-
butions from magnetic flux and current helicity. Misclassified cases reveal
complementary failure modes: false positives are often linked to visually
complex structures that resemble flare–productive morphology, while false
negatives may correspond to regions in which physically relevant signatures
are present but too localized or insufficiently emphasized by the learned im-
age representation. These findings show that attribution methods are useful
not only for interpreting successful predictions, but also for identifying the
limitations and failure modes of deep–learning–based flare forecasting mod-
els.

This thesis contributes to solar flare forecasting by developing a unified
deep–learning framework from data representation learning to interpretabil-
ity. The results support the central conclusion that solar flare forecasting can
benefit from frameworks able to integrate spatial structure, temporal evo-
lution, multiwavelength observations, and physically motivated magnetic–
field diagnostics. At the same time, the analysis highlights the importance of
evaluating forecasting models not only in terms of predictive skill, but also
in terms of calibration, robustness, physical consistency, and interpretability.
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Chapter 1

Introduction

“There are more things in heaven and earth, Horatio,
Than are dreamt of in your philosophy. ”

William Shakespeare
Hamlet

1.1 Space Weather

Space weather refers to variations in the space and near–Earth environ-
ment that can affect technological systems, human activities, and society. The
dominant driver of space weather is the Sun, and more specifically the evo-
lution, storage, and release of magnetic energy in the solar corona. Magnetic
fields generated by plasma motions in the solar interior emerge through the
photosphere into the corona, where they may form complex magnetic con-
figurations capable of storing substantial free magnetic energy. Magnetic re-
connection is thought to be the process through which this stored energy
can be rapidly converted into plasma heating, particle acceleration, and bulk
motion, giving rise to solar flares that may, in some cases, be accompanied
by coronal mass ejections (CMEs) that propagate into interplanetary space
(Priest and Forbes, 2002). Together, these processes define the fundamen-
tal physical chain linking solar activity to geospace response. The principal
Earth and near–Earth systems affected are the electromagnetic fields within
the solid body of Earth, the particle–radiation environments in Earth’s at-
mosphere and magnetosphere, and the density, composition, and dynam-
ics of the high–altitude atmosphere, particularly the coupled ionosphere–
thermosphere system.

Space weather has become increasingly relevant in the past few decades,
as modern society has become more reliant on advanced technological sys-
tems whose operation depends on the stability of the near–Earth environ-
ment. Historically, this vulnerability can be traced to telegraph disruption in
the nineteenth century (Barlow, 1849), early telephone vulnerabilities (Preece,
1894), and power–grid disturbances in the twentieth century (McNish, 1940),
to the far broader technological exposure of the satellite era. Forecasting

1



Chapter 1. Introduction

adverse space–weather conditions is not only a matter of scientific under-
standing, but also part of the broader effort to anticipate and mitigate risk
in technologically advanced societies whose energy, communication, navi-
gation, timing, and space–based infrastructures are sensitive to variations in
the near–Earth environment.

Within this general framework, solar flares occupy an important role be-
cause they are among the fastest and most direct solar drivers of geospace
disturbances (Schwenn, 2006). Flares result from magnetic reconnection in
the solar corona, where electrons are accelerated to high energies and some
propagate downward toward denser plasma near the solar surface. Their
interaction with this dense plasma produces the intense X–ray and extreme–
ultraviolet (EUV) emission that characterizes a flare (Schrijver, 2009). From
the perspective of solar–terrestrial coupling, this is particularly significant
because flare radiation reaches Earth essentially at the speed of light and
can therefore modify the dayside ionosphere on timescales of minutes. This
prompt radiative pathway distinguishes flares from slower, though often
highly geoeffective, drivers such as CMEs, whose propagation from the Sun
to Earth generally requires many hours to days.

1.2 Impact on Earth and Human Technologies

Space weather affects Earth and human technologies through multiple
physical coupling mechanisms, but these mechanisms are not equally rele-
vant to all solar drivers. In the broadest sense, space weather can disrupt
electric power systems, radio communications, satellite navigation, digital
electronics and spacecraft operations. Some of these effects are primarily as-
sociated with geomagnetic storms and CME–driven magnetospheric forcing,
whereas others arise more directly from flare radiation. It is therefore use-
ful to distinguish between the full spectrum of space–weather impacts and
those that are most immediately and physically linked to flares. This distinc-
tion does not diminish the importance of the broader space–weather hazard
context; rather, it identifies the specific impact mechanisms that make solar
flare prediction operationally relevant within space–weather forecasting and
mitigation.

The most direct flare–related coupling mechanism with technological con-
sequences is the disturbance of the ionosphere by flare–enhanced X–ray and
EUV radiation. During large X–class solar flares, solar irradiance can in-
crease by three to four orders of magnitude in the X–ray band (0.1–10 nm)
and by more than a factor of two in the EUV (10–120 nm) and far–ultraviolet
(FUV; 120–200 nm) bands (Tsurutani et al., 2005; Woods et al., 2005; Scher-
liess, 2016). This enhanced irradiance produces additional photoionization
on the dayside of Earth and increases the ionospheric plasma density within
minutes. The altitude of the response depends on wavelength: hard X–rays
(< 1 nm) penetrate to the lower ionosphere, mainly the D region (60–90 km),
while soft X–rays (1–10 nm) and EUV radiation reach higher layers, includ-
ing the E region (90–150 km) and the F region, above approximately 150 km
(Rishbeth and Garriott, 1969; Zolesi and Cander, 2013; Buzás et al., 2023). In
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large events, X–ray ionization can increase D–region electron density by one
order of magnitude or more, while EUV–driven ionization can enhance elec-
tron density by approximately 50–200% in the E region and 10–100% in the F
region (Liu et al., 2024).

These ionospheric changes modify radio–wave propagation almost im-
mediately, particularly for high–frequency (HF) radio communication, where
long–distance communication relies on signals being refracted by the iono-
sphere back toward Earth and, in some cases, propagating over multiple
hops between the ionosphere and Earth’s surface (Davies, 1990). Enhanced
D–region ionization increases the absorption of HF radio waves (3–30 MHz)
and can produce partial or total short–wave fadeouts lasting from tens of
minutes to hours, thereby raising the effective lowest usable frequency for
HF communication (George and Bradley, 1973; Rishbeth and Garriott, 1969;
Davies, 1990; Tsurutani et al., 2009; Barta et al., 2019; Barta et al., 2022). This
is operationally important because HF radio remains relevant for aviation
air–to–ground communication, military and governmental communication
systems, and maritime communication services. Flare–enhanced photoion-
ization at different ionospheric altitudes can also alter global ionospheric
electrodynamics and current systems, and affect magnetosphere–ionosphere
coupling. Flare effects are therefore not confined to the ionosphere where the
radiation is absorbed, but can extend through geospace via electrodynamic
coupling (Liu et al., 2021a; Liu et al., 2021b).

Another important impact channel concerns Global Navigation Satellite
Systems (GNSS). GNSS services are best known for their use in navigation,
but they also provide precise timing services that support financial transac-
tions, telecommunications, transport networks, and other critical infrastruc-
tures (Hapgood, 2018; Cannon et al., 2013). GNSS signals must pass through
the ionosphere before reaching ground–based receivers, and the presence of
free electrons modifies the signal propagation time relative to propagation
in vacuum. Even small signal delays of only tens of nanoseconds can lead
to position errors of several meters. In addition to propagation delays, iono-
spheric irregularities can produce amplitude and phase scintillation, degrad-
ing signal quality and, in severe cases, causing receivers to lose phase lock
(Hapgood, 2018; Cannon et al., 2013). Flare–enhanced irradiance in the X–ray
and EUV bands provides one of the fastest mechanisms for modifying day-
side ionospheric plasma density, rapidly altering the propagation medium
through which satellite navigation and timing signals travel (Yasyukevich et
al., 2018). Flares may also be accompanied by solar radio bursts at GNSS
frequencies, which can increase the receiver noise background, reduce the
carrier–to–noise ratio, and degrade tracking and positioning performance
(Sreeja, Aquino, and Jong, 2013; Sato et al., 2019; Paula et al., 2022).

Solar flares can be associated with solar energetic particle (SEP) events;
when the particle flux reaching near–Earth space becomes sufficiently en-
hanced, solar radiation storms can occur, substantially increasing the radi-
ation environment in near–Earth space and, in some cases, allowing ener-
getic particles to penetrate into Earth’s atmosphere (Reames, 2013; Reames,
2021; Ryan, Lockwood, and Debrunner, 2000). One important technological
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consequence of this enhanced radiation environment is its effect on digital
electronics present in a wide range of space–based technologies (Normand,
1996). High–energy particles can interact with semiconductor devices and
deposit charge in sensitive regions of a circuit, producing single–event effects
(SEEs). The best–known example is the single–event upset, in which the de-
posited charge changes the value of a stored bit, for example from 0 to 1 or
vice versa. Other forms of SEE can be more severe, including latch–up, where
a device becomes locked in a particular state, and events that cause perma-
nent component damage. The vulnerability of modern electronics to these
effects has increased as digital devices have become more miniaturized. As
the feature sizes of semiconductor components decrease, smaller amounts of
deposited charge can be sufficient to alter or disrupt device operation. Con-
sequently, enhanced particle radiation associated with solar eruptive activ-
ity represents an important space–weather hazard for spacecraft electronics,
avionics, and other technologies exposed to elevated radiation environments
(Normand, 1996; Dyer et al., 2000).

Other consequences of space weather also remain important. For exam-
ple, accelerated orbital decay in low–Earth–orbit satellites is primarily caused
by solar–forcing–induced variations in thermospheric density (Walterscheid,
1989; Lei et al., 2013; Nwankwo, Chakrabarti, and Weigel, 2015). Enhanced
solar EUV and X–ray irradiance, including that associated with flares, can
heat and expand the upper atmosphere on timescales of hours, while ge-
omagnetic storms can produce additional thermospheric heating through
magnetospheric and ionospheric energy injection (Buonsanto, 1999; Chen et
al., 2012; Kutiev et al., 2013). The resulting increase in atmospheric density
enhances drag on satellites and debris in low Earth orbit, accelerating orbital
decay rates and affecting orbit prediction, conjunction analysis, and reentry
forecasting (Klinkrad, 1996; Doornbos and Klinkrad, 2006; Xu et al., 2011).

Solar flares therefore occupy a distinctive position within the broader
space–weather hazard context. Their most direct consequences arise from
the rapid modification of the ionosphere, with downstream effects on radio
propagation and GNSS–based navigation and timing services, while associ-
ated energetic particles and upper–atmospheric responses broaden their rele-
vance to spacecraft operations and the near–Earth orbital environment. This
combination of fast onset, technological relevance, and limited warning time
provides the operational motivation for improving major–flare forecasting.

1.3 Thesis Objectives

The advent of space–based solar observations has transformed solar phys-
ics by providing continuous, high–resolution, multiwavelength coverage of
the Sun. At the same time, advances in deep learning and computational
hardware now make it possible to process these large observational datasets
and extract information that is difficult to capture with manually defined fea-
tures alone. In this context, the general objective of this thesis is to investigate
how deep–learning methods can be used to improve solar flare forecasting
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from observations of solar active regions (ARs) and to support the physical
interpretation of model predictions.

The first objective of this thesis is to examine whether compact neural rep-
resentations of active–region line–of–sight (LoS) magnetograms can preserve
information relevant to the magnetic structure of flare–productive ARs. This
objective is addressed by training convolutional autoencoders to reconstruct
LoS magnetograms and by evaluating whether different learning objectives
affect the quality and physical consistency of the reconstructed ARs. In this
context, reconstruction is used not as an end in itself, but as a way to assess
whether the latent representation retains meaningful information about the
photospheric magnetic field.

The second objective is to determine whether learned LoS magnetogram
representations can be extended to the temporal domain for flare forecast-
ing. Solar flares are not determined only by the instantaneous configura-
tion of an AR, but also by its evolution. For this reason, this thesis investi-
gates recurrent neural-network models for temporal flare forecasting, using
sequences of learned magnetogram representations to assess whether active–
region evolution improves the prediction of major flares.

The third objective is to move from single–modality forecasting toward a
more complete representation of the solar atmosphere. Since flare productiv-
ity depends on physical processes that involve multiple atmospheric layers
and magnetic–field properties, this thesis develops a multimodal forecasting
framework that combines photospheric magnetic–field observation, contin-
uum intensity observations, coronal EUV emission, and physical parameters
derived from vector magnetograms. This objective addresses whether com-
plementary observational channels and expert–defined physical quantities
can improve the predictive skill of deep–learning flare–forecasting models.

The fourth objective is to examine the physical interpretability of the fore-
casting models. High predictive performance alone is not sufficient in a sci-
entific context if the model behaves as an opaque classifier. Therefore, this
thesis applies attribution methods to investigate which input modalities, spa-
tial regions, and physical parameters contribute most strongly to the model
predictions. The goal is to assess whether the model decisions are consistent
with known physical properties of flare–productive ARs.

These objectives define a progression from representation learning, to
temporal forecasting, to multimodal prediction, and finally to physical in-
terpretation. This thesis therefore aims to contribute not only to the devel-
opment of more accurate flare–forecasting models, but also to the broader
question of how deep–learning methods can be made more physically infor-
mative in solar physics.

1.4 Thesis Structure

This thesis is organized as follows:
Chapter 1 introduces the space–weather context of this thesis, the rele-

vance of solar flares for Earth and human technologies, and the main objec-
tives of this work.
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Chapter 1. Introduction

Chapter 2 presents the observational solar–physics background required
for this thesis. It reviews the properties of flare–productive ARs, the mag-
netic conditions associated with flare productivity, and the observational sig-
natures used to characterize active–region evolution.

Chapter 3 introduces the deep–learning concepts used throughout this
thesis. It describes the neural–network architectures and methodological
tools relevant to the following chapters, including convolutional neural net-
works, recurrent models, attention mechanisms, representation learning, and
interpretability methods.

Chapter 4 presents the first experimental phase of this thesis, focused on
representation learning of solar ARs. A convolutional autoencoder is trained
to reconstruct LoS magnetograms, and different training objectives are eval-
uated in terms of both image reconstruction quality and the preservation of
physically meaningful magnetic–field properties.

Chapter 5 extends the representation–learning framework to flare fore-
casting. Encoded LoS magnetogram sequences are used as inputs to a long
short–term memory (LSTM)–based forecasting model in order to assess wheth-
er the temporal evolution of active–region magnetic structure improves the
prediction of major flares.

Chapter 6 develops a multimodal spatio–temporal forecasting model. The
model combines LoS magnetograms, continuum intensity observations, coro-
nal EUV images, and physical parameters derived from vector magnetic–
field data. The chapter evaluates how the progressive inclusion of comple-
mentary information affects short–term forecasting performance.

Chapter 7 focuses on the physical interpretation of the multimodal fore-
casting model. Layer–wise Relevance Propagation (LRP) is used to analyze
the contribution of different modalities, image regions, and physical param-
eters to the model predictions. The results are discussed in relation to known
physical diagnostics of flare–productive ARs.

Finally, the concluding chapter summarizes the main findings of this the-
sis, discusses their implications for solar flare forecasting and interpretable
deep learning in solar physics, and outlines possible directions for future
work.
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Chapter 2

Observational Aspects of
Flare–Productive Active Regions

“I have no data yet. It is a capital mistake to theorize
before one has data. Insensibly one begins to twist
facts to suit theories, instead of theories to suit facts.”

Arthur Conan Doyle
The Adventures of Sherlock Holmes

(A Scandal in Bohemia)

Solar flares are among the most energetic transient events in the solar sys-
tem, releasing up to about 1032 erg of magnetic energy over timescales of sec-
onds to minutes. According to the classical stress–and–release model, flares
occur when magnetic energy accumulated in the coronal field due to photo-
spheric motions is suddenly released via magnetic reconnection (Priest and
Forbes, 2002). This process rapidly converts stored magnetic energy into ki-
netic and thermal forms (Benz, 2017). Although it is widely accepted that the
coronal magnetic field serves as the primary reservoir of flare energy (Forbes,
2000; Schrijver, 2009), the precise mechanisms governing energy storage and
release remain poorly understood.

Radiative signatures of flares extend across the entire electromagnetic
spectrum, from radio wavelengths to γ rays. Operationally, they are classi-
fied according to their peak soft X–ray flux in the Geostationary Operational
Environmental Satellite (GOES) 1–8 Å band into the logarithmic classes A,
B, C, M, and X, corresponding to flux levels of 10−8, 10−7, 10−6, 10−5, and
10−4 W m−2 at Earth, respectively. Each class is further subdivided from 1.0
to 9.9, except for X–class flares, which can exceed 10.0; for example, X1.2 and
M3.4 correspond to 1.2× 10−4 W m−2 and 3.4× 10−5 W m−2, respectively.

Flares also exhibit a characteristic temporal evolution, commonly describe
in terms of a precursor phase, an impulsive phase, and a more extended
gradual phase, each associated with distinct radiative signatures and phys-
ical processes. During the impulsive phase of solar flares, energetic parti-
cles are accelerated; some of these particles may escape from the Sun along
magnetic field lines originating close to the flare site, producing impulsive
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solar energetic particle (SEP) events in interplanetary space (Reames, 1999;
Reames, 2013). Large–scale expulsions of magnetized coronal plasma into
interplanetary space, known as coronal mass ejections (CMEs), are also fre-
quently observed in association with solar flares. Although the causal role of
solar flares in producing CMEs is not clear, there is an increasing association
between flares and fast, wide CMEs, starting from approximately 1:3 for low
C–class events and progressing to a nearly one–to–one association for flares
stronger than X2.0 (Georgoulis et al., 2024). The strong shocks driven by the
fastest CMEs are also effective in accelerating a small fraction of the particles
they intercept to very high energies. Although only a small fraction of the
solar–wind particles encountered by these shocks are accelerated, the flux of
these particles relative to the cosmic–ray background can be quite high, and
the accelerated particles may be detected on all field lines intersecting the
shocks.

Flares occur in magnetically complex regions, known as active regions
(ARs), within which sunspots represent the most conspicuous photospheric
manifestation. Sunspots host strong magnetic fields and appear dark because
magnetic fields inhibit convective energy transport. They are commonly or-
ganized in bipolar groups within larger ARs. The magnetic structure of ARs
is not confined to the photosphere, but extends upward into the chromo-
sphere and corona, where it shapes the overlying atmospheric configuration
and plays a central role in flare–related energy storage and release. The mag-
netic and morphological complexity of these regions is closely tied to flare
productivity, making ARs and sunspot groups the natural starting point for
any observational discussion of flaring activity.

This chapter is organized as follows. Section 2.1 introduces the observa-
tional classification of sunspots and ARs and their relation to flare produc-
tivity, while Section 2.2 focuses on the formation and evolution of δ–spot
configurations. Section 2.3 then discusses photospheric signatures of flare–
productive ARs, and Section 2.4 extends the discussion to atmospheric and
subsurface signatures. Finally, Section 2.5 describes the Solar Dynamics Ob-
servatory (SDO) data products used throughout this thesis.

2.1 Sunspots Classification and Flare Productivity

Sunspot numbers vary with a period of roughly 11 years, known as the
solar cycle of activity (see Figure 2.1). At the beginning of a solar cycle,
sunspots tend to appear at heliographic latitudes of about 30◦–45◦; as the
cycle progresses, they appear at lower latitudes, a pattern known as Spörer’s
law (Carrington, 1858).

The first direct evidence that sunspots possess strong magnetic fields was
provided by Hale (1908), who demonstrated Zeeman broadening and split-
ting of magnetically sensitive sunspot spectral lines, including the Fe I 6301.72
and 6302.71 Å. Hale et al. (1919) then showed that sunspot groups are typ-
ically bipolar magnetic systems whose leading and following spots usually
have opposite polarities, that this polarity pattern differs between hemisphere
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FIGURE 2.1: Temporal and latitudinal evolution of sunspot ac-
tivity from 1874 to 2016. The upper panel shows the butter-
fly diagram of sunspot area in equal–area latitude strips, ex-
pressed as a percentage of each strip area, illustrating the sys-
tematic equatorward migration of sunspot emergence during
successive solar cycles, in accordance with Spörer’s law. The
lower panel shows the corresponding disk–integrated average
daily sunspot area, expressed as a percentage of the visible so-
lar hemisphere, with solar cycle numbers indicated near each

activity maximum.

and reverses across solar cycles, and that bipolar groups exhibit a system-
atic latitudinal tilt now known as Joy’s law. The same study also introduced
a magnetic classification of sunspots based on 970 groups observed during
1915–1917. These observational results were later formalized by Hale and
Nicholson (1925) into the law of sunspot polarity, or Hale–Nicholson law.

These early observational results established sunspots not only as mor-
phological features, but also as tracers of organized magnetic structure, nat-
urally leading to the development of different classification schemes. The
Mount Wilson magnetic classification of sunspots is a scheme based primar-
ily on magnetic polarity measurements and supplemented by the distribu-
tion of associated calcium and hydrogen flocculi (Hale and Nicholson, 1938).
Sunspot groups were divided into three principal classes, α, β, and γ. α–
groups are unipolar, consisting of a single spot or a set of spots of the same
magnetic polarity; these are further subdivided into α, αp, and α f accord-
ing to whether the surrounding flocculi are roughly symmetric, elongated
behind the group, or elongated ahead of it. β–groups are bipolar and con-
sist of preceding and following portions of opposite polarity; they are sub-
divided into β, βp, and β f according to whether the two ends are roughly
equal, dominated by the preceding member, or dominated by the following
member. βγ–groups retain an overall bipolar organization, but the dividing
line between the preceding and following polarities is not clearly defined,
or small opposite–polarity companions complicate the pattern. γ–groups are
complex, with magnetic polarities too irregularly distributed to fit the bipolar
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pattern.
One of the earliest systematic statistical studies of the relationship be-

tween solar eruptions and sunspot groups, based on observations from 1935–
1937, was presented by Giovanelli (1939). He defined the eruption probabil-
ity as the average number of eruptions observed per day per sunspot group
and showed that this probability increases approximately linearly with sun-
spot–group area. He also found that eruption productivity increases with the
magnetic complexity of the sunspot–group type, being lowest for αp groups,
approximately the same for β f , β, and βp groups, higher for βγ groups, and
highest for γ groups. The comparable activity of β f and βp groups suggested
that the orientation of the bipolar group has little influence on its activity,
whereas increasing magnetic complexity has a stronger effect. These find-
ings were supported by subsequent studies (Bell and Glazer, 1959; Greatrix,
1963)

The Mount Wilson classification was later modified by the introduction
of the δ designation for sunspot groups containing umbrae of opposite mag-
netic polarity within a common penumbra (Künzel, 1959; Künzel, 1965). The
work of Künzel (1959) established a clear statistical connection between mag-
netic complexity and flare productivity, and argued that local magnetic–field
structure is more directly related to flare occurrence than spot–group mor-
phology alone. Later statistical studies showed consistent results (e.g. Sam-
mis, Tang, and Zirin (2000), Ternullo et al. (2006), Toriumi et al. (2017), and
Chaudhari et al. (2024)). Other studies have also shown correlations between
δ–spots and flares associated with energetic proton emission (Warwick, 1966;
Sakurai, 1970), γ–ray emission (Xu et al., 1991), and fast CMEs (Wang and
Zhang, 2008).

The Mount Wilson classification scheme is based on the magnetic struc-
ture of sunspots, but early attempts to classify sunspot groups were based
mainly on their morphology as observed in white light, which for many years
provided the primary basis for describing sunspot structure and evolution.
The Zurich classification is a morphological scheme developed by Waldmeier
(1938) from the earlier classification introduced by Cortie (1901). This ap-
proach was later refined in the McIntosh classification (McIntosh, 1990). The
McIntosh classification has the form Zpc, where Z is a modified Zurich class
describing the evolutionary stage and large–scale structure of the sunspot
group, p characterizes the penumbra and symmetry of the largest spot, and
c describes the compactness of the spotted interior between the leading and
following parts of the group. By combining these three components, McIn-
tosh expanded the traditional Zurich scheme into 60 distinct sunspot–group
types, with more objective definitions based solely on white–light observa-
tions.

A major contribution of the paper McIntosh (1990) is that the added de-
scriptors capture features of sunspot groups that are closely related to size,
maturity, stability, and complexity, and therefore correlate better with solar
flares than the older Zurich classification alone . Using statistics from 1969–
1976, McIntosh showed that flares are concentrated in the larger and more
complex types, especially groups with large asymmetric principal spots and
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compact interiors, while symmetric and open groups are comparatively in-
active. Bornmann and Shaw (1994) showed that flare rates increase along the
main diagonal of the three–dimensional McIntosh classification space, from
the simplest classes, such as A/B/Hxx, to the most complex classes, such as
Fkc. Other studies have also reported that morphological complexity corre-
lates with flare occurrence (Gallagher, Moon, and Wang, 2002; Lee et al., 2012;
McCloskey, Gallagher, and Bloomfield, 2016; Janssens et al., 2025). The McIn-
tosh classification system is currently used by the Space Weather Prediction
Center of the National Oceanic and Atmospheric Administration (NOAA)
(Leka et al., 2019; Camporeale and Berger, 2025).

2.2 Formation and development of δ–spots

Evidence of the role of active–region magnetic evolution in flare produc-
tivity was provided by Martres et al. (1968), who showed that flare onset is
typically associated with neighboring opposite–polarity magnetic structures
within ARs, and that these flare–producing pairs characteristically evolve in
opposite senses, with one element growing while the other declines. Using
18 years of observations from Big Bear Solar Observatory (BBSO), Zirin and
Liggett (1987) analyzed 21 δ sunspot groups and argued that great flares are
fundamentally tied to δ configurations, especially those in which substan-
tial opposite–polarity umbrae are forced into close contact within a common
penumbra. They classified δ–spots into three distinct classes according to
how they formed.

The first type consists of a complex of spots emerging simultaneously as
intertwined dipoles, referred to as “island δ” configurations (e.g. McMath
11976 Zirin and Tanaka (1973) and NOAA 5395 Wang et al. (1991)). The sec-
ond type forms in two stages when large satellite dipoles emerge within or
near the penumbra of an older, dominant spot, producing a δ configuration
(e.g. Mount Wilson 21030 Patterson and Zirin (1981) and NOAA 10930 Kubo
et al. (2007)). The third type results from the collision between two separate
growing bipolar groups (e.g. NOAA 11158 Toriumi et al. (2014) and NOAA
10314 Poisson et al. (2013)). Zirin and Liggett (1987) also suggested that δ
configurations are not merely surface arrangements of spots, but manifesta-
tions of a deeper subsurface process.

This interpretation was further developed by Tanaka (1991) through the
study of the isolated δ group McMath 13043, observed in July 1974, using
evolutionary observations from BBSO. The group exhibited unusually rapid
evolution accompanied by numerous intense flares, providing an exceptional
case for examining the relation between flare occurrence and changes in mag-
netic configuration. Its unusual surface evolution was interpreted as the pho-
tospheric expression of a complex subsurface twisted magnetic–rope system,
with the observed sequence of spot and magnetic–structure changes reflect-
ing the continued emergence of a complexly intertwined magnetic flux rope.
In this framework, successive changes in spot morphology and magnetic
connectivity correspond to the photospheric intersections of different parts
of an emerging three–dimensional twisted rope or knot. The concentrated
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flare activity of isolated δ groups was therefore attributed to internal mag-
netic activity below the surface, capable of generating anomalous twisted
ropes whose emergence drives rapid spot motions, extreme shear, and re-
peated major flares.

Poisson et al. (2013) studied the emergence and evolution of the highly
flare–productive NOAA 10314 and concluded that its complex quadrupolar
structure and sustained activity were produced by the emergence of a single,
severely deformed magnetic flux tube rather than by two unrelated bipoles.
The morphology of the flux tube was inferred from the photospheric evolu-
tion of the magnetic polarities observed in Solar and Heliospheric Observa-
tory (SOHO)/Michelson Doppler Imager (MDI) magnetograms. The region
began with the appearance of two closely timed bipoles, whose inner polar-
ities packed together to form a persistent δ–spot. NOAA 10314 produced 37
flares, including two X–class and seven M–class events. During the major
flares, a complete restructuring of the coronal configuration was observed.
In particular, before the X1.5 flare on March 18, 2003, the coronal structure
was clearly sigmoidal, with pronounced shear in the region coincident with
the inversion line of the δ–spot. After the flare, the coronal loop configuration
became more potential, indicating a relaxation of magnetic stress.

A method for reconstructing the subsurface three–dimensional magnetic
structure of an emerging AR directly from observations was presented by
Chintzoglou and Zhang (2013), using high–cadence SDO/Helioseismic and
Magnetic Imager (HMI) magnetograms of NOAA 11158. By applying an
image–stacking technique to the time sequence of magnetograms, they gen-
erated a three–dimensional data cube of the emerging flux system. They
found that, despite its complex photospheric appearance, the AR consisted of
two major bipoles comprising four main polarities, each of which displayed
a tree–like morphology, with a relatively coherent, trunk–like root at depth
that branches into multiple thinner flux tubes near the surface. The roots
of the four main polarities were approximately aligned along a straight line,
whereas the upper branches were somewhat non–coplanar, indicating that
much of the apparent surface complexity develops in the upper layers dur-
ing flux emergence. The study therefore concluded that an AR with a highly
complex photospheric morphology may nevertheless originate from a com-
paratively simple, straight subsurface flux tube that undergoes both horizon-
tal and vertical bifurcation during its ascent through the convection zone.

A broader survey by Toriumi et al. (2017) examined all flares of class ≥
M5 occurring within 45◦ of disk center over six years from May 2010 and
classified the host ARs into four groups according to their development. The
first three were equivalent to the evolutionary types introduced in Martres et
al. (1968). However, some X–class events were found to occur between two
independent ARs and therefore did not require the presence of a δ sunspot or
a strong–gradient polarity inversion line (PIL). These cases were categorized
in a fourth group, termed inter–AR events. For example, the X1.2 event of
2014 January 7 occurred in the magnetic environment of neighboring NOAA
11944 and 11943, with the source region located near their mutual boundary
and assigned to NOAA 11944 (Möstl et al., 2015; Wang et al., 2015).
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More recent studies have complemented these earlier case–based inter-
pretations with broader statistical evidence. Moore et al. (2026) investigated
the formation of δ sunspots with sharp PILs using more than a decade of
SDO/HMI full–disk magnetograms and continuum images, and found that
only one of the 28 sharp–PIL δ–sunspots in their sample formed from a sin-
gle newly emerged bipolar magnetic region, whereas the remainder resulted
from the interaction and merger of two or more emerging or already emerged
bipolar magnetic regions. This result argues against the view that most sharp–
PIL δ–sunspots are produced by a single writhed or kinked flux rope. In-
stead, the authors argue that separate magnetic flux systems emerge and
are subsequently brought together by photospheric advection, until they are
compressed in convective downflow, where converging motions pack oppo-
site polarities closely enough to produce a sharp PIL and a δ configuration.

A complementary cycle–scale statistical analysis of Solar Cycles 23–25 by
Louis (2025) confirmed that δ ARs are preferentially associated with M– and
X–class flares. However, the study also showed that their occurrence, life-
time, and flare productivity vary substantially from cycle to cycle, and that
a significant fraction remain flare–quiet. This result underscores that the δ
configuration is a strong, but not sufficient, indicator of eruptive activity.

2.3 Photospheric features

2.3.1 Strong–field, strong–gradient, highly–sheared PILs and
magnetic channels

Flares are generally understood to result from the sudden release of mag-
netic energy through magnetic reconnection. Such a process is favored where
magnetic fields of opposite polarity are brought into close contact, as in PILs;
it is therefore natural that flares are commonly observed to occur around
them. Strong–field, strong–gradient, and highly sheared PILs have been con-
sistently associated with major flare activity, as they serve as proxies for
compact, current–carrying magnetic structures emerging through the pho-
tosphere (Zirin and Tanaka, 1973; Hagyard et al., 1984; Wang et al., 1996;
Schrijver, 2007).

Both the vertical and transverse magnetic fields around strong PILs can
reach very large values. Direct spectropolarimetric measurements by Zirin
and Wang (1993b) showed that strong transverse fields in δ–spots are gener-
ally aligned parallel to the neutral line and can reach values as high as 3980 G,
comparable to umbral fields. Later observations confirmed that such intense
fields can occur within or near light bridges between opposite–polarity um-
brae. Jaeggli (2016) reported a persistent, nearly horizontal field of about
3500–3800 G near the PIL of NOAA 11035, while Wang et al. (2018a) mea-
sured a transverse field of about 5570 G in the light–bridge structure of NOAA
12673. Earlier and more recent surveys further show that fields exceeding
4000 G are rare but are often associated with complex sunspot groups and
light bridges; one example is the reported super–strong magnetic field of
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6250 G in NOAA 11967, one of the strongest photospheric magnetic fields
directly observed on the Sun (Livingston et al., 2006; Okamoto and Sakurai,
2018).

The vertical magnetic field changes sharply across the PIL, indicating
that opposite–polarity flux systems are brought into close proximity and that
magnetic flux is concentrated within a compact, strongly stressed boundary
layer (Moreton and Severny, 1968; Wang et al., 1991; Wang, Xu, and Zhang,
1994). In flare–productive ARs, magnetic gradients across the PIL can reach
values of the order of several hundred G Mm−1 (Liu et al., 1996; Wang and
Li, 1998; Cui et al., 2006; Jing et al., 2006; Song et al., 2009).

The shear angle of the vector magnetic field is defined as the angle be-
tween the observed magnetic field and its corresponding current–free poten-
tial field, where the potential field satisfies the boundary conditions provided
by the observed line–of–sight (LoS) field (Hagyard et al., 1984; Lü, Wang, and
Wang, 1993). It is therefore a measure of the non–potentiality of the magnetic
configuration and, by extension, a proxy for the electric currents and mag-
netic free energy stored in the AR. In a potential, non–sheared field config-
uration in an AR, the transverse field direction in the vicinity of the neutral
line is expected to be approximately normal to the line, compatible with loops
arching across the neutral line from positive to negative polarities. However,
shear angles of 80◦–90◦ are frequently observed around PILs during flares
(Hagyard, Venkatakrishnan, and Smith Jr, 1990; Hagyard, 1990).

Another important feature of flaring PILs is the so–called magnetic chan-
nel, defined as an elongated magnetic structure with alternating polarities.
Strong transverse magnetic fields are also found along these channels. Sur-
face plasma flows are observed along the channels as well, and the structure
is associated with new flux emergence (Zirin and Wang, 1993a; Wang et al.,
2002). The spatial resolution of early magnetograms was insufficient to study
magnetic–channel structure in detail, but the launch of the Hinode spacecraft
enabled such investigations. In particular, the Solar Optical Telescope (SOT),
on board Hinode, provided unprecedented observations with high spatial
and temporal resolution, allowing more advanced studies of the nature of
magnetic channels and their role in powering flares (Wang et al., 2008; Lim
et al., 2010).

Small–scale magnetic disturbances embedded in strongly sheared PIL re-
gions have also been shown to trigger major flares (Bamba, Yamamoto, and
Okamoto, 2013). The role of such disturbances in flare triggering was later in-
vestigated using SDO/HMI and SDO/Atmospheric Imaging Assembly (AIA)
observations in both detailed event studies and broader assessments (Tori-
umi et al., 2013; Bamba et al., 2017; Bamba and Kusano, 2018).

2.3.2 Photospheric Magnetic Complexity and Intermittency

It is well established that the frequency and magnitude of solar flares in-
crease with the size and with the morphological and magnetic complexity of
their host ARs, as reflected by the McIntosh white–light and the Mount Wil-
son magnetic classifications. Over the past decades, the characterization of
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solar magnetic fields has evolved from morphological descriptions toward a
quantitative view in which photospheric magnetic fields are understood as
multifractal, intermittent, and scale–dependent structures.

Lawrence, Ruzmaikin, and Cadavid (1993) showed that photospheric mag-
netic fields are better described as multifractal measures than by a single frac-
tal dimension. Quiet–Sun fields appear partly Gaussian but also strongly
intermittent, suggesting that they are generated by small–scale convective
dynamo action, while active–region fields show broader multifractal spec-
tra that reflect the contribution of strong, sunspot–like fields together with
weaker large–scale magnetic components. The study therefore frames solar
magnetic structure as scale–dependent and intermittent, rather than statisti-
cally homogeneous.

The multifractal interpretation of solar magnetic fields was subsequently
extended by Cadavid et al. (1994). By comparing observed magnetograms
with analytical and numerical models, they showed that observed LoS mag-
netic–field distributions can be interpreted as a combination of a self–similar
multifractal component and a Gaussian white–noise–like contribution. A
more rigorous framework for describing the scale–dependent and intermit-
tent structure of photospheric magnetic fields was later provided by Lawrence,
Cadavid, and Ruzmaikin (1996), who showed that different measures, such
as generalized dimensions, box–counting dimensions, and threshold dimen-
sions, capture different aspects of the magnetic–field distribution and should
not be treated as equivalent.

Building on earlier work that established the fractal and multifractal na-
ture of solar magnetic fields, McAteer, Gallagher, and Ireland (2005) shifted
the emphasis from structural characterization to predictive relevance by re-
lating active–region fractal dimension to flare occurrence and magnitude.
Using active–region subfields extracted from SOHO/MDI full–disk magne-
tograms, they applied an automated box–counting method to 9342 active–
region images spanning 2742 days and compared the resulting fractal dimen-
sions with both Mount Wilson magnetic classifications and flare productiv-
ity. They found that ARs with larger fractal dimensions tend to be more
flare–productive. At the same time, the fractal–dimension distributions of
different Mount Wilson classes α, β, βγ, βγδ were found to be broadly simi-
lar, implying that a single global fractal dimension captures only part of the
magnetic complexity relevant to flaring.

Photospheric magnetic complexity can also be interpreted in the language
of turbulence theory, which reformulates the earlier multifractal description
in terms of intermittency and magnetic–energy dissipation. In this frame-
work, Abramenko et al. (2002) showed that the scaling of the vertical photo-
spheric field is not universal across ARs, but instead reflects different levels
of intermittency that correlate with flare productivity. Their analysis suggests
that the relative contribution of small–scale fluctuations in magnetic–energy
dissipation becomes larger as an AR evolves toward stronger flaring states,
indicating that flare–related magnetic reorganization involves not only large–
scale structures but also the progressive buildup of small–scale dissipative
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structures before flare onset. Abramenko et al. (2003) computed two turbu-
lence parameters from time sequences of photospheric magnetograms dur-
ing major flares, consisting of the scaling exponent β, derived from sixth–
order structure functions and used as a measure of magnetic intermittency,
and the correlation length λ of the magnetic–energy–dissipation field ϵ(Bz).
Their results suggested the presence of a preflare turbulent phase and in-
dicate that the peak in λ may trace an avalanche–like sequence of coronal
reconnection events within the framework of self–organized criticality.

Structural complexity in ARs can also be characterized through the mag-
netic power spectrum. Using high–resolution SOHO/MDI magnetograms
of 16 ARs, Abramenko (2005) computed the power–law index α of the mag-
netic power spectrum, E(k) ∝ k−α, where k denotes the spatial wavenumber,
and compared it with the daily soft X–ray flare index A. The flare index is
a weighted measure of flare productivity based on GOES B–, C–, M–, and
X–class events, defined as

A =
1
τ

[
100 ∑

i
IX,i + 10 ∑

j
IM,j + 1.0 ∑

k
IC,k + 0.1 ∑

l
IB,l

]
, (2.1)

where τ is the observing interval. Abramenko (2005) showed that flare–
productive regions have systematically steeper spectra; in particular, ARs
producing X–class flares typically have α > 2, whereas flare–quiet regions
are closer to the Kolmogorov value α ≈ 5/3. In addition, the spectral slope
measured early in the emergence phase was found to be similar to its later
average value, indicating that the magnetic power spectrum may contain in-
formation about the future flare productivity of an AR from an early stage.
Further evidence for the connection between intermittency and flare produc-
tivity was provided by Abramenko and Yurchyshyn (2010) through the anal-
ysis of a large sample of 214 ARs.

From a practical point of view, however, Georgoulis (2005) concluded that
simple fractal measures and generalized multifractal correlation dimensions
of AR magnetic fields are of limited value for flare prediction, whereas the
structure functions Sq(r) and, in particular, the temporal evolution of their
inertial–range scaling exponents ζ(q), may provide statistically useful diag-
nostics of imminent flaring activity. Overall, a substantial body of work has
examined the fractal and multifractal properties of solar active–region mag-
netic fields (see the review by McAteer, Gallagher, and Conlon, 2010).

2.3.3 Current Neutralization and Multiscale Current Struc-
ture

Magnetic energy released in solar flares and CMEs is stored in the non–
potential field of ARs, and a long–standing question is whether the associ-
ated electric currents are neutralized within each magnetic polarity or whether
a net current survives on active–region scales. In a series of influential pa-
pers, Melrose (1991), Melrose (1995), and Melrose (1996) argued, on the basis
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of vector–magnetogram interpretations, that flare–productive regions com-
monly exhibit unneutralized currents, with current flowing from one foot-
point to the other without an observed coronal return current. He further
maintained that this poses difficulties for standard flare models in which
post–emergence twisting or shearing of isolated flux tubes should produce
locally neutralized current systems and that explicit consideration of current
paths and boundary conditions is therefore essential for understanding en-
ergy storage and release. By contrast, Parker (1996) argued that flare–related
evolution should be formulated primarily within the standard magnetohy-
drodynamic (MHD) description in terms of the magnetic field and plasma ve-
locity, with current treated as a derived quantity. He also questioned whether
magnetogram–based inferences of net current are physically reliable, given
the unresolved fibril structure of the photospheric field. Melrose’s reply clar-
ified that the principal disagreement was not over the validity of MHD itself,
but over the physical interpretation of vector–magnetogram data, the useful-
ness of the “current viewpoint” in constraining boundary conditions, and the
implications of apparent non–neutralization for flare models. Together, these
papers established the current–neutralization problem as a fundamental is-
sue in solar physics, linking the origin and closure of active–region currents
to the buildup of free magnetic energy and to the initiation of eruptive activ-
ity.

Two basic mechanisms have been proposed for the development of non–
neutralized currents in solar ARs, namely the emergence of current–carrying
magnetic flux and the buildup of such currents by typical photospheric flows,
such as twisting and shearing motions. Leka et al. (1996) concluded from
the morphology, proper motions, and vector–magnetogram measurements
of emerging bipoles in NOAA 7260 that the newly emerging flux was al-
ready carrying substantial electric current before it became visible at the so-
lar surface. Their results therefore support the view that, at least in some
ARs, electric currents and magnetic free energy are brought to the photo-
sphere by the emergence of pre–stressed, current–carrying flux, rather than
being generated only afterward by photospheric motions. Dalmasse et al.
(2015) used three–dimensional MHD simulations to show that typical pho-
tospheric twisting and shearing motions generate both direct and return cur-
rents, but that a net coronal current can nevertheless develop when magnetic
shear builds up along the PIL. Their results imply that complete current neu-
tralization is a special case, whereas non–neutralized currents are expected
in more realistic active–region configurations with a sheared PIL. Observa-
tional evidence for near–neutralized photospheric currents in sunspots has
been reported, although it remains limited (Wilkinson, Emslie, and Gary,
1992; Venkatakrishnan and Tiwari, 2009).

Subsequent work revisited the current–neutralization problem using high-
er–quality vector magnetograms and modern three–dimensional modeling,
increasingly pointed to a close connection between net currents, magnetic
shear, and eruptive activity. Georgoulis, Titov, and Mikić (2012) reported that
non–neutralized current patterns are preferentially concentrated near strong
PILs and argued that these currents are physically linked to the Lorentz force
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responsible for the generation of magnetic shear, thereby supporting the view
that net currents are intrinsic to strongly interacting magnetic polarities rather
than mere observational artifacts. Extending this observational line, Konto-
giannis et al. (2017) found that flare–productive ARs tend to exhibit stronger
non–neutralized currents, suggesting that departures from current neutral-
ization are not only common in complex ARs but are also relevant to their
flare potential. A similar conclusion was reached by Liu et al. (2017b), who
showed that electric–current neutralization, magnetic shear along the PIL,
and eruptive behavior are closely coupled, with more weakly neutralized
current systems tending to be associated with more eruption–prone magnetic
configurations.

A recent follow–up that revisits this long–standing question of current
neutralization in newly emerging solar ARs using a much larger sample
and more advanced vector–magnetogram data was provided by Duan, Xing,
and Jiang (2024). Using SDO/HMI observations of 86 well–isolated flux–
emerging ARs, they found that most ARs are born with currents close to neu-
tralization, while the strongest departures from neutrality occur in the more
non–potential regions, thereby linking departures from current neutraliza-
tion primarily to magnetic non–potentiality rather than to active–region size
or flux–emergence rate. At the same time, Parker’s reservations regarding
the interpretation of magnetogram–derived net currents have continued to
inform later work. Sun and Cheung (2021) showed that some apparently
non–neutralized photospheric currents may result from a geometric projec-
tion effect during flux emergence. Their work does not exclude genuine net
currents, but it cautions that magnetogram–based current imbalance is sen-
sitive to the geometry and stage of emergence and should not always be in-
terpreted as direct evidence of physically non–neutralized currents.

Another line of investigation has addressed the role of current helicity in
the characterization of active–region magnetic structure. In its general local
form, current helicity is defined as

Hc ∝ B · (∇× B), (2.2)

and therefore quantifies the degree of alignment between the magnetic field
and the electric current density. In photospheric applications, where only the
vertical component of the current density can be inferred directly from the
horizontal derivatives of vector magnetograms, current helicity is commonly
represented by the proxy

hc ∝ Bz(∇× B)z, (2.3)

In contrast to unsigned current, current helicity conveys not only the pres-
ence of electric currents but also their sign, thereby providing information on
the dominant chirality or sense of twist of the magnetic field. It is thus re-
garded as a diagnostic of magnetic non–potentiality and of the free magnetic
energy stored in ARs. Moreover, the spatial distribution of current helicity
provides insight into the organization of oppositely signed current systems
and the extent to which they cancel across spatial scales.
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Studies based on current–helicity measurements and cancellation analy-
sis have consistently indicated that flare–productive ARs undergo a system-
atic multiscale reorganization of the photospheric current–helicity distribu-
tion. This reorganization is manifested as measurable changes in the degree
of sign cancellation across spatial scales and has been interpreted as evidence
for modifications in the topology, coherence, and dissipative structuring of
current–carrying magnetic fields as flaring activity intensifies (Abramenko,
Wang, and Yurchishin, 1996; Abramenko, Yurchishin, and Carbone, 1998;
Yurchyshyn, Abramenko, and Carbone, 2000).

Sorriso-Valvo et al. (2015) represented a significant methodological ad-
vance in this line of work by exploiting the high spatial resolution, uninter-
rupted temporal coverage, and uniform cadence of SDO/HMI vector mag-
netograms to track the multiscale evolution of current density and current
helicity in NOAA 11158 from flux emergence through major flaring activity.
Their analysis enabled, for the first time, a detailed time–dependent char-
acterization of cancellation properties over several days, including the first
clear detection of sign singularity not only in current helicity but also directly
in the vertical current density, thereby providing a basis for more detailed
studies of the short–timescale relationship between photospheric magnetic
complexity and major flares.

2.4 Atmospheric and subsurface evolutions

2.4.1 Sigmoids and Filaments as Observational Signatures of
Flux–Rope Topology

Non–potential coronal magnetic topologies, characterized by shear, twist,
and substantial field–aligned currents, can store magnetic energy sufficient to
power moderate–to–large flares. When observed in soft X–rays, such coro-
nal fields often display forward or inverse S–shaped structures known as sig-
moids, which are generally interpreted as manifestations of magnetic flux–
rope topology.

One of the earliest explicit observational arguments linking sigmoid bright-
enings to kinked magnetic flux ropes was provided by Rust and Kumar
(1996). Using Yohkoh soft X–ray observations, they catalogued 103 transient
brightenings near disk center, many of which exhibited clear S or reverse–
S morphology, and showed that the aspect ratios of 49 well–defined events
were consistent with a simple model of a twisted flux rope undergoing he-
lical kink instability, with the observed values of 2πR/Lobs peaking near the
value expected from the model once projection effects were taken into ac-
count. On this basis, they argued that transient sigmoids constitute obser-
vational evidence for unstable, kinked magnetic fields and suggested that
the same instability may play a causal role in solar eruptions and CMEs.
They further showed that reverse–S brightenings were strongly favored in
the northern hemisphere, whereas forward–S brightenings dominated in the
southern hemisphere, and interpreted this hemispheric pattern as evidence
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that the coronal fields associated with transient sigmoids are systematically
twisted. The inferred sign of helicity is consistent with the hemispheric he-
licity pattern previously identified in studies of Hα filaments and sunspot
regions.

The statistical demonstration that sigmoidal ARs are more eruption–prone
than non–sigmoidal ones, with sigmoid morphology and sunspot area act-
ing as independent predictors of eruptive activity, established sigmoids as
practically useful coronal precursors of solar eruptions (Canfield, Hudson,
and McKenzie, 1999). This statistical link between sigmoid morphology and
eruptive activity helped motivate their subsequent interpretation as signa-
tures of twisted, helicity–bearing coronal magnetic fields whose eruption
may involve the formation or destabilization of magnetic flux ropes (Can-
field, Hudson, and Pevtsov, 2000).

Green, Kliem, and Wallace (2011) provided a clear evolutionary example
of flux–rope formation in a decaying bipolar AR, showing that sustained flux
cancellation at the internal PIL over 2.5 days transformed the coronal field
from a weakly sheared arcade into a highly sheared arcade and then into a
continuous soft X–ray sigmoid whose middle section crossed the PIL in the
inverse direction, a configuration that was interpreted as evidence for a pre–
eruptive flux rope. They further argued that the amount and distribution of
the cancelled flux, together with the behaviour of a hot linear feature cross-
ing the sigmoid center, suggest that reconnection progressively built the rope
and likely increased its coherence immediately before the eruption. The sig-
moidal flux rope eventually erupted during a B1.4–class flare, leaving a post–
eruption arcade structure in soft X–ray images, consistent with the sigmoid–
to–arcade evolution reported by Sterling and Hudson (1997), Hudson et al.
(1998), and Sterling et al. (2000). Comparable long–term transitions from a
sheared arcade or double–J configuration to a continuous sigmoid were re-
ported by Tripathi et al. (2009), Green and Kliem (2009), and Savcheva et al.
(2012), supporting the view that, in ARs, twisted flux ropes can form in situ
above the PIL through prolonged photospheric driving, particularly flux can-
cellation, either before eruptions or during longer–lived non–eruptive evolu-
tion.

It has been shown statistically that Hα filaments and X–ray sigmoids are
commonly and closely associated spatially in ARs (Pevtsov, 2002). In a de-
tailed case study of six eruptive events Pevtsov (2002) further showed that
the sigmoid activates, erupts, and is replaced by a cusp or an arcade, whereas
the associated Hα filament remains intact or undergoes only partial eruption.
The principal implication is that the coronal sigmoid and chromospheric fil-
ament are closely related, but occupy different parts of the same larger mag-
netic configuration. This interpretation is consistent with later studies that
further documented the close association between filaments and sigmoidal
structures (Marqué, Lantos, and Delaboudiniere, 2002; Regnier and Amari,
2004; Rust and LaBonte, 2005).

The advent of SDO/AIA made it possible to investigate the thermal struc-
ture of flux ropes and related active–region core fields in the low corona in a
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far more systematic way through differential emission measure (DEM) anal-
ysis. Thermal diagnostics based on DEM analysis have shown that erupt-
ing flux–rope cores are thermally distinct from their surroundings, with the
hottest plasma concentrated in the erupting core or plasmoid, whereas the
leading front and surrounding coronal structures remain comparatively cooler
(Cheng et al., 2012; Hannah and Kontar, 2013). In a more methodological
study, Cheung et al. (2015) introduced and validated a positive–definite DEM
inversion method for SDO/AIA data and applied it to NOAA 11158, show-
ing that SDO/AIA DEM maps can resolve the thermal organization of an AR
by distinguishing high–emission–measure core loops above ∼ 3.5, MK dur-
ing the active flaring phase from predominantly cooler peripheral fan loops,
and by tracking the strong reduction of high–temperature emission as the re-
gion decayed. Extending DEM analysis to the pre–eruptive phase, Syntelis
et al. (2016) combined SDO/AIA and Hinode/Extreme–ultraviolet Imaging
Spectrometer (EIS) diagnostics to study two different fast CMEs that orig-
inated during two X–class flares in NOAA 11429. They identified, in the
eastern and western eruptive regions, a distinct hot component in the tem-
perature range of log T = 6.8− 7.1 associated with the presence of flux ropes.
In the eastern rope, this component increased by about an order of magni-
tude in the 5 h before the first CME and was accompanied by blueshifts,
enhanced non–thermal widths, and densities of 4× 109 − 2× 1010cm−3, in-
dicating gradual heating and ascent before eruption.

2.4.2 Non–thermal Broadening of EUV Spectral Lines Prior
to Flares

Another possible coronal response to the long–term photospheric evolu-
tion is the pre–flare non–thermal broadening of extreme–ultraviolet (EUV)
spectral lines. The measured width of an emission line contains contribu-
tions from instrumental broadening, thermal broadening, and an additional
non–thermal excess component. These contributions are related by

W2
obs = W2

inst + 4 ln 2
(

λ

c

)2 (
v2

t + v2
nt

)
(2.4)

where Wobs and Winst are the observed and instrumental widths, respectively,
λ is the wavelength of the emission line, c is the speed of light, vt is the
thermal velocity, and vnt is the non–thermal velocity.

Soft X–ray non–thermal line broadening appears to be an early coronal
manifestation of flare development, rather than merely a secondary conse-
quence of the main hard X–ray–producing energy deposition phase (Alexan-
der et al., 1998; Ranns et al., 2000; Harra, Matthews, and Culhane, 2001). In
these studies, the broadening was observed to precede, or to begin rising
prior to, the strongest hard X–ray emission, and is therefore more plausibly
associated with processes operating near flare onset, such as turbulence in
hot plasma near or above the flare loops. The combined evidence further
suggests that the dominant source of the broadening is not located at the
chromospheric footpoints, but rather in hot plasma within or above the flare
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loops, with turbulence and/or evaporative upflows remaining the principal
interpretations. Harra et al. (2009) examined the pre–flare coronal evolution
over the three days preceding the 2006 December 13 X3.4 flare, using Hin-
ode/EIS measurements of Fe XII 195 Å line profiles. Their main result was
that coronal non–thermal line widths increased before any eruptive activ-
ity and only after the helicity injection rate had already saturated, implying
that the corona undergoes measurable dynamical changes many hours be-
fore flare onset.

Imada et al. (2008) found that broad non–Gaussian EUV line profiles as-
sociated with redshifts were present in the flare arcade. They identified two
principal types of broad profiles: a distorted profile produced by multiple
flow components, and a symmetric profile without a resolved additional
component. Their interpretation was that multiple flow components are more
important in newly formed loops, particularly soon after the impulsive phase,
whereas older loops tend to exhibit more symmetric broadening, possibly
owing to turbulence developing where reconnection downflows interact with
evaporative upflows. Although the authors did not demonstrate conclu-
sively that turbulence is the cause, they argued that the symmetric broad
profiles are plausibly associated with turbulence at the interaction site be-
tween reconnection downflows and upflowing evaporated plasma. Subse-
quent spatially resolved EUV studies further showed that non–thermal broad-
ening is neither spectroscopically nor spatially homogeneous within flares,
but instead reflects both unresolved evaporative footpoint flows and broader
loop–top or flare–arcade dynamics (Milligan, 2011; Kawate and Imada, 2013).

2.5 The Solar Dynamics Observatory (SDO)

The Solar Dynamics Observatory (SDO; Pesnell, Thompson, and Cham-
berlin, 2012) is a NASA mission within the Living With a Star program,
launched on 11 February 2010 into geosynchronous orbit. There are three
instruments onboard: the Helioseismic and Magnetic Imager (HMI; Scherrer
et al., 2012), the Atmospheric Imaging Assembly (AIA; Lemen et al., 2012),
and the Extreme Ultraviolet Variability Experiment (EVE; Woods et al., 2012).
The mission was designed to investigate the origin of solar variability and its
impact on the heliosphere and the near–Earth environment.

SDO data products used in this study are publicly available through the
Joint Science Operations Center (JSOC) 1. The SunPy library (The SunPy
Community et al., 2020) can be used to programmatically query the database
and retrieve the data.

2.5.1 The Helioseismic and Magnetic Imager (HMI)

The HMI instrument provides nearly continuous observations of the full
solar disk with a spatial resolution of 1.0 arcsec, sampled at 0.5 arcsec per
pixel on a 4096 × 4096 charge–coupled device (CCD) detector. The HMI

1http://jsoc.stanford.edu/
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instrument acquires narrow–band filtergrams at six wavelengths centered
on the Fe I 6173 Å spectral line. The HMI observables are referred to as
Level–1.5 data, to distinguish them from Level–0 raw images and Level–1
filtergrams, which correspond to wavelength– and polarization–specific im-
ages that have already been corrected for various effects. These observables
are produced through two pipelines, called LoS and vector magnetic–field
pipelines (Hoeksema et al., 2014; Couvidat et al., 2016).

The LoS pipeline uses filtergrams acquired by the HMI front camera to
derive photospheric observables that include Doppler velocity, LoS magnetic
field, continuum intensity, and the Fe I line width and line depth. These
products are generated at a cadence of 45 s from filtergrams recorded only in
right– or left–circular polarization, and are available both as definitive and
near–real–time (NRT). The vector magnetic–field pipeline uses filtergrams
from the side camera to compute observables from both linear and circular
polarization states. Its primary observable is the set of 24 Stokes images, cor-
responding to the four Stokes parameters measured at six wavelengths. Fil-
tergrams from ten 135 s sequences are combined to produce the final Stokes
vector at a cadence of 720 s, so that temporal averaging improves the signal–
to–noise ratio of the Stokes measurements. The standard LoS observables
algorithm is also applied to the 720 s Stokes I + V and I −V components to
produce temporally averaged LoS observables.

A major source of systematic uncertainty in HMI observables arises from
the geosynchronous orbit of SDO, which produces large daily variations in
the Sun–spacecraft radial velocity of ±3 km s−1. Because HMI samples the
Fe I 6173 Å line at only six discrete wavelength positions, the change in the
Sun–spacecraft radial velocity Doppler–shifts the solar line with respect to
the instrument transmission profile over the course of the day. As a re-
sult, the measured intensities are modulated in a way that propagates into
the derived Doppler velocities, LoS magnetic field, and other observables,
generating spurious daily signals whose amplitude depends on disk posi-
tion, field strength, and the local line profile. Although the pipeline applies
velocity–dependent calibrations and corrections, these effects cannot be fully
removed.

Starting from the Level–1.5 Stokes observables, the HMI vector magnetic–
field pipeline derives vector magnetic–field maps by inverting, at each pixel,
the wavelength–dependent Stokes profiles (I, Q, U, V) measured at six posi-
tions across the Fe I 6173 Å line. These profiles encode information on the
magnetic field through the Zeeman–induced modification of the spectral–
line shape and polarization state. In the operational pipeline, the inver-
sion is performed with the Very Fast Inversion of the Stokes Vector (VFISV)
(Borrero et al., 2011; Centeno et al., 2014) code. VFISV begins from a trial
atmospheric model, computes the corresponding synthetic Stokes profiles,
compares them with the observed profiles, and iteratively adjusts the model
parameters until convergence is achieved through a Levenberg–Marquardt
least–squares minimization of a χ2 merit function. The output is not limited
to a magnetic–field map, but consists of a fitted set of atmospheric parame-
ters for each pixel, together with uncertainties and selected covariances. The
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inferred parameters include the magnetic–field strength, its inclination with
respect to the line of sight, its azimuth with respect to an arbitrarily chosen
direction in the plane perpendicular to the line of sight, as well as kinematic
and thermodynamic quantities and a geometrical parameter, the filling fac-
tor, which quantifies the fraction of the pixel occupied by a magnetic struc-
ture.

The HMI vector pipeline adopts a Milne–Eddington atmosphere model,
i.e. a simplified radiative–transfer model in which the physical parameters
of the atmosphere are assumed to be constant with height, except for the
source function, which varies linearly with optical depth. Under these as-
sumptions, the polarized radiative–transfer equation admits the analytical
Unno–Rachkovsky solution (Borrero et al., 2011; Centeno et al., 2014; Hoek-
sema et al., 2014), allowing the synthetic Stokes profiles to be computed much
more rapidly than in a fully stratified atmosphere. Physically, this means that
the inversion does not attempt to recover the full vertical structure of the
photosphere, but instead retrieves an effective atmosphere whose parame-
ters represent average conditions over the line–formation region and best
reproduce the observed line profiles. In the HMI implementation, the filling
factor is fixed to unity rather than treated as a free parameter; this choice
assumes that the plasma is uniformly magnetized within each pixel. This
choice reflects the fact that HMI spectral sampling and spatial resolution are
insufficient to disentangle filling factor and intrinsic field strength reliably in
the weak–field regime; therefore, the inferred field strength should be inter-
preted as a pixel–averaged quantity.

After the Stokes profiles have been inverted, the magnetic–field vector
is obtained, but it is not uniquely determined, because the linear polariza-
tion signals Q and U determine the transverse–field azimuth only modulo
180◦. In other words, two transverse–field directions differing by 180◦ pro-
duce the same linear–polarization signature. This is an intrinsic ambigu-
ity of Zeeman–based vector magnetography. To resolve this ambiguity, the
HMI vector pipeline applies an additional azimuth–disambiguation step us-
ing a Minimum Energy method. Rather than treating each pixel indepen-
dently, the algorithm searches for the global azimuth configuration that is
most physically plausible by minimizing a quantity proportional to

|∇ · B|+ |Jz|, (2.5)

where Jz is the vertical current density. The rationale is that a physically ac-
ceptable magnetic field should be approximately divergence–free, while spu-
rious pixel–to–pixel azimuth reversals would generate unrealistically large
electric currents. The optimization is performed using a simulated anneal-
ing algorithm, which provides a robust approach when faced with a large,
discrete problem with many local minima (Hoeksema et al., 2014). Prior to
disambiguation, the pipeline computes a spatially dependent noise mask, re-
flecting the fact that the reliability of the transverse field varies across the
solar disk and with spacecraft velocity. Where the transverse field is well de-
termined, the solution from the energy minimization is returned. In weaker–
field regions, where noise dominates the retrieved field, alternative approaches
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are used. In particular, the pipeline may select the azimuth most closely
aligned with the potential field, assign a random disambiguation, or choose
the azimuth that makes the field vector closest to radial. Consequently, the
confidence of the disambiguated solution is not uniform over the full field of
view.

2.5.2 The Atmospheric Imaging Assembly (AIA)

The AIA instrument provides high–resolution full–disk images of the so-
lar atmosphere in multiple wavelength channels, extending from the transi-
tion region and corona to approximately 0.5 solar radii above the solar limb
with 1.5 arcsec spatial resolution and a nominal 12 s EUV cadence. The
instrument was designed to study the evolution of the magnetic environ-
ment in the Sun’s atmosphere and its interaction with the embedded and
surrounding plasma.

AIA consists of four normal–incidence, multilayer–coated telescopes, each
equipped with a 20 cm primary mirror, an active secondary mirror, and a
4096× 4096 back–thinned CCD detector. The field of view is approximately
41× 41 arcmin along the detector axes, with a plate scale of 0.6 arcsec per
pixel. The channels are distributed across the four telescopes in pairs: tele-
scope 1 observes 131 Å (Fe VIII/XXI) and 335 Å (Fe XVI), telescope 2 observes
193 Å (Fe XII/XXIV) and 211 Å (Fe XIV), telescope 4 observes 94 Å (Fe XVIII)
and 304 Å (He II), while telescope 3 combines the 171 Å channel (Fe IX) with
the ultraviolet (UV)–visible channels at 1600 Å (C IV + continuum), 1700 Å
(continuum), and 4500 Å (continuum, used primarily for co–alignment with
the other telescopes). AIA provides imaging in seven EUV and three UV–
visible channels, with temperature response spanning approximately 6× 104

K to 2× 107 K, enabling the study of plasma from the upper photosphere and
transition region to hot flaring coronal conditions.

The 1700 Å channel is dominated by continuum emission from the tempe-
rature–minimum region and photosphere, while 1600 Å includes contribu-
tions from C IV line emission and UV continuum, sampling the upper pho-
tosphere and transition region. The 304 Å channel is dominated by He II and
primarily images the chromosphere and transition region. The coronal EUV
iron channels then map plasma over a wide thermal range: 171 Å (Fe IX)
mainly samples the quiet corona and upper transition region; 193 Å (Fe XII,
XXIV) samples both the corona and hot flare plasma; 211 Å (Fe XIV) and 335 Å
(Fe XVI) are most sensitive to the active–region corona; 94 Å (Fe XVIII) em-
phasizes the flaring corona; and 131 Å (Fe VIII, XXI) has a dual response,
sampling both the transition region and hot flaring coronal plasma.

The instrument was designed to combine full–disk coverage, broad ther-
mal sensitivity, and high cadence. In its nominal observing mode, AIA ac-
quires eight full–resolution images every 10–12 s, corresponding to one im-
age in each routinely sampled wavelength channels. Typical exposure times
range from 0.5 to 3 s, although the flight software can modify the sequence
and exposure times according to observing requirements. In particular, the
automatic exposure–control system reduces exposure times during flares in

25



Chapter 2. Observational Aspects of Flare–Productive Active Regions

order to limit detector saturation, and the observing program can be adapted
to acquire data at cadences as short as 2 s over reduced fields of view for
dedicated campaigns. Image stability is improved by a dedicated guide tele-
scope and image–stabilization system on each EUV telescope, which drive
piezoelectric actuators on the secondary mirror and reduce low–frequency
spacecraft jitter to sub–arcsecond levels.

AIA provides high–cadence, full–disk, multi–wavelength, and multi–tem-
perature observations that complement HMI measurements of the photo-
spheric magnetic field and support a broad range of studies connecting the
evolution of the solar atmosphere to solar activity and space weather.

2.5.3 Space–weather HMI Active Region Patches (SHARPs)

Solar ARs emerge, evolve, and sometimes disappear rapidly, while span-
ning a broad range of sizes and levels of complexity. To identify and track
these structures in a systematic manner, an automated procedure defines
HMI Active Region Patches (HARPs) from the 720 s HMI LoS magnetic–field
and continuum–intensity images. HARPs provide primarily spatial informa-
tion on long–lived, coherent magnetic structures at approximately the scale
of solar ARs.

Each HARP is assigned a unique identifier and tracked throughout its en-
tire lifetime or disk passage, beginning one day before the first flux emerges
and continuing one day after the region has decayed. Geometrically, a HARP
is represented by a rectangular bounding box in CCD coordinates, together
with a bitmap specifying which pixels belong to the patch and whether they
are magnetically active or quiet. The bounding box is defined so as to enclose
the maximum heliographic extent reached by the region during its lifetime,
thereby providing a consistent spatial reference for subsequent processing.

There is no one–to–one correspondence between HARPs and NOAA ARs.
Coherent regions that are small in extent or have no associated sunspot can
be detected and tracked; such faint HARPs often have no NOAA correspon-
dence. Consequently, a single HARP may encompass more than one NOAA
AR, whereas many weaker or smaller coherent magnetic structures identi-
fied by the HMI procedure have no NOAA counterpart. In addition to the
geometric description, the HARP product includes basic summary proper-
ties such as total and net LoS flux, area, centroid position, and associated
NOAA AR numbers when available.

HARPs are delivered in both definitive and NRT forms. Definitive HARPs
are constructed only after the full temporal evolution of a region is known,
so that their geometry remains consistent over the complete disk passage.
By contrast, NRT HARPs are generated from the information available at a
given time, and therefore their extent may change during the AR’s lifetime,
as separate patches may later merge. In this sense, HARPs primarily consti-
tute a tracking and geometric framework on which subsequent higher–level
HMI AR products are built.

One such higher–level product is the Space–weather HMI Active Region
Patch (SHARP; Bobra et al., 2014) data series. In contrast to HARPs, which
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primarily provide geometric information about the patch, SHARPs also pro-
vide cutouts of the observables and computed indices. The SHARP products
are released in four main series, comprising definitive and NRT versions in
both CCD coordinates and in a remapped Cylindrical Equal–Area (CEA; Sun,
2013) projection centered on the patch. Quick–look SHARP data are typically
available within approximately 3 h of observation, whereas the definitive
products are generated approximately five weeks later.

In the standard CCD–cutout SHARP series, the pipeline collects 31 map
segments, including the principal HMI observables, namely the LoS mag-
netogram, Dopplergram, continuum intensity, and vector magnetogram, to-
gether with additional inversion and disambiguation quantities, uncertainty
arrays, and the HARP bitmap. These maps are extracted within the HARP
bounding box and therefore preserve the patch as observed in the original
CCD coordinate system. In the CEA version, selected segments are fur-
ther remapped from plane–of–sky CCD coordinates to a heliographic CEA
projection centered on the region. In this representation, the native vector
magnetic–field output of the inversion, originally expressed in terms of field
strength B, inclination γ, and azimuth ψ, is transformed into the heliographic
components Br, Bθ, and Bϕ.

In addition to the map segments, SHARPs provide a set of summary pa-
rameters designed to characterize the magnetic configuration of each AR
patch at a cadence of 12 min over its full lifetime. The initial SHARP se-
ries includes sixteen indices, many of which are motivated by quantities pre-
viously associated with enhanced flare productivity, such as total unsigned
flux, field gradients, vertical current density, current helicity, shear angle, and
proxies for magnetic free energy (Leka and Barnes, 2003a; Leka and Barnes,
2003b; Leka and Barnes, 2007). These parameters are computed from the
remapped CEA data using only pixels that are both inside the HARP and
above the high–confidence disambiguation threshold, as determined from
the BITMAP and CONF_DISAMBIG segments; the number of contributing
pixels is recorded in the keyword CMASK. The SHARP indices are there-
fore intended as concise quantitative descriptors of the magnetic–field dis-
tribution and its departure from a potential–field configuration, and may be
used to identify regions of interest and to support statistical studies and solar
event–forecasting applications.

SHARP parameters are subject to several well–documented sources of
uncertainty, primarily arising from uncertainties in the retrieval of the so-
lar vector magnetic field. The primary vector magnetic observable provided
by SDO/HMI is the Stokes vector, which must be inverted to retrieve the
magnetic field. This inversion relies on simplifying assumptions about the
solar atmosphere which limits the fidelity of the inferred field. In addition,
the inversion algorithm tends to underestimate strong fields, leading to sys-
tematically lower magnetic field values that directly bias flux–, current–, and
energy–related indices.

A further complication arises from the inherent 180◦ azimuth ambiguity
in the transverse component. Resolving it requires a nonlocal minimization
algorithm that is highly sensitive to noise in the Stokes parameters, which
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vary spatially and temporally across the HMI data. Since SHARP parameters
are computed only from pixels labeled as high confidence by the algorithm,
the set of contributing pixels changes as a region approaches the limb, where
fewer pixels exceed the noise threshold. As a result, parameter values may
rise or fall simply due to center–to–limb noise variations rather than true
magnetic evolution. The spatial noise pattern also varies with the spacecraft’s
orbital velocity, producing a clear 12 h oscillation in the number of high–
confidence pixels and thus artificial fluctuations in several SHARP indices.
Finally, the 12 min cadence imposes its own limitation, as temporal averaging
suppresses short–timescale variability, which is especially relevant during
flare evolution.

The SHARP data series are especially useful for statistical studies and so-
lar event–forecasting applications because they provide standardized, tem-
porally tracked maps of ARs together with quantitative measurements of
their magnetic properties. By combining HMI observables, vector magnetic–
field maps, and derived summary indices within a consistent patch–based
framework, SHARPs make it possible to study ARs over time and across
large samples, provided that the observational and processing limitations
discussed above are taken into account.
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Chapter 3

Fundamentals of Neural Networks

“Dip a person into one particular specialty deeply
enough and long enough, and he would automatically
begin to assume that specialists in all other fields were
magicians, judging the depth of their wisdom by the
breadth of his own ignorance. ”

Isaac Asimov
The Bicentennial Man and Other Stories

(Stranger in Paradise)

Deep learning has become a central approach in modern machine learn-
ing because it enables computer systems to learn useful representations di-
rectly from data. Rather than relying entirely on hand–designed features,
deep neural networks construct multiple levels of representation, in which
simple patterns are combined into progressively more abstract concepts. This
property is particularly important for video data, such as observations of so-
lar active regions, where the raw input consists of high–dimensional frames
ordered in time, and the relevant physical information may not be directly
available from individual pixels or even individual frames, but is instead en-
coded in the evolution of visual features across frames.

Solar flare prediction, in particular, requires models capable of extract-
ing informative spatial and temporal patterns from sequences of solar obser-
vations, including magnetograms, ultraviolet images, and derived physical
quantities. Neural architectures provide a flexible framework for this pur-
pose, but their successful use requires understanding how they learn, how
different architectures exploit different data structures, and how they can be
combined to make use of complementary sources of information.

At the same time, the use of deep models raises important methodolog-
ical questions, particularly regarding interpretability. Since neural networks
often contain many layers and large numbers of learned parameters, their
predictions can be difficult to relate directly to physical structures in the
input data. This is an important issue in scientific applications, where a
model should not only provide accurate predictions but also offer insight
into which regions, features, or temporal changes contribute to its decisions.
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Interpretability methods therefore play an essential role in assessing whether
a model has learned physically meaningful patterns rather than relying on
spurious correlations or background artifacts.

This chapter introduces the fundamental neural–network concepts and
architectures used as the methodological background for this thesis. Sec-
tion 3.1 begins with the perceptron and the transition to multilayer networks,
while Section 3.2 discusses backpropagation and gradient–based training.
Sections 3.3–3.5 introduce convolutional, recurrent, and attention–based ar-
chitectures. Section 3.6 discusses representation learning, while Section 3.7
examines one attribution method in detail. Finally, Section 3.8 concludes with
an overview of deep–learning approaches for solar flare prediction.

3.1 From Perceptrons to Multilayer Networks

Modern neural networks “learn” by optimizing parameters (weights and
biases) so that the network’s outputs match desired targets (supervised learn-
ing) or satisfy a reconstruction/consistency objective (self–supervised learn-
ing, e.g., autoencoders). A useful starting point for formally understanding
this learning process is the perceptron, introduced by Rosenblatt as a train-
able model that adjusts connection weights to map inputs to outputs (Rosen-
blatt, 1958). The perceptron is the simplest setting in which “learning by up-
dating weights” can be stated without ambiguity, because the model output
depends directly on one linear decision function.

Given an input vector x ∈ Rd, weights w ∈ Rd, bias b ∈ R, and a binary
label y ∈ {−1,+1}, the perceptron computes

z = w⊤x + b, ŷ = sign(z).

An example is correctly classified when the signed functional margin is pos-
itive,

y(w⊤x + b) > 0, (3.1)

and misclassified otherwise. Rosenblatt’s learning rule updates the parame-
ters only on mistakes, pushing the decision boundary toward a configuration
that classifies the current example correctly:

w← w + η y x, b← b + η y, (3.2)

where η > 0 is the learning rate. The effect of this update rule can be seen by
evaluating the new score for the same training example:

z′ = (w + ηyx)⊤x + (b + ηy) = z + ηy(∥x∥2 + 1), (3.3)

so that the signed margin increases by a strictly positive amount,

yz′ = yz + η(∥x∥2 + 1). (3.4)
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Thus, every error–driven update increases the margin of the misclassified ex-
ample, moving it toward (and often across) the correct side of the separating
hyperplane.

However, a perceptron can only solve problems where the two classes
are linearly separable. Some classification problems cannot be separated by
a single straight boundary; the classic example is XOR. In XOR, the positive
class consists of two diagonal corners of a square, and the negative class con-
sists of the other two corners. No single line can separate those two sets.
Consequently, a single–layer perceptron cannot represent XOR, regardless of
how w and bias b are chosen (Minsky and Papert, 1969; Bishop, 1995).

Despite this representational limitation, which derives from the fact that
the perceptron is a linear classifier, the perceptron established two endur-
ing ideas: (i) a model can learn parameters from data, and (ii) learning can
be formulated as iterative error–driven updates. Historically, this limitation
motivated the move from single–layer perceptrons to multilayer perceptrons.
However, the term multilayer perceptron is somewhat misleading, because
such models are not simple stacks of classical perceptrons with discontinu-
ous threshold activations; rather, they consist of affine transformations fol-
lowed by continuous nonlinear activation functions, which yield richer func-
tion classes (Bishop and Nasrabadi, 2006; Goodfellow et al., 2016).

The perceptron learning rule in Equation 3.2 is effective only in the single–
layer setting because the prediction depends uniquely on w and b, so errors
provide an unambiguous update direction for these parameters. When hid-
den layers are introduced, the output error no longer specifies how much
each intermediate unit contributed to the mistake, and the same output error
can be produced by many different internal configurations. The responsibil-
ity for the error must therefore be propagated through intermediate compu-
tations. This problem is known as the credit assignment problem (Minsky,
1961), and it was recognized early as a key obstacle to training multilayer
networks in a general and efficient way. This limitation constrained early
neural models to architectures where learning could be expressed as local
corrections or single–layer error minimization, and it contributed to skepti-
cism about the feasibility of training general multilayer networks, thereby
motivating the development of gradient–based methods that assign credit
backward through the network’s layers (Rumelhart, Hinton, and Williams,
1986; Goodfellow et al., 2016).

3.2 Training Deep Neural Networks

Backpropagation, short for “backward propagation of errors”, is the fun-
damental algorithm used today for gradient–based credit assignment. It ef-
ficiently applies the chain rule to compute the derivatives of a scalar loss
with respect to every parameter in a multilayer network. Gradients are com-
puted one layer at a time, and propagated from the last layer backward, so
that intermediate terms in the chain rule are reused rather than recomputed
(Rumelhart, Hinton, and Williams, 1986; Goodfellow et al., 2016).
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To illustrate how this algorithm operates, we will consider a simple ex-
ample. In the modern neural–network literature, the perceptron introduced
above can be viewed as a particular case of a more general computational
unit (often called a neuron), which computes the same affine score z = w⊤x+
b but replaces the hard threshold with a (typically differentiable) activation
function.

First, for each input x, an output ŷ is produced (forward pass):

z = w⊤x + b, ŷ = σ(z) =
1

1 + e−z , (3.5)

where σ(·) is the sigmoid function. Given a target label y, we quantify how
far the prediction ŷ is from the expected output using the squared error (loss
function):

L = 1
2(ŷ− y)2. (3.6)

Then, gradients are computed by applying the chain rule along the computa-
tion graph x→ z→ ŷ→ L (backward pass, i.e., backpropagation), yielding

∂L
∂w

=
∂L
∂ŷ

∂ŷ
∂z

∂z
∂w

= (ŷ− y) ŷ(1− ŷ) x, (3.7)

and

∂L
∂b

=
∂L
∂ŷ

∂ŷ
∂z

∂z
∂b

= (ŷ− y) ŷ(1− ŷ), (3.8)

where we have used ∂z/∂w = x and ∂z/∂b = 1.
Finally, the learning rule updates the parameters using these gradients

with learning rate η > 0:

w← w− η
∂L
∂w

, b← b− η
∂L
∂b

. (3.9)

Because the gradient ∇θ L (where θ = (w, b) denotes the network param-
eters) points in the direction of steepest increase of the loss function in pa-
rameter space, iteratively updating θ by small steps in the opposite direction
decreases L and, under suitable conditions, converges toward a (local) mini-
mum and a set of parameters fitted to the data.

In multilayer networks, the same principle applies recursively, with gra-
dients propagated from the output layer backward so that each layer receives
an error signal that determines its local parameter updates through applica-
tion of the chain rule. Intuitively, this error signal quantifies how responsible
a given layer’s intermediate representation is for the final loss. In the sim-
plest case of a two–layer network with one unit per layer, the hidden unit
receives credit (or blame) in proportion to the output error, modulated by
how strongly the hidden representation influences the output through the
subsequent–layer weights and by how locally responsive the hidden activa-
tion is to changes in its pre–activation (that is, whether it operates away from
saturation). Consequently, units that weakly affect the output or operate in

32



Chapter 3. Fundamentals of Neural Networks

regimes where the local derivative of the activation is small receive smaller
updates, whereas units with a stronger influence on the output and a larger
local activation derivative receive larger updates. This mechanism yields a
principled distribution of credit across layers by scaling parameter updates
in proportion to each layer’s contribution to reducing the loss.

The basic family of gradient–based optimization methods based on this
principle is known as gradient descent (GD) (Cauchy et al., 1847; Goodfellow
et al., 2016). Modern deep learning relies on more efficient variants. For ex-
ample, stochastic gradient descent (SGD) replaces the full–dataset gradient
computation with a mini–batch estimate, greatly reducing computation per
update and enabling training on large datasets; the resulting noise can also
improve generalization and help escape shallow local minima (Robbins and
Monro, 1951; Bottou, 2010; Goodfellow et al., 2016). Adaptive methods such
as Adam (adaptive moment estimation) are extensions of SGD; they main-
tain running estimates of the first and second moments of the gradients, ef-
fectively using per–parameter step sizes that improve stability and speed in
ill–conditioned problems and during the early phases of training (Kingma
and Ba, 2014).

A crucial practical factor in training multilayer networks is the choice of
activation function. Early multilayer networks often used saturating non-
linearities such as the sigmoid in Equation 3.5, which can have very small
derivatives when activations saturate; as a result, parameters receive little
or no update and training may converge very slowly or stall entirely. This
becomes a bigger issue in deeper networks. Rectified linear units (ReLU) be-
came popular because they mitigate saturation in the active regime and were
found to improve optimization in deep networks (Nair and Hinton, 2010;
Glorot, Bordes, and Bengio, 2011).

“Learning” is not only about minimizing loss, but about finding param-
eters that generalize to unseen data. When a deep neural network achieves
low loss on the training data (the data used to fit the model) but performs
poorly on unseen data, it is said to overfit, a well–known and common is-
sue in deep learning. To mitigate this, explicit or implicit regularization is
often necessary. A widely used explicit regularization method is dropout,
which randomly removes units during training to reduce co–adaptation and
improve generalization (Srivastava et al., 2014). Batch normalization is pri-
marily an optimization and stabilization method that normalizes interme-
diate activations to speed up and stabilize training, but it can also have an
implicit regularizing effect because mini–batch statistics introduce noise dur-
ing training (Ioffe and Szegedy, 2015). Other commonly used regularization
mechanisms include weight decay, early stopping, and data augmentation
(Goodfellow et al., 2016).

3.3 Convolutional Neural Networks (CNNs)

A standard multilayer perceptron, also referred to in modern literature as
a fully connected (dense) network, is a feedforward architecture composed of
an input layer, one or more hidden layers, and an output layer, in which each
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layer applies an affine transformation followed by a nonlinearity. The term
fully connected means that every unit receives input from every component
of the previous layer, so each activation mixes all features available at that
stage.

For image–like data x ∈ RC×H×W , a fully connected network typically
requires flattening the input into a one–dimensional vector of length CHW.
Flattening removes the explicit two–dimensional neighborhood structure, so
the network has no inductive bias that local neighborhoods matter and no
built–in notion of which pixels are adjacent on the grid. In a dense (fully con-
nected) layer, each unit has a distinct weight for every input coordinate, so
its activation is computed as a nonlinear function of a weighted sum over all
input values plus a bias term. Because different input coordinates are associ-
ated with different connection weights, the same local pattern appearing at a
different location, such as an edge or corner, corresponds to a different set of
indices and therefore a different set of parameters. Moreover, the parameter
count of the first dense layer grows with the input dimensionality, scaling as
m× CHW weights, plus m bias terms, for a layer with m units, which makes
dense architectures computationally expensive and more prone to overfitting
on high–resolution images (Goodfellow et al., 2016).

Convolutional neural networks (CNNs) address these limitations by re-
stricting connectivity to local receptive fields and enforcing weight sharing
across spatial locations (LeCun et al., 2002). A convolutional layer computes
feature maps by convolving the input with a set of learnable kernels (small
arrays of learnable weights). For an input image x ∈ RCin×H×W , the k–th
output channel at location (i, j) is

yk,i,j =
Cin

∑
c=1

∑
u,v

Wk,c,u,v xc,i+u,j+v + bk, (3.10)

where Wk is a small kernel (e.g., 3× 3 or 5× 5) associated with the k-th out-
put channel, and the same kernel weights are reused for all (i, j). This struc-
ture results in a substantial reduction in parameters relative to dense layers
and makes learned features translation equivariant, meaning that translat-
ing the input produces a corresponding translation of the feature map re-
sponses. Stacking multiple convolutional layers produces hierarchical rep-
resentations, in which early layers capture the simplest visual features and
deeper layers capture increasingly abstract and task–relevant patterns.

Many CNN architectures incorporate spatial downsampling via pooling
or strided convolutions. Reducing spatial resolution lowers computational
cost and increases invariance to small translations. Together, locality, weight
sharing, and multiscale feature extraction are core inductive biases underly-
ing CNN performance in computer vision tasks (Krizhevsky, Sutskever, and
Hinton, 2012; Simonyan and Zisserman, 2014; Szegedy et al., 2015; He et al.,
2016; Huang et al., 2017; Ronneberger, Fischer, and Brox, 2015).
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3.4 Recurrent Neural Networks (RNNs)

While CNNs exploit spatial structure, many scientific and operational
problems involve sequences, such as time series or text, where the output
at time t depends not only on the current input but also on the preceding
inputs. Recurrent neural networks (RNNs) model such dependencies by in-
troducing a state variable ht that is updated recursively. Given a sequence
{xt}T

t=1, a standard RNN defines

ht = ϕ(Wxhxt + Whhht−1 + bh) , (3.11)

where ht is a hidden–state vector that summarizes information from past in-
puts and ϕ(·) is a nonlinear activation (Elman, 1990; Goodfellow et al., 2016).
Training proceeds by backpropagation through time (BPTT; Werbos, 2002),
which applies reverse–mode differentiation to the time–unrolled recurrence
to obtain gradients with respect to parameters shared across time steps.

A fundamental limitation of standard RNNs is the vanishing/exploding
gradient problem. When gradients are propagated backward through many
time steps, they involve products of recurrent Jacobians. If the typical Jaco-
bian has norm smaller than 1, these products drive gradients toward zero,
leading to vanishing gradients; whereas if its norm exceeds 1, they grow
rapidly, leading to exploding gradients. This is a key mathematical rea-
son why standard RNNs struggle to learn long–term dependencies (Bengio,
Simard, and Frasconi, 1994). Long short–term memory (LSTM) networks
address this by introducing a memory cell with gating mechanisms that reg-
ulate information flow and enable more stable gradient propagation through
time (Hochreiter and Schmidhuber, 1997). In one common formulation,

it = σ(Wxixt + Whiht−1 + bi),
ft = σ(Wx f xt + Wh f ht−1 + b f ),

ot = σ(Wxoxt + Whoht−1 + bo),
c̃t = tanh(Wxcxt + Whcht−1 + bc),
ct = ft ⊙ ct−1 + it ⊙ c̃t,
ht = ot ⊙ tanh(ct),

(3.12)

where it, ft, ot are input/forget/output gates and ⊙ denotes elementwise
multiplication. The input gate it controls how much of the candidate con-
tent c̃t is written into the memory cell, thereby regulating the incorporation
of new information from xt and ht−1. The forget gate ft controls how much of
the previous cell state ct−1 is retained, allowing the model to preserve long–
term information when ft ≈ 1 and to reset memory when ft ≈ 0. The output
gate ot controls how much of the current cell state ct is exposed as the hid-
den state ht, which is used for the next recurrent update and for downstream
predictions.

By separating memory storage (ct) from the hidden representation (ht)
and by enabling controlled retention and updates through ft and it, LSTMs
provide a more stable pathway for information and gradients over long time
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horizons. This characteristic made recurrent architectures, particularly LSTMs,
a popular choice for sequence modeling tasks, most notably in natural lan-
guage processing (Hochreiter and Schmidhuber, 1997; Sutskever, Vinyals,
and Le, 2014; Bahdanau, Cho, and Bengio, 2014; Graves, Mohamed, and Hin-
ton, 2013)

3.5 Attention Mechanisms

CNNs are designed for data with an underlying spatial organization, such
as images, and build representations through local receptive fields with shared
weights across spatial locations. RNNs are designed for ordered data, such
as sequences, and model dependencies by propagating information through
a hidden state that is updated recursively as new inputs are processed. In
both cases, dependencies between distant elements are not modeled directly,
but are instead mediated by a sequence of local transformations or successive
state updates. Attention provides a more general mechanism for modeling
dependencies by allowing the representation at one position to be updated
through direct interactions with representations at other positions (Luong,
Pham, and Manning, 2015; Xu et al., 2015; Vaswani et al., 2017).

An attention mechanism can be described as a function that maps a query
and a set of key–value pairs to an output. The output is obtained as a weight-
ed combination of the values, where the weights are determined by a com-
patibility function between the query and the corresponding keys (Vaswani
et al., 2017). In this context, the query specifies what information is needed
to update the current position, the keys represent the candidate positions
against which that request is matched, and the values represent the informa-
tion contributed by those positions once they have been judged relevant. For
example, in the context of language processing, when interpreting the word
it in the sentence “The animal did not cross the street because it was tired,”
the query corresponds to the information needed to resolve the referent of it.
The other words in the sentence provide keys and values, and the attention
function assigns larger weights to those considered more relevant. In this
case, the position associated with animal would likely receive a larger atten-
tion weight, since it is the more plausible referent of it, whereas words such
as street would be expected to contribute less.

Let Q ∈ Rnq×dk denote a matrix of queries, K ∈ Rnk×dk a matrix of keys,
and V ∈ Rnk×dv a matrix of values, where nq and nk are the numbers of
query and key–value positions, respectively, and dk, dv are the key and value
dimensions. In the scaled dot–product formulation introduced by Vaswani
et al. (2017), the attention output is

Attention(Q, K, V) = softmax

(
QK⊤√

dk

)
V. (3.13)

The matrix QK⊤ ∈ Rnq×nk contains pairwise similarity scores between
queries and keys. Let qi denote the i-th row of Q and kj the j-th row of K;
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then the (i, j) entry of QK⊤ is the dot product q⊤i kj. In the scaled dot–product
formulation, the corresponding compatibility function is therefore

α(qi, kj) =
q⊤i kj√

dk
. (3.14)

If qi and kj are closely aligned in the representation space, their dot prod-
uct is large; conversely, if they are weakly aligned, the score is smaller. Ap-
plying the softmax row–wise transforms these scores into normalized weights
that sum to one across all key positions for each query. Multiplication by V
then yields, for each query, a weighted sum of the value vectors. Thus, the
representation associated with a given query is updated by aggregating in-
formation from the entire set of candidate positions, with larger contributions
from those judged more relevant by the learned compatibility scores.

The scaling factor 1/
√

dk in Equation 3.13 plays an important optimiza-
tion role. For large values of dk, the dot products between queries and keys
can become large in magnitude. When these large scores are passed through
the softmax, the resulting distribution may become excessively peaked, so
that one or a few entries dominate and the corresponding gradients become
very small, making optimization difficult. Dividing the scores by

√
dk before

applying the softmax stabilizes the score distribution and yields more stable
training (Vaswani et al., 2017).

The core mechanism in modern attention–based architectures is self–atten-
tion, in which the queries, keys, and values are all derived from the same
input representation set. If X ∈ Rn×d denotes the input sequence or feature
set, learned linear projections produce

Q = XWQ, K = XWK, V = XWV , (3.15)

where WQ ∈ Rd×dk , WK ∈ Rd×dk , and WV ∈ Rd×dv are trainable parameter
matrices. Substituting these expressions into Equation 3.13 yields a represen-
tation in which each position is updated by attending to all positions, includ-
ing itself, in the same input. Unlike convolution, whose interaction pattern is
initially local, or recurrence, whose information flow is constrained by tem-
poral ordering, self–attention allows direct pairwise interaction between all
positions in a single layer. This makes it especially effective for capturing
long–range dependencies.

One extension is multi–head attention, in which the inputs are projected
multiple times using different learned parameter matrices, and several at-
tention operations are computed in parallel. The resulting outputs are then
concatenated and linearly transformed to produce the final representation
(Vaswani et al., 2017). This makes it possible to attend to different relation-
ships or features simultaneously, rather than forcing all interactions into a
single compatibility structure.

Attention mechanisms can also operate between distinct representation
sets. In cross–attention, the queries are derived from one source, while the
keys and values are derived from another (Van Den Oord, Vinyals, et al.,
2017; Jaegle et al., 2021; Alayrac et al., 2022). This allows one representation
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space to retrieve task–relevant information from a different representation
space. The second representation set thus provides an external context from
which the first can selectively gather information. Attention therefore pro-
vides a flexible framework for relating elements either within the same set or
across different sets, depending on how Q, K, and V are constructed.

In RNNs, hidden states must be computed sequentially because the state
at time t depends explicitly on the state at time t− 1. Attention, by contrast, is
intrinsically parallel. The matrix products in Equation 3.13 can be evaluated
simultaneously across all positions, making attention particularly suitable for
modern hardware and large–scale training. This computational advantage,
together with the ability to model long–range dependencies through direct
pairwise interactions, explains why attention has become a central building
block in modern deep learning architectures (Vaswani et al., 2017; Devlin et
al., 2019; Brown et al., 2020; Dosovitskiy et al., 2020; Carion et al., 2020; Jaegle
et al., 2021).

3.6 Representation Learning

The performance of learning algorithms depends strongly on how data
are represented. In many applications, carefully designed features can make
an otherwise complex task solvable with a simple model. For example, imag-
ine being given the task of determining the time shown by an analog clock.
One way to approach this would be to treat it as a computer vision problem
and train a model directly on clock images to learn how to determine the
time of day. However, if the clock hands are instead represented by their an-
gles, the problem becomes a simple geometric one. Thus, in general, a good
representation is one that makes the subsequent learning task easier, and the
choice of representation usually depends on the specific learning task.

For complex problems involving high–dimensional data, however, it is of-
ten unclear a priori which features should be extracted. Representation learn-
ing addresses this limitation by learning intermediate variables that capture
salient factors of variation directly from data, often yielding representations
that transfer across tasks and reduce the need for manual feature engineering
(Bengio, Courville, and Vincent, 2013; Goodfellow et al., 2016).

A canonical self–supervised approach to representation learning is the
autoencoder. An autoencoder consists of an encoder E(·) that maps an in-
put x to a latent representation z, and a decoder D(·) that maps z back to a
reconstruction x̂,

z = E(x), x̂ = D(z). (3.16)

Training minimizes a reconstruction loss L(x, x̂), so that x̂ approximates x
under the chosen discrepancy measure.

Although an autoencoder is trained to reconstruct its input, the recon-
struction x̂ is often not the only quantity of interest. Instead, the encoder
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serves as a learned feature extractor, and the latent representation z is in-
terpreted as a compact description of the input that retains information rel-
evant to reconstruction while discarding nuisance variability. In this sense,
the reconstruction task serves as a proxy objective that encourages z to en-
code structure sufficient to recover the input, subject to the architectural and
regularization constraints imposed on the model.

If an autoencoder has sufficient capacity and is trained without additional
constraints, it can approximate the identity mapping and yield a latent rep-
resentation with limited informative content; therefore, useful representation
learning requires restricting the solution space, for example by imposing an
information bottleneck (dim(z)≪ dim(x)), by regularizing z, or by modify-
ing the reconstruction objective (Vincent et al., 2008; Bengio, Courville, and
Vincent, 2013; Goodfellow et al., 2016).

For image–like inputs, x ∈ RC×H×W , the encoder is implemented as a
stack of convolutional layers that preserve locality while progressively reduc-
ing spatial resolution, producing a latent tensor z ∈ RCz×H′×W ′ . The decoder
then maps z back to the input domain using learnable upsampling opera-
tions, most commonly implemented with transposed convolutions (some-
times complemented by interpolation–based upsampling), yielding the re-
construction x̂ ∈ RC×H×W . This setting is commonly referred to as a convo-
lutional autoencoder (Masci et al., 2011).

Learned latent spaces also serve as computational domains for genera-
tive modeling. Vector–quantized approaches such as vector–quantized vari-
ational autoencoders (VQ–VAEs) and vector–quantized generative adversar-
ial networks (VQGANs) learn discrete latent representations that can sup-
port scalable image generation. Latent diffusion models, in turn, enable con-
ditional generation and controllable image–to–image transformations in the
latent space of a pretrained autoencoder (Van Den Oord, Vinyals, et al., 2017;
Esser, Rombach, and Ommer, 2021; Rombach et al., 2022).

In this thesis, we adopt an autoencoder–based representation–learning
setting, using learned latent representations as compact descriptions of solar
observations for subsequent analysis and solar flare forecasting.

3.7 Layer–wise Relevance Propagation (LRP)

Deep learning techniques have become foundational across a wide range
of applications, including image recognition, natural language processing,
robotics, and scientific data analysis, particularly in solar physics and space
weather (Krizhevsky, Sutskever, and Hinton, 2012; Devlin et al., 2019; Levine
et al., 2016; Illarionov, 2025; Camporeale, 2019). Despite their high perfor-
mance, deep learning models are often regarded as opaque “black boxes”
due to their lack of interpretability. This limitation is particularly problematic
in domains where a simple binary output (e.g., yes/no) is insufficient. In sci-
entific applications (such as the analysis of solar images) understanding the
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conditions under which a phenomenon arises, and the mechanisms that gov-
ern its manifestation, is often more valuable than a one–dimensional, real–
valued output indicating the mere presence or absence of a given feature.
This opacity stems from the non–linear and hierarchical transformations that
map raw input to intermediate feature representations and, ultimately, to the
final classification output.

To address this interpretability gap, various attribution methods have
been proposed to explain model decisions by assessing the contribution of
individual inputs to the output. Examples include saliency maps (Simonyan,
Vedaldi, and Zisserman, 2013), Gradient–weighted Class Activation Map-
ping (Grad–CAM; Selvaraju et al., 2017), Integrated Gradients (IG; Sundarara-
jan, Taly, and Yan, 2017), Layer–wise Relevance Propagation (LRP; Bach et
al., 2015), Shapley Additive exPlanations (SHAP; Lundberg and Lee, 2017).
In this thesis, we adopt LRP because it provides a principled way to redis-
tribute the prediction score back to the input domain, thereby making it pos-
sible to establish which input features most strongly support the model deci-
sion.

LRP is a backward propagation technique that decomposes the output of
a model f (x) into relevance scores Ri, assigned to individual inputs xi. This
is achieved by redistributing the prediction score backward through the net-
work, layer by layer, using propagation rules consistent with the model’s ar-
chitecture, while preserving key theoretical properties such as relevance con-
servation, i.e., ∑i Ri ≈ f (x), thereby ensuring consistency and interpretabil-
ity (Montavon et al., 2017; Samek, Wiegand, and Müller, 2017; Montavon,
Samek, and Müller, 2018). When dealing with image inputs, this process pro-
duces a pixel–level relevance map R(x) with the same spatial dimensions as
the input image x, indicating the extent to which each pixel contributes to the
classification decision f (x). Visualizing these relevance maps as heatmaps
enables interpretation of which spatial regions the model considers most rel-
evant.

Several propagation rules exist within the LRP framework. The basic
propagation rule, known as the z–rule, distributes relevance in proportion
to the weighted activations:

Rj = ∑
k

ajwjk

∑j′ aj′wj′k
Rk (3.17)

where aj is the activation of neuron j, and wjk is the weight connecting neu-
ron j to neuron k in the next layer. To improve numerical stability when
denominators approach zero, the ϵ–rule introduces a stabilizing term:

Rj = ∑
k

ajwjk

∑j′ aj′wj′k + ϵ · sign
(

∑j′ aj′wj′k

)Rk (3.18)

where ϵ is a small positive constant that suppresses the propagation of noise
in near–zero regions. A more general formulation is provided by the α–β
rule, which separates positive and negative contributions:
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Rj = ∑
k

(
α ·

(ajwjk)
+

∑j′(aj′wj′k)+
− β ·

(ajwjk)
−

∑j′(aj′wj′k)−

)
Rk (3.19)

subject to the constraint α− β = 1.
This rule allows fine–grained control over how excitatory and inhibitory

signals are propagated. For example, setting α = 1 and β = 0 considers
only positive contributions, while increasing β allows for the inclusion of
inhibitory effects to varying degrees. This flexibility is particularly useful
in models with signed activations or weights, where negative values carry
meaningful semantic information.

In the context of solar flare prediction, relevance maps can help iden-
tify which spatial regions in solar observations contribute most strongly to
a model decision, allowing them to be compared with physically meaning-
ful structures in active regions. However, these maps should be interpreted
with caution, since model attributions indicate which input regions were rel-
evant to the trained model for a specific prediction and should not be taken
as direct evidence of physical causality.

3.8 Deep Learning for Solar Flare Prediction

With the increasing availability of large–scale, openly accessible solar data-
sets and the rapid advancement of machine learning, particularly deep learn-
ing, a growing number of studies have applied data–driven approaches to
the task of solar flare prediction. To provide a conceptual overview, we group
the existing methods into three broad categories, though the list compiled
here is not exhaustive and these categories are not mutually exclusive.

The first category relates to feature representation strategies. Some ap-
proaches rely on manually engineered features derived from observational
data, such as physical quantities computed from magnetograms (Bobra and
Couvidat, 2015; Liu et al., 2017a; Nishizuka et al., 2017). Others extract fea-
tures from images using fixed transformations (e.g., Gabor and random fil-
ters; Jonas et al., 2018 E. Jonas et al. 2018). A third group employs learned rep-
resentations, where relevant features are automatically identified from raw
data using deep learning models (Huang et al., 2018; Li et al., 2020).

The second category distinguishes methods by the type of observational
data used. These include photospheric (e.g., LoS or vector magnetograms,
continuum intensity), chromospheric/transition–region (e.g., Hα filtergrams
and UV 1600 Å, which sample the upper photosphere and transition region
Nishizuka et al., 2017; Jonas et al., 2018), and coronal (e.g., EUV channels
such as 131, 171, or 193 Å, and soft X–ray imagery; see Jonas et al., 2018;
Nishizuka et al., 2018; Nishizuka et al., 2020) observations.

The third category concerns the temporal structure of the input. Some
models generate predictions from single observational snapshots (point–in–
time prediction), while others use sequences of observations to capture the
temporal evolution of active–region properties (Liu et al., 2019; Chen et al.,
2019; Sun et al., 2022; Guastavino et al., 2022).
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Despite the vast literature on the topic, comparing the results of different
studies of deep–learning–based flare classification models remains challeng-
ing due to the absence of a standardized benchmark dataset. Each study dif-
fers in the dataset construction strategy, the types of observational data em-
ployed, the forecasting horizon, and the preprocessing methods applied to
prepare the data for deep learning algorithms. These methodological differ-
ences make direct numerical comparisons inherently difficult and, in many
cases, not scientifically meaningful.

A unified framework is therefore necessary to advance the field and move
toward an operational setting capable of forecasting solar flares reliably and
robustly, thereby helping to mitigate their potential impacts. For a more ex-
haustive discussion of these limitations, we refer the reader to studies that
thoroughly address these issues. These include works that review or attempt
to compare existing flare–forecasting methodologies (Barnes et al., 2016; Leka
et al., 2019; Han et al., 2025), efforts toward constructing standardized datasets
for the community (such as the multi–variate space–weather dataset intro-
duced by Angryk et al., 2020 and the AIA Active Region Patches (AARPs)
developed by Dissauer, Leka, and Wagner, 2023) and large–scale operational
forecasting evaluations (Georgoulis et al., 2021), in which the diversity of
methodological choices and the difficulty of establishing uniform performance
baselines are illustrated. More extensive reviews of machine–learning appli-
cations in space weather, and of solar–flare forecasting more specifically, can
be found in Camporeale (2019), Han et al. (2025), Han et al. (2023), and Geor-
goulis et al. (2024).
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Chapter 4

Phase I: Representation Learning
of Solar Active Regions

“The everlasting universe of things
Flows through the mind, and rolls its rapid waves ”

Percy Bysshe Shelley
Mont Blanc

4.1 Introduction

The previous chapters established the observational and methodological
context for this thesis. Chapter 2 discussed the observational signatures of
flare–productive active regions (ARs), while Chapter 3 introduced the fun-
damentals of neural networks and representation learning. Building on this
foundation, the present chapter begins the experimental part of the thesis by
focusing on learning representations of line–of–sight (LoS) magnetograms of
solar ARs that may be useful for downstream tasks, particularly solar flare
prediction.

The aim of this first phase is to learn compact representations of active–
region magnetic structure using a convolutional autoencoder (CAE). Rather
than training the model directly for flare prediction, we first train the CAE to
reconstruct the input magnetograms. In this setting, the reconstruction task
provides an indirect assessment of the learned latent space, since accurate
reconstruction of the magnetic morphology indicates that the latent repre-
sentation retains relevant information about the spatial organization of the
photospheric magnetic field.

Because magnetograms are not merely images but measurements of a
physical field, reconstruction quality cannot be assessed only through pixel–
level error. For this reason, the analysis in this chapter evaluates reconstruc-
tion performance at multiple levels: image–level accuracy, structural similar-
ity, pixel–value distribution, and spectral content. In addition, we evaluate
the temporal evolution of physical quantities derived from the reconstructed
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magnetograms, which encode information about compact and strong flux
concentrations, sharp magnetic–field gradients, and polarity inversion lines
(PILs).

The chapter is organized as follows. Section 4.2 describes the data used
in this study, the derived physical quantities used for evaluation, the dataset
construction procedure, and the preprocessing steps. Section 4.3 presents the
CAE architecture, the training objectives used in the experiments, and the
evaluation tools used to assess both image reconstruction and temporal con-
sistency. Section 4.4 reports the model–selection procedure, compares the se-
lected training objectives on the independent test set, and examines whether
the reconstructed magnetograms preserve the temporal evolution of phys-
ically meaningful magnetic–field parameters. The chapter concludes with
a final section that summarizes the main conclusions of this experimental
phase.

4.2 Data

4.2.1 Data Sources

The analysis presented in this chapter uses LoS magnetograms of so-
lar ARs as the observational input. The data are obtained from the Space–
weather HMI Active Region Patches (SHARP) data product, which provides
active–region cutouts derived from Solar Dynamics Observatory (SDO)/He-
lioseismic and Magnetic Imager (HMI) observations. Magnetograms provide
a measure of the photospheric magnetic field, whose structure and evolution
are closely related to flare productivity. Therefore, they constitute an excel-
lent starting point for learning representations of active–region morphology.

To complement the image–level reconstruction analysis, we evaluate how
well the reconstructions preserve physical properties of the ARs. Standard
SHARP magnetic indices are generally derived from vector magnetograms,
whereas the reconstruction task considered in this chapter operates exclu-
sively on LoS magnetograms BLoS(x, y). Consequently, quantities that re-
quire vector–field components, such as current helicity, vertical current den-
sity, magnetic shear, and free–energy proxies, cannot be computed consis-
tently from the reconstructed magnetograms considered here. For this rea-
son, we focus on three physical parameters that can be derived directly from
BLoS(x, y), are commonly used in the literature as flare indicators, and are
closely related to SHARP indices (Bobra and Couvidat, 2015). These param-
eters are computed following the definitions of the corresponding SHARP
indices and the reference implementation provided with the SHARPs soft-
ware (Bobra et al., 2014; Bobra, Sun, and Turmon, 2021), but directly from
the LoS magnetograms. They should therefore be regarded as LoS–based
analogues of the corresponding SHARP diagnostics.

The first parameter is the total unsigned LoS magnetic flux,

Φ = ∑
x,y
|BLoS(x, y)|∆A, (4.1)
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where ∆A is the pixel area in physical units and the summation is performed
over pixels belonging to the AR. This parameter measures the total unsigned
magnetic flux contained in the AR and provides a global measure of the
magnetic–field strength.

The second parameter is the gradient–weighted neutral line length,

R = log10

(
∑
x,y

p(x, y) |BLoS(x, y)|
)

, (4.2)

where p(x, y) is a smoothed mask that weights pixels close to the inver-
sion line. For the computation of R, the LoS magnetogram is first spatially
binned by block averaging. Positive– and negative–polarity masks are then
constructed by selecting strong–field pixels with BLoS > 150 G and BLoS <
−150 G, respectively. The two masks are spatially smoothed and combined
to identify regions where strong opposite polarities are in close proximity,
thereby defining the PIL mask. This mask is subsequently smoothed with a
Gaussian kernel to obtain the continuous weighting function p(x, y), which
assigns larger weights to pixels close to strong–field PILs and progressively
smaller weights with increasing distance from them. In Equation 4.2, BLoS(x, y)
therefore denotes the rebinned magnetogram used for the computation of R.
The weighted unsigned magnetic field is then summed over the valid pixels,
and its base–10 logarithm gives R. This parameter measures the strength and
complexity of magnetic–field concentrations near the PIL.

The third parameter is the mean LoS magnetic–field gradient,

⟨|∇BLoS|⟩ =
1
N ∑

x,y
|∇BLoS(x, y)|, (4.3)

where N is the number of pixels belonging to the AR, the summation is per-
formed over the same pixels, and the gradient magnitude is defined as

|∇BLoS| =

√(
∂BLoS

∂x

)2

+

(
∂BLoS

∂y

)2

. (4.4)

This parameter describes the mean horizontal variation of the LoS magnetic
field over the AR and is therefore sensitive to strong local field gradients.

4.2.2 Dataset Construction

To construct our dataset, we select ARs present in the SHARP data series
from May 2010 to December 2022, covering most of solar cycle 24 and the
early phase of solar cycle 25. From this initial sample, we retain only SHARPs
associated with exactly one National Oceanic and Atmospheric Adminis-
tration (NOAA) active–region number, to enable an unambiguous cross–
reference with the Geostationary Operational Environmental Satellite (GOES)
flare catalog, which indexes events by NOAA active–region number.

Near the limb, increased projection effects and reduced signal quality can
introduce spurious trends in both pixel–level magnetograms and integrated

45



Chapter 4. Phase I: Representation Learning of Solar Active Regions

indices (Bobra et al., 2014; Couvidat et al., 2016; Bobra and Couvidat, 2015).
To mitigate viewing–angle–dependent systematic errors, we restrict our sam-
ple to observations of ARs within±65◦ of the central meridian. Additionally,
only good–quality records are retained, meaning that all QUALITY flags are
below 65536 1.

We query the GOES flare catalog for events in the same period. We as-
sociate each event with its corresponding SHARP record using the NOAA
active–region number and select the SHARP record nearest in time to the
flare peak time, within ±12 minutes. Although the SHARP data series is
sampled at a nominal cadence of 12 min, gaps may occur for several reasons,
including spacecraft maneuvers, instrument calibration, ground–station han-
dovers, eclipse seasons, and instrument anomalies or other malfunctions (see
SDO/HMI coverage maps2). Whenever a SHARP record is missing at the
time of a flare, an empty placeholder record is created to preserve the flare
information. These placeholder records are not used during training because
they have no associated observation, but they are retained during dataset
construction to support the identification of flare–producing ARs and the
subsequent split into training, validation, and test sets. This procedure yields
a consistent flare–LoS–magnetogram pairing that is time–aligned with the
SHARP sampling rate.

From the full population of SHARPs satisfying the observational and qual-
ity constraints described above, we identify, after flare association, the subset
of ARs that produced at least one flare of any magnitude. Although this se-
lection conditions the set of included ARs on flare activity, it does not restrict
the sample to only the most energetic events. ARs are retained provided
they satisfy the one–to–one NOAA mapping, central–meridian (±65◦), and
data–quality criteria, and have produced at least one flare of any magnitude.
Each AR contributes many 12 min snapshots over days to weeks of evolu-
tion, the vast majority of which have no flare association even for flaring
ARs. Thus, flaring ARs still include extensive quiet or low–activity intervals,
including periods with relatively simple magnetic–field configurations. The
final dataset is summarized in Table 4.1.

Number of
Active Regions Total Records Weak Flares

(≤ C Class)
Strong Flares
(≥M Class)

800 756,398 5,845 (95.07%) 303 (4.93%)

TABLE 4.1: Summary of the final dataset, including the num-
ber of retained ARs, the total number of SHARP records, and
the number of weak (≤ C–class) and strong (≥ M–class) flare
events. Percentages in the flare columns are computed relative

to the total number of flares.

1http://jsoc.stanford.edu/doc/data/hmi/Quality_Bits/QUALITY.txt
2http://jsoc.stanford.edu/doc/data/hmi/coverage_maps/
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4.2.3 Train/Validation/Test Split

A standard practice in machine learning is to divide a dataset into three
non–overlapping subsets: a training set used to train the model, a validation
set used for hyperparameter tuning, and a test set used to assess the model’s
performance and generalization capabilities. Ensuring that these subsets are
representative of the overall data distribution is crucial for a reliable assess-
ment of the model’s performance on unseen data.

To achieve this, a common strategy is to randomly partition the dataset
into the aforementioned subsets. This approach is not appropriate for ARs, as
their lifespans range from hours to days. Randomly partitioning the dataset
would result in samples from the same AR being distributed across the train-
ing, validation, and test sets, thereby introducing information leakage and
leading to overly optimistic estimates of model performance.

One alternative is to partition the data chronologically, using earlier years
for training and reserving the remaining data for validation and testing (e.g.
Bobra and Couvidat (2015) and Chen et al. (2019)). However, due to the solar
cycle, this strategy does not ensure a consistent distribution across subsets,
as solar flares are more likely to occur during solar maximum, leading to
systematic differences in event rates and active–region magnetic complexity
between time periods (Wang et al., 2020).

To reduce information leakage, we partition the dataset at the active–
region level, ensuring that all samples originating from the same AR belong
to the same subset. This active–region–level splitting procedure is consis-
tent with previous flare–prediction studies (Guerra, Pulkkinen, and Uritsky,
2015; Campi et al., 2019; Zheng, Li, and Wang, 2019; Li et al., 2020; Sun et
al., 2022). A potential drawback of this method is the phenomenon known
as sympathetic flaring, in which a flare in one AR appears to trigger flares in
magnetically connected but spatially distant ARs (Pearce and Harrison, 1990;
Biesecker and Thompson, 2000). Although this source of dependence cannot
be avoided with any splitting strategy, the active–region–level split prevents
direct information leakage by ensuring that temporally adjacent snapshots of
the same AR do not appear in different subsets.

To construct the three subsets, we first separate ARs into those that pro-
duce at least one M– or X–class flare and those that do not, and randomly
split each group into training, validation, and test sets using an approximate
70% / 15% / 15% target ratio. The groups are then recombined, yielding an
active–region–level stratified random split that preserves a comparable frac-
tion of M/X–flaring ARs across subsets, which helps reduce the impact of
solar–cycle variability while maintaining active–region–level independence.
The resulting split is summarized in Table 4.2, with the corresponding per-
centage distributions reported in Table 4.3.

4.2.4 Preprocessing

Our deep learning model requires consistent input dimensions; however,
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Split Number of
Active Regions Total Records Weak Flares

(≤ C Class)
Strong Flares
(≥M Class)

Train 559 528,270 3,978 208
Validation 144 137,677 1,125 65
Test 97 90,451 742 30

TABLE 4.2: Summary of the active–region–level train, valida-
tion, and test split, including the number of ARs, the total num-
ber of records, and the number of weak (≤ C–class) and strong

(≥M–class) flare events in each subset.

Split Total
Records (%)

Weak
Flares (%)

(≤ C Class)

Strong
Flares (%)

(≥M Class)
Train 69.84% 95.03% 4.97%
Validation 18.20% 94.54% 5.46%
Test 11.96% 96.11% 3.89%

TABLE 4.3: Percentage distribution of the active–region–level
train, validation, and test split. Percentages in the total–records
column are computed relative to the full number of records,
while percentages in the flare columns are computed relative

to the total number of flare events within each subset.

active–region cutouts vary in size and aspect ratio, making input–size stan-
dardization necessary. Common approaches include resizing via interpola-
tion, padding, and cropping, but each of these methods has its drawbacks
(Jonas et al., 2018; Huang et al., 2018; Li et al., 2020; Deng et al., 2021; Guas-
tavino et al., 2022; Sun et al., 2022). When resizing images to a uniform size,
details can be lost, as the process involves averaging or interpolating pixel
values, resulting in blurred small–scale features. Additionally, resizing can
introduce geometric distortions in the magnetic structures, since the aspect
ratio is not necessarily preserved. Cropping may exclude important parts of
the ARs, especially since many are east–west elongated, resulting in an in-
complete representation. Padding, on the other hand, can introduce artificial
signals, particularly when padding values differ significantly from the actual
data, potentially misleading the model.

To standardize the input dimensions while limiting the drawbacks of the
approaches discussed above, we adopt a strategy based on the combined use
of cropping and padding. First, we define a target size of 256× 512 pixels.
During training, active–region cutouts larger than this target size are ran-
domly cropped, varying the crop location at each epoch. By doing so, the
model is exposed to different subregions of the same AR, allowing it to learn
from a broader spatial context without requiring explicit resizing. This pro-
cedure also serves as a form of data augmentation, effectively increasing the
diversity of training samples and reducing the risk of overfitting.

For smaller active–region cutouts, padding is applied using each magne-
togram’s background field, which we take to be the magnetic field in regions
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with no significant magnetic activity. The background magnetic field is esti-
mated as the mean pixel value within the interquartile range (IQR). By focus-
ing on the central 50% of the data, we reduce the impact of outliers (i.e., high
magnetic–field values) and capture the central tendency of the background
more accurately.

The target size is chosen as a compromise between preserving active–
region structure and limiting computational cost. A smaller size would re-
quire excessive cropping of large ARs, whereas a larger size would embed
small ARs within a relatively large background area and increase compu-
tational cost. The choice of a 2:1 aspect ratio reflects the typically greater
longitudinal (east–west) than latitudinal extent of ARs.

Each image is scaled to [−1, 1] using min–max scaling, with the global
minimum and maximum estimated from the training set. This is a funda-
mental step in preparing the dataset, as large variations in pixel values may
dominate the learning process, causing smaller but important features to be
overlooked and impairing the convergence and stability of deep learning
models. Estimating the scaling parameters from the training data only and
keeping them fixed for the validation and test sets follows standard machine–
learning practice and prevents information leakage from held–out samples.
Under the usual assumption that the training, validation, and test data are
drawn from the same underlying distribution, the larger and representative
training subset is expected to provide a good empirical approximation of the
relevant data range. Nevertheless, because the scaling extrema are estimated
from the training set, values in the validation or test sets that exceed these
extrema may be mapped outside the nominal [−1, 1] interval. Since the same
affine transformation is applied to all samples, the relative magnetic–field
amplitudes across samples are preserved. This scaling strategy was preferred
over image–wise normalization, which could remove physically meaningful
differences in magnetic–field strength between ARs. Finally, missing values
are replaced with the median of the valid pixels in each image.

4.3 Methodology

4.3.1 Model

We implement a CAE to learn compact representations of LoS magne-
tograms of solar ARs. Let x ∈ R1×H×W denote a single preprocessed mag-
netogram. The encoder E(·) transforms the input into a latent representation
z,

z = E(x), (4.5)

while the decoder D(·) attempts to reconstruct the original input,

x̂ = D(z), (4.6)
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such that x ≈ x̂. Training is performed by minimizing a reconstruction–
based objective, optionally augmented with additional regularization terms,
as described in Section 4.3.2.

The CAE follows a symmetric encoder–decoder design composed of strid-
ed convolutions for downsampling and transposed convolutions for upsam-
pling. The encoder progressively reduces the spatial resolution of the input
while increasing the number of feature channels. In doing so, it aggregates
local spatial information into increasingly abstract feature maps. In our im-
plementation, the encoder is composed of five convolutional blocks. Each
block contains a two–dimensional convolution followed by a rectified lin-
ear units (ReLU) activation. The convolutional layers use kernel size 3× 3,
stride 2, and padding 1, so that each block reduces the spatial resolution by
a factor of two, resulting in an overall downsampling factor of 25 = 32 (Fig-
ure 4.1). The output of the encoder is a latent tensor z ∈ R512×H/32×W/32,
which serves as the learned representation of the input magnetogram.

The latent representation z acts as an information bottleneck. Because it
has reduced spatial resolution and lower overall dimensionality than the in-
put, the model is encouraged to encode spatially coherent structures rather
than memorizing individual pixel values. The structure and quality of z
therefore determine not only the reconstruction fidelity but also the useful-
ness of the representation for downstream tasks.

The decoder mirrors the encoder using five transposed convolutional
blocks. The first four blocks consist of a transposed convolution followed by
a ReLU activation, while the final block uses a transposed convolution fol-
lowed by a hyperbolic tangent activation. The transposed convolution layers
use kernel size 4× 4, stride 2, and padding 1, progressively restoring the spa-
tial resolution of the input (Figure 4.1). The final tanh activation constrains
the reconstructed output to the same normalized range used for the input
magnetograms, [−1, 1].

No skip connections or normalization layers are used in this model. This
design choice forces the reconstruction to rely on the information encoded in
the latent representation, rather than bypassing the bottleneck through direct
feature transfer. As a result, differences in reconstruction quality can be more
directly attributed to the training objective than to architectural shortcuts.
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FIGURE 4.1: Schematic representation of the CAE architecture used for LoS magnetogram reconstruction. The encoder
progressively reduces the spatial resolution through strided convolutions while increasing the number of feature channels.

The decoder mirrors this process using transposed convolutions to reconstruct the input LoS magnetogram.
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4.3.2 Loss Functions

The autoencoder is trained by minimizing a training objective that mea-
sures the discrepancy between the input LoS magnetogram and its recon-
struction. Let x ∈ R1×H×W and x̂ ∈ R1×H×W represent the original and re-
constructed magnetograms, respectively. We define the reconstruction loss,
Lrec, to penalize pixel–wise residuals ri,j = xi,j− x̂i,j. For simplicity, hereafter,
we let r denote a generic scalar residual such that r ≡ ri,j for any pixel (i, j).

The first reconstruction loss we consider is the mean squared error:

LMSE =
1

HW

H

∑
i=1

W

∑
j=1

(
xi,j − x̂i,j

)2 . (4.7)

This loss function penalizes residuals quadratically, LMSE(r) = r2. This for-
mulation is optimization–friendly because the loss is smooth everywhere
with a well–defined gradient∇LMSE(r) = 2r. However, this quadratic growth
causes large residuals to dominate both the loss and its gradient, which means
that large discrepancies are corrected rapidly, but also that the training objec-
tive becomes more sensitive to outliers.

The second reconstruction loss we consider is the mean absolute error:

L1 =
1

HW

H

∑
i=1

W

∑
j=1

∣∣xi,j − x̂i,j
∣∣ . (4.8)

This loss function penalizes residuals linearly, L1(r) = |r|, producing constant–
magnitude gradients. Unlike LMSE, L1 is not differentiable at r = 0; however,
in practice, this is handled by using subgradient methods in gradient–based
optimization (Auslender and Teboulle, 2004). This linear growth ensures that
large residuals do not receive disproportionate weight; as a result, L1 is in-
herently more robust to heavy–tailed noise and sporadic artifacts.

The third reconstruction loss we consider is the Smooth L1 loss:

LSL1 =
1

HW

H

∑
i=1

W

∑
j=1

ϕβ

(
xi,j − x̂i,j

)
, (4.9)

where ϕβ is the Huber penalty,

ϕβ(δ) =

{
1

2β δ2, |δ| < β,

|δ| − β
2 , |δ| ≥ β.

(4.10)

This loss function interpolates between quadratic behavior near zero and lin-
ear behavior for large residuals, with the transition controlled by the scale
parameter β (Huber, 1992). This hybrid form retains the numerical stability
and smooth curvature of LMSE for small residuals while limiting the influence
of large residuals similarly to L1.

Pixel–wise reconstruction losses treat each pixel residual as an indepen-
dent contribution to the total error and therefore do not explicitly encode spa-
tial organization. Consequently, reconstructions can achieve low pixel–wise
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error while still exhibiting morphological deviations (Terven et al., 2025).
In particular, when reconstruction is under–constrained, meaning that the
model does not have sufficient information to reconstruct the input uniquely,
minimizing pixel–wise reconstruction losses, especially LMSE, tends to bias
the prediction toward the conditional mean of the admissible solutions. This
behavior can manifest visually as attenuation of sharp gradients and sup-
pression of high–frequency detail.

In addition, low pixel–wise residuals do not guarantee consistency in the
distribution of power across spatial scales. Overly smooth reconstructions
may show a pronounced deficit at high spatial frequencies, indicating a sys-
tematic loss of small–scale power. Conversely, reconstructions with spuri-
ous fine–scale texture may retain comparable high–frequency power but dis-
tribute it differently, indicating a mismatch in small–scale patterning despite
similar pixel–wise error.

For magnetograms, both effects can affect the recovery of relevant struc-
tures such as strong flux concentrations, sharp PILs, and fine–scale gradients,
which are among the most physically meaningful features for flaring activity.
To mitigate this, we augment the reconstruction loss with an auxiliary term
that explicitly promotes gradient preservation in the pixel domain.

To encourage gradient preservation, we compare discrete spatial deriva-
tives of the original and reconstructed magnetograms. The horizontal and
vertical gradients of the original and reconstructed images are estimated us-
ing discrete finite differences:

xx = x ∗ Kx, xy = x ∗ Ky, (4.11)

x̂x = x̂ ∗ Kx, x̂y = x̂ ∗ Ky, (4.12)

where the finite–difference kernels are defined as

Kx =
[
−0.5 0 0.5

]
, Ky =

−0.5
0

0.5

 . (4.13)

The corresponding finite–difference gradient loss function is then defined as

LFD =
1

HW ∑
i,j

(∣∣x̂x,i,j − xx,i,j
∣∣+ ∣∣x̂y,i,j − xy,i,j

∣∣) . (4.14)

As an alternative to finite differences, spatial gradients can be computed
using the Sobel operator (Sobel, Feldman, et al., 1968), with the kernels

Kx =

−1 0 1
−2 0 2
−1 0 1

 , Ky =

−1 −2 −1
0 0 0
1 2 1

 . (4.15)

We define the Sobel–based gradient loss function, LSO, analogously to Equa-
tion 4.14, with the finite–difference kernels replaced by the Sobel kernels.
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We denote the gradient regularization term generically as Lgrad ∈ {LFD,
LSO}. Finally, we combine the reconstruction loss, Lrec ∈ {LMSE, L1, LSL1},
also referred to as the primary loss function, with a gradient–based auxiliary
loss, Lgrad ∈ {LFD, LSO}, to obtain the total training objective:

Ltotal = Lrec + λLgrad, (4.16)

where λ controls the relative contribution of the gradient–based auxiliary
loss. The parameter λ is treated as a hyperparameter rather than a learnable
parameter.

The preceding discussion motivates the reconstruction and gradient losses
from the perspective of image fidelity and the preservation of spatial struc-
ture. These terms also have a direct connection with the physical quantities
introduced in Section 4.2.1. For clarity, the relations below are expressed
in physical units using the notation introduced in that section. Since the
same global linear scaling is applied to the original and reconstructed magne-
tograms, the corresponding pixel and gradient differences used during train-
ing differ only by a constant scale factor.

Consider first the total unsigned LoS magnetic flux,

Φ = ∑
x,y
|BLoS(x, y)|∆A, (4.17)

and let Φ̂ denote the same quantity computed from the reconstructed mag-
netogram B̂LoS(x, y). The difference between the two quantities satisfies

∣∣Φ− Φ̂
∣∣ = ∆A

∣∣∣∣∣∑x,y

(
|BLoS(x, y)| −

∣∣B̂LoS(x, y)
∣∣)∣∣∣∣∣ . (4.18)

Applying the triangle inequality gives∣∣Φ− Φ̂
∣∣ ≤ ∆A ∑

x,y

∣∣|BLoS(x, y)| −
∣∣B̂LoS(x, y)

∣∣∣∣ , (4.19)

and, from the reverse triangle inequality,∣∣|BLoS(x, y)| −
∣∣B̂LoS(x, y)

∣∣∣∣ ≤ ∣∣BLoS(x, y)− B̂LoS(x, y)
∣∣ . (4.20)

Therefore, ∣∣Φ− Φ̂
∣∣ ≤ ∆A ∑

x,y

∣∣BLoS(x, y)− B̂LoS(x, y)
∣∣ . (4.21)

Thus, pixel–wise reconstruction accuracy directly constrains the magnetic–
field amplitudes from which the unsigned flux is computed. In the particular
case of an L1 reconstruction objective, the expression above provides an ex-
plicit upper bound on the error in Φ. The other pixel–wise losses considered
here act on the same local residuals, although they weight their magnitude
differently.

A similar, and more direct, connection exists for the mean LoS magnetic–
field gradient,
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⟨|∇BLoS|⟩ =
1
N ∑

x,y
|∇BLoS(x, y)|. (4.22)

Let
〈
|∇B̂LoS|

〉
denote the corresponding quantity computed from the recon-

structed magnetogram. Applying the triangle inequality gives

∣∣⟨|∇BLoS|⟩ −
〈
|∇B̂LoS|

〉∣∣ ≤ 1
N ∑

x,y

∣∣|∇BLoS(x, y)| − |∇B̂LoS(x, y)|
∣∣ . (4.23)

Using the reverse triangle inequality for the gradient vectors,

∣∣|∇BLoS(x, y)| − |∇B̂LoS(x, y)|
∣∣ ≤ ∣∣∇BLoS(x, y)−∇B̂LoS(x, y)

∣∣ . (4.24)

Furthermore,

∣∣∇BLoS(x, y)−∇B̂LoS(x, y)
∣∣

≤
∣∣∣∣∂BLoS

∂x
− ∂B̂LoS

∂x

∣∣∣∣+ ∣∣∣∣∂BLoS

∂y
− ∂B̂LoS

∂y

∣∣∣∣ . (4.25)

The terms on the right–hand side are precisely the type of local derivative
discrepancies penalized by LFD. The finite–difference auxiliary loss therefore
directly constrains, at corresponding spatial locations, the derivatives from
which ⟨|∇BLoS|⟩ is calculated.

The relation with R is less direct because this quantity depends not only
on the magnetic–field amplitudes but also on the location and geometry of
the PIL through the weighting function p(x, y). Pixel–wise fidelity constrains
the magnetic amplitudes entering R, while gradient fidelity promotes preser-
vation of the sharp opposite–polarity structures involved in identifying the
PIL. However, p(x, y) itself is obtained through a sequence of operations
used to identify and spatially weight the PIL, including thresholding and
morphological operations. Consequently, the standard computation of R is
not directly differentiable with respect to the reconstructed magnetogram.
A differentiable approximation could in principle be constructed, but this
would introduce an additional methodological choice and would no longer
correspond exactly to the diagnostic used here for evaluation.

Although quantities such as Φ and ⟨|∇BLoS|⟩ could themselves be incor-
porated into the objective as differentiable loss terms, doing so would con-
strain only their final global or spatially averaged values. It is important to
distinguish this from the pixel–wise and gradient losses used here. In either
formulation, the final quantity minimized during training is a single scalar
value; however, the scalar is constructed differently.

For example, a loss defined directly from the total unsigned flux as

LΦ =
∣∣Φ− Φ̂

∣∣ (4.26)
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would first reduce each magnetogram to a single value, Φ or Φ̂, and only
then compare the two. Consequently, two magnetograms could yield the
same total unsigned flux, and therefore LΦ = 0, even if the magnetic flux
were distributed differently across the AR.

Similarly, a loss defined directly from the mean LoS magnetic-field gradi-
ent would compare only the two spatially averaged gradient values. It could
therefore be small even if strong gradients were reconstructed at incorrect
spatial locations.

By contrast, the reconstruction and gradient losses adopted here compare
the original and reconstructed magnetograms at corresponding spatial loca-
tions before the individual discrepancies are aggregated into the final scalar
loss. For Lrec, the residual is evaluated independently at each pixel, while for
LFD, the horizontal and vertical derivatives are compared locally at each cor-
responding position. Therefore, an error in the spatial location of magnetic
flux or strong gradients contributes to the loss even when the corresponding
global physical quantity is preserved. The final optimization objective is still
scalar, but it retains spatial information through the local comparisons from
which that scalar is constructed.

For this reason, the physical quantities are retained as independent eval-
uation diagnostics rather than explicitly included in the optimization objec-
tive. This allows us to assess whether improving the reconstruction of the
magnetic field and its local spatial derivatives also leads to improved phys-
ical consistency without directly enforcing the evaluated quantities during
training.

Models are trained for 100 epochs using the Adam optimizer with a learn-
ing rate of 10−3 and a batch size of 128. Model checkpoints are saved at each
epoch and monitored according to the validation loss, retaining the config-
urations with the lowest validation loss values once the loss falls below the
initial threshold of 0.01. To improve training stability, the auxiliary loss is
activated only after an initial warm–up period (the first five epochs), during
which training is driven solely by Lrec. The weighting coefficient λ is selected
via a grid search over logarithmically spaced values, {10−2, 10−3, 10−4, 10−5},
with the final configuration chosen based on validation performance.

4.3.3 Image Reconstruction Evaluation Tools

To assess model performance, we compute a set of complementary image–
based metrics that quantify (i) pixel–wise residual errors, (ii) structural sim-
ilarity, and (iii) distributional agreement between the original magnetogram
x and its reconstruction x̂. During test–set image reconstruction, the prepro-
cessing pipeline described in Section 4.2.4 is applied with center cropping
instead of random cropping. All metrics are computed for each original–
reconstruction pair and averaged over the test set.

To account for pixel–wise reconstruction error, we report the mean squared
error (MSE),
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MSE(x, x̂) =
1

HW

H

∑
i=1

W

∑
j=1

(
xi,j − x̂i,j

)2 , (4.27)

and the mean absolute error (MAE),

MAE(x, x̂) =
1

HW

H

∑
i=1

W

∑
j=1

∣∣xi,j − x̂i,j
∣∣ . (4.28)

These two metrics provide a first quantitative assessment of reconstruction
performance. However, pixel–wise metrics treat each residual independently
and therefore do not explicitly encode spatial organization or correlations
(Wang and Bovik, 2009).

To assess structural fidelity beyond pixel–wise errors, we compute the
structural similarity index (SSIM; Wang et al., 2004) between x and x̂. The SSIM
is computed locally by evaluating, at each spatial location j, the similarity
between local patches xj and x̂j centered at j,

SSIM(xj, x̂j) =
(2µx,jµx̂,j + C1)(2σxx̂,j + C2)

(µ2
x,j + µ2

x̂,j + C1)(σ
2
x,j + σ2

x̂,j + C2)
, (4.29)

where µ(·),j denotes the local mean, σ2
(·),j the local variance, and σxx̂,j the local

covariance. The constants C1 and C2 stabilize the expression in low–contrast
regions and follow the standard choice C1 = (0.01L)2 and C2 = (0.03L)2,
with the dynamic range taken as L = max(x) −min(x) for each magne-
togram.

SSIM compares local statistics over spatial neighborhoods, assessing
whether the reconstruction preserves local intensity (mean), contrast (vari-
ance), and structure (covariance), rather than merely matching individual
pixel values. Following standard implementations, we compute an SSIM
map using a 7× 7 square window and report the mean structural similarity
index (MSSIM), defined as the mean of the local SSIM values over all valid
window locations,

MSSIM(x, x̂) =
1
M

M

∑
j=1

SSIM(xj, x̂j). (4.30)

Autoencoder reconstructions may preserve local contrast and spatial cor-
relation patterns, so that MSSIM remains high and the image appears qual-
itatively similar, while still altering the global distribution of pixel intensi-
ties. To assess distributional agreement, we compare the normalized pixel–
intensity histograms P and Q of x and x̂ using the Kullback–Leibler (KL) diver-
gence (Kullback and Leibler, 1951),

DKL(P∥Q) = ∑
k

P(k) log
(

P(k)
Q(k)

)
. (4.31)
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The KL divergence quantifies the information loss incurred when the re-
constructed pixel–intensity distribution Q is used to approximate the origi-
nal pixel–intensity distribution P. It is therefore sensitive to systematic mis-
matches such as shifts in the overall intensity distribution or changes in the
relative frequency of weak and strong field values. Histograms are com-
puted from the flattened pixel values using a common set of bin edges, here
500 bins, and are normalized to form discrete probability distributions.

To assess whether reconstructions preserve structure across spatial scales,
we compare the Fourier power spectra of x and x̂. We subtract the mean
from each image and apply a separable Hann window prior to computing
the Fourier transform. The two–dimensional power spectrum of an image x
is defined as

Px(kx, ky) =
∣∣F{x}(kx, ky)

∣∣2 , (4.32)

where F{x}(kx, ky) denotes the two–dimensional Fourier transform evalu-
ated at the discrete Fourier modes (kx, ky). The same definition applies to
x̂. To obtain a rotation–invariant representation and facilitate comparison
across magnetograms, we compute the azimuthally averaged radial power
spectrum P(k) by averaging P(kx, ky) over concentric annuli in Fourier space.

The radial power spectrum summarizes the relative contribution of dif-
ferent spatial scales and enables a direct comparison of scale–dependent fi-
delity between the original and reconstructed images, making it possible to
detect both smoothing (a deficit of high–frequency power) and mismatched
fine–scale texture (a redistribution of power at high frequencies) even when
pixel–wise errors remain small. The resulting spectra are visualized on a log–
log scale up to the Nyquist frequency, taken here as min(H, W)/2.

4.3.4 Time–Series Evaluation Tools

Beyond pixel–level fidelity, we assess whether reconstructed LoS magne-
tograms preserve physically meaningful parameters over time. We therefore
compute three parameters derived from each LoS magnetogram in the test
set: the total unsigned LoS magnetic flux Φ (Equation 4.1), the gradient–
weighted neutral line length R (Equation 4.2), and the mean LoS magnetic–
field gradient ⟨|∇BLoS|⟩ (Equation 4.3).

For each AR in the test set, these physical parameters are computed at ev-
ery time step from both the original magnetograms x and the reconstructed
magnetograms x̂. For each parameter, this produces paired time series {pt}T

t=1
and { p̂t}T

t=1, computed from x and x̂, respectively, which track its tempo-
ral evolution over the lifetime of the AR. We evaluate agreement between
the original–derived and reconstruction–derived parameter time series us-
ing complementary metrics that capture absolute deviation, trend similarity,
shape similarity, and temporal alignment.

To quantify pointwise discrepancies, we report the mean absolute error
(MAE)
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MAE(p, p̂) =
1
T

T

∑
t=1
|pt − p̂t| . (4.33)

This metric provides an interpretable error scale in the native physical units
of the parameter. Because the physical parameters considered in this work
have different units and dynamic ranges, raw MAE values are not directly
comparable across parameters. To enable cross–parameter comparison, we
additionally report the standardized mean absolute error (sMAE) obtained by
normalizing with the standard deviation of the original–derived parameter
series. Let

p̄ =
1
T

T

∑
t=1

pt, σp =

√√√√ 1
T

T

∑
t=1

(pt − p̄)2, (4.34)

we then define the sMAE as

sMAE(p, p̂) =
1
T

T

∑
t=1

|pt − p̂t|
σp

. (4.35)

The sMAE is dimensionless and expresses reconstruction error relative
to the intrinsic variability of the parameter time series, allowing meaningful
comparison of reconstruction performance across different parameters.

MAE and sMAE do not indicate whether the reconstruction–derived pa-
rameter time series reproduces the temporal co–variation of the original–
derived parameter time series. We therefore evaluate linear similarity using
the Pearson correlation coefficient (Pearson, 1895),

ρ =
cov(p, p̂)

σp σp̂
, (4.36)

where

cov(p, p̂) =
1
T

T

∑
t=1

(pt − p̄)( p̂t − ¯̂p), (4.37)

and

σp =

√√√√ 1
T

T

∑
t=1

(pt − p̄)2, σp̂ =

√√√√ 1
T

T

∑
t=1

( p̂t − ¯̂p)2. (4.38)

The Pearson correlation coefficient is scale–invariant and indicates whether
the reconstruction–derived parameter time series preserves the global trend
and relative variability of the original–derived parameter time series, even
in the presence of small amplitude biases. However, Pearson correlation coef-
ficient quantifies linear co–variation at zero lag and does not distinguish dis-
crepancies caused by differences in temporal shape (e.g., sequence of rises,
peaks, and decays) from those caused by temporal misalignment, in which
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similar features occur at different times (e.g., due to systematic advances or
delays).

To characterize shape similarity beyond linear co–variation, we compute
the dynamic time warping (DTW) distance (Sakoe and Chiba, 1978). DTW com-
pares two time series by allowing local stretching or compression of the time
axis. Let D(i, j) denote the minimum cumulative cost required to align the
first i points of the original–derived parameter series {pt}T

t=1 with the first
j points of the reconstruction–derived parameter series { p̂t}T

t=1. Using the
local absolute difference
the standard DTW recursion is

D(i, j) = c(i, j) + min{D(i− 1, j), D(i, j− 1), D(i− 1, j− 1)}. (4.39)

The DTW distance is then defined as the final cumulative alignment cost,

DTW(p, p̂) = D(T, T). (4.40)

DTW identifies an optimal monotone warping path that aligns the two se-
quences in time, thereby providing a similarity measure that is robust to local
phase shifts and variable temporal rates.

Because the DTW distance is a cumulative alignment cost, its value de-
pends on both the scale of the physical parameter and the length of the time
series. To enable comparison across parameters and ARs, we also report a
standardized DTW distance, sDTW distance. Similar to sMAE, sDTW distance
is normalized by the standard deviation of the original–derived parameter
series; in addition, it is divided by the sequence length T,

sDTW(p, p̂) =
DTW(p, p̂)

T σp
. (4.41)

This normalized quantity is dimensionless and expresses the cumula-
tive shape mismatch relative to both the intrinsic variability of the original–
derived parameter series and the number of time steps.

DTW provides a flexible measure of shape similarity under non–uniform
time warping, but it does not directly quantify a systematic lead or lag be-
tween two time series. To explicitly measure such temporal offsets, we evalu-
ate temporal alignment using the cross–correlation function (CCF; Box et al.,
2015), which measures linear similarity as a function of an imposed global
time shift k. For an integer lag k, we define

CCF(k) =
∑t∈Tk

(
pt − p̄

)(
p̂t−k − ¯̂p

)√
∑t∈Tk

(
pt − p̄

)2
√

∑t∈Tk

(
p̂t−k − ¯̂p

)2
, (4.42)

where Tk denotes the set of indices for which both pt and p̂t−k are defined
(i.e., the overlapping time interval at lag k). We report the CCF peak lag,

k⋆ = arg max
k

CCF(k), (4.43)
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which estimates a systematic advance or delay of the reconstructed series rel-
ative to the reference. Unlike DTW, CCF does not permit local time warping:
the shift k is uniform across the entire series. A zero CCF peak lag indicates
correct temporal alignment, whereas a non–zero CCF peak lag reveals a sys-
tematic time shift in the evolution of the physical parameter recovered from
the reconstructed magnetograms.

4.4 Results

This section presents the empirical evaluation of the proposed CAE for
the reconstruction of AR LoS magnetograms. We compare the performance
of the same CAE architecture when trained with different training objectives.
Specifically, we evaluate reconstruction–only baselines, as well as composite
training objectives that combine the primary reconstruction losses with aux-
iliary losses designed to promote the preservation of spatial structure in the
pixel space.

The best–performing configurations are selected based on validation–set
performance, considering both the reconstruction–only baselines and the com-
posite training objectives associated with each primary reconstruction loss.
The analysis is guided by two main questions: (1) do the selected training
objectives improve the overall test–set image reconstruction quality? and
(2) do improvements in image–level reconstruction translate into physically
consistent temporal evolution of derived magnetic–field parameters?

To answer these questions, we conduct a controlled comparison of the dif-
ferent configurations using the same dataset split, training setup, and evalu-
ation protocol. In the following sections, we present quantitative and qual-
itative analyses that assess reconstruction accuracy, structural and spectral
fidelity, and the preservation of derived physical quantities across time.

4.4.1 Model Selection

The CAE architecture and the candidate training objectives have been de-
fined in Sections 4.3.1 and 4.3.2, respectively. The next step is to select the best
model configuration using only the validation set. Throughout this stage,
the CAE architecture is kept fixed, so that model selection concerns only the
choice of the best training objective. In particular, the model is trained either
with a reconstruction–only objective, used as a baseline, or with a composite
training objective of the form

Ltotal = Lrec + λLgrad,

where Lrec ∈ {LMSE, L1, LSL1} denotes the primary reconstruction loss, Lgrad ∈
{LFD, LSO} denotes the gradient–based auxiliary loss, and λ controls the rel-
ative contribution of the auxiliary term. The validation results for all can-
didate configurations are reported in Table 4.4. The baseline column cor-
responds to models trained without an auxiliary loss, while the remaining
columns correspond to different values of λ.
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Primary Auxiliary Baseline 10−2 10−3 10−4 10−5

Loss Loss

LMSE None 9.230× 10−6 – – – –

LFD – 3.820× 10−6 4.102× 10−6 5.688× 10−6 5.979× 10−6

LSO – 3.920× 10−5 1.499× 10−5 1.123× 10−5 1.058× 10−5

L1 None 1.480× 10−5 – – – –

LFD – 1.543× 10−5 6.946× 10−6 6.644× 10−6 5.151× 10−6

LSO – 5.836× 10−6 1.416× 10−5 5.722× 10−6 7.876× 10−6

LSL1 None 1.126× 10−5 – – – –

LFD – 2.673× 10−6 7.321× 10−6 8.698× 10−6 9.817× 10−6

LSO – 5.617× 10−5 7.353× 10−6 7.855× 10−6 4.232× 10−6

TABLE 4.4: Validation MSE for the candidate autoencoder configurations. Rows indicate the primary reconstruction loss
and the auxiliary loss, while columns report the auxiliary–loss weight λ. The baseline column reports configurations

trained without an auxiliary loss.
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All configurations are compared using a common validation metric. Specif-
ically, model selection is based on the validation MSE (Equation 4.27), com-
puted between the input LoS magnetograms and their reconstructions. Us-
ing MSE avoids directly comparing loss values across heterogeneous training
objectives. The test set is not used during model selection and is reserved for
the final evaluation of the selected configurations.

Based on the validation results, three configurations are retained for the fi-
nal test–set evaluation: the best reconstruction–only baseline, the best model
with finite–difference gradient regularization, and the best model with Sobel–
based gradient regularization. The selected configurations are reported in Ta-
ble 4.5. The lowest validation MSE is obtained by the configuration trained
with LSL1 as the primary loss and LFD as the auxiliary loss, with λ = 10−2.
This configuration achieves a validation MSE of 2.673× 10−6.

Primary Loss Auxiliary Loss λ Validation MSE

LMSE None – 9.230× 10−6

LSL1 LSO 10−5 4.232× 10−6

LSL1 LFD 10−2 2.673× 10−6

TABLE 4.5: Selected autoencoder configurations retained
for the final test–set evaluation. The table reports the
best reconstruction–only baseline, the best finite–difference
gradient–regularized model, and the best Sobel–regularized

model according to validation MSE.

4.4.2 Image Reconstruction Evaluation

Following the validation–based model selection performed in the previ-
ous section, the selected models were evaluated on the independent test set.
These models share the same underlying CAE architecture and differ only
in the training objective. Hereafter, the models are referred to according to
the objective used during training: the reconstruction–only baseline model,
the finite–difference gradient–regularized model, and the Sobel–regularized
model. This final evaluation provides a common quantitative comparison
of how different training objectives affect image reconstruction quality. Four
complementary metrics are used. The MSE and MAE measure pixel–wise re-
construction errors. The MSSIM measures structural agreement between the
original and reconstructed LoS magnetograms. The KL divergence measures
the discrepancy between their pixel–value distributions.

The test–set results presented in Table 4.6 are consistent with the validation–
based selection. Among the evaluated models, the finite–difference gradient–
regularized model, LSL1 + 10−2LFD, achieved the best reconstruction perfor-
mance in terms of pixel–wise and structural metrics, with the lowest MSE
(3.000×10−6), the lowest MAE (9.160× 10−4), and the highest MSSIM (9.967×
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Primary Auxiliary λ MSE ↓ MAE ↓ MSSIM ↑ KL ↓
loss loss

LMSE None – 1.100× 10−5 1.524× 10−3 9.897× 10−1 3.001× 10−2

LSL1 LSO 10−5 5.000× 10−6 1.158× 10−3 9.952× 10−1 9.126× 10−2

LSL1 LFD 10−2 3.000× 10−6 9.160× 10−4 9.967× 10−1 1.119× 10−1

TABLE 4.6: Image–level reconstruction metrics computed on
the test set for the selected autoencoder configurations. The
table reports pixel–wise reconstruction errors, structural simi-
larity, and distributional agreement between the original and

reconstructed LoS magnetograms.

10−1). The Sobel–regularized model, LSL1 + 10−5LSO, also improved over the
reconstruction–only baseline in these metrics, although it did not match the
performance of the finite–difference configuration. The only exception was
the pixel–value distribution metric, for which the reconstruction–only base-
line LMSE gave the lowest KL divergence (3.001× 10−2).

The lower KL divergence obtained with the reconstruction–only objective
may be related to the quadratic dependence of LMSE on the reconstruction
residuals. Since large residuals are more strongly penalized, training with
LMSE may favor preservation of the global amplitude distribution of the mag-
netogram, including less frequent high–intensity values. This can lead to a
reconstructed pixel–value distribution that is closer to the original distribu-
tion, even when the reconstruction is less accurate in terms of local struc-
ture. By contrast, the gradient–based objectives improve spatial sharpness
and structural agreement, but may redistribute errors in a way that slightly
alters the global histogram, producing larger KL divergence values.

To complement the aggregate test–set analysis, we next examine two rep-
resentative examples in more detail. This qualitative analysis is intended
to illustrate how the selected models behave when reconstructing magne-
tograms from different magnetic contexts. We consider two contrasting ex-
amples: HARP 377, observed on 2011.02.15 at 02:00 during an X2.2 flare,
and HARP 8906, observed on 2022.12.21 at 12:48 and not associated with a
flare. These examples provide a visual comparison between a complex flare–
productive AR and a quieter non–flaring one.

Figure 4.2 compares the radially averaged Fourier power spectra of the
original magnetograms and the reconstructions obtained with the selected
models for these two examples. In both cases, the spectra of all reconstruc-
tions overlap closely with the original spectrum at low and intermediate
values of k, indicating that the large–scale and intermediate–scale magnetic
structures are well preserved independently of the training objective.

Differences become more evident at larger values of k, as shown in the
zoomed panels. Since the radial Fourier mode k is inversely related to spatial
scale, larger values of k correspond to progressively finer structures. In this
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FIGURE 4.2: Comparison of the radially averaged Fourier
power spectra for the original LoS magnetograms and the re-
constructions obtained with the selected models. The two ex-
amples correspond to HARP 377 (upper panels), observed on
2011.02.15 at 02:00 during an X2.2 flare, and HARP 8906 (lower
panels), observed on 2022.12.21 at 12:48 and not associated with
a flare. The left panels show the full spectra, while the right
panels show a zoom of the high–k range. The dashed horizon-
tal line marks the power value at k = 32.5, which is used as a

reference for the high–k range shown in the zoomed panels.
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regime, the reconstruction–only baseline shows the strongest attenuation of
power relative to the original spectrum, indicating a greater loss of fine–scale
structure. The gradient–regularized models retain more power at high k and
remain closer to the original spectrum, suggesting that the auxiliary gradient
losses help preserve small–scale magnetic variations.

Figures 4.3 and 4.4 show representative reconstruction examples obtained
with the finite–difference gradient–regularized model, which achieved the
best test–set performance in terms of pixel–wise and structural metrics. The
two examples considered are the same as above: the complex flare–productive
AR HARP 377 and the quieter non–flaring AR HARP 8906. In both cases,
the large–scale magnetic morphology is accurately recovered, including the
spatial arrangement of the dominant positive and negative polarity concen-
trations. Small–scale positive– and negative–polarity flux concentrations and
sharp transitions are also reproduced, although their boundaries appear slight-
ly smoothed in the reconstructed magnetograms.

The polarity–separated residual maps show the absolute reconstruction
error independently in positive– and negative–field regions. In both exam-
ples, the residuals are spatially localized and concentrate mainly near com-
pact flux concentrations, strong–field gradients, and PILs. These regions are
characterized by sharp magnetic transitions; as a result, even small spatial
offsets between the original and reconstructed magnetograms can produce
relatively large local residuals. Nevertheless, the residual amplitudes remain
much smaller than the peak magnetic–field values shown in the correspond-
ing magnetograms, indicating that the errors are local perturbations rather
than large–scale morphological failures. This qualitative analysis of the re-
constructions and residual maps is consistent with the low MSE and MAE,
and the high MSSIM, reported in Table 4.6.

The pixel–value distributions provide a qualitative check of the agree-
ment between the original and reconstructed magnetic–field amplitudes. For
both examples, the reconstructed distributions closely follow the original
ones over most of the dynamic range, including the central background com-
ponent and the extended tails associated with stronger magnetic–field con-
centrations. Small deviations are visible in the distribution tails, consistent
with the larger KL divergence obtained for the finite–difference gradient–regu-
larized model. This indicates that the finite–difference objective improves
structural preservation while still allowing slight redistributions of magnetic–
field amplitudes. In particular, the strongest magnetic–field amplitudes may
be slightly underrepresented or redistributed toward intermediate values.

Figures 4.5 and 4.6 provide a local visual comparison of the reconstruc-
tions produced by the three selected models in regions containing compact
magnetic structure and sharp transitions. In both examples, the reconstruc-
tion–only baseline reproduces the broad magnetic pattern but shows larger
absolute deviations. The Sobel–regularized and finite–difference gradient–
regularized models produce lower residual amplitudes in the selected re-
gions and more closely follow the original local morphology, consistent with
the conclusions drawn from the aggregate test–set metrics and the power–
spectrum analysis.
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FIGURE 4.3: Representative reconstruction example for
HARP 377, observed on 2011.02.15 at 02:00 during an X2.2
flare. The reconstruction is obtained with the finite–difference
gradient–regularized model. The panels show the original and
reconstructed LoS magnetograms, polarity–separated absolute

residual maps, and the pixel–value distributions.
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FIGURE 4.4: Representative reconstruction example for
HARP 8906, observed on 2022.12.21 at 12:48 and not asso-
ciated with a flare. The reconstruction is obtained with the
finite–difference gradient–regularized model. The panels show
the original and reconstructed LoS magnetograms, polarity–
separated absolute residual maps, and the pixel–value distri-

butions.

68



Chapter 4. Phase I: Representation Learning of Solar Active Regions

FIGURE 4.5: Local reconstruction comparison for HARP 377,
observed on 2011.02.15 at 02:00 during an X2.2 flare. The red el-
lipse in the full LoS magnetogram identifies the selected region.
The figure compares the selected original region with the re-
constructions obtained using the reconstruction–only baseline
model, the Sobel–regularized model, and the finite–difference
gradient–regularized model, together with their absolute devi-

ation maps.
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FIGURE 4.6: Local reconstruction comparison for HARP 8906,
observed on 2022.12.21 at 12:48 and not associated with a flare.
The red ellipse in the full LoS magnetogram identifies the se-
lected region. The figure compares the selected original region
with the reconstructions obtained using the reconstruction–
only baseline model, the Sobel–regularized model, and the
finite–difference gradient–regularized model, together with

their absolute deviation maps.
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Overall, the finite–difference gradient–regularized model provides the
strongest reconstruction performance among the selected models, particu-
larly in terms of pixel–wise accuracy, structural similarity, and preservation
of spectral power at high values of k. The reconstruction–only baseline re-
mains more favorable for the global pixel–value distribution, while the Sobel–
regularized model generally shows intermediate behavior.

4.4.3 Temporal Evolution of Derived Physical Parameters

In the previous subsection, model performance is evaluated using image–
level reconstruction metrics. Here, we assess whether the reconstructed mag-
netograms preserve physically meaningful quantities, as well as their tempo-
ral evolution. This step is important because small image–level reconstruc-
tion errors may propagate differently into integrated or gradient–sensitive
physical parameters. The analysis focuses on the total unsigned LoS mag-
netic flux Φ, the gradient–weighted neutral line length R, and the mean LoS
magnetic–field gradient ⟨|∇BLoS|⟩. For each AR in the test set, these param-
eters are computed from both the original and reconstructed magnetograms.
The comparison is based on the temporal metrics introduced in Section 4.3.4,
and the aggregate results are reported in Table 4.7.

The temporal evolution of the total unsigned LoS magnetic flux Φ is pre-
served with high accuracy across the selected models. All three models yield
Pearson correlation coefficient values close to unity and zero CCF peak lag, indi-
cating that the reconstructed magnetograms reproduce the temporal trend of
the unsigned flux without introducing a systematic time shift. Differences be-
tween the three models become more evident when examining the standard-
ized error metrics. The best error–based performance is obtained with the
finite–difference gradient–regularized model, which gives the lowest sMAE
(2.262 × 10−2) and the lowest sDTW distance (5.760 × 10−4). The Sobel–
regularized model also improves over the reconstruction–only baseline, al-
though it does not match the finite–difference model. This result indicates
that the selected gradient–regularized models preserve the unsigned mag-
netic flux more accurately and more consistently over time than the recon-
struction–only baseline.

For the gradient–weighted neutral line length R, the best performance is
again obtained with the finite–difference gradient–regularized model. This
configuration gives the lowest sMAE (4.404 × 10−2), the lowest sDTW dis-
tance (4.268× 10−3), and the highest correlation (ρ = 9.754× 10−1). All three
models exhibit comparable CCF peak lag values, with a small negative lag of
approximately two time steps. This indicates a slight systematic temporal
shift between the R time series computed from the original and reconstructed
magnetograms. Compared to those of Φ, the Pearson correlation coefficient val-
ues depart more from unity; however, they remain high across all selected
models, indicating that the overall temporal trend of R is preserved. We
also note that sMAE and sDTW distance are higher than for Φ across all three
models, indicating that the magnetic features on which the computation of R
depends are generally harder to reconstruct. The R parameter is computed
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from magnetic flux near PILs, which are localized regions characterized by
strong fields, sharp gradients, and high magnetic complexity. These are pre-
cisely the structures that are more difficult to reconstruct accurately; there-
fore, slight smoothing or spatial offsets can more strongly affect the recovery
of R and its temporal evolution. In this case as well, the Sobel–regularized
model provides an intermediate improvement over the reconstruction–only
baseline.

The mean LoS magnetic–field gradient ⟨|∇BLoS|⟩ shows the clearest ben-
efit from gradient regularization. The finite–difference gradient–regularized
model achieves the lowest sMAE (2.757× 10−1), the lowest sDTW distance
(4.162× 10−3), the highest Pearson correlation coefficient (ρ = 9.992× 10−1),
and zero CCF peak lag. Compared with the reconstruction–only baseline,
this corresponds to a reduction of the standardized amplitude error from
6.542× 10−1 to 2.757× 10−1, and a reduction of the standardized DTW dis-
tance from 1.064× 10−2 to 4.162× 10−3. This behavior is expected because
this parameter is directly determined by local spatial derivatives of the mag-
netic field; therefore, introducing a regularization term that explicitly con-
strains local gradients has a direct effect on the recovery of this parame-
ter. The Sobel–regularized model also improves over the reconstruction–only
baseline, with sMAE = 3.597 × 10−1 and sDTW = 5.268 × 10−3, but re-
mains below the finite–difference model. These results indicate that both the
amplitude and the temporal evolution of magnetic–field gradients are more
accurately preserved when local spatial derivatives are explicitly constrained
during training.

Figures 4.7 and 4.8 show representative examples of the temporal evolu-
tion of the derived physical parameters. The examples correspond to HARP
377 and HARP 8589, which provide two cases with different magnetic evo-
lution and flare activity. In both cases, the parameter time series computed
from the reconstructed magnetograms reproduce the main temporal behav-
ior of Φ, R, and ⟨|∇BLoS|⟩, confirming that the selected models preserve not
only the image morphology, but also the evolution of physically meaningful
quantities.

The agreement is strongest for the total unsigned flux Φ, whose recon-
structed curves closely follow the values computed from the original magne-
tograms throughout the observing interval. This is consistent with the inte-
grated nature of Φ, which makes it less sensitive to localized reconstruction
errors. Larger differences appear for R, and especially for ⟨|∇BLoS|⟩, where
the curves show clearer separations between the selected models. This be-
havior is expected because these quantities depend more directly on local-
ized PIL structures and local magnetic–field gradients, which are more diffi-
cult to reconstruct accurately. Consistently with the aggregate results in Ta-
ble 4.7, the finite–difference gradient–regularized model shows the best over-
all behavior across the three physical parameters, while the Sobel–regularized
model shows intermediate behavior between the reconstruction–only base-
line and the finite–difference model.
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Physical Primary Auxiliary λ MAE ↓ sMAE ↓ DTW ↓ sDTW ↓ ρ ↑ CCF
parameter loss loss Peak Lag

Φ LMSE None – 6.957× 1019 4.382× 10−2 8.458× 1020 7.740× 10−4 1.000 0.000

LSL1 LSO 10−5 4.599× 1019 3.392× 10−2 6.238× 1020 7.560× 10−4 9.999× 10−1 0.000

LSL1 LFD 10−2 3.511× 1019 2.262× 10−2 5.249× 1020 5.760× 10−4 1.000 0.000

R LMSE None – 6.380× 10−2 6.690× 10−2 3.946 4.990× 10−3 9.610× 10−1 −2.227

LSL1 LSO 10−5 5.117× 10−2 5.429× 10−2 3.623 4.628× 10−3 9.700× 10−1 −2.227

LSL1 LFD 10−2 4.107× 10−2 4.404× 10−2 3.382 4.268× 10−3 9.754× 10−1 −2.227

⟨|∇BLoS|⟩ LMSE None – 2.397 6.542× 10−1 3.360× 101 1.064× 10−2 9.946× 10−1 0.000

LSL1 LSO 10−5 1.302 3.597× 10−1 1.545× 101 5.268× 10−3 9.983× 10−1 0.000

LSL1 LFD 10−2 9.963× 10−1 2.757× 10−1 1.150× 101 4.162× 10−3 9.992× 10−1 0.000

TABLE 4.7: Test–set temporal–evolution metrics for the derived physical parameters computed from the original and re-
constructed LoS magnetograms. The table reports results for the selected models: the reconstruction–only baseline, the
Sobel–regularized model, and the finite–difference gradient–regularized model. Lower values are better for MAE, sMAE,

DTW distance, and sDTW distance, while higher values are better for ρ.
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FIGURE 4.7: Temporal evolution of the derived physical parameters for HARP 377. The panels show the total unsigned LoS
magnetic flux Φ, the gradient–weighted neutral line length R, and the mean LoS magnetic–field gradient ⟨|∇BLoS|⟩. Black
curves indicate the parameters computed from the original magnetograms, while colored curves indicate the parameters
computed from magnetograms reconstructed with the selected models. Vertical red lines indicate flares of class ≥ C5.0.
Gray shaded regions indicate missing observations, while blue shaded regions indicate intervals with no PIL formation.74
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FIGURE 4.8: Temporal evolution of the derived physical parameters for HARP 8589. The panels show the total unsigned
LoS magnetic flux Φ, the gradient–weighted neutral line length R, and the mean LoS magnetic–field gradient ⟨|∇BLoS|⟩.
Black curves indicate the parameters computed from the original magnetograms, while colored curves indicate the param-
eters computed from magnetograms reconstructed with the selected models. Vertical red lines indicate flares of class ≥
C5.0. Gray shaded regions indicate missing observations, while blue shaded regions indicate intervals with no PIL forma-

tion.75
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4.4.4 Summary of Key Findings

The analysis conducted in this chapter was designed to answer the two
questions formulated at the beginning of the results section. We now sum-
marize the principal findings by addressing these questions in turn.

1. Do the selected training objectives improve the overall test–set image recon-
struction quality?

The results show that the choice of training objective has a direct impact
on reconstruction performance. Among the selected models, the best overall
reconstruction performance is obtained with the finite–difference gradient–
regularized model, LSL1 + 10−2LFD. This configuration achieves the lowest
test–set MSE (3.000× 10−6), the lowest MAE (9.160× 10−4), and the high-
est MSSIM (9.967× 10−1), indicating that combining a robust reconstruction
loss with an explicit constraint on local gradients improves both pixel–wise
accuracy and structural preservation.

The reconstruction–only baseline gives the lowest KL divergence (3.001×
10−2), suggesting better agreement between the global pixel–value distri-
butions of the original and reconstructed magnetograms. This highlights
a trade–off between preserving the global pixel–value distribution and pre-
serving local spatial structure. While the reconstruction–only objective bet-
ter preserves the global histogram, the gradient–regularized objectives better
preserve magnetic morphology, local sharpness, and spectral power at high
values of k.

The two representative reconstruction examples further support this in-
terpretation. The selected models recover the large–scale polarity structure
of both complex flare–productive and quieter ARs. However, the differ-
ences between the selected models become more visible near compact flux
concentrations, strong magnetic–field gradients, and PILs. In these regions,
the reconstruction–only baseline produces larger residuals, while the Sobel–
regularized and finite–difference gradient–regularized models better preserve
the local morphology.

2. Do improvements in image–level reconstruction translate into physically con-
sistent temporal evolution of derived magnetic–field parameters?

The analysis of the temporal evolution of physical quantities derived from
LoS magnetograms shows that the selected models behave differently de-
pending on the parameter considered. The total unsigned LoS magnetic flux
Φ is recovered with high accuracy from the reconstructed magnetograms and
remains temporally coherent across all selected models, with correlations
close to unity and zero CCF peak lag. This is consistent with the integrated
nature of Φ, which makes it less sensitive to localized reconstruction errors.

The gradient–weighted neutral line length R is also recovered with good
accuracy, with the finite–difference gradient–regularized model achieving
the best performance. However, the Pearson correlation coefficient and CCF
peak lag values depart more from their ideal values, and the standardized er-
rors (sMAE and sDTW distance) are higher than in the case of Φ, indicating
that the magnetic features on which the computation of R depends are harder
to reconstruct. This behavior is expected because R depends on magnetic flux
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near PILs, which are localized regions characterized by strong fields, sharp
gradients, and high magnetic complexity.

The clearest benefit of gradient regularization is observed for the mean
LoS magnetic–field gradient ⟨|∇BLoS|⟩, for which the finite–difference gradient–
regularized model substantially reduces the standardized errors relative to
the reconstruction–only baseline. This result is consistent with the definition
of the parameter, which depends directly on local spatial derivatives of the
magnetic field. Overall, the temporal diagnostics show that improvements
observed at the level of individual magnetogram reconstructions translate
into more physically consistent temporal evolution, especially when the de-
rived quantities depend on local gradients.

4.5 Conclusions

In this chapter, we presented the first experimental phase of the thesis, fo-
cused on learning compact representations of active–region magnetic struc-
ture from LoS magnetograms. We trained a CAE to reconstruct magnetograms
using different training objectives, and reconstruction quality was used as an
indirect assessment of whether the learned latent representation preserves
physically meaningful information about the spatial organization of the pho-
tospheric magnetic field. Since the architecture does not include skip con-
nections or normalization layers, the reconstruction must rely only on the
information encoded in the latent representation, making the comparison be-
tween training objectives particularly informative.

The results show that the finite–difference gradient–regularized objective,
LSL1 + 10−2LFD, provides the best compromise among the selected models.
It improves pixel–wise reconstruction accuracy, structural similarity, preser-
vation of spectral power at high values of k, and the temporal consistency of
derived magnetic–field parameters. The reconstruction–only LMSE baseline
remains more favorable for reproducing the global pixel–value distribution,
while the Sobel–regularized model generally shows intermediate behavior
between the baseline and the finite–difference model.

These findings indicate that explicitly constraining local magnetic–field
gradients during training helps the CAE preserve both large–scale magnetic
organization and small–scale magnetic complexity. This is particularly im-
portant for physical diagnostics such as R and ⟨|∇BLoS|⟩, which depend on
PIL structure and local magnetic–field gradients. The learned representation
therefore retains information relevant not only to image reconstruction, but
also to the temporally consistent recovery of derived physical quantities such
as Φ, R, and ⟨|∇BLoS|⟩.

At the same time, the results suggest directions for further improvement.
In particular, future work could experiment with adding additional terms to
the reconstruction loss that explicitly promote overall preservation of struc-
ture in the Fourier domain. Further experiments could explore weighting
different frequencies differently, or targeting specific spatial scales without
compromising local magnetic morphology.
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Overall, this chapter shows that the design of the training objective plays
a central role in determining the physical consistency of the learned repre-
sentation. The best–performing encoder preserves information about both
global magnetic flux and localized magnetic complexity, supporting its po-
tential use as a physically informed representation for downstream tasks.
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Chapter 5

Phase II: Spatio–Temporal
Forecasting via Sequence Encoding

“Begin at the beginning, . . . and go on till you come
to the end: then stop.”

Lewis Carroll,
Alice’s Adventures in Wonderland

5.1 Introduction

In Chapter 4, we addressed the first phase of the flare–forecasting frame-
work by learning compact representations of individual solar active–region
magnetograms. In that phase, a convolutional autoencoder (CAE) was trained
to reconstruct individual active–region line–of–sight (LoS) magnetograms,
with the reconstruction task used as a proxy objective for learning a compact
latent representation of the magnetic–field structure (Hinton and Salakhutdi-
nov, 2006; Goodfellow et al., 2016). The encoder learned in this way therefore
provides a compact spatial representation of the magnetic–field structure of
an active region (AR) at a single time. However, flare productivity is not de-
termined only by the magnetic configuration at one instant. The temporal
evolution of the AR also contains important information, since the build–up,
persistence, and reorganization of magnetic structures may precede the oc-
currence of major flaring activity (Wang and Liu, 2015; Toriumi and Wang,
2019).

The next natural step is therefore to move from representation learning
to sequence–based flare forecasting. Instead of treating active–region mag-
netograms independently, they are organized into sequences that represent
the temporal evolution of each AR. Each sequence spans an observational
window and is assigned a label according to the flare activity occurring in a
subsequent forecasting window. The forecasting task is then formulated as
a binary classification problem in which the model predicts whether the AR
will produce at least one M– or X–class flare during the forecasting window.
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The proposed model combines the spatial representations learned in the
previous phase with a temporal modeling component and a classification
component. Rather than using the original magnetograms directly, this chap-
ter exploits the previously trained encoder to map each observation into a
compact latent representation. Each magnetogram in the input sequence is
first passed through the frozen convolutional encoder trained in Chapter 4.
Attention pooling is subsequently applied so that each magnetogram is rep-
resented as a single feature vector. The resulting sequence of feature vectors
is processed by a long short–term memory (LSTM) network, which produces
a representation of the temporal evolution used for binary classification. In
this way, we separate the learning of spatial magnetic–field representations
from the modeling of their temporal evolution.

The first aspect to consider is the definition of observational and forecast-
ing windows. We evaluate four temporal configurations, with paired obser-
vational and forecasting windows of 24, 12, 6, and 3 h. Since major flares are
rare, the resulting datasets are strongly imbalanced. To address this issue,
we evaluate two random undersampling strategies: static undersampling, in
which a fixed balanced subset of negative samples is used throughout train-
ing, and dynamic undersampling, in which the negative class is resampled at
each epoch to expose the model to a wider variety of majority–class samples.

The objective of this chapter is therefore twofold. First, it evaluates whether
sequence–based modelling provides effective forecasting performance for M–
and X–class flares. Second, it examines how performance depends on the
temporal configuration of the input sequence and on the undersampling
strategy used during training. Model performance is assessed on the inde-
pendent test set using classification metrics, threshold–independent discrim-
ination metrics, probability–distribution analysis, and calibration diagnos-
tics.

The chapter is organized as follows. Section 5.2 describes the construc-
tion of the sequence–based dataset, including the data source, active–region
split, sequence extraction and labeling procedure, random undersampling,
and preprocessing. Section 5.3 introduces the forecasting architecture and the
evaluation tools. Section 5.4 presents the model–selection results, threshold
analysis, independent test–set performance, discrimination and probability–
separation analyses, calibration analysis, and summary of findings. Finally,
Section 5.5 concludes the chapter by discussing the main findings and the
role of temporal sequence encoding in the forecasting framework developed
in this thesis.

5.2 Data

5.2.1 Data Sources and Dataset Construction

The dataset used in this chapter is constructed from the same observa-
tional data source introduced in Chapter 4. In particular, we use LoS mag-
netogram cutouts of solar ARs obtained from the Space–weather HMI Ac-
tive Region Patches (SHARP) data product. The selection of ARs follows the
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same criteria described in Section 4.2.2. We consider SHARP records from
May 2010 to December 2022, covering most of solar cycle 24 and the early
phase of solar cycle 25. Only SHARPs associated with exactly one National
Oceanic and Atmospheric Administration (NOAA) active–region number
are retained, allowing an unambiguous association with events listed in the
Geostationary Operational Environmental Satellite (GOES) flare catalog. To
mitigate near–limb projection effects, observations were restricted to ARs lo-
cated within ±65◦ of the central meridian.

GOES flare events are associated with SHARP observations using the
same time–alignment procedure described in Section 4.2.2. For each flare,
the SHARP record closest to the flare peak time is selected within a ±12–
minute window. When no SHARP record is available within this tolerance
interval, an empty placeholder record is created to preserve the information
that a flare of a certain class occurred at that time. Preserving this information
was useful for the subsequent active–region–level partitioning into training,
validation, and test sets.

In the single–image reconstruction task considered in Chapter 4, missing
and poor–quality records did not represent a problem, since magnetograms
were processed independently rather than as part of a time–ordered sequence.
Consequently, at training time, placeholder records were discarded, since
no actual data existed at those times, with no further consideration. Poor–
quality records were also discarded. The present chapter, however, addresses
flare forecasting from time–ordered sequences of observations; therefore, miss-
ing and poor–quality records require a different treatment. The details are
provided in Section 5.2.3.

5.2.2 Train/Validation/Test Split

The train, validation, and test partition used in this chapter follows the
same active–region–level splitting strategy described in Section 4.2.3, in which
ARs were first separated into two groups: those that produced at least one
M– or X–class flare and those that did not. Each group was then split into
training, validation, and test subsets using an approximate 70% / 15% /
15% target ratio. The groups were subsequently recombined, yielding an
active–region–level stratified split that preserves a comparable fraction of
M/X–flaring regions across subsets while maintaining independence at the
active–region level. The split is applied before sequence extraction and label-
ing. Consequently, all sequences generated from a given AR are assigned to
the same subset, preventing direct information leakage between the training,
validation, and test sets.

5.2.3 Sequence Extraction and Labeling

Sequences are drawn from each active–region time series using a sliding–
window approach similar to those adopted by Angryk et al. (2020), Sun et
al. (2022), and Guastavino et al. (2022). Each sequence, also referred to as
a sample, spans a T-hour window, with T ∈ {24, 12, 6, 3}, and the window
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is shifted forward in 12 min increments to construct successive sequences.
Thus, each new sample begins 12 min after the start of the previous one,
matching the nominal temporal resolution of the SHARP data. Sequences
are labeled according to the flare activity occurring in the subsequent T-hour
window. The T-hour window used as input to the model is referred to as
the observational window, while the subsequent T-hour window used for
labeling is referred to as the forecasting window.

During the process of sequence extraction and labeling, a sequence is re-
tained only if it satisfies one of the following criteria: (i) at least one M– or X–
class flare occurs during the forecasting window, in which case the sequence
is labeled as positive; or (ii) no flare of any class occurs during either the ob-
servational window or the forecasting window, in which case the sequence
is labeled as negative (see Table 5.1 and Figure 5.1). This positive/negative
labeling convention follows the common practice in solar flare forecasting,
where M– and X–class flares are treated as the events of interest because they
correspond to strong and potentially geoeffective events (Bobra and Couvi-
dat, 2015; Barnes et al., 2016; Leka et al., 2019; Georgoulis et al., 2021).

Forecasting Window
Observational Window Quiet Weak Strong
Quiet − ? +
Weak ? +
Strong +

TABLE 5.1: Definition of sequence class labels for the binary
classification task. Positive samples are denoted by “+”, and
negative samples by “−”. Blank entries correspond to a decay
in flare activity, while “?” entries correspond to sequences lead-
ing to weak–flare activity; both cases are excluded under the

labeling scheme adopted for the present task.

We note that two evolutionary types are excluded: (i) decaying flare ac-
tivity, corresponding to sequences in which flare activity decreases from the
observational window to the forecasting window, such as weak–to–quiet,
strong–to–quiet, or strong–to–weak transitions; and (ii) sequences that pro-
duce only weak flares in the forecasting window, such as quiet–to–weak or
weak–to–weak transitions (see Table 5.1 and Figure 5.1). These cases were
deliberately excluded to define a controlled discrimination problem between
sequences preceding major flare activity and sequences that remain com-
pletely flare–quiet over both the observational and forecasting intervals. Pre-
vious studies have adopted similar exclusions to reduce label noise and en-
hance class separation (Sun et al., 2022), while other studies have shown that
heterogeneous evolutionary types may complicate the forecasting problem
(Guastavino et al., 2022).

Under the broader definition used in all–clear flare forecasting, the quiet–
to–quiet sequences retained as negative samples are themselves all–clear cases,
since no event above the target threshold occurs during the forecasting win-
dow (Barnes et al., 2016). However, they represent only a restricted subset
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of possible all–clear conditions. The labeling strategy adopted here should
therefore be understood as a deliberate methodological choice rather than
as an attempt to reproduce the full range of evolutionary states encountered
in an operational forecasting setting. Its purpose is to reduce label hetero-
geneity and assess whether the temporal evolution of the learned magnetic
representations contains information associated with major flare activity.

As already mentioned, the SHARP data series contain gaps and, in certain
cases, records are missing precisely at the time of a flare, sometimes even
for large flares. These cases must be treated carefully, since missing records
can disrupt the sequential structure of the data and affect the label assigned
to a sequence. To account for such situations, an empty placeholder record
is created whenever a SHARP observation is unavailable. The placeholder
record also contains the information of whether a flare of any magnitude
occurred at that time, using the flare peak time as reference.

When constructing the observational and forecasting windows, missing
records are handled differently depending on where they occur. If a place-
holder record falls inside the observational window, the corresponding se-
quence is discarded, because the forecasting model requires a complete, fixed–
length input sequence with regular temporal spacing. If a placeholder record
falls inside the forecasting window, the sequence can instead be retained, be-
cause the forecasting window is used only to determine the label. In other
words, placeholder records have the unique purpose of preserving the tem-
poral cadence of the data and the information of whether a flare of a given
magnitude occurred at that time, even though no corresponding magne-
togram is available (see Figure 5.2). Sequences are also discarded if the obser-
vational window contains any poor–quality records, defined as records with
QUALITY flags greater than or equal to 655361.

1http://jsoc.stanford.edu/doc/data/hmi/Quality_Bits/QUALITY.txt
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FIGURE 5.1: Example schematic representation of the sequence
selection and labeling procedure. Each candidate sequence is
defined by an observational window of duration T, sampled
with cadence ∆t, followed by a forecasting window of duration
T used for label assignment. A sequence is labeled as positive
if at least one M– or X–class flare occurs during the forecasting
window, and as negative if no flare occurs during either the ob-
servational or forecasting window. Sequences corresponding to
a decay in flare activity or to cases with only weak flares dur-
ing the forecasting window are excluded from the classification

task.
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FIGURE 5.2: Example schematic representation of the treatment of missing records during sequence construction. When
a record is missing, a placeholder is created. A candidate sequence is discarded when a placeholder record falls within
the observational window, because the model input must be complete and regularly sampled. If a placeholder falls within
the forecasting window of a candidate sequence with a complete observational window, the sequence can still be retained,

since the forecasting window is used only for label assignment.85
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The number of samples generated by the above procedure for each time
window is presented in Table 5.2. As shown, negative samples considerably
outnumber positive samples. To address this class imbalance, the negative
class is randomly undersampled to match the number of positive samples.
Additional details on this process are provided in Section 5.2.4.

Observational Forecasting Sampling Positive Positive Negative Negative
Window Window (%) (%)

24H 24H 36M 9,867 4.71 199,754 95.29

12H 12H 12M 8,494 2.33 355,974 97.67

6H 6H 12M 6,067 1.22 492,617 98.78

3H 3H 12M 3,713 0.62 592,115 99.38

TABLE 5.2: Number and percentage of positive and negative
sequences generated for each temporal configuration. A tem-
poral configuration is defined by the duration of the observa-
tional window in hours, the duration of the forecasting win-
dow in hours, and the sampling cadence of the input sequence

in minutes.

For the 24 h samples, temporal pooling is applied during training, so the
effective temporal cadence of the sequence is 36 min instead of 12 min. This is
a purely architectural choice. At the original 12 min cadence, a 24 h sequence
consists of 120 images of 256× 512 pixels. Stored as 64 bit floating–point ar-
rays during preprocessing and later converted to 32 bit floating–point arrays
for GPU training, these sequences exceed the computational capacity avail-
able for this study.

5.2.4 Random Undersampling

Class imbalance refers to the situation in which one class is significantly
overrepresented compared to others in a dataset. This is the case in flare
forecasting, since most ARs either do not produce flares at all or produce
only low–magnitude events (A–, B–, or C–class), resulting in a dataset heav-
ily dominated by non–flaring and weakly flaring cases, with relatively few
high–magnitude flares (e.g., M– or X–class). In a statistical analysis carried
out by Georgoulis (2012) of a sample of 370 ARs observed with Solar and
Heliospheric Observatory (SOHO)/Michelson Doppler Imager (MDI) dur-
ing Solar Cycle 23, 77 regions, about 21%, produced at least one major flare,
including 60 regions, about 16%, that produced at least one M–class flare
and 17 regions, about 5%, that produced at least one X–class flare, while the
remaining 293 regions, about 79%, were non–major–flaring. According to
the multivariate time–series dataset compiled by Angryk et al. (2020) from
4,098 Solar Dynamics Observatory (SDO)/Helioseismic and Magnetic Im-
ager (HMI) SHARP active–region data observed between May 2010 and De-
cember 2018, corresponding to Solar Cycle 24, only 27, about 0.7%, contained
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X–class flares and 178, about 4.3%, contained M–class flares, while 3,293,
about 80%, did not contain any flares, including B– or C–class events.

Class imbalance is a well–documented problem in machine learning, be-
cause models trained on imbalanced dataset tend to be biased toward the
overrepresented, or majority, class, leading to poor performance on the un-
derrepresented, or minority, class (He and Garcia, 2009; He and Ma, 2013;
Johnson and Khoshgoftaar, 2019; Ahmadzadeh et al., 2021). Class imbal-
ance also makes model evaluation in flare forecasting challenging, since stan-
dard performance metrics can be strongly affected by the underlying class
distribution (Woodcock, 1976; Jolliffe and Stephenson, 2012). The issue is
even more significant in operational settings, where missing rare but po-
tentially geoeffective events may be more consequential than misclassifying
more common quiet periods or weakly flaring cases (Barnes et al., 2016; Leka
et al., 2019; Georgoulis et al., 2021). More generally, this is a characteristic is-
sue of rare–event prediction, where events of the greatest practical relevance
are, by definition, rare.

To mitigate class imbalance, data–level strategies such as undersampling
the majority class and oversampling the minority class are commonly em-
ployed (He and Garcia, 2009; He and Ma, 2013). Undersampling reduces
the dominance of majority–class examples by randomly selecting a subset
for training; however, because it discards data, it may also remove infor-
mative examples. Oversampling, on the other hand, increases the represen-
tation of rare events either by duplicating existing minority–class samples
or by generating synthetic ones, as in the synthetic minority over–sampling
technique (SMOTE; Chawla et al., 2002), where new samples are produced
by interpolating between neighboring minority–class instances. While over-
sampling preserves all available data, duplicated samples may increase the
risk of overfitting, and synthetic samples may be unrealistic, thereby adding
noise. Nevertheless, training on a more balanced dataset encourages the
model to learn better decision boundaries for all classes, rather than being
biased toward the majority class, often improving the detection of minority–
class instances.

Data augmentation is another technique used to enhance the diversity
and quantity of training data. It typically involves applying label–preserving
transformations to existing samples; for image data, these transformations
may include rotations, flips, crops, or scaling operations (Shorten and Khosh-
goftaar, 2019). In some cases, more advanced approaches employ generative
models, such as variational autoencoders (VAEs; Kingma and Welling, 2013)
or generative adversarial networks (GANs; Goodfellow et al., 2014), to syn-
thesize entirely new, realistic examples of minority–class instances.

In addition to data–level strategies, algorithm–level techniques can miti-
gate class imbalance without altering the underlying dataset (He and Gar-
cia, 2009; He and Ma, 2013). These methods act directly on the learning
algorithm, most commonly by modifying the training objective so that er-
rors on minority–class receive greater emphasis than errors on majority–class
samples. A widely used approach is cost–sensitive learning, in which class–
dependent penalties are incorporated into the loss function, for example via
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weighted cross–entropy (Khan et al., 2017). Related objective–level reweight-
ing methods, such as focal loss, address imbalance by dynamically down–
weighting well–classified samples and focusing learning on harder cases (Lin
et al., 2017).

In this work, we address class imbalance by employing two strategies
based on random undersampling. Specifically, samples from the negative
class are randomly selected so that the numbers of positive and negative
samples are equal. The first strategy, hereafter referred to as static under-
sampling, consists of performing this operation once and using the selected
subset throughout training. This approach simplifies the training process
and reduces computational overhead while still alleviating the dominance of
the majority class. The second strategy, hereafter referred to as dynamic un-
dersampling, consists of selecting a new random subset of the negative class
at each training epoch. This method introduces greater variability in the neg-
ative samples seen by the model over time, promoting better generalization
and reducing the risk of overfitting to a fixed subset. To ensure a fair com-
parison between the two strategies, models were trained using either static
or dynamic undersampling, while validation and testing were performed on
the same fixed balanced sets. The validation and test sets are therefore bal-
anced by construction, with equal numbers of positive and negative samples.

5.2.5 Preprocessing

The preprocessing steps are essentially the same as those described in
Section 4.2.4. The main difference is that the operations previously applied
to individual LoS magnetograms are now applied consistently to all magne-
tograms in a sequence. This ensures that all magnetograms within the same
sequence undergo a consistent spatial transformations, avoiding the intro-
duction of artificial frame–to–frame variations.

As in the previous phase, magnetograms are standardized to a fixed input
size of 256× 512 pixels. Larger active–region cutouts are randomly cropped
to this target size, while smaller cutouts are padded using an estimate of
the background magnetic field. The background field used for padding is
approximated as the mean of the pixel values within the IQR, as described
in Section 4.2.4. In the present sequence–based setting, however, both crop-
ping and padding are defined once at the sequence level rather than inde-
pendently for each frame.

Pixel values are scaled using the global minimum and maximum values
computed from the training set, which map the training–set range to [−1, 1].
The same scaling parameters are then applied to the validation and test sets.
As discussed in Section 4.2.4, a known consequence of this fixed training–
derived transformation is that held–out values may be mapped outside the
nominal [−1, 1] interval. Missing values are replaced with the median of the
valid pixels in each frame.
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5.3 Methodology

5.3.1 Model

The classifier presented in this chapter builds on the model trained in
Chapter 4. In that phase, a CAE was trained to learn low–dimensional spa-
tial representations of individual active–region LoS magnetograms through
an image reconstruction objective. In the present phase, the encoder learned
as part of the autoencoder is used as a spatial feature extractor. Each magne-
togram in an input sequence is mapped to a low–dimensional latent feature
vector, and the resulting sequence of learned representations is processed by
a recurrent classifier to predict whether the AR will produce an M– or X–class
flare during the forecasting window.

Let X = {x1, x2, . . . , xNT} denote an input sequence of preprocessed LoS
magnetograms, where each frame xt ∈ R1×H×W corresponds to one time
step in the observational window. Each magnetogram is first passed through
a convolutional encoder E(·), producing a latent feature tensor,

zt = E(xt), (5.1)

so that zt ∈ R512×H/32×W/32. The encoded tensor zt is subsequently reduced
to a feature vector ft,

ft ∈ R512. (5.2)

This spatial aggregation is commonly performed by averaging each fea-
ture map. Here, however, a non–local self–attention block is applied before
the average–pooling operation (Wang et al., 2018b). This block allows spatial
locations within zt to interact before the feature tensor is aggregated. Since
the attention block is trained together with the forecasting classifier, it can
learn to emphasize encoded spatial structures that are more relevant for pre-
dicting M– or X–class flares.

Applying this procedure independently to all frames in the observational
window produces a sequence of feature vectors,

F = {f1, f2, . . . , fNT}. (5.3)

The temporal evolution of these feature vectors is modeled using a LSTM
layer. The LSTM receives F as input and produces a hidden state at each
time step,

{h1, h2, . . . , hNT} = LSTM(F). (5.4)

Only the final hidden state is retained, since it provides a compact rep-
resentation of the temporal information captured by the LSTM over the full
observational window,

r = hNT . (5.5)
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The sequence representation r is then passed to a fully connected classifica-
tion head, which produces a scalar logit ℓ. This logit is associated with the
probability that the input sequence precedes at least one M– or X–class flare
during the forecasting window. The probability of the positive class is there-
fore obtained as

p̂ = σ(ℓ), (5.6)

where σ(·) denotes the sigmoid function.
The spatial module, shown as the blue block in Figure 5.3, consists of a

convolutional encoder followed by an attention–pooling stage. The convolu-
tional encoder has the same structure as the one used in the previous phase:
five convolutional blocks, each consisting of a two–dimensional convolution
followed by a Rectified linear units (ReLU) activation. The convolutional
layers use kernel size 3× 3, stride 2, and padding 1, progressively reducing
the spatial resolution while increasing the number of feature channels. The
attention block uses group normalization, a Swish activation, and 1× 1 con-
volutions to compute query, key, and value projections. It is followed by an
adaptive average pooling layer and dropout with probability p = 0.1. The
temporal module, shown as the green block, is implemented as a single–
layer LSTM followed by dropout with probability p = 0.1. The classification
module, shown as the red block, consists of a linear layer, a ReLU activation,
dropout with probability p = 0.1, and a final linear layer with one output
unit.

The encoder is frozen during this phase, meaning that its parameters are
kept fixed throughout training. The encoder used here corresponds to the
autoencoder trained with the LMSE reconstruction objective. The model is
trained using a binary cross–entropy with logits objective, which combines
the sigmoid activation and binary cross–entropy loss in a numerically stable
form (Bishop and Nasrabadi, 2006; PyTorch Contributors, n.d.). Optimiza-
tion is performed using the Adam optimizer with its default momentum pa-
rameters. Models are trained for up to 100 epochs using a batch size of 32.
Early stopping is applied based on the validation loss, with a patience of 5
epochs and a minimum improvement threshold of 10−3. A model check-
point is saved when the validation loss falls below 0.35 and is subsequently
updated whenever a lower validation loss is achieved.

The reconstruction–only encoder was retained as the baseline represen-
tation for the forecasting experiments, which focused on the temporal mod-
eling of the encoded magnetogram sequences rather than on comparing the
downstream performance of alternative representation–learning objectives.
No downstream comparison between the reconstruction–only encoder and
the gradient–regularized encoders evaluated in Chapter 4 was performed.
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FIGURE 5.3: Schematic representation of the forecasting model architecture. Each magnetogram in the input sequence is
processed independently by a shared frozen convolutional encoder with attention pooling, producing a 512–dimensional
feature vector for each time step. The resulting sequence of feature vectors is passed to an LSTM layer, and the final hidden

state is used by a fully connected classifier to produce the binary prediction.91
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The LSTM hidden size and the learning rate are treated as hyperparame-
ters. In particular, we test hidden sizes of 32, 64, 128, and 256, and learning
rates of 10−3, 10−4, 10−5, and 10−6. The final model configuration is selected
on the basis of validation–set performance, as discussed in Section 5.4.1.

5.3.2 Evaluation Tools

The probability p̂ of the positive class, defined in Equation 5.6, must be
transformed into a binary label. To do so, a threshold (τ) must be chosen,
with 0.5 representing a natural first choice. A sequence is classified as posi-
tive by the model when p̂ ≥ τ, and as negative otherwise. The performance
of the proposed solar flare forecasting model is then evaluated using stan-
dard classification metrics derived from the confusion matrix. The confusion
matrix summarizes the model’s predictions in terms of four outcomes: true
positives (TP) and true negatives (TN), which represent correct predictions of
flare occurrence and non–occurrence, respectively; and false positives (FP) and
false negatives (FN), which correspond to incorrect predictions. It provides a
structured basis for analyzing the model’s performance, from which several
metrics are computed.

Accuracy (Equation 5.7) measures the proportion of correctly classified in-
stances across the entire dataset. Although it is widely used, Accuracy can be
misleading in the presence of class imbalance, where one class significantly
dominates the other.

Accuracy =
TP + TN

TP + TN + FP + FN
(5.7)

Precision (Equation 5.8) quantifies the proportion of predicted positive in-
stances (flare forecasts) that are actually correct. It reflects the reliability of
positive forecasts and is particularly useful in imbalanced datasets. How-
ever, it does not account for false negatives, which means it may overlook
missed flare occurrences.

Precision =
TP

TP + FP
(5.8)

Recall, also known as Sensitivity or the true–positive rate (TPR; Equation 5.9),
evaluates the model’s ability to detect actual flare occurrences, thereby re-
ducing missed events. High Recall is particularly important in space weather
forecasting, where undetected flares could have serious consequences.

Recall =
TP

TP + FN
(5.9)

Based on the previous metrics, the F1–score (Equation 5.10) is defined and
used to evaluate the balance between Precision and Recall. It is particularly
useful for imbalanced datasets, as it provides a single score that accounts
for both false positives and false negatives. The F1–score is computed as the
harmonic mean of Precision and Recall, thereby ensuring that both the abil-
ity to detect flares and the reliability of predictions are considered. A high
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F1–score indicates a well–balanced model that minimizes both missed flare
events (FN) and false alarms (FP).

F1− score = 2× Precision× Recall
Precision + Recall

=
2TP

2TP + FP + FN
(5.10)

Specificity, also known as the true–negative rate (TNR; Equation 5.11), is
complementary to Recall, as it quantifies the model’s ability to correctly iden-
tify non–flaring cases. A high Specificity indicates that the model rarely mis-
classifies quiet cases as flaring, thereby producing few false alarms.

Speci f icity =
TN

TN + FP
(5.11)

Another widely used metric, the true skill statistic (TSS; Equation 5.12),
builds upon these metrics and measures the model’s ability to discriminate
between flare and non–flare cases. It provides a balanced assessment that is
less affected by class imbalance than Accuracy. A TSS value close to 1 indi-
cates nearly perfect classification, while a value near 0 suggests performance
no better than random guessing. It can be defined in terms of Sensitivity and
Specificity as follows:

TSS = Sensitivity + Speci f icity− 1. (5.12)

The last two metrics we introduce are the false positive rate (FPR), defined
as

FPR = 1− Speci f icity, (5.13)

and the false negative rate (FNR), defined as

FNR = 1− Recall. (5.14)

The receiver operating characteristic (ROC) curve (Fawcett, 2006) illus-
trates the model’s ability to discriminate between flare and non–flare cases
by plotting the TPR (Sensitivity) against the FPR across different classifica-
tion thresholds. A random classifier would follow the diagonal line y = x,
whereas a high–performing model yields a curve that rises sharply toward
the upper–left corner. The resulting area under the receiver operating characteris-
tic curve (ROC–AUC) provides a comprehensive evaluation of model perfor-
mance by analyzing the trade–off between the TPR and the FPR, with higher
values indicating stronger discriminative capability.

The Precision–Recall (PR) curve (Davis and Goadrich, 2006) provides a
complementary threshold–independent view of model performance. For this
curve, Recall is plotted on the horizontal axis and Precision on the vertical axis.
A trade–off usually exists between these two quantities; increasing Recall of-
ten means classifying more samples as positive, which may reduce Precision
by increasing the number of false positives. The area under the Precision–Recall
curve (PR–AUC) summarizes this relation, with higher values indicating that
the model maintains high Precision over a broad range of Recall values.
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Depending on the application context, different metrics may be priori-
tized. If false positives are considered tolerable, Recall becomes the most rele-
vant metric. High Recall ensures the detection of most actual flares, reducing
the risk of overlooking significant events. Conversely, in situations where
false positives carry substantial costs, such as operational disruptions caused
by false alarms, Precision becomes more critical. High Precision ensures that
most predicted flares are actual flares, minimizing false alerts. However,
the confusion matrix and the metrics derived from it depend on the chosen
threshold; consequently, a threshold analysis is usually performed instead of
adopting the naive value of 0.5. This analysis is used to determine the thresh-
old that optimizes the metric of interest for the task under consideration. The
threshold analysis is performed using predictions on the validation set, and
the selected threshold is then used to compute the aforementioned metrics
on the test set. In this work, TSS is selected as the metric to optimize, since
it is a common choice in the flare–forecasting literature (e.g., Bobra and Cou-
vidat, 2015; Liu et al., 2017a; Jonas et al., 2018; Sun et al., 2022; Guastavino
et al., 2022).

Model performance is also analyzed using diagnostic plots. ROC curves
summarize the trade–off between the TPR and FPR across thresholds. Predict-
ed–probability distributions are used to assess the separation between posi-
tive and negative samples, while calibration curves compare predicted prob-
abilities with observed flare frequencies.

The Overlap between the positive and negative predicted–probability dis-
tributions can be quantified as

Overlap =
M

∑
m=1

min
(
w+

m , w−m
)

, (5.15)

where

w+
m =

|B+
m |

N+
, w−m =

|B−m |
N−

. (5.16)

Here, M is the number of probability bins, |B+
m | and |B−m | are the numbers

of positive and negative samples in bin Bm, respectively, and N+ and N−

are the total numbers of positive and negative samples. The Overlap ranges
from 0 to 1, with lower values indicating better separation between the two
predicted–probability distributions.

In addition to evaluating how well the model discriminates between flare–
positive and flare–negative sequences, we assess whether its predicted prob-
abilities are calibrated. Calibration measures whether the predicted prob-
abilities are consistent with the observed event frequencies, and therefore
whether they can be interpreted as reliable probability estimates. The Brier
score (Equation 5.17; Brier et al., 1950) measures the mean squared difference
between the predicted probability p̂i and the binary target yi, where yi = 1
for flare–positive sequences and yi = 0 otherwise:

Brier score =
1
N

N

∑
i=1

( p̂i − yi)
2; (5.17)

94



Chapter 5. Phase II: Spatio–Temporal Forecasting via Sequence Encoding

As shown in Equation 5.17, confident incorrect predictions are penalized
more strongly by this metric, so lower Brier score values indicate better prob-
ability estimates.

Calibration is also assessed by grouping the predicted probabilities into
M probability bins. For each bin Bm, the mean predicted probability is com-
pared with the observed positive fraction. The expected calibration error (ECE;
Equation 5.18; Guo et al., 2017) summarizes the average calibration gap across
bins, weighted by the number of samples in each bin:

ECE =
M

∑
m=1

|Bm|
N
| f req(Bm)− con f (Bm)| , (5.18)

where N is the total number of samples, |Bm| is the number of samples in bin
Bm, con f (Bm) is the mean predicted probability in bin Bm, and f req(Bm) is
the observed fraction of positive samples in that bin. A lower ECE indicates
that, on average, predicted probabilities better match the empirical flare fre-
quencies. The maximum calibration error (MCE; Guo et al., 2017; Equation 5.19)
reports the largest calibration gap across all bins:

MCE = max
m
| f req(Bm)− con f (Bm)| . (5.19)

While ECE measures the average calibration error, MCE identifies the
largest localized deviation from perfect calibration. Therefore, a model may
have a low ECE but a relatively high MCE if most probability bins are well
calibrated but one bin shows a large discrepancy.

5.4 Results

This section presents the empirical evaluation of the proposed sequence–
based forecasting framework for the prediction of M– and X–class solar flares.
We compare the performance of sequence–based classifiers trained on four
different temporal configurations, each defined by a specific observational
window, temporal sampling cadence, and forecasting window. In addition,
we evaluate two strategies for addressing the class imbalance inherent to the
flare–forecasting problem: a static undersampling strategy, in which the neg-
ative training subset is fixed during training, and a dynamic undersampling
strategy, in which the negative subset is resampled across training epochs.

The analysis is guided by three main questions: (1) which temporal con-
figuration provides the strongest forecasting performance for major flare pre-
diction? (2) how does dynamic undersampling compare with static under-
sampling across the evaluated temporal configurations? and (3) do the pre-
dicted probabilities provide meaningful class separation and reliable proba-
bilistic information beyond threshold–dependent classification metrics?
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To answer these questions, we follow a controlled evaluation protocol.
First, the best model configuration for each sequence configuration and un-
dersampling strategy is selected using validation–set loss. Second, the deci-
sion threshold of each selected model is optimized on the validation set us-
ing the TSS. Finally, the performance of the selected models is evaluated on
the independent test set using threshold–dependent metrics computed with
thresholds optimized on the validation set. These results are complemented
by threshold–independent analyses of discrimination, probability separation
between positive and negative classes, and calibration.

5.4.1 Model Selection

As described in Section 5.2.3, four sequence configurations were eval-
uated: 24H24H36M, 12H12H12M, 6H6H12M, and 3H3H12M. This naming
convention indicates, in order, the duration of the observational window, the
duration of the forecasting window, and the cadence of the input sequence.
For example, 24H24H36M denotes a 24 h observational window followed by
a 24 h forecasting window, with input frames sampled every 36 min. Simi-
larly, 6H6H12M denotes a 6 h observational window, a 6 h forecasting win-
dow, and a 12 min input cadence.

We also evaluated two undersampling strategies: static undersampling,
in which the same training subset was used throughout training, and dy-
namic undersampling, in which the majority–class samples were resampled
during training at each epoch, as described in Section 5.2.4. The four se-
quence configurations and two undersampling strategies resulted in a total
of 8 experimental settings.

The first step of the experimental analysis was to select the best model
configuration for each sequence configuration and undersampling strategy.
In this work, the LSTM hidden size (HS) and the learning rate (η) were treated
as hyperparameters. A grid search was performed over four hidden sizes,
32, 64, 128, and 256, and four learning rates, 10−3, 10−4, 10−5, and 10−6.
Therefore, for each experimental setting, 16 hyperparameter combinations
were trained and evaluated, giving a total of 128 runs.

For each experimental setting, the final model configuration was selected
according to the minimum validation loss reached during training. Valida-
tion loss was used as the selection criterion instead of classification metrics
such as TSS or Accuracy because these metrics depend on the choice of the de-
cision threshold. At this stage, the goal was therefore to select the model that
minimized a threshold–independent loss on the validation set. Threshold–
dependent performance is analyzed separately in the following subsections.

Figure 5.4 and Figure 5.5 show the validation loss (upper row) and TSS
(lower row) for static and dynamic undersampling, respectively. Each cell
corresponds to a learning–rate and LSTM–hidden–size combination evalu-
ated at the epoch at which the lowest validation loss was achieved. TSS is
computed at a fixed threshold, τ = 0.5, and is reported only for reference.
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FIGURE 5.4: Validation–set model selection for the static–undersampling strategy. Each column corresponds to one tem-
poral configuration, and each cell represents a combination of LSTM hidden size and learning rate. The upper row reports
the minimum validation loss reached by each configuration, while the lower row reports the corresponding validation TSS

evaluated at the same epoch using the fixed threshold τ = 0.5.
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FIGURE 5.5: Validation–set model selection for the dynamic–undersampling strategy. Each column corresponds to one
temporal configuration, and each cell represents a combination of LSTM hidden size and learning rate. The upper row
reports the minimum validation loss reached by each configuration, while the lower row reports the corresponding vali-

dation TSS evaluated at the same epoch using the fixed threshold τ = 0.5.
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The results show that the learning rate had a stronger effect than the
hidden size. In particular, the largest learning rate, 10−3, often led to poor
validation performance, with losses close to the uninformative regime and
TSS values close to zero for some configurations. In contrast, intermediate
learning rates, especially 10−4 and 10−5, consistently produced lower val-
idation losses and higher TSS values across the different sequence config-
urations. The presence of neighboring hyperparameter combinations with
similar validation performance suggests that those selected are not isolated
optima, but belong to broader regions of good performance in the hyper-
parameter space. For static undersampling, the minimum–validation–loss
criterion selected (HS = 256, η = 10−4) for 24H24H36M, (HS = 64, η =
10−5) for 12H12H12M, (HS = 256, η = 10−5) for 6H6H12M, and (HS =
256, η = 10−4) for 3H3H12M. For dynamic undersampling, the minimum–
validation–loss criterion selected (HS = 128, η = 10−5) for 24H24H36M,
(HS = 128, η = 10−5) for 12H12H12M, (HS = 256, η = 10−4) for 6H6H12M,
and (HS = 256, η = 10−5) for 3H3H12M.

Table 5.3 summarizes the model configurations selected from the hyper-
parameter search for each sequence configuration and undersampling strat-
egy. The table also reports the best epoch, defined as the epoch at which the
minimum validation loss was achieved, together with validation–set perfor-
mance metrics computed at the fixed threshold τ = 0.5 as a preliminary
diagnostic. Across the selected model configurations, the lowest validation
loss was obtained by the static 6H6H12M configuration, with a validation
loss of 0.193.

In general, dynamic undersampling produced a higher validation TSS
than static undersampling for three of the four sequence configurations, name-
ly 12H12H12M, 6H6H12M, and 3H3H12M. These preliminary results suggest
that dynamic undersampling generally improved validation skill, although
the advantage was not uniform across all temporal configurations.

The selected model configurations also show differences in the balance
between Recall and Specificity. Higher Recall is consistently associated with
lower Specificity, indicating a stronger tendency to classify samples as flare–
productive. This behavior is more evident for the static–undersampling mod-
els, particularly for the shorter 3H3H12M temporal configuration, which
achieved the highest Recall, 0.970, but the lowest Specificity, 0.856. In con-
trast, the dynamic–undersampling models generally show a more balanced
relation between Recall and Specificity.

Although the validation–set metrics provide preliminary diagnostic in-
formation, at this stage the validation results only determine which hyper-
parameter configuration should be retained for each of the four temporal
configurations and two undersampling strategies. A comparison between
models requires evaluation on the independent test set, after fixing both
the model configuration and the decision threshold. The validation analysis
therefore serves only to define the eight candidate models carried forward to
the subsequent threshold–optimization and test–set evaluation stages.
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Undersampling Temporal Hidden Learning Epoch Loss TSS Acc. Prec. Rec. Spec. F1 FPR FNR
Strategy Configuration State Rate

Static 24H24H36M 256 10−4 6 0.194 0.859 0.930 0.948 0.909 0.950 0.928 0.050 0.091

12H12H12M 64 10−5 15 0.220 0.846 0.923 0.901 0.951 0.895 0.925 0.105 0.049

6H6H12M 256 10−5 8 0.193 0.867 0.933 0.912 0.959 0.908 0.935 0.092 0.041

3H3H12M 256 10−4 4 0.251 0.826 0.913 0.871 0.970 0.856 0.918 0.144 0.030

Dynamic 24H24H36M 128 10−5 7 0.213 0.836 0.918 0.923 0.913 0.923 0.918 0.077 0.088

12H12H12M 128 10−5 8 0.203 0.869 0.934 0.920 0.951 0.918 0.935 0.083 0.049

6H6H12M 256 10−4 11 0.200 0.877 0.938 0.924 0.955 0.922 0.939 0.078 0.045

3H3H12M 256 10−5 15 0.225 0.849 0.925 0.911 0.941 0.908 0.926 0.092 0.059

TABLE 5.3: Best models for each temporal configuration and undersampling strategy. The selected model is the one
achieving the minimum validation loss. Other classification metrics on the validation set are reported using the fixed

threshold τ = 0.5.
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5.4.2 Threshold Analysis

The model does not directly predict a binary class label, such as “flare” or
“no flare”. Instead, it outputs a logit, ℓ, which is converted into the positive–
class probability p̂ through Equation 5.6. For example, a value p̂ = 0.67
indicates that the sequence is assigned a higher probability of being flare–
productive than non–flare–productive. To convert this continuous score into
a class label, we apply a decision threshold (τ):

p̂ ≥ τ → flare, p̂ < τ → no flare. (5.20)

The default choice is usually τ = 0.5, but this value does not necessarily
provide the best operating point for the forecasting problem. The decision
threshold controls the balance between the TPR and FPR. A lower threshold
makes the model more sensitive, increasing the number of predicted flares,
but also increasing the number of false alarms. Conversely, a higher thresh-
old makes the model more conservative, reducing false alarms but poten-
tially increasing the number of missed detections. In our case, the threshold
was optimized by maximizing TSS (Equation 5.12), which combines Recall
and Specificity and rewards both the detection of flare cases and the rejection
of non–flaring cases.

After selecting the best hyperparameter combination for each temporal
configuration and undersampling strategy, the decision threshold was opti-
mized on the validation set. The optimization was performed by evaluating
TSS over a uniform threshold grid between 0 and 1. In cases where multiple
thresholds achieved the same maximum TSS, the first threshold in the grid
was selected, corresponding to the lowest threshold among tied optima. All
thresholds were optimized only on validation data, and the resulting values
were subsequently fixed for the independent test–set evaluation.

Figures 5.6 and 5.7 show the validation TSS as a function of the decision
threshold for the selected static– and dynamic–undersampling models, re-
spectively. In both cases, the TSS curves exhibit broad near–optimal regions
rather than isolated sharp peaks, indicating that the validation skill is rela-
tively stable over a range of threshold values. Therefore, the selected thresh-
olds should be interpreted as empirical operating points within near–optimal
regions, rather than as points at which the model suddenly changes behavior
or as uniquely meaningful boundary values.

Quantitative results on threshold stability are reported in Table 5.4, which
lists the threshold intervals over which the validation TSS remains within
0.01 of its maximum value. The static 24H24H36M and 6H6H12M models
show the broadest near–optimal intervals, with widths of 0.247 and 0.251,
respectively, indicating the greatest robustness to the exact threshold choice.
In contrast, the 12H12H12M models have much narrower intervals for both
static and dynamic undersampling, with widths of 0.056 and 0.060, respec-
tively. This indicates that, although 12H12H12M models achieve the high-
est validation TSS their performance is more sensitive to the exact threshold
value.
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FIGURE 5.6: Validation TSS as a function of the decision thresh-
old for the selected static–undersampling models. The solid
curves show the validation TSS obtained across threshold val-
ues, the colored vertical dashed lines indicate the TSS–optimal
thresholds selected on the validation set, and the gray vertical

dashed line marks the default threshold (τ = 0.5).

FIGURE 5.7: Validation TSS as a function of the decision thresh-
old for the selected dynamic–undersampling models. The solid
curves show the validation TSS obtained across threshold val-
ues, the colored vertical dashed lines indicate the TSS–optimal
thresholds selected on the validation set, and the gray vertical

dashed line marks the default threshold (τ = 0.5).
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For static undersampling, the TSS–optimal thresholds were above the de-
fault value (τ = 0.5), ranging from 0.555 for the 3H3H12M model to 0.782
for the 6H6H12M model (see Table 5.4 and Table 5.5). The highest validation
TSS was obtained by the 12H12H12M model, with TSS = 0.900 at a thresh-
old of 0.716. This model also had a balanced Recall and Specificity of 0.951 and
0.949, respectively. The 6H6H12M model reached a comparable TSS of 0.897,
but with a different balance between Recall and Specificity, corresponding to
0.920 for Recall and 0.977 for Specificity.

The dynamic undersampling selected thresholds that were also above the
default value of (τ = 0.5), ranging from 0.529 for the 6H6H12M model to
0.747 for the 24H24H36M model (see Table 5.4 and Table 5.5). In this case
also, the 12H12H12M model was best according to validation TSS, which
reached TSS = 0.904 at a threshold of 0.653 and had a balanced Recall and
Specificity of 0.951 and 0.953, respectively. The remaining metrics are reported
in Table 5.5. As in the preceding chapter, these values are reported only for
reference, since the final results require evaluation on the independent test
set.

The effect of threshold optimization relative to the default threshold (τ =
0.5 ) is reported in Table 5.6. Threshold optimization increased the valida-
tion TSS for all temporal configurations and for both undersampling strate-
gies. For static undersampling, the largest improvement was obtained by
12H12H12M model, with ∆TSS = 0.054. The 6H6H12M model also showed
a clear improvement, with ∆TSS = 0.030, whereas the gains for 24H24H36M
and 3H3H12M were more modest. For dynamic undersampling, the largest
improvements were obtained by the 12H12H12M and 24H24H36M models,
with ∆TSS = 0.036 and ∆TSS = 0.031, respectively. The 3H3H12M model
showed a smaller improvement, with ∆TSS = 0.016, while the improvement
for the 6H6H12M model was the smallest, with ∆TSS = 0.004, indicating that
the default threshold was already close to the validation–optimal operating
point for this model.

Because all optimized thresholds were higher than the default value (τ =
0.5), threshold optimization generally increased Specificity while slightly de-
creasing, or leaving unchanged, Recall. This indicates that the optimized op-
erating points tended to reduce the FPR rather than increase the TPR. This
trade–off is consistent with the use of TSS as the optimization criterion, since
TSS evaluates Sensitivity and Specificity jointly. This effect is particularly clear
for the static 6H6H12M model, where Specificity increased from 0.908 to 0.977,
while Recall decreased from 0.959 to 0.920.

Threshold optimization produced consistent, although mostly modest,
improvements in validation TSS. The main effect was to move the operating
point toward higher thresholds. The optimized thresholds obtained in this
subsection define the operating points used for the final test–set evaluation.
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Undersampling Temporal TSS–Optimal Maximum TSS Threshold Interval Width
Strategy Threshold Interval

Static 24H24H36M 0.661 0.868 [0.481, 0.728] 0.247

12H12H12M 0.716 0.900 [0.684, 0.740] 0.056

6H6H12M 0.782 0.897 [0.591, 0.842] 0.251

3H3H12M 0.555 0.832 [0.470, 0.579] 0.109

Dynamic 24H24H36M 0.747 0.867 [0.681, 0.807] 0.126

12H12H12M 0.653 0.904 [0.620, 0.680] 0.060

6H6H12M 0.529 0.881 [0.480, 0.561] 0.081

3H3H12M 0.664 0.865 [0.625, 0.758] 0.133

TABLE 5.4: Threshold sensitivity for the selected models. The threshold interval indicates the range over which the valida-
tion TSS remains within 0.01 of its maximum value.
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Undersampling Temporal Threshold TSS Accuracy Precision Recall Specificity F1–score FPR FNR
Strategy Configuration

Static 24H24H36M 0.661 0.868 0.934 0.975 0.891 0.977 0.931 0.023 0.109

12H12H12M 0.716 0.900 0.950 0.949 0.951 0.949 0.950 0.051 0.049

6H6H12M 0.782 0.897 0.948 0.975 0.920 0.977 0.947 0.023 0.080

3H3H12M 0.555 0.832 0.916 0.892 0.946 0.886 0.918 0.114 0.054

Dynamic 24H24H36M 0.747 0.867 0.934 0.963 0.902 0.966 0.931 0.034 0.098

12H12H12M 0.653 0.904 0.952 0.953 0.951 0.953 0.952 0.047 0.049

6H6H12M 0.529 0.881 0.941 0.930 0.953 0.928 0.941 0.072 0.047

3H3H12M 0.664 0.865 0.933 0.950 0.913 0.952 0.931 0.048 0.087

TABLE 5.5: Validation–set performance of the selected models at the TSS–optimal threshold. The optimal threshold is
selected by maximizing validation TSS; when multiple thresholds achieve the same maximum TSS, the lowest value among

the tied optima is selected. All remaining metrics are computed at the selected threshold.
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TSS Recall Specificity

Undersampling Temporal τ0.5 τopt ∆ τ0.5 τopt ∆ τ0.5 τopt ∆
Strategy Configuration

Static 24H24H36M 0.859 0.868 0.009 0.909 0.891 -0.018 0.950 0.977 0.027

12H12H12M 0.846 0.900 0.054 0.951 0.951 0.000 0.895 0.949 0.054

6H6H12M 0.867 0.897 0.030 0.959 0.920 -0.040 0.908 0.977 0.069

3H3H12M 0.826 0.832 0.006 0.970 0.946 -0.024 0.856 0.886 0.030

Dynamic 24H24H36M 0.836 0.867 0.031 0.912 0.902 -0.011 0.923 0.966 0.042

12H12H12M 0.868 0.904 0.036 0.951 0.951 0.000 0.917 0.953 0.036

6H6H12M 0.877 0.881 0.004 0.955 0.953 -0.002 0.922 0.928 0.007

3H3H12M 0.849 0.865 0.016 0.941 0.913 -0.029 0.908 0.952 0.044

TABLE 5.6: Effect of threshold optimization on validation–set performance for the selected models. The default threshold is
τ = 0.5, while the optimized threshold is selected by maximizing validation TSS. Differences are computed as optimized–

threshold performance minus default–threshold performance.
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5.4.3 Test–Set Forecasting Performance

Once the best model had been selected for each sequence configuration
and undersampling strategy based on the minimum validation loss, and the
decision threshold had been optimized according to the maximum validation–
set TSS, the selected models were evaluated on the independent test set.
No additional tuning was performed using test–set information. Table 5.7
reports the confusion–matrix values and classification metrics obtained for
each sequence configuration and undersampling strategy using the corre-
sponding validation–optimized threshold.

Across all selected models, the best test–set performance was obtained
by the static 12H12H12M model, which reached TSS = 0.892, with a Recall
of 0.950 and a Specificity of 0.942. This model provided the most balanced
Recall–Specificity performance among the evaluated configurations. The dy-
namic 12H12H12M model achieved the second–highest TSS, 0.856, also with
a relatively balanced Recall and Specificity of 0.916 and 0.940, respectively.
These results indicate that the 12H12H12M sequence configuration provided
the strongest overall forecasting performance on the independent test set for
both undersampling strategies.

The remaining models show different trade–offs between Recall and Speci-
ficity. For static undersampling, the 24H24H36M model achieved high Speci-
ficity, 0.968, but lower Recall, 0.854, resulting in TSS = 0.822. The 3H3H12M
model achieved higher Recall, 0.924, but lower Specificity, 0.889, resulting in
TSS = 0.814. The 6H6H12M model showed a different pattern, with high
Specificity, 0.954, but lower Recall, 0.839, giving TSS = 0.793. Thus, within
the static–undersampling models, the shorter 3H3H12M temporal configu-
ration tended to favor the correct detection of flare–productive sequences,
whereas the longer and intermediate temporal configurations favored false–
alarm reduction.

For the dynamic undersampling, the best performance after the 12H12H12M
model was obtained by the 3H3H12M model, with TSS = 0.839, Recall =
0.901, and Speci f icity = 0.938. The dynamic 6H6H12M model reached TSS =
0.810, with Recall = 0.891 and Speci f icity = 0.919, while the lowest dynamic
TSS, 0.792, was obtained by the dynamic 24H24H36M model, mainly because
of its lower Recall, 0.842, despite maintaining high Specificity, 0.950. Overall,
the dynamic–undersampling models showed a more balanced relation be-
tween Recall and Specificity.

A direct comparison between static and dynamic undersampling based
on TSS is reported in Table 5.8. Static undersampling performed better for the
two longer sequence configurations, with dynamic–minus–static differences
of ∆TSS = −0.030 for 24H24H36M and ∆TSS = −0.036 for 12H12H12M.
In contrast, dynamic undersampling improved performance for the shorter
sequence configurations, with ∆TSS = 0.017 for 6H6H12M and ∆TSS =
0.025 for 3H3H12M. In all cases, however, the differences were modest.
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Confusion Matrix Metrics

Undersampling Temporal Threshold TP TN FP FN TSS Acc. Prec. Rec. Spec. F1 FPR FNR
Strategy Configuration

Static 24H24H36M 0.661 1546 1752 58 264 0.822 0.911 0.964 0.854 0.968 0.906 0.032 0.146

12H12H12M 0.716 1485 1472 91 78 0.892 0.946 0.942 0.950 0.942 0.946 0.058 0.050

6H6H12M 0.782 1034 1175 57 198 0.793 0.897 0.948 0.839 0.954 0.890 0.046 0.161

3H3H12M 0.555 734 706 88 60 0.814 0.907 0.893 0.924 0.889 0.908 0.111 0.076

Dynamic 24H24H36M 0.747 1524 1720 90 286 0.792 0.896 0.944 0.842 0.950 0.890 0.050 0.158

12H12H12M 0.653 1432 1469 94 131 0.856 0.928 0.938 0.916 0.940 0.927 0.060 0.084

6H6H12M 0.529 1098 1132 100 134 0.810 0.905 0.917 0.891 0.919 0.904 0.081 0.109

3H3H12M 0.664 715 745 49 79 0.839 0.919 0.936 0.901 0.938 0.918 0.062 0.099

TABLE 5.7: Confusion–matrix counts and classification metrics computed on the test set for the selected models using
thresholds optimized on the validation set.
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TSS Recall Specificity

Temporal Static Dynamic ∆ Static Dynamic ∆ Static Dynamic ∆
Configuration

24H24H36M 0.822 0.792 -0.030 0.854 0.842 -0.012 0.968 0.950 -0.018

12H12H12M 0.892 0.856 -0.036 0.950 0.916 -0.034 0.942 0.940 -0.002

6H6H12M 0.793 0.810 0.017 0.839 0.891 0.052 0.954 0.919 -0.035

3H3H12M 0.814 0.839 0.025 0.924 0.901 -0.024 0.889 0.938 0.049

TABLE 5.8: Direct comparison between static and dynamic undersampling on the test set. For each temporal configuration,
metric differences are computed as dynamic minus static for TSS, Recall, and Specificity.
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The underlying Recall–Specificity trade–off for the improvement of dy-
namic over static undersampling varied across the shorter sequence config-
urations; for the 6H6H12M sequence configuration, dynamic undersampling
increased Recall but reduced Specificity, whereas for the 3H3H12M sequence
configuration, it improved Specificity while slightly reducing Recall.

The ranking of the selected models according to test–set TSS is reported in
Table 5.9. The two highest–ranked configurations were the static 12H12H12M
model, followed by the dynamic 12H12H12M model. This indicates that,
among the evaluated sequence configurations, 12H12H12M provided the stron-
gest test–set performance for both undersampling strategies. However, be-
cause each sequence configuration combines a specific observational win-
dow, forecasting window, and cadence, this result should not be interpreted
as an isolated effect of the observational window or forecasting window, nor
as evidence for a physically preferred precursor timescale or forecasting hori-
zon. The ranking also shows that dynamic–undersampling models remained
competitive and ranked above the corresponding static–undersampling model
for the shorter 6H6H12M and 3H3H12M temporal configurations. The differ-
ences between static and dynamic undersampling were modest, and the re-
sults do not indicate a clear universal advantage of either strategy. Therefore,
the preferred undersampling strategy appears to be configuration–dependent
rather than universally fixed.

Rank Undersampling Temporal τ TSS Rec. Spec.
Strategy Configuration

1 Static 12H12H12M 0.716 0.892 0.950 0.942

2 Dynamic 12H12H12M 0.653 0.856 0.916 0.940

3 Dynamic 3H3H12M 0.664 0.839 0.901 0.938

4 Static 24H24H36M 0.661 0.822 0.854 0.968

5 Static 3H3H12M 0.555 0.814 0.924 0.889

6 Dynamic 6H6H12M 0.529 0.810 0.891 0.919

7 Static 6H6H12M 0.782 0.793 0.839 0.954

8 Dynamic 24H24H36M 0.747 0.792 0.842 0.950

TABLE 5.9: Ranking of the selected models according to test–
set TSS. Recall and Specificity are reported to show the Re-
call–Specificity trade–off obtained at each validation–optimized

threshold.

Taken together, these results identify the static 12H12H12M model as the
best–performing classifier according to test–set TSS, while showing that the
relative benefit of static and dynamic undersampling depends on the se-
quence configuration.
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5.4.4 Discrimination and Probability Separation

In the previous subsection, we evaluated the performance of the selected
models on the independent test set after applying the validation–optimized
decision thresholds. In this subsection, we complement that analysis by
examining two related properties of the model outputs. First, we assess
threshold–independent discrimination, that is, whether the models can rank
flare–productive sequences above non–flaring sequences independently of
a particular operating threshold. To this end, we visually inspect the ROC
curves and report ROC–AUC and PR–AUC, which summarize performance
over the full range of possible decision thresholds. Second, we inspect the
predicted–probability distributions to evaluate whether positive and nega-
tive sequences occupy distinct regions of probability space. We also report
summary statistics of probability separation based on the class–wise mean
and median predicted probabilities.

Figures 5.8 and 5.9 show the test–set ROC curves for the selected static
and dynamic–undersampling models, respectively. All ROC curves lie well
above the no–skill diagonal, indicating strong discrimination between posi-
tive and negative sequences. The markers indicate the operating points cor-
responding to the validation–optimized thresholds used in the previous sub-
section. These operating points are located in regions with high TPR and low
FPR, confirming that the optimized thresholds select favorable regions of the
ROC curves.

The corresponding threshold–independent discrimination metrics are re-
ported in Table 5.10. Across all selected models, ROC–AUC values ranged
from 0.962 to 0.981, corresponding to a relative spread of approximately 2.0%,
while PR–AUC values ranged from 0.968 to 0.980, corresponding to a relative
spread of approximately 1.2%. The dynamic 12H12H12M model obtained the
highest values for both ROC–AUC and PR–AUC. These results show that all
finalized models retained strong threshold–independent discrimination on
the independent test set.

Although the static 12H12H12M model achieved the best threshold–based
forecasting performance in the previous subsection, its ROC–AUC was 0.973,
equal to that of the static 24H24H36M model. This value was slightly higher
than the lowest static ROC–AUC, obtained by the 6H6H12M model, and only
slightly lower than the highest static ROC–AUC, obtained by the 3H3H12M
model. However, because these values were very similar across static se-
quence configurations, ranging from 0.971 to 0.976 for, this ranking should
not be overinterpreted. A similar reasoning applies to PR–AUC, whose val-
ues also varied only marginally across the static models.

For the dynamic–undersampling models, discrimination was also strong,
with the values showing a wider range of variation than for the static–under-
sampling models. The dynamic 12H12H12M model, which achieved the best
threshold–based performance among the dynamic–undersampling models
in the previous subsection, also obtained the highest dynamic ROC–AUC,
0.981, and tied for the highest dynamic PR–AUC, 0.980, with the dynamic
3H3H12M model. The dynamic 3H3H12M model also ranked second among
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FIGURE 5.8: Test–set ROC curves for the selected static–
undersampling models. The diagonal dashed line indicates
the no–skill reference, and the markers indicate the operating

points obtained using validation–optimized thresholds.

FIGURE 5.9: Test–set ROC curves for the selected dynamic–
undersampling models. The diagonal dashed line indicates
the no–skill reference, and the markers indicate the operating

points obtained using validation–optimized thresholds.
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the dynamic models according to test–set TSS, indicating consistency be-
tween its threshold–based performance and its threshold–independent dis-
crimination.

The test–set predicted–probability distributions for positive and negative
sequences are shown in Figure 5.10. The distributions are colored accord-
ing to the original test–set labels, with positive sequences corresponding to
yi = 1 and negative sequences corresponding to yi = 0. The vertical dashed
lines indicate the validation–optimized thresholds used to convert predicted
probabilities into binary forecasts, but these thresholds are shown only as
reference operating points.

The probability–separation statistics reported in Table 5.10 provide a nu-
merical counterpart of the information shown in Figure 5.10. They are com-
puted from the same true–label grouping. For each model, the predicted
probabilities p̂i are divided into the set of probabilities assigned to truly pos-
itive sequences,

P+ = { p̂i : yi = 1}, (5.21)

and the set of probabilities assigned to truly negative sequences,

P− = { p̂i : yi = 0}. (5.22)

The class–wise mean probabilities are then computed as

Mean+ =
1

N+
∑

i:yi=1
p̂i, Mean− =

1
N−

∑
i:yi=0

p̂i, (5.23)

and their difference is reported as

∆Mean = Mean+ −Mean−. (5.24)

Similarly, Median+ and Median− are computed as the medians of P+ and
P−, respectively, and the median separation is defined as

∆Median = Median+ −Median−. (5.25)

Thus, the summary statistics quantify how far apart the predicted probabili-
ties of the true positive and true negative sequences are in probability space,
independently of the threshold used for binary classification.

The probability histograms show that, in all configurations, the negative
sequences are concentrated near low predicted probabilities, while the posi-
tive sequences are concentrated near high predicted probabilities. They also
show that some overlap remains between the two classes, especially in in-
termediate probability regions. This overlap corresponds to sequences for
which the model assigns less certain probabilities and explains why the final
forecasting metrics remain sensitive to the decision threshold. Nevertheless,
the strong concentration of positive sequences near high probabilities and
negative sequences near low probabilities confirms that the selected models
learned a meaningful probabilistic separation between flare–productive and
non–flaring sequences.
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FIGURE 5.10: Test–set predicted–probability distributions for the selected static– and dynamic–undersampling models.
Columns correspond to the four temporal configurations, while rows correspond to the undersampling strategy. Each
panel shows the probability distributions for negative and positive sequences, with the vertical dashed line indicating the

validation–optimized threshold.114
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Discrimination Mean Probability Median Probability Samples

Undersampling Temporal ROC–AUC PR–AUC Mean+ Mean− ∆Mean Median+ Median− ∆Median N+ N−
Strategy Configuration

Static 24H24H36M 0.973 0.978 0.856 0.109 0.747 0.971 0.050 0.921 1810 1810

12H12H12M 0.973 0.971 0.899 0.205 0.695 0.941 0.119 0.822 1563 1563

6H6H12M 0.971 0.972 0.884 0.204 0.680 0.975 0.118 0.857 1232 1232

3H3H12M 0.976 0.975 0.901 0.218 0.683 0.975 0.121 0.854 794 794

Dynamic 24H24H36M 0.979 0.978 0.868 0.144 0.724 0.964 0.074 0.890 1810 1810

12H12H12M 0.981 0.980 0.893 0.179 0.713 0.962 0.097 0.865 1563 1563

6H6H12M 0.962 0.968 0.874 0.165 0.709 0.988 0.073 0.915 1232 1232

3H3H12M 0.979 0.980 0.895 0.196 0.698 0.971 0.115 0.856 794 794

TABLE 5.10: Threshold–independent discrimination and probability–separation metrics computed on the test set for the
selected models. ROC–AUC and PR–AUC quantify discrimination, while the mean and median probability differences
summarize the separation between truly positive and truly negative sequences. The sample columns report the number of

positive and negative sequences for each temporal configuration for reference.
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Across all models, the mean–probability separation ranged from 0.680 to
0.747, corresponding to a relative spread of approximately 9.9%, and the
median–probability separation ranged from 0.822 to 0.921, corresponding
to a relative spread of approximately 12.0%. The largest mean–probability
separation was obtained by the static 24H24H36M model, with ∆Mean =
0.747, and the largest median–probability separation was obtained by the
same model, with ∆Median = 0.921. The smallest mean–probability sep-
aration was obtained by the static 6H6H12M model, with ∆Mean = 0.680,
whereas the smallest median–probability separation was obtained by the
static 12H12H12M model, with ∆Median = 0.822. These results indicate that
the positive and negative probability distributions are generally well sep-
arated. The difference between the mean– and median–based separations
reflects the shape of the predicted–probability distributions, since the mean
is affected by outlying probabilities whereas the median provides a more ro-
bust summary of the typical separation between the two classes.

The analysis conducted in the previous subsection addresses the ques-
tion of how well the finalized models perform after selecting a specific deci-
sion threshold. In contrast, this subsection addresses two related but distinct
questions: first, whether the models can rank positive sequences above neg-
ative sequences independently of the chosen operating threshold; and sec-
ond, whether the predicted probabilities of positive and negative sequences
occupy distinct regions of probability space. The results show that all final-
ized models provide strong discrimination, while the probability histograms
and the mean– and median–based separation statistics show that positive
and negative sequences are generally well separated in probability space,
although some overlap remains in intermediate–probability regions. The
best–performing configuration depends on the metric under consideration,
confirming that ROC–AUC, PR–AUC, and summary statistics of probability–
distribution separation provide complementary views of model behavior. In
particular, the static 12H12H12M model was the best threshold–based clas-
sifier according to test–set TSS, whereas the dynamic 12H12H12M model
showed the strongest threshold–independent discrimination.

5.4.5 Calibration Analysis

The previous subsection showed that the selected models provide strong
discrimination between flare–productive and non–flaring sequences. How-
ever, strong discrimination does not necessarily imply that the predicted
probabilities are well calibrated. Calibration evaluates whether predicted
probabilities correspond to observed event frequencies. For example, among
samples assigned a predicted probability close to 0.7, a well–calibrated model
should produce an observed positive fraction close to 0.7. If sequences as-
signed a predicted probability close to 0.8 (0.6) produce flares in about 0.6
(0.8) of the cases, the model is overconfident (underconfident), even if it re-
mains discriminative. This subsection therefore evaluates the reliability of
the predicted probabilities on the independent test set, that is, whether these
values can be interpreted as reliable estimates of flare occurrence.
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Because the test set is balanced by construction, the test–set results cor-
respond to a 50% flare prevalence rather than to the much lower prevalence
expected in an operational forecasting setting. TSS and ROC–AUC are un-
affected by class prevalence, whereas Accuracy, Precision, F1–score, PR–AUC,
Brier score, ECE, and MCE depend on the underlying class distribution. There-
fore, the reliability diagrams and calibration metrics should be interpreted
as comparisons among the models under this controlled evaluation setting,
rather than as estimates of probability calibration under operational flare oc-
currence rates.

Figures 5.11 and 5.12 show the test–set reliability diagrams for the static–
and dynamic–undersampling models, respectively. The predicted probabil-
ities were divided into 10 equally spaced bins over the interval [0, 1]. The
dashed diagonal line represents perfect calibration. Points above the di-
agonal indicate probability bins in which the observed positive fraction is
higher than the mean predicted probability, corresponding to underconfi-
dence. Points below the diagonal indicate bins in which the observed posi-
tive fraction is lower than the mean predicted probability, corresponding to
overconfidence.

For the static–undersampling models, the reliability curves generally fol-
low the diagonal trend, indicating broadly reasonable calibration. This be-
havior is consistent with the ECE values reported in the legends, which re-
main below 0.1, ranging from 0.0212 to 0.0805 for the 24H24H36M and
12H12H12M sequence configurations, respectively. According to ECE, the
static–undersampling models are ranked, from best to worst calibrated, as
24H24H36M, 6H6H12M, 3H3H12M, and 12H12H12M. The deviations from
perfect calibration are mainly visible in intermediate probability bins, where
some models lie above or below the diagonal. This pattern also reflects the
fact that most predicted probabilities are tightly clustered near 0 and 1, while
the intermediate bins contain fewer samples and are therefore more sensitive
to local deviations.

For the dynamic undersampling models, the reliability curves also remain
close to the perfect–calibration diagonal, although deviations are again visi-
ble in some intermediate probability bins. Compared with the static under-
sampling models, the ECE values are less spread out, ranging from 0.0225 to
0.0574 for the 6H6H12M and 24H24H36M sequence configurations, respec-
tively, indicating more uniform average calibration errors. In this case, the
best–calibrated model according to ECE is 6H6H12M, followed by 12H12H12M,
3H3H12M, and 24H24H36M.

The reliability diagrams also show that calibration deviations are not sys-
tematically in one direction across all models and probability bins. For exam-
ple, the static 24H24H36M model, which has the lowest ECE among the static
models, fluctuates around the diagonal and remains comparatively well cali-
brated over much of the probability range, whereas the dynamic 24H24H36M
model lies above the diagonal in several intermediate bins, indicating under-
confidence in those regions. The dynamic 6H6H12M model, which has the
lowest ECE among the dynamic models, remains close to the diagonal across
much of the probability range. In contrast, the static 6H6H12M model shows
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FIGURE 5.11: Test–set reliability diagram for the selected static–
undersampling models. The dashed diagonal line indicates
perfect calibration. Each point represents a non–empty proba-
bility bin, with the x–axis corresponding to the mean predicted
probability and the y–axis corresponding to the observed posi-
tive fraction. The histograms show the distribution of predicted

probabilities for each temporal configuration.
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FIGURE 5.12: Test–set reliability diagram for the selected
dynamic–undersampling models. The dashed diagonal line in-
dicates perfect calibration. Each point represents a non–empty
probability bin, with the x–axis corresponding to the mean
predicted probability and the y–axis corresponding to the ob-
served positive fraction. The histograms show the distribution

of predicted probabilities for each temporal configuration.
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more visible deviations, with several probability bins lying below the diago-
nal, indicating overconfidence.

The 12H12H12M and 3H3H12M models show mixed behavior: in the
static undersampling case, the reliability curves tend to remain below or
close to the diagonal in several probability bins, indicating a tendency toward
overconfidence, while in the dynamic undersampling case, some fluctuations
are observed around the diagonal, with no single systematic direction across
the full probability range.

The histograms below the reliability diagrams provide a complementary
view by showing how the predicted probabilities are distributed across bins.
They show that most samples are concentrated near the extremes of the prob-
ability range, with many negative sequences assigned low probabilities and
many positive sequences assigned high probabilities. Consequently, interme-
diate probability bins often contain fewer samples, making the correspond-
ing observed positive fractions more sensitive to small–number fluctuations.

The plots also report the Overlap between the positive and negative predict-
ed–probability distributions, computed as defined in Equation 5.15. The ef-
fect of sparsely populated intermediate bins is particularly visible for the
static 12H12H12M model. As shown in Figure 5.11, some intermediate bins
contain few or no positive sequences, producing calibration points that de-
part more strongly from the diagonal. This model is the worst–calibrated ac-
cording to ECE, but it also has the lowest distribution overlap, with an Over-
lap of 0.108, indicating strong separation between the positive and negative
predicted–probability distributions. Thus, the histogram information sup-
ports the interpretation that the largest calibration deviations occur mainly
in sparsely populated probability regions, rather than in the high–density
regions near 0 and 1.

Table 5.11 reports the Brier score, ECE, and MCE for all selected mod-
els, as defined in Section 5.3.2. Lower values indicate better calibration.
The Brier score evaluates the overall probabilistic accuracy of the predictions,
while ECE and MCE summarize the average and maximum bin–wise cal-
ibration gaps, respectively. Thus, ECE reflects the typical calibration error
across probability bins, whereas MCE highlights the largest localized devia-
tion from perfect calibration.

Across all models, Brier score ranged from 0.0558 to 0.0705 for the dy-
namic 12H12H12M model and the static 6H6H12M model, respectively. The
differences in Brier score were small across models, indicating broadly simi-
lar probabilistic accuracy according to this metric. The ECE and MCE values
support the visual interpretation provided by the reliability diagrams. Ta-
ble 5.11 also shows that probabilistic accuracy, average calibration error, and
localized calibration error do not always rank the models in the same way.
For example, the static 12H12H12M model has the second–lowest Brier score,
but the highest MCE, indicating that its overall probabilistic accuracy is good
while one probability region shows a larger localized calibration deviation.

The calibration analysis shows that the selected models produce prob-
ability estimates that are broadly meaningful, but not uniformly calibrated
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Undersampling Temporal Brier Score ECE MCE
Strategy Configuration

Static 24H24H36M 0.0608 0.0212 0.1604

12H12H12M 0.0594 0.0805 0.5548

6H6H12M 0.0705 0.0481 0.3476

3H3H12M 0.0687 0.0602 0.2594

Dynamic 24H24H36M 0.0620 0.0574 0.1978

12H12H12M 0.0558 0.0541 0.3113

6H6H12M 0.0701 0.0225 0.2406

3H3H12M 0.0612 0.0568 0.3093

TABLE 5.11: Test–set calibration metrics for the selected mod-
els. The Brier score measures the mean squared error of the pre-
dicted probabilities, while ECE and MCE quantify the expected
and maximum calibration gaps across probability bins, respec-

tively. Lower values indicate better calibration.

across all probability regions. The reliability diagrams and ECE values in-
dicate generally small average calibration errors, while the histograms show
that the most stable probability regions are those near 0 and 1, where most
predictions are concentrated. Larger deviations appear mainly in interme-
diate probability bins, where fewer samples are available and the observed
positive fraction is more sensitive to local fluctuations.

The comparison between undersampling strategies does not identify a
uniformly better calibrated approach. Static undersampling achieved lower
Brier score for some sequence configurations, suggesting slightly better over-
all probabilistic accuracy in those cases. In contrast, dynamic undersampling
produced a narrower range of ECE values and included the model with the
lowest MCE, indicating more uniform average calibration errors and smaller
localized deviations for some configurations. Therefore, the apparent cali-
bration advantage depends on the metric considered: static undersampling
is favored by the Brier score in some cases, whereas dynamic undersampling
appears more stable in terms of bin–wise calibration errors.

In conclusion, calibration provides information that is complementary to
both threshold–based classification performance and threshold–independent
discrimination: the best classifier according to test–set TSS is not necessarily
the model with the most reliable probability estimates across all probability
ranges.

5.4.6 Summary of Findings

A complete evaluation of the proposed sequence–based flare–forecasting
framework is presented in this section. The first part of the analysis consisted
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of the model–selection stage, in which one model configuration was iden-
tified for each combination of temporal configuration and undersampling
strategy. The hyperparameter search explored four LSTM hidden sizes, 32,
64, 128, and 256, and four learning rates, 10−3, 10−4, 10−5, and 10−6. The
selected model in each case was the one that achieved the minimum valida-
tion loss. The decision thresholds were then optimized on the validation set
by maximizing TSS and kept fixed for the independent test–set evaluation.
This procedure selected eight models, corresponding to the four temporal se-
quence configurations and the two undersampling strategies. The remainder
of the analysis was guided by the questions formulated at the beginning of
the section; the following summary revisits those questions and synthesizes
the main findings.

1. Which temporal configuration provides the strongest forecasting performance
for major flare prediction?

The best test–set forecasting performance was obtained by the 12H12H12M
temporal configuration. In particular, the static 12H12H12M model achieved
the highest test–set TSS, with TSS = 0.892, together with a balanced Recall
of 0.950 and Specificity of 0.942. The dynamic 12H12H12M model ranked sec-
ond, with TSS = 0.856, Recall of 0.916, and Specificity of 0.940. Thus, among
the evaluated temporal configurations, 12H12H12M provided the strongest
forecasting performance for both undersampling strategies. However, be-
cause each sequence configuration combines a different observational win-
dow, forecasting window, and temporal cadence, this result should be in-
terpreted as identifying the best–performing evaluated configuration, rather
than as evidence for a physically preferred precursor timescale or forecasting
horizon.

2. How does dynamic undersampling compare with static undersampling across
the evaluated temporal configurations?

The comparison between static and dynamic undersampling did not show
a universal advantage of either strategy. Static undersampling produced the
strongest overall classifier, namely the static 12H12H12M model, and per-
formed better for the two longer temporal configurations, 24H24H36M and
12H12H12M. In contrast, dynamic undersampling improved test–set TSS for
the shorter temporal configurations, 6H6H12M and 3H3H12M. These im-
provements were modest, and the Recall–Specificity trade–off differed among
the shorter temporal configurations. Therefore, the preferred undersampling
strategy appears to be configuration–dependent: static undersampling was
favored for the best overall threshold–based classifier, whereas dynamic un-
dersampling remained competitive and provided improvements for the two
shorter temporal configurations.

3. Do the predicted probabilities provide meaningful class separation and reliable
probabilistic information beyond threshold–dependent classification metrics?

The discrimination and probability–separation analyses showed that all
selected models retained strong and broadly comparable threshold–indepen-
dent discrimination on the independent test set. ROC–AUC and PR–AUC
values were high, ranging from 0.962 to 0.981 and from 0.968 to 0.980, respec-
tively. The dynamic 12H12H12M model achieved the highest ROC–AUC,
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while the dynamic 12H12H12M and dynamic 3H3H12M models achieved
the highest PR–AUC values. The predicted–probability distributions also
showed a clear separation between positive and negative classes, with posi-
tive sequences concentrated near high predicted probabilities and negative
sequences concentrated near low predicted probabilities. However, some
overlap remained in intermediate probability regions, explaining why final
forecasting performance still depends on the selected decision threshold.

The calibration analysis further showed that the predicted probabilities
are broadly meaningful, but not uniformly calibrated across all probability
ranges. The reliability diagrams indicated generally small average calibra-
tion errors, with larger deviations mainly in intermediate probability bins
where fewer samples were available. Dynamic undersampling achieved lower
Brier score for three of the four temporal configurations, whereas static un-
dersampling obtained the lowest Brier score for the 24H24H36M temporal
configuration. In terms of ECE, dynamic undersampling produced a nar-
rower range of values, although the lowest ECE was obtained by the static
24H24H36M model. The MCE values showed a similar mixed behavior, with
dynamic undersampling reducing the MCE for the 12H12H12M and 6H6H12M
temporal configurations, whereas the static 24H24H36M model achieved the
lowest overall MCE.

Taken together, the results identify the static 12H12H12M model as the
best finalized classifier according to test–set TSS. This model reached the
highest test–set skill among the evaluated configurations, with TSS = 0.892.
However, the differences observed in threshold–independent discrimination
and calibration suggest metric–dependent tendencies, and do not support a
strong conclusion that either undersampling strategy is uniformly superior
in terms of probabilistic reliability.

5.5 Conclusion

This chapter presented the sequence–based flare–forecasting phase of the
framework developed in this thesis. Building on the representations learned
in Chapter 4, the model uses sequences of encoded LoS magnetograms to
predict whether an AR will produce at least one M– or X–class flare during a
future forecasting window.

This representation–based formulation follows a broader idea in deep
learning: high–dimensional inputs can first be mapped into compact latent
spaces before being used for downstream prediction. Such representations
can reduce the computational burden of working directly with raw data and
may provide a feature space in which task–relevant structure is more explic-
itly organized (Bengio, Courville, and Vincent, 2013; Hinton and Salakhutdi-
nov, 2006). This idea underlies several modern architectures, including vec-
tor quantized generative adversarial networks (VQGANs; Esser, Rombach,
and Ommer, 2021) and latent diffusion models (LDMs; Rombach et al., 2022),
which perform generation in the latent space of a pretrained autoencoder
rather than directly in pixel space.
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Related ideas have also appeared in flare forecasting, especially in ap-
proaches that use image observations directly rather than relying only on
manually defined scalar parameters. One closely related example is Chen et
al. (2019), who used an autoencoder to extract features directly from SDO/HMI
vector magnetograms, applied marginal screening to remove redundant or
weakly relevant features, and then used the selected features in an LSTM–
based time–series classifier. More recently, Riggi et al. (2025) explored foun-
dation transformer models for flare forecasting across three separate modal-
ities: single magnetograms, magnetogram sequences, and GOES soft X–ray
time series.

The approach developed in this thesis differs from these studies in two
main respects. First, it does not introduce an additional feature–selection
step between representation learning and forecasting, but instead uses the
learned magnetogram representations directly in the downstream temporal
model. Second, rather than adapting general–purpose pretrained founda-
tion models, both the representation–learning and forecasting components
are designed specifically for the LoS–magnetogram sequence–based major–
flare forecasting task considered here.

The test–set results show that modeling active–region magnetograms as
temporal sequences provides useful predictive information for major flare
forecasting, supporting the idea that flare–relevant information is not con-
tained only in the instantaneous magnetic configuration, but also in the tem-
poral evolution of the AR. Among all experimental settings tested, the static
12H12H12M model achieved the highest test–set TSS, with TSS = 0.892, fol-
lowed by the dynamic 12H12H12M model, with TSS = 0.856. In particular,
the best overall model maintained a balanced relation between Recall and
Specificity, with Recall = 0.950 and Speci f icity = 0.942. The stronger per-
formance of the 12H12H12M temporal configuration suggests that, among
the tested settings, an intermediate observational window provides enough
temporal context to capture pre–flare magnetic evolution without introduc-
ing excessive variability from longer histories or limiting the model to very
short–term changes.

The comparison between static and dynamic undersampling showed that
neither strategy was uniformly superior across all temporal configurations.
Static undersampling produced the best overall threshold–based classifier
and performed better for the longer sequence configurations. Dynamic un-
dersampling remained competitive and improved test–set TSS for the shorter
configurations. This suggests that the benefit of resampling the majority class
at every epoch depends on the temporal structure of the input data.

The threshold–independent analyses showed that all finalized models re-
tained strong discriminative ability on the independent test set. The predicted–
probability distributions were generally well separated, although some over-
lap remained in intermediate–probability regions. This overlap helps ex-
plain why the final classification performance depends on the selected de-
cision threshold. The calibration analysis further showed that the predicted
probabilities were broadly meaningful, but not uniformly calibrated across
all probability ranges. It is worth noting that the best model according to
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TSS was not the best calibrated model under any of the calibration metrics.
These calibration results correspond to the balanced test set and should not
be interpreted as calibration under operational flare prevalence.

Several aspects of the study could be further improved in future work.
First, the encoder was kept frozen during forecasting, which allowed the spa-
tial and temporal components of the framework to be separated and reduced
the computational cost of the forecasting stage by avoiding further optimiza-
tion of the encoder parameters. However, this choice also prevented the
learned representation from adapting directly to the flare–prediction objec-
tive. Future work could compare the frozen encoder with end-to-end train-
ing or fine-tuning.

Second, although the models achieved strong forecasting performance,
a direct comparison with a single–frame baseline or temporally shuffled se-
quences is needed to support the interpretation that temporal evolution pro-
vides flare-relevant information beyond the instantaneous magnetic config-
uration. Another limitation of the temporal formulation is that the effect
of the observational–window length is not fully separable from the effect
of the forecasting–window length, since each configuration uses paired ob-
servational and forecasting windows of the same duration. As a result, the
present study cannot determine whether performance differences are driven
primarily by the amount of past temporal context available to the model or
by the length of the future interval over which flares are predicted. This
is further complicated by the fact that the 24 h configuration also uses a
coarser temporal cadence than the shorter configurations. A more system-
atic analysis could separate these effects by performing an observational–
window sensitivity study, in which the forecasting window is fixed while the
observational–window length is varied, and a forecasting–window sensitiv-
ity study, in which the observational window is fixed while the forecasting–
window length is varied.

Third, the labeling strategy adopted in this chapter introduces an addi-
tional limitation. The negative class contains only sequences that remain
completely flare–quiet during both the observational and forecasting win-
dows, thereby excluding more challenging operationally relevant situations.
The reported results should therefore be interpreted in the context of this
controlled discrimination problem rather than as an evaluation of the full
operational forecasting problem.

Fourth, additional interpretability analyses could be used to identify which
spatial structures and time steps contribute most strongly to the model pre-
dictions. Finally, since the calibration results indicate that classification skill
and probabilistic reliability do not always coincide, future work could in-
vestigate post–hoc calibration methods and alternative imbalance–handling
strategies.

The results presented in this chapter support the central idea of the the-
sis: compact representations learned from magnetogram reconstruction ap-
pear to preserve physically relevant information and can serve as useful in-
puts for downstream forecasting of major flares. In particular, temporally
organized sequences of these representations provide useful information for
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major–flare forecasting.
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Chapter 6

Phase III: Multimodal
Spatio–Temporal Flare Forecasting

“All things by immortal power,
Near or far,
Hiddenly
To each other linkèd are,
That thou canst not stir a flower
Without troubling of a star; ”

Francis Thompson
The Mistress of Vision

6.1 Introduction

Chapter 5 showed that compact learned representations of line–of–sight
(LoS) magnetograms can be used as inputs for sequence–based flare forecast-
ing models. In that phase, the forecasting model relied exclusively on tem-
poral sequences of encoded LoS magnetograms, demonstrating that the tem-
poral organization of learned magnetic–field representations contains useful
information for major flare forecasting. However, the magnetic–field infor-
mation contained in LoS magnetograms provides only one view of the pre-
flare evolution of an active region (AR).

Solar flares are generally understood to result from the release of mag-
netic energy stored in non–potential coronal magnetic fields through mag-
netic reconnection (Priest and Forbes, 2002; Forbes, 2000; Schrijver, 2009).
Although this energy reservoir is ultimately rooted in the photospheric mag-
netic field, flare initiation and preflare evolution involve the coupled response
of multiple layers of the solar atmosphere. Therefore, combining observa-
tions that sample different atmospheric layers of the solar atmosphere can
provide a more complete description of the conditions preceding flare occur-
rence.
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The aim of this chapter is to extend the sequence–based forecasting frame-
work developed in the previous phase from a single–modality setting to a
multimodal, multiwavelength one. Instead of using only LoS magnetograms,
the model is provided with temporally aligned observations from Solar Dy-
namics Observatory (SDO)/Helioseismic and Magnetic Imager (HMI) and
SDO/Atmospheric Imaging Assembly (AIA), including LoS magnetograms,
continuum intensity images, and extreme–ultraviolet (EUV) images in the
193 Å and 304 Å channels, thereby providing a broader view of the solar
atmosphere. These image data are complemented by two scalar physical pa-
rameters derived from the Space–weather HMI Active Region Patches (SHARP)
data product: the total unsigned magnetic flux and the total unsigned current
helicity (Scherrer et al., 2012; Lemen et al., 2012; Bobra et al., 2014). In this
way, the model combines local spatial information extracted directly from
image data with global physical descriptors related to the size, strength and
nonpotentiality of the active–region magnetic field.

The forecasting task is formulated as a binary classification problem in
which the model predicts whether an AR will produce a flare of class C5.0
or above within the next 2 h, using the previous 36 min of observations.
Compared with the previous chapter, this formulation shifts the focus from
forecasting major M– and X–class flares over longer temporal windows to a
shorter–term forecasting problem that also includes stronger C–class events.
This choice allows the model to be evaluated in a near–term prediction set-
ting, where rapidly evolving photospheric and coronal signatures may pro-
vide useful information about imminent flare occurrence.

The proposed architecture follows the same general principle adopted in
the previous phase: image observations are first mapped into low–dimension-
al latent feature vectors, and the resulting sequence of feature vectors is then
processed by a recurrent classifier. In this chapter, however, the image en-
coder is trained on multiwavelength image inputs, and the resulting latent
representations are fused with SHARP–derived physical parameters before
being passed to a recurrent classifier. This design allows the model to learn
spatio–temporal patterns from the image sequence while also incorporating
physically motivated contextual information.

The chapter is organized as follows. Section 6.2 describes the construction
of the multimodal dataset, including the data sources, sequence extraction
and labeling procedure, train/validation/test split, and preprocessing. Sec-
tion 6.3 introduces the forecasting architecture and summarizes the evalua-
tion tools used in this phase. Section 6.4 presents the performance of the three
model configurations and discusses the contribution of each input modality,
and provides a summary of the key findings. Finally, Section 6.5 discusses
the broader implications of these results and outlines the main conclusions
of this phase.
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6.2 Data

6.2.1 Data Sources

For the study carried out in this chapter, we combined multiwavelength
image observations with SHARP–derived physical parameters to construct
a multimodal representation of solar ARs. In particular, we used full–disk
observations from SDO/HMI and SDO/AIA in their native charge–coupled
device (CCD) coordinates, together with the geometrical information con-
tained in the SHARP data series, to identify and extract ARs from the full–
disk SDO data. The combined use of these observations and parameters
yields a physically consistent and observationally rich dataset suitable for
data–driven flare forecasting.

From HMI, we used LoS magnetograms and continuum intensity images.
As already discussed in previous chapters, LoS magnetograms provide in-
formation on the photospheric magnetic–field distribution, including polar-
ity structure, flux emergence, and flux cancellation. Continuum images pro-
vide complementary information on sunspot morphology, area, and tempo-
ral evolution, which are observational signatures of the underlying magnetic
structure of the AR.

From AIA, we used EUV observations in the 193 Å and 304 Å channels.
These two channels were selected because they provide complementary in-
formation on the thermal and atmospheric response of ARs during the pre-
flare phase. The 304 Å channel (He II; log T ≈ 4.7) samples chromospheric
and transition region plasma where filaments, prominences, and early rib-
bon brightenings originate. The 193 Å channel (Fe XII/XXIV; log T ≈ 6.2–7.3)
is sensitive to both warm coronal structures and hot flare plasma. Together,
these two bands capture the principal atmospheric layers in which flare pre-
cursors may manifest, spanning the low solar atmosphere and the corona,
and complementing the photospheric information provided by LoS magne-
tograms and continuum images.

Other EUV bands, such as 171 and 211 Å, have substantial temperature–
response overlap with 193 Å (Lemen et al., 2012, Figure 13), and therefore
provide less independent diagnostic information. The hot flare channels, 94
and 131 Å, respond most strongly during the impulsive and post–impulsive
phases rather than during the preflare evolution relevant to this work (Nishi-
moto et al., 2021). Moreover, 131 Å includes a significant continuum contri-
bution in ARs, while 211 Å includes a significant continuum contribution in
flaring ARs (O’dwyer et al., 2010; Milligan and McElroy, 2013). For these
reasons, we restricted the AIA input to the 193 Å and 304 Å channels.

We also selected two photospheric parameters from the SHARP data prod-
uct that quantify the size, strength and nonpotentiality of AR magnetic fields:
the total unsigned magnetic flux (Φtot) and the total unsigned current helicity
(hc,tot), as defined in Bobra et al. (2014). These parameters are derived from
vector magnetograms in Cylindrical Equal–Area (CEA) coordinates and are
available at a temporal cadence of 12 min.

The total unsigned magnetic flux is defined as in Equation 6.1:
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Φtot = ∑ |Bz| · ∆A, (6.1)

where Bz is the vertical component of the magnetic field, and ∆A is the area of
a single pixel. This parameter reflects the magnitude of magnetic flux emerg-
ing through the photosphere and serves as a proxy for the total magnetic
energy stored in the AR.

The total unsigned current helicity is defined in Equation 6.2:

hc,tot = ∑ |Bz · Jz| · ∆A, (6.2)

with the vertical current density Jz given by Equation 6.3:

Jz =
1
µ0

(
∂By

∂x
− ∂Bx

∂y

)
. (6.3)

Here, Bx and By are the horizontal components of the magnetic field, and
µ0 is the magnetic permeability of free space. The current helicity quantifies
the degree of shear and twist in the magnetic field and thus serves as an
indicator of magnetic nonpotentiality and energy buildup.

To construct the dataset, we used a list of flare events of class C5.0 and
above compiled by Li et al. (2021) from the Geostationary Operational En-
vironmental Satellite (GOES) flare catalog. The list covers the period from
2010 to June 2019, corresponding to most of solar cycle 24, and includes only
events that occurred within ±45◦ longitude of the solar central meridian.
This restriction reduces the impact of projection effects and center–to–limb–
dependent noise. Each event is associated with a National Oceanic and At-
mospheric Administration (NOAA) AR number, which is used to link the
flare event to the corresponding HMI Active Region Patch (HARP)/SHARP
records when possible. In total, 719 events were identified, comprising 21
X–class, 301 M–class, and 397 C–class flares.

6.2.2 Sequence Extraction and Labeling

To construct the positive class for training our binary classification model,
we used the flare event list introduced in Section 6.2.1, compiled by Li et al.
(2021). Records that could not be matched with at least one HARP were
excluded, resulting in 631 flare events, comprising 19 X–class, 270 M–class,
and 342 C–class flares. For each flare event, we constructed a single 36 min
time window with 12 min steps ending 2 h prior to the flare onset. Using
the HARP number and the time range of each sequence, we retrieved the
corresponding SHARP data, from which we extracted time series of the two
selected physical parameters, Φtot and hc,tot. We also downloaded the associ-
ated full–disk observations — HMI LoS magnetograms, continuum intensity
images, and AIA EUV images in the 193 and 304 Å channels — selecting, in
each case, the image closest in time to the corresponding reference within the
sequence. Thus, unlike the sliding–window procedure adopted in Chapter 5,
each flare event contributed at most one positive sequence.
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The choice of a 36 min observational window is intended to capture the
rapid, short–term evolution that may precede an eruptive event. Observa-
tional and numerical studies indicate that preflare signatures — such as lo-
calized flux cancellation, increases in magnetic shear, and the early expansion
or brightening of coronal loops — can develop on timescales of minutes to
tens of minutes prior to flare onset (e.g., Fletcher et al., 2011; Benz, 2017; Tori-
umi and Wang, 2019). Other studies demonstrate that once a flare begins, the
magnetic field can undergo abrupt restructuring on similarly short timescales
(e.g., Sudol and Harvey, 2005; Wang, 2006; Sun et al., 2012). This short ob-
servational window is also logically matched to our 2 h forecast horizon: for
near– term prediction, the most recent rapid changes in the magnetic and
coronal environment are generally more informative than conditions several
hours or days earlier.

Since HMI and AIA differ in their world coordinate system (WCS; Greisen
and Calabretta, 2002) definitions, spatial alignment was also required. We
used AIA 304 Å data as a spatial reference, and all other data were repro-
jected onto its WCS grid using solar–aware coordinate transformations. This
step ensures that all data are mapped to the same physical coordinates on the
solar disk, providing a coherent, multiwavelength dataset in which photo-
spheric and coronal observations are both temporally and spatially aligned.

To identify the location and extent of ARs on the solar disk and extract
consistent cutouts, we relied on SHARP WCS. We adopted a fixed reference
size of 512 × 512 pixels. If the dimensions of the AR bounding box were
smaller than this size, a square patch of 512× 512 pixels centered on the AR
was extracted. If one or both dimensions of the AR were larger than this
size, the full extent of the region along that dimension was retained, so that
the final cutout size was determined independently for each dimension (Fig-
ures 6.1 (a) and (b)).

We excluded very small ARs, defined as regions for which at least one
original dimension is smaller than 200 pixels, because such regions would
occupy only a small fraction of a 512× 512 cutout and would therefore be
dominated by background signal. For large ARs, this extraction strategy
avoids downscaling or clipping and preserves the complete spatial struc-
ture. For smaller regions that still exceed 200× 200 pixels, enforcing a min-
imum size ensures that the extracted patches maintain an adequate signal–
to–background ratio.

Finally, to ensure data quality, we discarded any sequences containing at
least one frame that crossed the solar limb (Figure 6.1 (b)). This approach nat-
urally results in cutouts from different ARs having varying dimensions. Fur-
ther details on handling variability in image size across different sequences
during training are provided in Section 6.2.4.
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FIGURE 6.1: Examples of active region extraction and quality control. Each panel shows, from left to right, SDO/HMI
LoS magnetograms, SDO/HMI continuum intensity images, and SDO/AIA EUV images in the 193 and 304 Å channels,
all reprojected to the AIA 304 Å WCS and taken 2 h prior to the flare peak time. Red boxes delineate the full extent of the
active region extracted from the SHARP data product, while blue boxes indicate the reference dimensions of the adopted
cutouts. (a) NOAA 11158 (HARP 377): HARP original bounding–box size was 377× 744 pixels, exceeding 512 pixels in one
dimension but not the other. Consequently, the final cutout extent along each axis was defined as the greater of 512 pixels
and the original dimension, resulting in a cutout of 512× 744 pixels. (b) NOAA 12192 (HARP 4698): the bounding box
enclosing the active region crossed the solar limb within the look–back window; consequently, the corresponding sequence

was excluded from the dataset.
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To construct the negative class, we applied a systematic selection strat-
egy aimed at avoiding contamination from flare–related activity. First, we
compiled a list of all ARs present in the SHARP data, extending the obser-
vational period from 2010 to 2024, covering most of solar cycle 24 and the
early phase of solar cycle 25, to ensure a sufficiently large pool of candidate
ARs from which to select our final negative examples. We then excluded all
ARs included in the positive class. For each remaining AR, we examined its
SHARP records to identify valid data windows that met the following crite-
ria: (i) each record is located within ±45◦ in both Stonyhurst longitude and
latitude, (ii) the AR remains flare–quiet for at least 3 h before and after the
end of the sequence, and (iii) all records are of good quality (i.e., all QUAL-
ITY flags are below 65536 1).

This approach ensures a clean separation between flare and nonflare ex-
amples for training. The final dataset includes 562 flare sequences and 644
nonflare sequences. The class distribution is summarized in Table 6.1.

Class Total
C–class

(≥ C5.0)
M–class X–class

Flare 562 303 242 17

No Flare 644 – – –

TABLE 6.1: Summary of the dataset composition grouped by
GOES flare class. The flare category includes events above the
C5.0 threshold, with each valid flare event contributing a single
observational sequence. The no–flare category denotes samples
with no associated flaring activity within the prediction win-

dow.

Our dataset is structured as multiwavelength — HMI LoS magnetograms,
continuum intensity, and AIA EUV channels —, multimodal — raw images
and scalar physical parameters —, and multistep — time series—, enabling
the predictive model to learn from the evolving physical conditions within
ARs and identify spatiotemporal patterns that may serve as flare precursors.
For the image data, no explicit feature engineering is applied; instead, the
model operates directly on raw images, allowing it to autonomously learn
meaningful representations. In parallel, physically motivated scalar parame-
ters are incorporated to provide complementary global context. This design
also allows the model to assign relative importance to each modality dur-
ing classification, deciding whether to focus on local features extracted from
images or global parameters provided as input.

6.2.3 Train/Validation/Test Split

To ensure fair evaluation the dataset was divided into nonoverlapping
training, validation, and test sets. As in Chapters 4 and 5 the split was per-
formed at the AR level. For the positive class, corresponding to flaring ARs,

1http://jsoc.stanford.edu/doc/data/hmi/Quality_Bits/QUALITY.txt
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we randomly divided the list of ARs into three mutually exclusive groups
and assigned all sequences associated with a given HARP to the same group,
targeting approximate proportions of 70%/15%/15% in the number of se-
quences assigned to each of the training, validation, and test sets. The same
procedure is applied independently to the negative class, corresponding to
quiet ARs.

After splitting the positive and negative samples, we combined the cor-
responding subsets to form the final training, validation, and test sets. This
strategy ensures that each set contains a balanced mix of flare and quiet se-
quences, with no AR appearing in more than one subset. Assigning all se-
quences from any given AR exclusively to a single split prevents the model
from encountering temporally or spatially related data across sets and en-
sures that performance metrics reflect the model’s ability to generalize to un-
seen ARs. An AR-level split provides a more realistic evaluation of model
generalization by avoiding information leakage between different sets. How-
ever, the class distribution itself is balanced by construction and therefore
does not reproduce the strong class imbalance characteristic of the flare fore-
casting problem.

6.2.4 Preprocessing

To normalize the input data, we compute the global minimum and max-
imum values for each image channel independently, using only the training
set. Each image is then scaled to the range [−1, 1] using its corresponding
channel statistics. A similar procedure is applied to the physical parame-
ters, where each parameter is individually scaled to the same range [−1, 1]
using the global minimum and maximum values computed from the train-
ing samples. Following the scaling strategy discussed in Section 4.2.4, these
training–set statistics are then applied to the validation and test sets to main-
tain consistency across splits.

To address missing values, we apply channel–wise median imputation.
For each image, missing values are replaced with the median of the corre-
sponding channel within that image. For the physical parameters, missing
values are replaced with the median of the corresponding parameter, com-
puted across all training samples. This approach helps preserve the central
tendency of the data without introducing significant bias.

As described in Section 6.2.2, the extracted cutouts vary in size depend-
ing on the dimensions of each AR bounding box. Since the model requires
inputs with fixed spatial dimensions, a strategy to standardize input size is
required. Unlike the data used in Chapters 4 and 5, where cutouts from the
SHARP data series were used, here we extracted the AR cutouts from full–
disk observations with a minimum size of 512 × 512 pixels. Therefore, no
padding is required in this case, and the standardization can be performed
through cropping alone.

As in the previous chapters, we adopt random cropping during training
to standardize the input dimensions to the reference size of 512× 512 pixels.

134



Chapter 6. Phase III: Multimodal Spatio–Temporal Flare Forecasting

By varying the crop location at each epoch, the model is exposed to differ-
ent subregions of the AR during training, allowing it to gradually learn from
the full spatial context without requiring explicit resizing or padding. This
method serves both as a standardization step and as a regularization strat-
egy, making the model less prone to overfitting by creating a virtually larger
dataset.

6.3 Methodology

6.3.1 Model

The proposed deep learning framework is designed to predict whether a
solar flare of class ≥ C5.0 will occur within the next 2 h, based on the previ-
ous 36 min of observations. The framework integrates multiwavelength im-
age sequences and scalar physical parameters through a hybrid architecture
that captures both spatial–temporal patterns and contextual information. It
is composed of a convolutional encoder that extracts features from images,
a fusion mechanism that combines image–derived features with the corre-
sponding physically derived parameters, a recurrent network that models
the temporal evolution of the fused representation, and a fully connected
classification network that maps the learned temporal features to a proba-
bilistic prediction of flare occurrence. A conceptual sketch of the model ar-
chitecture is illustrated in Figure 6.2.

The input to the model consists of sequences of four–channel images, in-
cluding LoS magnetograms, continuum intensity images, and observations
from the 193 Å and 304 Å channels. These image sequences are comple-
mented by time series of two scalar physical parameters: the unsigned mag-
netic flux and the total unsigned current helicity, both obtained from SHARP
data products (see Section 6.2.1). Thus, each image in the sequence is tempo-
rally matched with the corresponding values of the scalar parameters.

The training strategy was divided into two parts. The first part consisted
of training an autoencoder on individual four–channel images. An autoen-
coder is a type of artificial neural network trained to learn compressed repre-
sentations of data. It is composed of an encoder, which transforms the input
data into a low–dimensional latent space, and a decoder that reconstructs
the input from this compact representation. This process enables the model
to extract essential features useful for downstream tasks.

In our implementation, the encoder is composed of five convolutional
blocks; each block includes a convolutional layer that also performs spatial
downsampling, followed by a rectified linear unit (ReLU) activation func-
tion, which progressively transforms a single four–channel 512× 512 input
into 512–channel 16× 16 feature maps. The decoder mirrors this architecture
in reverse: each decoding block includes a transposed convolutional layer
that also performs spatial upsampling (Dumoulin and Visin, 2016), followed
by a ReLU activation function, except in the final layer, where we used a hy-
perbolic tangent (tanh) activation function to constrain the output range to
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FIGURE 6.2: Overview of the proposed solar flare prediction
framework. Left: a convolutional autoencoder is trained on
individual multi–wavelength solar images (x) to learn latent
representations (z), enabling unsupervised feature extraction.
Right: a supervised prediction pipeline integrates learned im-
age representation and physical features. Latent representa-
tions (z0, z1, z2) are obtained by applying the encoder indepen-
dently to each image in the sequence, while hand–engineered
physical parameters ( f0, f1, f2) undergo a linear transformation
to match the dimensionality of the learned features, allowing
the two modalities to be summed and fused into a context–
aware representation. The fused feature sequence is then pro-
cessed by a recurrent sequence encoder, followed by a classifier

that outputs the predicted probability of a flare event.
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[−1, 1], which corresponds to the scaling range of the input data. Follow-
ing training, the decoder is discarded, and the encoder is retained with fixed
parameters and used as a feature extractor for subsequent temporal model-
ing. As in the previous phase, this training strategy was adopted to maintain
a separation between representation learning and forecasting, while also re-
ducing the computational cost of the forecasting stage by limiting the number
of trainable parameters. To obtain a compact representation for integration
with scalar parameters, we applied global average pooling across the spatial
dimensions of the encoder output, reducing each 512× 16× 16 feature map
to a single 512–dimensional feature vector.

To integrate the scalar physical parameters with the image–based repre-
sentation, a context mixing module is introduced. The two–dimensional vec-
tor of physical parameters is projected into 512 dimensions using a fully con-
nected layer. The projected context vector is then combined with the learned
representation of the image data through element–wise addition, enabling
joint modeling of image and contextual physical information. We also exper-
imented with alternative fusion strategies, including element–wise multipli-
cation, feature concatenation, and attention–based mechanisms (Vaswani et
al., 2017), and observed comparable performance across these methods.

The resulting fused vectors, computed at each time step, are fed into
the sequence encoder based on a long short–term memory (LSTM) network,
which models temporal dependencies across the input sequence. The final
output of the LSTM is passed through a classification module consisting of
two fully connected layers with ReLU and a final sigmoid activation. The sig-
moid constrains the output to the [0, 1] range, allowing it to be interpreted as
the model’s predicted probability of solar flare occurrence for a given input
sequence. This combined architecture enables the model to learn spatiotem-
poral and contextual relationships relevant to the prediction of solar flares.

The autoencoder was trained using the Adam optimizer with a learning
rate of 0.001 and mean squared error loss over 300 epochs, with a batch size
of 32. Details of the implementation are summarized in Table 6.2.

For the sequence modeling stage, we experimented with the Adam and
AdamW optimizers (Kingma and Ba, 2014; Loshchilov and Hutter, 2017),
varying the learning rates over {10−5, 10−4, 10−3}, LSTM hidden sizes over
{8, 32, 64, 128}, and layer depths over {1, 2, 3, 4}. For AdamW, weight de-
cay values of {10−4, 10−3, 10−2} were also explored. Binary cross–entropy
was used as the classification loss, and the best model was selected based
on the minimum validation loss. The results reported in Section 6.4 corre-
spond to the architecture summarized in Table 6.3, trained using the Adam
optimizer with a learning rate of 0.0001 for 100 epochs.

6.3.2 Evaluation Tools

The evaluation protocol adopted in this chapter is the same as that intro-
duced in Section 5.3.2. The flare–forecasting problem is treated as a binary
classification task, so the model output is interpreted as the predicted prob-
ability of flare occurrence and is converted into a class label by applying a
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Component Encoder Decoder

Layer type Convolution Transposed convolution

Number of blocks ×5 ×5

Channels
4→ 64→ 128

→ 256→ 512→ 512

512→ 512→ 256

→ 128→ 64→ 4

Kernel / stride / padding 3× 3/2× 2/1 4× 4/2× 2/1

Activation ReLU ×5 ReLU ×4, tanh final

TABLE 6.2: Summary of the convolutional autoencoder archi-
tecture used to compress individual four–channel input images
into compact latent representations. The encoder consists of
five convolutional blocks with increasing channel depth, while
the decoder mirrors this structure using transposed convolu-
tions to reconstruct the input image. Activation functions in-
clude ReLU for intermediate layers and tanh at the output of

the decoder.

Component Layer type Details

Context mixing Linear 2→ 512

LSTM LSTM
Input size = 512, hidden size = 32

layers = 2

Classifier Linear 32→ 32

ReLU Activation

Linear 32→ 1

Sigmoid Output probability (0, 1)

TABLE 6.3: Architecture of the sequence classifier used to pre-
dict flare occurrence from latent representations. The model
consists of a context mixing layer that projects the physical pa-
rameters into the same dimensional space as the latent image
representations, followed by a two–layer LSTM for sequence
processing and a fully connected classifier. A final sigmoid ac-
tivation outputs the probability of a flare event within the pre-

diction window.
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decision threshold. Unless otherwise stated, the default threshold τ = 0.5 is
used. Therefore, a sequence is classified as flare–productive when the pre-
dicted probability is greater than or equal to τ, and as flare–quiet otherwise.

Model performance is assessed using the confusion–matrix–based met-
rics defined in Equations 5.7–5.14. In particular, we report the number of
true positives (TP), false positives (FP), true negatives (TN), and false nega-
tives (FN), together with Accuracy, Precision, Recall, F1–score, and TSS. These
metrics provide complementary information on the behavior of the classi-
fier: Accuracy measures the overall fraction of correct classifications; Precision
quantifies the reliability of positive flare forecasts; Recall measures the abil-
ity to detect flare–producing cases; F1–score summarizes the balance between
Precision and Recall; and TSS measures the difference between the TPR, also
known as Recall or Sensitivity, and the FPR, providing a class–balance–aware
estimate of forecasting skill.

In addition to these scalar metrics, model behavior is analyzed using the
same diagnostic plots introduced in Section 5.3.2. Predicted–probability dis-
tributions are used to assess the separation between flare–positive and flare–
negative samples. The receiver operating characteristic (ROC) curve and the
corresponding ROC–AUC values summarize the threshold–independent dis-
criminative capability of each model. Calibration curves compare predicted
probabilities with observed flare frequencies, providing a qualitative assess-
ment of whether the model outputs can be interpreted as reliable probability
estimates. Finally, Precision, Recall, and F1–score are analyzed as functions of
the decision threshold in order to evaluate the sensitivity of each model to
threshold selection.

6.4 Results

We present an empirical evaluation of the performance of our solar flare
prediction framework, which consists of a deep learning model trained on
multimodal observational data to classify solar ARs as either flare–imminent
or flare–quiet. Three model configurations are evaluated, each sharing the
same underlying architecture but differing in their input modalities and op-
timized hyperparameters. The baseline model, referred to as model M, is
trained exclusively on LoS magnetograms. Model MCA extends this config-
uration by incorporating continuum intensity images and EUV observations.
The most comprehensive model, model MCAF, further integrates scalar phys-
ical parameters derived from SHARP vector magnetogram data, which en-
code magnetic field properties known to correlate with flaring activity.

Our analysis is designed to address three primary questions. (1) Does the
addition of continuum and EUV imagery lead to measurable improvements
in predictive performance relative to the LoS magnetogram–only baseline?
(2) Does incorporating SHARP–derived physical parameters, which reflect
expert–driven diagnostics, enhance classification performance beyond what
is achieved with imagery alone? (3) To what extent do each model’s pre-
dicted probabilities align with empirical flare rates across varying thresholds,
thereby quantifying calibration quality?
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To answer these questions, we conduct a controlled comparison of the
three models on a balanced dataset using consistent training procedures and
evaluation protocols. All performance metrics reported in this section are
computed on the balanced test set described in Section 6.2.3. In the following
sections, we present both quantitative and qualitative analyses that demon-
strate improvements in predictive performance and highlight the contribu-
tions of each observational modality.

Classifier (Base Model: Only LoS Magnetogram)

The baseline model (model M), trained exclusively on LoS magnetograms,
establishes a solid reference point for flare prediction using single–modality
input. It achieves an Accuracy of 87.71%, correctly classifying the majority
of ARs. A Recall of 87.80% indicates a good ability to detect flaring events,
capturing nearly 9 out of 10 actual flares. The model’s Precision, at 85.71%,
suggests that most predicted flares are correct, with approximately 14% of
the predicted flares being false alarms. This balance between detecting true
flares and minimizing unnecessary alerts is reflected in an F1–score of 0.87.
The TSS, which accounts for both missed detections and false alarms, is 0.75,
indicating that the model performs better than random chance and fairly dis-
tinguishes between flare–imminent and quiet regions (see Table 6.4 and 6.5).

The predicted probability distribution (Figure 6.3, first row, left) illus-
trates how the model separates flare–imminent and flare–quiet ARs (positive
and negative class). While there is a visible tendency for flare–imminent re-
gions to receive higher probability scores, the distributions for both classes
exhibit substantial overlap. This overlap indicates that the model’s discrimi-
native capacity is moderate, with many quiet regions assigned intermediate
probabilities and not all flare regions predicted with high confidence. This
plot provides a visual counterpart to numerical metrics such as Accuracy and
F1–score, revealing uncertainties that these scores alone do not capture.

The calibration curve (second row, left) compares predicted flare probabil-
ities with the observed flare frequencies and is computed here using two bin-
ning strategies: uniform, which guarantees equally spaced bins, and quan-
tile, which guarantees the same number of samples in each bin. The curve
shows deviations from the ideal diagonal, indicating slight overconfidence
at intermediate and high probability ranges, where the predicted likelihoods
exceed the observed flare rates, particularly for higher probabilities (> 0.8).
This pattern reinforces insights from the probability distribution: many pre-
dictions fall into ambiguous ranges where class separation is weak. Despite
these deviations, the overall trend remains monotonic and consistent, sug-
gesting that the model’s probability outputs are still informative, though they
would benefit from calibration for operational use.

The ROC curve (third row, left) shows good discriminative power, with
an ROC–AUC of 0.95. Unlike the probability distribution and calibration
curve, which reveal limitations in prediction confidence and probability align-
ment, the ROC curve focuses only on the model’s ability to rank–order in-
stances correctly, regardless of probability threshold. Thus, it demonstrates
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that the model maintains discriminative capability even in the presence of
calibration errors.

The performance curves as a function of threshold (fourth row, left) com-
plement the ROC analysis by highlighting model performance across deci-
sion thresholds. Precision remains high until very low thresholds (< 0.2),
indicating that additional predicted flares are mostly true events. Recall re-
mains high up to around a threshold of 0.5, where it stays between 0.85 and
0.90, corresponding to a local F1–score maximum that offers the best bal-
ances between Precision and Recall — consistent with the default classification
threshold of 0.5. This curve confirms the Recall–oriented behavior observed
in the ROC and F1–score analyses while also showing that thresholds favor-
ing higher Recall incur a modest reduction in Precision.

Classifier (Base Model + Continuum and EUV)

Model MCA, which incorporates continuum intensity and EUV obser-
vations in addition to LoS magnetograms, shows substantial improvements
across all key classification metrics. Accuracy increases to 90.50%, with a no-
table rise in Recall to 93.90%, indicating that the model captures a greater
proportion of true flaring events. Precision also improves to 86.52%, resulting
in a higher F1–score of 0.90. The TSS increases to 0.82, demonstrating an en-
hanced ability to separate flaring from nonflaring regions. These results con-
firm the benefit of incorporating additional observational data that provide
complementary information on thermal and morphological flare precursors.

The predicted probability distribution (Figure 6.3, first row, center) shows
improved class separation, with flare–imminent and quiet regions forming
more distinct clusters than in the baseline model. The calibration curve (sec-
ond row, center) exhibits moderate underconfidence at intermediate proba-
bilities, where predicted likelihoods underestimate the true flare rate, but it
aligns closely with the ideal diagonal at low and high probabilities, indicat-
ing reliable estimates at the extremes. Improvements are further reflected
in the ROC curve (third row, center), which shows a higher ROC–AUC, and
in the performance–versus–threshold curve (fourth row, center), where in-
termediate thresholds yield optimal F1–score. These visual diagnostics re-
inforce the conclusion that multiwavelength imaging significantly enhances
the model’s predictive accuracy and reliability.

Classifier (Base Model + Continuum and EUV + Physical Quantities)

Model MCAF, which extends model MCA by incorporating SHARP–de-
rived physical quantities in addition to LoS magnetograms, continuum in-
tensity, and EUV observations, achieves the strongest performance among all
configurations. Accuracy increases to 92.74%, and Recall rises to 97.56%, with
only 2 out of 82 flares not predicted by the model. Precision rises slightly
to 87.91%, yielding a higher F1–score of 0.92. TSS reaches 0.86, reflecting
superior discriminative ability. These observed improvements suggest that
domain–specific magnetic diagnostics provide complementary information
for flare forecasting.
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This enhanced performance is corroborated by the evaluation plots. The
predicted probability distribution (Figure 6.3, first row, right) shows even
greater class separation compared to model MCA, with flare–imminent re-
gions clustering tightly at high probability values.

The calibration curve (second row, right) demonstrates overall good prob-
ability alignment. The uniform–binned curve (blue) presents a sharp dip
around midrange probabilities. This dip is consistent with a low–count arti-
fact from equal–width bins and reflects the underlying probability distribu-
tion, which is strongly bimodal — most negatives near 0, most positives near
1, with almost no mass in 0.2− 0.8. In contrast, the quantile–binned curve
(orange), which guarantees an equal number of samples in each bin, tracks
the 45◦ line closely. At low and high predicted probabilities, both binning
methods converge toward the diagonal, suggesting that the model is well
calibrated in the regions where most predictions lie.

The ROC curve (third row, right) rises steeply toward the upper left cor-
ner, achieving an ROC–AUC of 0.98. The near–vertical rise at low FPR reflects
strong Sensitivity without substantial compromise in Specificity, reflecting ro-
bustness in its discriminative performance.

The threshold–dependent performance curves (fourth row, right) show
that Precision, Recall, and F1–score remain uniformly high across a broad range
of thresholds. Recall (orange) remains near–perfect across a wide range of
thresholds (< 0.8), only dropping sharply when the threshold approaches
1.0. Precision (blue) is stable at high levels for most thresholds, with only
a modest decline at very low thresholds (< 0.2), where FP are more com-
mon. The F1–score (green) maintains values close to its maximum over a
broad threshold interval (0.2− 0.8), indicating robustness in balancing Pre-
cision and Recall. This stability suggests that the model’s performance is not
highly sensitive to the exact threshold choice, providing flexibility for op-
erational settings depending on whether higher Recall or higher Precision is
needed.

Model TP TN FP FN

Model M 72 85 12 10

Model MCA 77 85 12 5

Model MCAF 80 86 11 2

TABLE 6.4: Confusion matrix values for all models evaluated
in this study. All quantities are computed on the held–out test

set.
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FIGURE 6.3: Classifier performance across different input
modalities. Columns represent models trained on: (1) LoS mag-
netograms only; (2) LoS magnetograms with additional contin-
uum and AIA image channels; and (3) full multimodal input in-
cluding SHARP physical parameters. Top row: predicted prob-
ability distributions for positive and negative samples. Sec-
ond row: calibration curves comparing predicted probabilities
with observed outcome frequencies. Third row: ROC curves
and ROC–AUC values, showing model discrimination capabil-
ity. Bottom row: Precision, Recall, and F1–score as functions of
the decision threshold. Performance improves consistently as

additional data modalities are incorporated.

143



Chapter 6. Phase III: Multimodal Spatio–Temporal Flare Forecasting

Model Accuracy Precision Recall F1–score TSS

Model M 0.8771 0.8571 0.8780 0.8675 0.7543

Model MCA 0.9050 0.8652 0.9390 0.9006 0.8153

Model MCAF 0.9274 0.8791 0.9756 0.9249 0.8622

TABLE 6.5: Performance metrics for all models evaluated in this
study. All quantities are computed on the held–out test set.

6.4.1 Summary of Key Findings

To address the three questions posed at the beginning of this section, we
designed experiments to systematically evaluate the benefits of incorporat-
ing multiwavelength observations together with physical parameters. Our
deep learning framework, while leveraging state–of–the–art architectures,
was specifically conceived for this task and is capable of jointly processing
a rich, multimodal dataset. In what follows, we summarize the key findings
of our analysis in light of the aforementioned questions.

1. Does the addition of continuum and EUV imagery lead to measurable im-
provements in predictive performance relative to the LoS magnetogram–only base-
line?

We find that the inclusion of continuum and EUV channels substantially
improves model performance. Comparing model M (Los magnetogram–
only) to model MCA (LoS magnetogram + continuum + EUV), we observe
a notable increase in performance across all key metrics: Accuracy improves
from 87.71% to 90.50%, the F1–score rises from 0.87 to 0.90, and the TSS im-
proves from 0.75 to 0.81. This improvements are corroborated by the ROC
curve and the predicted probability distribution, which show a clear im-
provement in class separation. Furthermore, the performance metrics ver-
sus threshold curves demonstrate that the MCA model maintains consis-
tently higher F1–score across a wide range of thresholds, indicating greater ro-
bustness to threshold selection. These results suggest that photospheric and
coronal emissions captured by continuum and EUV imaging provide com-
plementary and predictive information not contained in LoS magnetograms
alone.

2. Does incorporating SHARP–derived physical parameters, which reflect expert–
driven diagnostics, improve classification performance beyond what is achieved with
imagery alone?

The addition of scalar physical parameters — total unsigned magnetic
flux and current helicity — is associated with a further improvement in per-
formance. When comparing model MCA to the full multimodal configu-
ration (model MCAF), the Accuracy improves from 90.50% to 92.74%, the
F1–score from 0.90 to 0.92, and the TSS from 0.82 to 0.86, indicating strong
classification skill. Recall increases from 93.90% to 97.56%, corresponding to
three additional true positives among the 82 positive test samples; one addi-
tional negative sample is correctly classified. Improvements are also evident
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in the probability distributions and ROC curve, and the stability of the per-
formance curves across a wide range of thresholds highlights the model’s
balanced behavior between Precision and Recall. These results suggest that
physically interpretable global features provide valuable complementary in-
formation when combined with imaging data. Although the direction of the
observed improvement is clear, uncertainty estimates are necessary to assess
the robustness and magnitude of this incremental gain.

3. To what extent do each model’s predicted probabilities align with empirical
flare rates across varying thresholds, thereby quantifying calibration quality?

The predicted probabilities of all three models align well with empiri-
cal flare rates, indicating that calibration quality is generally good. At first
glance, calibration seems to degrade as Accuracy increases. This effect is
likely an artifact of deep learning models concentrating predictions near 0
and 1, which results in low counts and less reliable statistics in the mid–
probability ranges. When using a quantile–based binning strategy, however,
the curves show that all three models are fairly well calibrated, with slight
improvements when continuum, EUV, and physical parameters are included.
This improvement is particularly evident in the low– and high– probability
regions where most predictions lie. Overall, this progression demonstrates
that richer input data not only improve classification metrics but also main-
tain relatively good calibration, which is critical for operational forecasting.
Well–calibrated predictions enable decision–makers to assess flare likelihood
more reliably and to adjust thresholds according to risk tolerance.

6.5 Conclusions

In this chapter, we extended the sequence–based flare forecasting frame-
work developed in Chapter 5 to a multimodal and multiwavelength set-
ting. The proposed model integrates temporally ordered image observa-
tions from SDO/HMI and SDO/AIA with scalar physical parameters de-
rived from SHARP vector magnetograms. In this way, the framework com-
bines spatio–temporal information extracted from solar atmospheric obser-
vations with global descriptors of active–region magnetic properties.

The results show that predictive performance improves as additional sourc-
es of information are incorporated into the model. The baseline configura-
tion, based only on LoS magnetograms, already achieves good classifica-
tion performance, confirming that the temporal evolution of photospheric
magnetic–field information contains useful predictive information. Adding
continuum and EUV imagery further improves the results, indicating that
multiwavelength observations provide complementary information about the
preflare evolution of ARs. The highest performance is obtained when the
SHARP–derived physical parameters are also included. On the balanced test
set, this configuration reaches an Accuracy of 92.74%, a Recall of 97.56%, and a
TSS of 0.86. Relative to the LoS magnetogram–only model M, the full MCAF
configuration correctly classifies eight additional positive samples and one
additional negative sample. Relative to model MCA, model MCAF correctly
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classifies three additional positive samples and one additional negative sam-
ple. This favorable direction suggests a potential complementary contribu-
tion from the physical parameters; however, because no uncertainty esti-
mates were obtained, the robustness and magnitude of this incremental im-
provement cannot be established from the present results. Performing such
an analysis would provide clearer empirical support for the benefit of the
richer multimodal input configuration.

The diagnostic analyses support this conclusion. The predicted–probability
distributions show an increasingly clear separation between flaring and non-
flaring sequences as the input configuration becomes richer. The ROC curves
analysis confirms the improved threshold–independent discriminative capa-
bility of the multimodal models, while the threshold–dependent curves show
that the full configuration maintains strong performance over a broad range
of decision thresholds. The calibration analysis indicates that the predicted
probabilities are generally informative, although deviations from perfect cali-
bration remain, particularly at intermediate probability values. This suggests
that post hoc calibration could be useful in applications where the probabilis-
tic interpretation of the model output is important.

Despite these promising results, some limitations remain. First, in this
work, we focus on predicting flaring versus quiet ARs. Our sequence extrac-
tion strategy, in particular the construction of the negative class (no flaring),
excludes sequences with decaying flare activity as well as sequences leading
to flares below the chosen threshold (≤ C5.0). Although our sequence extrac-
tion and labeling approach is similar to those used in other sequence–based
studies (e.g., Sun et al., 2022; Angryk et al., 2020), our findings may not be
immediately extended to other task definitions. For example, this is the case
in operational settings, where flare–quiet regions that evolve from previously
flare–active states are of interest. One possible solution could be to include
the flaring history of the AR as an additional input, similar to the approach
taken in Jonas et al. (2018). Such information would provide the necessary
context for the model to distinguish truly quiet regions from those that are
flare–capable.

Second, we intentionally constructed a balanced dataset in order to avoid
bias toward the majority nonflaring class. While this choice is useful for eval-
uating the intrinsic discriminative capability of the model, real solar–flare
forecasting is characterized by strong class imbalance. The reported perfor-
mance metrics should therefore be interpreted within this controlled evalu-
ation setting and not as estimates of performance under operational event
rates. Future work should therefore assess the same multimodal framework
under more realistic event rates and investigate training strategies designed
for imbalanced datasets, including cost–sensitive learning or score–oriented
loss functions (Spelmen and Porkodi, 2018; Ahmadzadeh et al., 2021; Marchetti
et al., 2022).

Another limitation related to dataset construction concerns its temporal
composition. Positive sequences are derived from the Li et al. (2021) flare–
event list, which extends from 2010 to June 2019, whereas negative sequences
are sampled from observations extending to 2024, with a substantial number
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occurring during Solar Cycle 25. Consequently, an epoch–dependent contri-
bution to class separation cannot be excluded. This is particularly relevant
for the AIA 304 Å channel, which is known to be affected by time–dependent
sensitivity degradation and calibration uncertainties (Boerner et al., 2014;
Zwaard et al., 2021). A temporally matched negative–sampling strategy or
an explicit degradation correction would therefore help quantify the extent
of this effect.

Finally, the scale of the dataset remains an important practical constraint.
Our dataset is relatively small in terms of the number of samples, but each
sample consists of a temporal sequence of high–resolution multichannel im-
ages together with scalar physical parameters. Considering more samples
would require greater computational resources, both for training and for
dataset preprocessing and storage. In this work, we partially address this
issue by randomly cropping the images at each epoch, virtually increasing
the size of the dataset. Expanding the dataset remains the most effective so-
lution, ideally by incorporating observations from multiple solar cycles. The
same practical considerations apply when using larger image sizes or longer
temporal sequences are considered, as this would further increase memory
requirements and training time and impose additional constraints on batch
size and model architecture.
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Chapter 7

Physical Interpretation of
Multimodal Solar Flare Forecasting

“For now we see only a reflection as in a mirror;
then we shall see face to face. ”

1 Cor 13:12

7.1 Introduction

The previous chapter developed a multimodal and multiwavelength flare–
forecasting model that combines image sequences from Solar Dynamics Ob-
servatory (SDO)/Helioseismic and Magnetic Imager (HMI) and SDO/At-
mospheric Imaging Assembly (AIA) with scalar physical parameters derived
from vector magnetograms. The results showed that incorporating comple-
mentary sources of information improves forecasting performance, partic-
ularly when the model combines spatio–temporal image information with
global magnetic descriptors. However, predictive performance alone does
not explain how the model forms its decisions, which input sources con-
tribute most strongly to each prediction, or whether the learned decision
patterns are consistent with physically meaningful active–region magnetic
structures.

Deep–learning models can learn complex nonlinear relationships from
large observational datasets, but their internal decision process is not directly
interpretable. As a result, high classification performance does not automat-
ically imply that the model relies on physically meaningful flare precursors.
Interpretability methods are therefore needed to examine whether the model
uses relevant spatial structures, temporal information, and magnetic–context
variables, and to identify possible failure modes in ambiguous cases. An-
swering these questions may provide insight into what the model considers
important in relation to pre–flare signatures.
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In this chapter, we address this issue by applying Layer–wise Relevance
Propagation (LRP) to the multimodal forecasting model. The analysis fo-
cuses on the full model configuration, MCAF, because it combines all obser-
vational channels and physical–context variables considered in the previous
chapter. To make relevance propagation more tractable, the original long
short–term memory (LSTM) block responsible for temporal modeling is re-
placed by a simpler one–dimensional convolutional (Conv1d) block, while
preserving predictive behavior close to that of the original MCAF model.
This modified model is then used as the basis for the interpretability analy-
sis.

The goal of the chapter is to move from forecasting performance to phys-
ical interpretation. We examine how relevance is allocated between the im-
age branch and the physical–context branch, how relevance is distributed
internally between Φtot and hc,tot, how the relevance changes across image
channels and time steps, and how these patterns differ between true posi-
tives (TP), false positives (FP), true negatives (TN), and false negatives (FN)
predictions. In addition to test–set aggregate statistics, selected case stud-
ies are analyzed to compare the spatial organization of relevance maps with
the corresponding input observations and post hoc physics–based diagnostic
maps.

This chapter is organized as follows. Section 7.2 summarizes the dataset,
preprocessing, and modified forecasting model used for the interpretability
analysis. Section 7.3 describes the LRP propagation rules and the physics–
based diagnostic maps, defines the quantitative attribution metrics, and pre-
sents the criteria used to select representative samples for the case–study
analysis. Section 7.4 presents the results. Finally, Section 7.5 discusses the
main conclusions, methodological limitations, and implications of the analy-
sis.

7.2 Data and Model

This chapter builds on the multimodal flare–forecasting framework intro-
duced in Chapter 6. The input data, dataset construction, labeling strategy,
train/validation/test split, and preprocessing are therefore the same as those
used in the previous phase. The model used in this chapter also follows the
same general architecture as the model introduced in the previous chapter,
with some modules modified to adapt it to the goal of the present phase. In
the present chapter, however, the purpose is different: rather than evaluat-
ing predictive performance, we use the trained forecasting model as the basis
for an interpretability analysis. In the following sections, we summarize the
most relevant methodological aspects.

7.2.1 Dataset and Preprocessing

The input data consist of LoS magnetograms and continuum intensity im-
ages from SDO/HMI, together with extreme–ultraviolet (EUV) images from
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SDO/AIA at 193 Å and 304 Å. These observations provide complementary
views of active–region structure across different atmospheric layers, from the
photosphere to the chromosphere, transition region, and corona. In addition,
two scalar parameters from the Space–weather HMI Active Region Patches
(SHARP) data product are included: the total unsigned magnetic flux, Φtot,
and the total unsigned current helicity, hc,tot. These quantities were selected
as global descriptors of active–region size, magnetic–field strength, and non-
potentiality.

The positive class was constructed from the event list compiled by Li et al.
(2021), which contains flare events of class C5.0 and above. For each event,
a 36 min observational window was extracted, sampled at a 12 min cadence,
and ending 2 h before flare onset. At each time step, the corresponding
SHARP parameters were retrieved and temporally matched to the nearest
HMI and AIA observations. The negative class was constructed from flare–
quiet active regions (ARs) by selecting sequences without any flaring activity
for at least 3 h before and after the end of the sequence. To reduce projection
effects and ensure data quality, only ARs within±45◦ of the central meridian
were considered, and sequences containing at least one frame intersecting
the solar limb were excluded. After filtering, the final dataset contains 562
flare sequences and 644 non–flare sequences.

The full–disk images were spatially aligned by reprojecting them onto the
AIA 304 Å world coordinate system (WCS), ensuring pixel–wise correspon-
dence across image channels. AR cutouts were extracted from the full–disk
images using geometric information contained in the SHARP data product
about the location and extent of each AR. To extract the AR patches, we used
a reference size of 512× 512 pixels. Smaller ARs were centered on a frame
of this reference size, whereas larger ARs retained their full extent along the
corresponding dimension in order to preserve their morphology. Since this
procedure produced cutouts of different sizes, random cropping to 512× 512
pixels was applied during training, serving both as input–size standardiza-
tion and as data augmentation. Image channels and scalar parameters were
normalized using statistics computed from the training set only. The dataset
was split at the AR level into non–overlapping training, validation, and test
sets with approximate proportions of 70/15/15%, ensuring that no AR ap-
peared in more than one subset.

7.2.2 Model

The forecasting model used in this chapter follows the hybrid deep–learn-
ing architecture introduced in Chapter 6. The model predicts whether an AR
will produce a flare of class ≥ C5.0 within the next 2 h, using the preced-
ing 36 min of active–region evolution as input. Each time step consists of
the image modalities described in Section 6.2.1, optionally combined with
the scalar SHARP parameters. This multimodal and multiwavelength for-
mulation allows the model to combine the evolving morphology observed
in the image sequence with global magnetic information provided by the
physical–parameter time series. As in Chapter 6, three input configurations
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are considered: model M, which uses only LoS magnetograms; model MCA,
which combines LoS magnetograms, continuum intensity images, and EUV
observations; and model MCAF, which further includes the SHARP physi-
cal parameters. In the present chapter, however, the interpretability analysis
is based solely on model MCAF. For this reason, the following description
focuses on the architecture of the full multimodal model.

Each image in the input sequence is individually processed by a convolu-
tional encoder originally trained as part of an autoencoder. The encoder con-
sists of five two–dimensional convolutional blocks that progressively reduce
each four–channel 512× 512 input frame to a compact latent representation.
Global average pooling is then applied to the final feature maps to obtain a
fixed–length feature vector for each frame. In parallel, the scalar physical pa-
rameters at the three time steps are mapped through a fully connected layer
to feature vectors with the same dimensionality as the image–derived fea-
tures. The image–derived and parameter–derived representations are then
fused through element–wise addition, producing a physical–context–aware
feature vector at each temporal step, denoted by C = (c1, c2, c3) ∈ R3×512.

The temporal evolution of this sequence of fused feature vectors is then
processed by two Conv1d blocks. These blocks preserve the temporal dimen-
sion while reducing the feature dimension from 512 to 8, producing a repre-
sentation in R3×8. The output of the temporal block is then averaged over
the temporal dimension to produce a vector in R8, which is passed to a fully
connected classifier with rectified linear units (ReLU) activation, followed by
a sigmoid output that returns the predicted probability of flare occurrence.

In the original forecasting model introduced in Chapter 6, temporal evo-
lution was modeled using a two–layer LSTM network. For the interpretabil-
ity analysis presented in this chapter, this recurrent block was replaced by
two Conv1d blocks. This modification was introduced for two main reasons.
First, convolutional layers are computationally simpler and contain fewer
trainable parameters than the original recurrent layers. Specifically, the orig-
inal two–layer LSTM, with input size 512 and hidden size 32, contains 78,336
trainable parameters, whereas the two Conv1D layers, with feature dimen-
sions 512 → 8 → 8, kernel size 3, and bias terms, contain 12,496 trainable
parameters. Second, although relevance–propagation methods have been
extended to recurrent architectures, their implementation is more complex
than in convolutional and fully connected networks. Replacing the LSTM
with a Conv1D block therefore simplifies the implementation of LRP while
preserving the ability of the model to combine information across the three
time steps.

The modified architecture was trained and evaluated using the same data-
set and training methodology as the previous forecasting framework, with
the temporal block being the only architectural change. Because the tem-
poral architecture is different, the resulting confusion–matrix counts are not
expected to be identical to those reported for the original LSTM–based mod-
els in Chapter 6. Relative to the results reported in Table 6.4, Model M pro-
duces two fewer false positives and two additional true negatives, while its
true–positive and false–negative counts remain unchanged. Model MCA
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produces one fewer false positive and one additional true negative, again
with unchanged true–positive and false–negative counts. In the full multi-
modal MCAF configuration, the modified architecture produces one fewer
true positive and one additional false negative, while the false–positive and
true–negative counts remain unchanged. Thus, the architectural modifica-
tion leads to small changes in the classification outcomes across the three
input configurations. Since the predictive behavior remains comparable, the
modified architecture provides a suitable basis for the relevance analysis. The
confusion–matrix counts obtained on the test set are summarized in Table 7.1.

Model TP FP TN FN

Model M 72 10 87 10

Model MCA 77 11 86 5

Model MCAF 79 11 86 3

TABLE 7.1: Confusion–matrix counts for the model configura-
tions used in the interpretability analysis.

7.3 Methodology for Interpretability Analysis

This section introduces the methodology used to interpret the decisions
of the forecasting model. Since LRP was already described in Chapter 3,
we only specify here the propagation rules adopted for the modified archi-
tecture. We then introduce the physics–based diagnostic maps used as post
hoc references to assess whether the regions highlighted by the attribution
maps are spatially associated with physically meaningful magnetic struc-
tures. Next, we define the quantitative attribution metrics used to study rele-
vance allocation. Finally, we describe the criteria used to select representative
TP, FP, TN, and FN samples for the case–study analysis.

7.3.1 Attribution Method

To interpret the model predictions, we use LRP, following the general for-
mulation introduced in Section 3.7. In brief, LRP redistributes the prediction
score backward through the network, assigning relevance values to the input
variables according to their contribution to the final output. This procedure
produces relevance tensors with the same dimensions as the corresponding
inputs: Rimg ∈ R3×4×512×512 for the image branch, and Rctx ∈ R3×2 for the
physical–context branch. In the present chapter, these attributions are used
to identify which regions, time steps, and data modalities contribute most
strongly to the flare/no–flare decision.

The specific propagation rules adopted for each layer of the network are
summarized in Table 7.2. The selection of these rules reflects the computa-
tional role of each layer and the need to preserve numerical stability while ob-
taining physically interpretable relevance tensors. The α–β rule with α = 1.5
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and β = 0.5 is applied to the first convolutional layer in order to emphasize
spatially localized positive contributions while still allowing a limited con-
tribution from inhibitory terms. By contrast, deeper convolutional and linear
layers are assigned the ϵ–rule with ϵ = 10−5 in order to stabilize relevance re-
distribution and suppress numerical artifacts in low–activation regions. Op-
erations that mainly preserve or redistribute information, such as averag-
ing layers, nonlinear activations, normalization, and dropout, are handled
through routing or pass–through rules. This layer–specific assignment pro-
vides a compromise between faithful attribution and stable relevance propa-
gation throughout the network.

LRP Rule Applied To Parameters

α–β rule First Conv2D layer (4→ 64) α = 1.5, β = 0.5

ϵ–rule
Conv2D layers

(64→ 128→ 256→ 512→ 512)
ϵ = 10−5

Weighted routing AdaptiveAvgPool2D –

ϵ–rule Context mixing layer, Linear (2→ 512) ϵ = 10−5

ϵ–rule Temporal encoder, Conv1D (512→ 8→ 8) ϵ = 10−5

ϵ–rule Classifier, Linear (8→ 8→ 1) ϵ = 10−5

Uniform routing Temporal average layer –

Relevance cut–off Sigmoid output –

Pass–through ReLU, BatchNorm1D, Dropout –

TABLE 7.2: Layer–specific propagation rules adopted for the
modified forecasting model used in this chapter. The rules are
assigned according to the role of each layer in order to preserve
numerical stability and produce interpretable relevance maps.

The main methodological choices concern the ϵ–rule used for the deeper
convolutional and linear layers and the α–β rule used for the input–facing
convolutional layer. In the case of the ϵ–rule, changing the value of ϵ modifies
the strength of the numerical stabilization and can therefore affect the quan-
titative relevance values, particularly when the denominator of the propaga-
tion rule is close to zero. For sufficiently small values of ϵ, however, the rule
approaches the basic z–rule away from near–zero denominators. A more
substantive choice concerns the α–β rule, because different admissible pa-
rameterizations, subject to the constraint α− β = 1, correspond to different
treatments of excitatory and inhibitory contributions. For example, chang-
ing from (α, β) = (1.5, 0.5) to (α, β) = (1, 0) would change the propagation
from one that retains both excitatory and inhibitory contributions to one that
suppresses inhibitory contributions entirely.
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FIGURE 7.1: Schematic illustration of the forward prediction pass and backward relevance propagation used in the inter-
pretability analysis. Red arrows indicate the forward flow from the image sequence and physical–parameter time series
to the prediction, while blue arrows indicate the backward LRP flow from the prediction back to the input–level relevance
tensors. The dashed box marks the shared latent representation where learned image and physical–parameter features are

combined.
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A systematic sensitivity analysis with respect to the value of ϵ and to alter-
native α–β parameterizations was not performed. Consequently, the quanti-
tative relevance allocations reported in this chapter should be interpreted as
conditional on the adopted LRP configuration.

Figure 7.1 schematically illustrates the dual flow of information in the
model. The red arrows represent the forward pass, in which the image se-
quence and physical–parameter time series are processed to produce a flare/
no–flare prediction. The blue arrows represent the backward relevance prop-
agation, in which the model output is used as the initial relevance and prop-
agated backward toward the inputs. The model has two input branches: an
image branch, in which each image in the sequence is processed by the en-
coder and average–pooling module to obtain learned image features, and a
physical–context branch, in which the physical–parameter time series is lin-
early projected to obtain features with the same dimensionality as the image
features. These two representations are fused by the context–mixing mod-
ule before being processed by the temporal encoder and classifier. During
relevance propagation, relevance is redistributed to both branches and then
propagated back to the corresponding input–level variables.

7.3.2 Physics–based Diagnostic Maps

To assess whether the regions highlighted by the attribution maps are spa-
tially associated with physically meaningful structures, we compare them
with three physics–based diagnostic maps derived from the vector photo-
spheric magnetic field: the free magnetic energy density, ρfree, the vertical
current helicity, hc, and the horizontal gradient of the LoS magnetic field,
|∇BLoS|.

The free magnetic energy density is defined as

ρfree ∝
(

Bobs − Bpot
)2

, (7.1)

where Bobs and Bpot are the observed and potential photospheric magnetic
fields, respectively. This quantity is used as a proxy for the excess magnetic
energy stored in the observed magnetic–field configuration relative to the
corresponding potential field, and therefore as an indicator of magnetic non-
potentiality and energy available for release.

The vertical current helicity is defined as

hc = Bz Jz, (7.2)

where the vertical current density is given by

Jz =
1
µ0

(
∂By

∂x
− ∂Bx

∂y

)
. (7.3)

This quantity characterizes the coupling between the vertical magnetic field
and electric currents, and is therefore interpreted as a measure of magnetic
twist and shear in the photospheric magnetic field.

Finally, the horizontal gradient of the LoS magnetic field is defined as
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|∇BLoS| =

√(
∂BLoS

∂x

)2

+

(
∂BLoS

∂y

)2

, (7.4)

which quantifies the strength of spatial magnetic–field variations and high-
lights compact polarity separations and sharp magnetic transitions.

These quantities were selected because they characterize different physi-
cal properties associated with flare productivity: magnetic nonpotentiality,
current–carrying and twisted field configurations, and strong small–scale
magnetic gradients. Their selection is also motivated by the forecasting model
developed in Chapter 6, where the total unsigned magnetic flux, Φtot, and
the total unsigned current helicity, hc,tot, were used as global descriptors of
active–region size and nonpotentiality. In the present chapter, hc provides a
local counterpart to the helicity–related information encoded in hc,tot, while
ρfree and |∇BLoS| provide complementary spatial diagnostics of magnetic en-
ergy storage and field complexity.

These maps are not used as model inputs; instead, they serve as post hoc
physical references against which the relevance maps can be qualitatively
compared. It is important to note that the physics–based diagnostic maps
are computed from vector magnetograms in Cylindrical Equal–Area (CEA)
projections, whereas the image inputs to the model are kept in the original
charge–coupled device (CCD) coordinates. Therefore, the input images and
diagnostic maps do not have a strict pixel–to–pixel correspondence. Nev-
ertheless, they provide useful physical context for interpreting whether the
relevance patterns are spatially associated with magnetically complex struc-
tures.

7.3.3 Definition of Quantitative Attribution Metrics

We define a set of quantitative attribution metrics that summarize how
relevance is distributed over the test set. These metrics are used to compare
relevance allocation across classification outcomes, input branches, internally
in physical–context variables, temporal steps, image channels.

For a single sample, the image–branch relevance tensor is denoted by

Rimg ∈ R3×4×512×512, (7.5)

where the dimensions correspond to time step, image channel, and the two
spatial coordinates. The corresponding physical–context relevance tensor is
denoted by

Rctx ∈ R3×2, (7.6)

where the two physical–context variables are the total unsigned magnetic
flux, Φtot, and the total unsigned current helicity, hc,tot.

The total absolute relevance assigned to the image branch is defined as

R|·|img = ∑
t,c,x,y

∣∣Rimg(t, c, x, y)
∣∣ , (7.7)
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while the total absolute relevance assigned to the physical–context branch is
defined as

R|·|ctx = ∑
t,k
|Rctx(t, k)| . (7.8)

The physical–context relevance is further decomposed into the relevance
assigned to each scalar physical parameter:

R|·|Φ = ∑
t
|Rctx(t, Φtot)| , (7.9)

and

R|·|hc
= ∑

t
|Rctx(t, hc,tot)| . (7.10)

Absolute relevance is used for the main allocation metrics because it mea-
sures the total magnitude of attribution independently of sign, thereby avoid-
ing the cancellation of positive and negative relevance values in signed sums.
To quantify the relative allocation of relevance between the two input branches,
we define the image relevance fraction as

f |·|img =
R|·|img

R|·|img + R|·|ctx

, (7.11)

and the physical–context relevance fraction as

f |·|ctx =
R|·|ctx

R|·|img + R|·|ctx

. (7.12)

By construction,

f |·|img + f |·|ctx = 1. (7.13)

The balance between the two branches is summarized by

∆|·|img−ctx = f |·|img − f |·|ctx. (7.14)

Positive values of ∆|·|img−ctx indicate image–dominant attribution, whereas
negative values indicate physical–context–dominant attribution.

To examine the internal allocation of relevance within the physical–context
branch, we define

f |·|Φ|ctx =
R|·|Φ

R|·|ctx

, (7.15)

and
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f |·|hc|ctx =
R|·|hc

R|·|ctx

. (7.16)

Since the physical–context branch contains only Φtot and hc,tot, these fractions
satisfy

f |·|Φ|ctx + f |·|hc|ctx = 1, (7.17)

provided that R|·|ctx ̸= 0.
In addition to absolute relevance, we also quantify the sign of the rele-

vance contributions. For a generic branch b, the positive and negative rele-
vance magnitudes are defined as

R+
b = ∑

j∈b
max(Rj, 0), (7.18)

and

R−b = ∑
j∈b

max(−Rj, 0), (7.19)

where j indexes the elements of the corresponding relevance tensor. The pos-
itive and negative relevance fractions are then defined as

f+b =
R+

b
R+

b + R−b
, (7.20)

and

f−b =
R−b

R+
b + R−b

. (7.21)

These quantities describe whether the relevance assigned to a branch is mainly
supportive or inhibitory with respect to the model output.

To analyze the temporal distribution of relevance, we compute branch–
level relevance separately at each time step. For the image branch,

R|·|img(t) = ∑
c,x,y

∣∣Rimg(t, c, x, y)
∣∣ , (7.22)

whereas for the physical–context branch,

R|·|ctx(t) = ∑
k
|Rctx(t, k)| . (7.23)

These quantities are computed for the three input time steps t0, t1, and t2.
Finally, to compare the image channels, we define the total absolute rele-

vance assigned to channel c as

R|·|c = ∑
t,x,y

∣∣Rimg(t, c, x, y)
∣∣ . (7.24)
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The four channels correspond to HMI LoS magnetogram (BLoS), HMI contin-
uum intensity (Ic), AIA 193 Å, and AIA 304 Å.

After these metrics are computed for each test sample, they are grouped
according to the classification outcome: TP, FP, TN, and FN. The distribu-
tions are summarized using the median, first quartile (Q1), third quartile
(Q1), and interquartile range (IQR = Q3 − Q1). These quantities provide
the quantitative basis for the analyses presented in the following sections.

7.3.4 Selection of Samples for Interpretation

The case–study analysis was based on four representative test–set sam-
ples, corresponding to one example from each classification outcome. The
objective was not to provide an exhaustive visual inspection of all test sam-
ples, but to select representative cases that could illustrate how the attribu-
tion patterns differ between correct classifications and misclassifications.

The samples were selected by comparing the predictions of the three fore-
casting models: model M, which uses only LoS magnetograms; model MCA,
which combines LoS magnetograms, continuum intensity images, and EUV
observations; and model MCAF, which further includes the SHARP physi-
cal parameters. For the correctly classified examples, the true positive and
true negative samples were selected among cases that were classified cor-
rectly by all three models and for which the predicted probabilities indicated
high confidence. For the incorrectly classified example, the false positive and
false negative samples were selected among cases that were misclassified by
all three models. This criterion was adopted to focus the visual interpretation
on robust model behavior, rather than on isolated errors associated with only
one model configuration.

Table 7.3 reports the test-set samples misclassified by all three models,
which were used as the candidate set for selecting the false positive and false
negative examples discussed in the case-study analysis.

The final set of samples selected for visual interpretation is summarized
in Table 7.4. The true positive case, HARP 5298, was selected as a confidently
detected flaring region with high predicted flare probability across all three
models. The true negative case, HARP 2779, was selected as a confidently de-
tected quiet region with low predicted flare probability across all three mod-
els. The false positive case, HARP 3730, was selected from the consensus
misclassifications set, for which all three models assigned flare probabilities
above the decision threshold despite the absence of a flare in the prediction
window. The false negative case, HARP 2809, was selected from the same
set, for which all three models assigned low flare probabilities despite the
occurrence of an M–class flare.

These four samples are used in Section 7.4.3 to compare the LRP relevance
maps with the corresponding input observations and post hoc physics–based
diagnostic maps. This selection strategy ensures that the case studies are tied
to consistent behavior across the model configurations, while still covering
both correct and incorrect classifications.
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Outcome HARP Sequence Start Sequence End pM pMCA pMCAF

FN 1603 2012.04.27 06:00:00 2012.04.27 06:24:00 0.151 0.357 0.351

FN 2809 2013.05.31 17:36:00 2013.05.31 18:00:00 0.101 0.143 0.029

FP 2605 2013.04.07 00:24:00 2013.04.07 00:48:00 0.573 0.627 0.648

FP 3730 2014.02.14 23:00:00 2014.02.14 23:24:00 0.587 0.829 0.625

FP 3793 2014.02.27 23:48:00 2014.02.28 00:12:00 0.505 0.819 0.885

FP 6558 2016.05.20 21:36:00 2016.05.20 22:00:00 0.655 0.760 0.778

TABLE 7.3: Consensus misclassifications in the test set. The
table includes only samples misclassified by all three model
configurations. The quantities pM, pMCA, and pMCAF denote
the predicted flare probabilities produced by model M (LoS
magnetogram–only), model MCA (LoS magnetogram + contin-
uum + EUV), and model MCAF (LoS magnetogram + contin-

uum + EUV + physical parameters), respectively.

Case HARP Sequence Start Sequence End pM pMCA pMCAF

TP 5298 2015.03.12 11:48:00 2015.03.12 12:12:00 0.853 0.977 0.989

TN 2779 2013.06.03 09:24:00 2013.06.03 09:48:00 0.061 0.090 0.014

FP 3730 2014.02.14 23:00:00 2014.02.14 23:24:00 0.587 0.829 0.625

FN 2809 2013.05.31 17:36:00 2013.05.31 18:00:00 0.101 0.143 0.029

TABLE 7.4: Representative samples selected for the case–study
interpretation. The selected examples include one TP, one TN,
one FP, and one FN case. The reported values are the predicted

flare probabilities from the three model configurations.
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7.4 Results

This section presents the interpretability analysis of the modified multi-
modal forecasting model. The goal is not to re–evaluate the predictive perfor-
mance of the model, which was already discussed in Chapter 6, but to exam-
ine how the model forms its decisions. To that end, we first analyze the global
relevance statistics for the test set in order to understand how the model dis-
tributes relevance across input modalities and whether the physical–context
branch is biased toward one of the two global physical descriptors. We then
qualitatively compare the relevance patterns of selected case studies repre-
senting the four classification outcomes.

7.4.1 Quantitative Attribution Analysis

Figure 7.2 summarizes the allocation of absolute relevance across the test
set, grouped by classification outcome, for the MCAF model. In contrast to an
analysis based on total absolute relevance, the quantities shown here describe
how the available absolute relevance is fractionally distributed across the
different input modalities and among the physical–context variables. This
distinction is important because the relevance tensors are obtained by prop-
agating the scalar model output backward through the network. Since the
model output is a probability–like value between 0 and 1, samples classified
as negative tend to be associated with output values close to 0, whereas sam-
ples classified as positive tend to be associated with output values close to 1.
As a consequence, samples classified as negative generally have smaller total
absolute relevance values than samples classified as positive. Directly com-
paring total absolute relevance across classification outcomes would there-
fore partly reflect the output and confidence of the model, rather than only
the relevance of different input modalities.

FIGURE 7.2: Distribution of fractional relevance–allocation
metrics grouped by classification outcome for the MCAF
model. The left panel compares the fraction of total absolute
relevance assigned to the image and physical–context branches.
The right panel compares the internal fraction of physical–

context relevance assigned to Φtot and hc,tot.
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For this reason, the analysis focuses on relevance allocation, defined as the
fraction of total absolute relevance assigned to each input modality (see Sec-
tion 7.3.3). The left panel of Figure 7.2 compares the image relevance fraction,
f |·|img, with the physical–context relevance fraction, f |·|ctx. The right panel ana-
lyzes the physical–context branch internally by comparing the magnetic–flux
relevance fraction, f |·|Φ|ctx, with the current–helicity relevance fraction, f |·|hc|ctx.
The corresponding summary statistics are reported in Table 7.5.

The first result is that correctly detected flaring samples are predomi-
nantly image–driven. For TP, the median image relevance fraction is 0.583,
compared with 0.417 for the physical–context relevance fraction. This cor-
responds to a positive median image–context difference of 0.146. Therefore,
when the model correctly identifies a flaring AR, the decision is generally
supported more strongly by the spatio–temporal image representation than
by the physical–parameter time series.

TN show a more balanced relevance allocation. Their median image rele-
vance fraction is 0.515, while the median physical–context relevance fraction
is 0.485, giving a median image–context difference of 0.026. In contrast to the
TP case, where the interquartile ranges of the image and physical–context rel-
evance fractions do not overlap, the corresponding TN intervals overlap sub-
stantially. For TN, the image relevance fraction has an interquartile range of
0.405–0.740, while the physical–context relevance fraction has an interquar-
tile range of 0.260–0.595, producing an overlap interval of 0.405–0.595. This
overlap indicates that, among correctly classified quiet samples, the relative
contribution of the two modalities is less clearly separated.

In some correctly classified quiet samples, the relevance allocation is dom-
inated by the image sequences, whereas in others the physical–parameter
time series receives the larger relative contribution. This suggests that quiet–
region classifications are not explained by a single, uniform relevance–allocat-
ion pattern. Rather, the model may reject flare productivity using different
combinations of spatio–temporal image information and scalar magnetic de-
scriptors, depending on the structure of the AR.

The second result concerns the internal distribution of relevance within
the physical–context branch. For TP, the median magnetic–flux relevance
fraction is f |·|Φ|ctx = 0.523, compared with f |·|hc|ctx = 0.477 for the current–
helicity relevance fraction. This indicates a slight median dominance of Φtot
within the physical–context branch for correctly detected flares. However,
this result should be interpreted together with the modality–level allocation
discussed above: in TP, the physical–context branch receives a smaller frac-
tion of the total absolute relevance than the image branch. Thus, although
Φtot contributes more than hc,tot within the physical–context branch, the dom-
inant support for the positive classification remains image–based.
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Metric TP FP TN FN

N 79 11 86 3

f |·|img 0.583 [0.537, 0.646] 0.552 [0.533, 0.655] 0.515 [0.405, 0.740] 0.422 [0.406, 0.458]

f |·|ctx 0.417 [0.354, 0.463] 0.448 [0.345, 0.467] 0.485 [0.260, 0.595] 0.578 [0.542, 0.594]

∆|·|img−ctx 0.146 [0.064, 0.262] 0.090 [0.057, 0.286] 0.026 [-0.166, 0.454] -0.136 [-0.165, -0.074]

f |·|Φ|ctx 0.523 [0.185, 0.567] 0.519 [0.501, 0.542] 0.484 [0.482, 0.485] 0.484 [0.458, 0.488]

f |·|hc|ctx 0.477 [0.433, 0.815] 0.481 [0.458, 0.499] 0.516 [0.515, 0.518] 0.516 [0.512, 0.542]

TABLE 7.5: Summary statistics of the relevance–allocation metrics grouped by classification outcome for the MCAF model.
Values are reported as median [Q1, Q3], except for N, which gives the number of samples in each group. The metric ∆|·|img−ctx

is defined as the base–10 logarithmic difference between the image and physical-context relevance fractions.
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For TN, the internal physical–context allocation shows the opposite ten-
dency. The median current–helicity relevance fraction is f |·|hc|ctx = 0.516, com-

pared with f |·|Φ|ctx = 0.484 for the magnetic–flux relevance fraction. In ad-
dition, these distributions are much narrower than in the TP case, with in-
terquartile ranges of 0.482–0.485 and 0.515–0.518 for f |·|hc|ctx and f |·|Φ|ctx, respec-
tively. This indicates that, when the physical–parameter time series con-
tributes more to correctly classified quiet samples, its relevance is consis-
tently weighted slightly more toward current helicity than toward magnetic
flux.

The FP and FN groups are much smaller, with N = 11 and N = 3, respec-
tively, and should therefore be interpreted only descriptively. FP show an
image–dominant tendency, with a median image relevance fraction of 0.552,
a median physical–context relevance fraction of 0.448, and ∆|·|img−ctx = 0.090.
By contrast, FN show a context–dominant tendency, with a median physical–
context relevance fraction of 0.578, a median image relevance fraction of
0.422, and ∆|·|img−ctx = −0.136. Although these trends are consistent with the
idea that FP may be driven by image patterns interpreted as flare–relevant,
whereas missed flares may rely more on the physical–parameter time series
in the absence of a sufficiently strong support from the image representation,
the small number of samples prevents drawing a statistically robust conclu-
sion.

Tables 7.6–7.8 further decompose the total absolute relevance across the
image channels and time steps for the full test set (see Section 7.3.3). Across
the image channels, the total absolute relevance is largest for the EUV chan-
nels, especially AIA 304 Å, which has the highest median relevance (1.540×
10−3), followed by AIA 193 Å (8.962 × 10−4), Ic (4.149 × 10−4), and BLoS
(4.176× 10−5). The temporal decomposition shows that the relevance is not
uniformly distributed across time. For the image sequences, the largest me-
dian relevance occurs at t0 (1.143× 10−3), followed by t2 (1.065× 10−3) and
t1 (7.356 × 10−4). In contrast, for the physical–parameter time series, the
largest median relevance occurs at t1 (1.022× 10−3), followed by t0 (7.770×
10−4) and t2 (6.101× 10−4). This indicates that the model does not use the
temporal information in the same way for the two modalities: the image
branch places relatively stronger emphasis on the first and last frames of the
sequence, whereas the physical–context branch assigns the largest relevance
to the central time step.
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Statistic BLoS Ic AIA 193 AIA 304

Mean 8.720× 10−5 6.747× 10−4 1.092× 10−3 1.892× 10−3

Median 4.176× 10−5 4.149× 10−4 8.962× 10−4 1.540× 10−3

Q1 7.479× 10−7 2.098× 10−5 4.991× 10−5 7.113× 10−5

Q3 1.227× 10−4 8.707× 10−4 1.425× 10−3 2.690× 10−3

IQR 1.220× 10−4 8.497× 10−4 1.375× 10−3 2.619× 10−3

TABLE 7.6: Summary statistics of the total absolute relevance
assigned to each image channel by the MCAF model over the

full test set.

Statistic R|·|
img(t0) R|·|

img(t1) R|·|
img(t2)

Mean 1.441× 10−3 1.026× 10−3 1.280× 10−3

Median 1.143× 10−3 7.356× 10−4 1.065× 10−3

Q1 5.290× 10−5 3.809× 10−5 5.163× 10−5

Q3 2.000× 10−3 1.337× 10−3 1.799× 10−3

IQR 1.947× 10−3 1.299× 10−3 1.747× 10−3

TABLE 7.7: Summary statistics of the total absolute relevance
assigned by the MCAF model to the image sequence at each

time step over the full test set.

Statistic R|·|
ctx(t0) R|·|

ctx(t1) R|·|
ctx(t2)

Mean 6.126× 10−4 8.273× 10−4 5.311× 10−4

Median 7.770× 10−4 1.022× 10−3 6.101× 10−4

Q1 3.876× 10−5 5.097× 10−5 3.193× 10−5

Q3 1.135× 10−3 1.544× 10−3 9.280× 10−4

IQR 1.096× 10−3 1.493× 10−3 8.961× 10−4

TABLE 7.8: Summary statistics of the total absolute relevance
assigned by the MCAF model to the physical–parameter time

series at each time step over the full test set.
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Metric TP FP TN FN

N 79 11 86 3

f+img 0.949 [0.928, 0.958] 0.940 [0.922, 0.960] 0.950 [0.907, 0.969] 0.928 [0.927, 0.942]

f−img 0.051 [0.042, 0.072] 0.060 [0.040, 0.078] 0.050 [0.031, 0.093] 0.072 [0.058, 0.073]

f+ctx 1.000 [1.000, 1.000] 1.000 [1.000, 1.000] 1.000 [1.000, 1.000] 1.000 [1.000, 1.000]

f−ctx 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 0.000 [0.000, 0.000]

TABLE 7.9: Summary statistics of the positive and negative relevance–fraction metrics grouped by classification outcome
for the MCAF model. Values are reported as median [Q1, Q3], except for N, which gives the number of samples in each
group. The metrics f+ and f− quantify the fractions of total relevance magnitude associated with positive and negative

relevance contributions, respectively.
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Because the relevance fractions are relative quantities, the two branches
compete for the same total relevance budget. Therefore, the opposite behav-
ior observed between the image branch and the physical–context branch is
expected by construction. A more informative point of discussion is where
the temporal maximum occurs within each modality. For the image branch,
the observed tendency shows higher relevance at t0 and t2, corresponding
to the initial and final states of the input sequence. This pattern may sug-
gest that the boundary frames provide the most relevant information about
short–term changes in the AR structure. In this interpretation, the interme-
diate frame contributes less unique information because the model can rely
more strongly on the contrast, or difference, between the beginning and the
end of the sequence when forming its decision. By contrast, for the physical–
parameter time series, the central time step receives the largest relevance.
This may indicate that the central time step acts as a representative state, sim-
ilar to a local average over the short–term evolution, especially if the physical
parameters vary smoothly across the sequence.

Table 7.9 reports the distribution of positive and negative relevance frac-
tions for the image and physical–context branches. Across all classification
outcomes, the image branch is dominated by positive relevance, with me-
dian values of f+img between 0.928 and 0.950. The corresponding negative rel-
evance fractions remain small, with median values between 0.050 and 0.072.
The physical–context branch shows an even more one–sided behavior, with
f+ctx = 1.000 and f−ctx = 0.000 for all outcome groups. This indicates that,
in the physical–context branch, the propagated relevance is entirely positive
in these aggregated statistics, whereas the image branch retains a small in-
hibitory component.

7.4.2 Physical–Parameter Distributions by Classification Out-
come

To complement the relevance–allocation analysis, Figure 7.3 shows the
distributions of the time–aggregated values of the two scalar physical pa-
rameters used as physical contextual inputs grouped by classification out-
come. In this figure, both quantities are shown after standardization, rather
than in their original physical units. For each parameter, the test–set mean is
subtracted and the result is divided by the corresponding test–set standard
deviation:

zΦtot =
Φtot − µΦtot

σΦtot

, zhc,tot =
hc,tot − µhc,tot

σhc,tot

. (7.25)

This standardization places the two physical parameters on a common scale
and makes their distributions directly comparable in terms of deviations from
the test–set mean. The dashed horizontal line in Figure 7.3 therefore corre-
sponds to the standardized mean value, z = 0.

The standardized distributions show that TP are associated with the largest
values of both physical parameters. For TP, the distribution of zΦtot has a

167



Chapter 7. Physical Interpretation of Multimodal Solar Flare Forecasting

FIGURE 7.3: Distribution of the standardized total unsigned
magnetic flux, zΦtot , and total unsigned current helicity, zhc,tot ,
grouped by classification outcome. The dashed horizontal line

indicates the test–set mean after standardization.

positive median and extends to values more than two standard deviations
above the test–set mean. A similar behavior is observed for zhc,tot , whose TP
distribution also spans the highest range among the four classification out-
comes. This indicates that correctly detected flare–producing ARs are gen-
erally characterized by above–average total unsigned magnetic flux and to-
tal unsigned current helicity, consistent with their larger magnetic size and
stronger nonpotential magnetic configuration. TN show the opposite behav-
ior. Their distributions are concentrated below the standardized mean for
both parameters. This indicates that correctly classified quiet ARs are gen-
erally associated with below–average total unsigned magnetic flux and total
unsigned current helicity.

The misclassified groups occupy intermediate regimes, although they must
be interpreted cautiously because of their small sample sizes. FP show val-
ues closer to the standardized mean than TP, but they still include cases with
positive standardized total unsigned magnetic flux and total unsigned cur-
rent helicity. This suggests that some false alarms occur in ARs that are not
physically trivial, but instead have magnetic properties that partially resem-
ble those of flare–producing ARs. FN, in contrast, remain below the TP dis-
tribution but above TN distribution for both standardized parameters. Their
values suggest that missed flares may occur in regions whose global total un-
signed magnetic flux and total unsigned current helicity are less pronounced,
even if they still produce a flare within the prediction window.

7.4.3 Case Studies

The previous subsections analyzed how the MCAF model distributes rel-
evance across input modalities and examined the distributions of the phys-
ical parameters associated with each classification outcome. These analyses
were performed at the test–set level, with the aim of assessing the overall be-
havior of the model. We now examine four representative ARs in more detail,
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corresponding to one TP, one FP, one TN, and one FN case. These examples
were selected using the procedure described in Section 7.3.4. The purpose
of this analysis is not to establish a pixel–by–pixel correspondence between
the relevance maps and the physics–based diagnostic maps. Rather, the goal
is to interpret the model behavior qualitatively in terms of AR morphology,
relevance distribution, and physical plausibility.

For each case, Figures 7.6–7.9 show the LRP relevance maps over the three
input time steps and four image channels: HMI BLoS, HMI Ic, AIA 193 Å, and
AIA 304 Å. Positive relevance indicates input regions that support the model
output, whereas negative relevance indicates regions that suppress it. Since
the propagated output value differs between positive and negative classifi-
cations, the case–study discussion focuses primarily on the spatial structure
of the relevance patterns, such as compactness, diffuseness, and association
with flare–related AR features, rather than on direct comparisons of abso-
lute relevance magnitude across outcomes. Figure 7.4 shows the correspond-
ing final input frame for the same four cases, while Figure 7.5 shows post
hoc physics–based diagnostic maps derived from the vector magnetic field.
These diagnostic maps provide physical context for the interpretation but are
not used as model inputs.

True Positive: HARP 5298

The TP case corresponds to HARP 5298, from 2015.03.12 11:48 to 12:12,
and is associated with an M3.2 flare. This sample was classified as flar-
ing by all three models, with predicted flare probabilities of pM = 0.853,
pMCA = 0.977, and pMCAF = 0.989. The relevance maps in Figure 7.6 show
structured positive relevance across all image channels and time steps. The
strongest and most spatially coherent relevance appears in the AIA 304 Å
channel, where it follows bright transition–region structures around the AR
core. The AIA 193 Å relevance is weaker but still follows extended coronal
structures, especially around the central part of the AR. The HMI Ic rele-
vance is concentrated near compact sunspot structures. The HMI BLoS rele-
vance is weaker but still localized around the core concentration of magnetic
flux and, notably, appears spatially coherent with the polarity–inversion–
line–like structure visible in the final input frame of the sequence shown in
Figure 7.4.

The corresponding last–time–step input images in Figure 7.4 and physics–
based diagnostic maps in Figure 7.5 indicate that this is a magnetically com-
plex AR. The final time step of the image sequence shows a compact sunspot
group, strong magnetic concentrations, and bright coronal and transition–
region emission, which are also the structures receiving higher relevance
in Figure 7.6. The physics–based maps show enhanced free magnetic en-
ergy density, coherent current–helicity structures, and strong magnetic–field
gradients concentrated around the AR core. Although these maps do not
correspond pixel–by–pixel to the relevance maps, they qualitatively support
the broader conclusion that the model assigns relevance to an AR with clear
physical signatures commonly associated with flare productivity. This case
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FIGURE 7.4: Final input frame for the four representative ARs
used in the case–study analysis. Columns correspond to the
TP, FP, TN, and FN cases. Rows show HMI BLoS, HMI Ic, AIA
304 Å, and AIA 193 Å. In the BLoS row, the yellow contours in-
dicate the polarity inversion lines (PILs). In the Ic row, red and
blue contours indicate positive and negative magnetic polarity,

respectively.
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FIGURE 7.5: Physics–based diagnostic maps for the four rep-
resentative ARs used in the case–study analysis. Columns cor-
respond to the TP, FP, TN, and FN cases. Rows show the LoS
magnetic field, the free magnetic energy density ρfree, the ver-
tical current helicity hc, and the horizontal gradient magnitude

|∇BLoS|.
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FIGURE 7.6: LRP relevance maps for the TP case, HARP 5298,
associated with an M3.2 flare. The columns correspond to the
three input time steps, and the rows show HMI BLoS, HMI Ic,

AIA 193 Å, and AIA 304 Å.
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therefore illustrates a successful prediction in which strong image–based rel-
evance and high physical complexity are consistent with the classification
outcome.

False Positive: HARP 3730

The FP case corresponds to HARP 3730, from 2014.02.14 23:00 to 23:24,
and is a non–flaring AR that was classified as flare–producing by all three
models, with predicted flare probabilities of pM = 0.587, pMCA = 0.829, and
pMCAF = 0.625. The relevance maps in Figure 7.7 show non–negligible pos-
itive relevance in both photospheric and coronal channels. However, com-
pared with the TP case, the relevance pattern is more spatially diffuse: com-
pact regions of high positive relevance are present, but they are embedded in
a weak positive background that extends over much of the AR. The HMI Ic
relevance is concentrated around two compact sunspot–like structures, while
the HMI BLoS relevance is localized around stronger magnetic–flux concen-
trations, with particular emphasis on a small region that visually corresponds
to a polarity–inversion–line–like structure visible in the final input frame of
the sequence shown in Figure 7.4. The AIA 304 Å channel shows extended
positive relevance over bright transition–region emission, whereas the AIA
193 Å channel shows very diffuse relevance over coronal structures. These
patterns indicate that the model responded to spatially organized and visu-
ally active structures, but with a relevance distribution less compact than that
observed for the correctly detected flare.

The physics–based diagnostic maps in Figure 7.5 show that the free mag-
netic energy density is localized around compact magnetic structures, but
with lower values than those observed for HARP 5298. The current–helicity
map shows fragmented positive and negative patches rather than a coher-
ent helicity pattern, and the magnetic–gradient map indicates localized com-
plexity, but without the same degree of organization seen in the TP case. This
suggests that the model may have responded to active–looking morphology,
such as compact photospheric features and bright transition–region emis-
sion, even though the AR did not exhibit magnetic–field strengths and mag-
netic stress comparable to those of HARP 5298. We note that HARP 3730, cor-
responding to NOAA 11976, later produced a series of small flares (≤ C5.0)
between 2014–02–17 and 2014–02–19, as well as an M3.0 flare when the AR
was closer to the solar limb.

True Negative: HARP 2779

The TN case corresponds to HARP 2779, from 2013.06.03 09:24 to 09:48,
and is a non–flaring AR that was correctly classified as quiet by all three
models, with predicted flare probabilities of pM = 0.061, pMCA = 0.090, and
pMCAF = 0.014. The relevance maps in Figure 7.8 show a spatially diffuse
pattern across the image channels. The HMI BLoS and Ic relevance are weak
compared with the AIA relevance and are broadly distributed over low–
contrast background structures, consistent with the absence of clear pho-
tospheric structures as observed in the final input frame of the sequence
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FIGURE 7.7: LRP relevance maps for the FP case, HARP 3730.
The columns correspond to the three input time steps, and the

rows show HMI BLoS, HMI Ic, AIA 193 Å, and AIA 304 Å.
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shown in Figure 7.4. Compared with the HMI relevance, the AIA 193 Å and
AIA 304 Å relevance maps show higher values and are spatially associated
with coronal and transition–region emission; however, the relevance appears
rather spread over the background.

FIGURE 7.8: LRP relevance maps for the TN case, HARP 2779.
The columns correspond to the three input time steps, and the

rows show HMI BLoS, HMI Ic, AIA 193 Å, and AIA 304 Å.

The corresponding last–time–step input images in Figure 7.4 and physics–
based diagnostic maps in Figure 7.5 indicate that this is a relatively simple
AR. The HMI images show very limited magnetic structure and no compact
sunspot system, while the diagnostic maps show no clear nonpotential sig-
natures, such as localized enhancements of free magnetic energy density, co-
herent current–helicity structures, or strong magnetic–field gradients. This
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supports the interpretation that a diffuse relevance pattern is associated with
an AR lacking localized photospheric and magnetic features that the model
could use as salient flare–related evidence.

False Negative: HARP 2809

The FN case corresponds to HARP 2809, from 2013.05.31 17:36 to 18:00,
and is associated with an M1.0 flare, but was classified as non–flaring by all
three models, with predicted flare probabilities of pM = 0.101, pMCA = 0.143,
and pMCAF = 0.029. The relevance maps in Figure 7.9 show positive rel-
evance mainly in the AIA channels. The AIA 304 Å relevance is the most
visually prominent, with high positive relevance concentrated around bright
transition–region emission. The AIA 193 Å relevance shows a similar but less
compact pattern around coronal emission, and some loop–like structures are
faintly highlighted as relevant. By contrast, the HMI BLoS and Ic relevance
are much weaker and only faintly localized around the central photospheric
structures, especially near the weak polarity–inversion–line–like structure
visible in Figure 7.4.

The final input frame in Figure 7.4 and the physics–based diagnostic maps
in Figure 7.5 suggest that this is a more difficult flaring AR to classify than
the TP case. The AIA channels show compact bright emission, but the HMI
channels do not show a large, compact sunspot system or a strongly or-
ganized photospheric structure comparable to HARP 5298. The diagnostic
maps show low free magnetic energy density, but localized current–helicity
structure and magnetic–field gradients around the AR core were present.
This suggests that flare–related signatures were present, but confined to a
relatively small portion of the AR and not accompanied by the same large–
scale, visually prominent photospheric structure and magnetic complexity
observed in the correctly detected flare. As in the TN case, the photospheric
channels receive very little relevance compared with the atmospheric chan-
nels. This case therefore illustrates a missed–event mechanism in which
flare–relevant signatures are present but compact, localized, and insufficiently
emphasized by the learned representation.

7.4.4 Summary of Key Findings

The results presented in this section provide a complementary view of
the behavior of the MCAF model. Rather than assessing predictive perfor-
mance, the analysis examined how relevance is fractionally allocated across
input modalities, physical–context variables, time steps, image channels, and
classification outcomes. The case–study analysis then complemented these
aggregate results by examining the spatial organization of the relevance pat-
terns in representative TP, FP, TN, and FN examples. Four main findings
emerge.

First, correctly detected flaring samples are predominantly image–driven.
For TP cases, a larger fraction of total absolute relevance is assigned to the im-
age branch than to the physical–context branch. This suggests that, when the
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FIGURE 7.9: LRP relevance maps for the FN case, HARP 2809,
associated with an M1.0 flare. The columns correspond to the
three input time steps, and the rows show HMI BLoS, HMI Ic,

AIA 193 Å, and AIA 304 Å.
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model correctly identifies flare–producing ARs, the decision is mainly sup-
ported by visual spatio–temporal information. The physical–parameter dis-
tributions show that TP cases are generally associated with above–average
total unsigned magnetic flux, Φtot, and total unsigned current helicity, hc,tot.
Thus, correctly detected flares are associated with strong image–based evi-
dence of a complex, highly stressed magnetic field.

Second, correctly classified quiet samples show a more balanced rele-
vance allocation. For TN cases, the image and physical–context relevance
fractions are closer to each other, and their interquartile ranges overlap sub-
stantially. This suggests that quiet–region classifications are not explained
by a single, uniform attribution pattern. Instead, the model may reject flare
productivity using different combinations of image–based information and
scalar magnetic descriptors, depending on the structure of the AR. Within
the physical–context branch, TN cases show a slight shift toward current he-
licity, suggesting that, when the model relies more strongly on physical pa-
rameters, its relevance allocation is biased toward hc,tot.

Third, the channel–wise and temporal relevance analyses show differ-
ences in the way the model uses different inputs. At the aggregate test–
set level, image relevance is weighted more strongly toward the EUV chan-
nels, especially AIA 304 Å, than toward the photospheric HMI channels. The
temporal allocation also differs between the two input branches. The image
branch assigns larger relevance to the first and last frames of the sequence,
whereas the physical–context branch assigns the largest relevance to the cen-
tral time step. This suggests that the image branch may emphasize changes
between the boundary frames, while the physical–parameter time series pro-
vides a more representative short–term magnetic state.

Fourth, the misclassified cases suggest two different error regimes, al-
though these results should be interpreted only descriptively because of the
small number of FP and FN samples. FP cases show an image–dominant
relevance allocation, suggesting that false alarms may occur when active–
looking image morphology is interpreted as flare–relevant. FN cases show a
stronger relative contribution from the physical–context branch, suggesting
that missed flares may occur when flare–related image signatures are com-
pact, localized, or insufficiently emphasized by the learned representation.
The standardized physical–parameter distributions are consistent with this
interpretation: the misclassified cases occupy intermediate regimes between
the clearly flaring and clearly quiet populations.

The case studies qualitatively support these aggregate findings. The TP
example shows coherent relevance patterns associated with a magnetically
complex AR, while the TN example shows diffuse relevance in a relatively
simple AR with a less organized magnetic field. The FP example indicates
that active–looking morphology can support a positive prediction even when
the physics–based diagnostic maps show a less organized magnetic config-
uration than in the TP case. The FN example illustrates a missed–event sce-
nario in which flare–related signatures are present but compact and localized.
These comparisons with the physics–based diagnostic maps are qualitative
rather than pixel–by–pixel, because the physics–based diagnostic maps are
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computed in CEA coordinates whereas the model inputs are kept in CCD co-
ordinates. Overall, the results suggest that the MCAF model bases its predic-
tions on a combination of atmospheric image structure and global magnetic
context, and that its relevance patterns are broadly consistent with physically
meaningful AR structures.

7.5 Conclusions

In this chapter, we extended the multimodal flare–forecasting analysis of
Chapter 6 by moving from prediction to interpretation. Using LRP, we ex-
amined how the modified MCAF model allocates relevance across the image
branch, within the physical–context branch, temporal steps, image channels,
and classification outcomes. The goal was to assess whether the model de-
cisions are supported by physically meaningful information and to identify
attribution patterns associated with successful and failed predictions.

The analysis shows that the model does not rely uniformly on all in-
put sources. Correctly detected flaring samples are mainly supported by
image–based information, especially by EUV channels, while the physical–
context branch provides complementary information related to global mag-
netic properties. Correctly classified quiet samples show a more balanced
relevance allocation, suggesting that quiet–region classifications may depend
on different combinations of image–based information and scalar magnetic
descriptors. The standardized physical–parameter distributions further show
that correctly detected flaring ARs are generally associated with above–aver-
age Φtot and hc,tot, whereas correctly classified quiet ARs are associated with
lower values of both quantities.

Our results are consistent with previous explainable artificial intelligence
studies in solar flare forecasting, which have shown that deep–learning mod-
els can learn active–region–related features from solar observations. For ex-
ample, Sun et al. (2022) showed that Integrated Gradients (IG) could at-
tribute increases in convolutional neural network (CNN) flare predictions to
the emergence of magnetic flux that outweighed magnetic–flux cancellation.
The authors also showed that Gradient–weighted Class Activation Mapping
(Grad–CAM) could roughly reveal physically meaningful flare–related fea-
tures, particularly strong magnetic fields and PILs. The work of Sun et al.
(2022) represented an improvement over earlier attribution–based studies,
such as Bhattacharjee et al. (2020) and Yi et al. (2021), by providing higher–
resolution, pixel–level explanations that enabled a more detailed interpreta-
tion of flare–related magnetic features. Similarly, Pandey, Angryk, and Ay-
din (2023) and Pandey et al. (2023) applied different post hoc attribution and
attention–based interpretation methods to full–disk CNN flare–forecasting
models; although these models predict whether the Sun will produce a ≥M–
class flare within a given forecasting window rather than the exact flare lo-
cation on the solar disk, the attribution analyses showed that their predic-
tions are driven by features associated with ARs. More recently, Adeyeha,
Pandey, and Aydin (2024) introduced a proximity measure for evaluating
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whether attribution maps from full–disk CNN flare–forecasting models spa-
tially align with observed ARs and flare locations, providing quantitative
interpretability metrics beyond visual inspection. The present work extends
this interpretability analysis to a time–evolving multimodal setting, in which
the model is interpreted not only through spatial relevance maps, but also
through test–set aggregated quantitative measures of how the relevance bud-
get is allocated between image–based information and physical–context vari-
ables.

The case studies provide qualitative support for these aggregate results.
The TP example shows coherent relevance patterns in a magnetically com-
plex AR, whereas the TN example shows diffuse relevance in a relatively
simple AR with a less organized magnetic field. The FP and FN examples
illustrate two possible failure regimes: false alarms may occur when active–
looking morphology is interpreted as flare–relevant, while missed flares may
occur when flare–related signatures are compact, localized, or insufficiently
emphasized by the learned representation. These results suggest that model
errors arise in ambiguous regimes where image morphology and magnetic
context do not provide equally clear evidence.

The analysis also clarifies the role and limitations of post hoc interpretabil-
ity in our setting. The relevance maps should not be interpreted as direct
measurements of flare–triggering mechanisms, but as model–specific expla-
nations of how the trained network uses the available inputs. This distinction
is important because attribution methods can reveal physically meaningful
active–region–related evidence, but they can also expose model shortcuts,
sensitivity to observational artifacts, or limitations of the learned represen-
tation. In the present analysis, the relevance patterns are broadly consistent
with AR morphology and magnetic complexity, but the comparison with the
physics–based diagnostic maps remains qualitative. This is because the di-
agnostic maps are not model inputs and are computed in CEA coordinates,
whereas the model inputs are in the original CCD coordinates. Therefore, the
main contribution of the interpretability analysis is not to identify causal flare
precursors, but to assess whether the model evidence is physically plausible
and to diagnose the conditions under which the model may fail.

Finally, the results suggest a limitation of the present multimodal design.
The physical–context branch provides global active–region–level informa-
tion through Φtot and hc,tot, but it does not provide spatially resolved in-
formation about where magnetic stress, current helicity, or strong magnetic
gradients are located within the AR. As a result, the model can combine im-
age morphology with global magnetic context, but it cannot explicitly align
local image evidence with local magnetic diagnostics. This limitation may
contribute to ambiguous cases, such as FP samples with active–looking mor-
phology but less organized magnetic diagnostics, or FN samples where flare–
related signatures are present but compact and localized. Future models
could therefore benefit from incorporating spatially resolved and spatially
aligned magnetic diagnostics, allowing local image evidence to be compared
more directly with local magnetic complexity.

Overall, this chapter shows that interpretability analysis is an essential
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complement to predictive evaluation. It helps clarify which input sources
contribute to the model decisions, whether the relevance patterns are broadly
consistent with physically meaningful AR structures, and under which con-
ditions the model can fail. Within the broader thesis, these results reinforce
the central idea that solar flare forecasting benefits from representations that
combine spatial structure, temporal evolution, multiwavelength atmospheric
information, and physically motivated magnetic context.
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Chapter 8

Conclusions

“Ognuno sta solo sul cuor della terra
trafitto da un raggio di sole:
ed è subito sera. ”

Salvatore Quasimodo
Ed è subito sera

This chapter concludes the thesis by summarizing the main findings and
contributions of the work and outlining future perspectives. The discussion
follows the progression of the thesis from representation learning, to tem-
poral forecasting, to multimodal short–term prediction, and finally to model
interpretation. In doing so, we emphasize the central argument of the the-
sis: deep–learning methods can contribute to solar flare forecasting not only
by improving predictive performance, but also by learning physically mean-
ingful representations and by interpreting model decisions in relation to the
physical properties of flare–productive active regions (ARs).

8.1 Main Findings and Contributions

The first experimental phase of the thesis focused on representation learn-
ing of solar ARs. In Chapter 4, a convolutional autoencoder was trained to
reconstruct line–of–sight (LoS) magnetograms of ARs. The reconstruction
task was not treated as an end in itself, but as an indirect way to evaluate
whether the latent representation retained information about the spatial or-
ganization of the photospheric magnetic field. Since magnetograms are mea-
surements of a physical field, reconstruction quality was evaluated not only
through residual metrics, but also through structural similarity, spectral be-
havior, pixel–value distributions, and, most importantly, through the tempo-
ral evolution of physically derived magnetic quantities.

The results show that the choice of training objective plays a central role
not only in determining the quality of the reconstruction, but also in deter-
mining the physical consistency of the learned representation. In particular,
the finite–difference gradient–regularized objective provided the best overall
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performance among the selected models. It improved pixel–wise reconstruc-
tion accuracy, structural similarity, and the preservation of spectral power
at high values of k. This result is physically meaningful because quantities
such as the gradient–weighted neutral–line length and the mean magnetic–
field gradient are sensitive to small–scale magnetic structures characterized
by sharp magnetic gradients. These features are known indicators of flare–
productive ARs and are among the most difficult to reconstruct if the model
learns only a smooth visual approximation of the input magnetogram, as oc-
curs when a reconstruction–only objective is used. Consequently, the use
of the finite–difference gradient–regularized objective also translated into
greater temporal consistency of the physical parameters derived from the
reconstructed magnetograms.

The main contribution of this phase was to show that compact neural representa-
tions of AR LoS magnetograms can preserve physically meaningful magnetic infor-
mation, provided that the training objective is designed to constrain not only pixel–
wise reconstruction errors, but also discrepancies in local magnetic–field gradients.

Chapter 5 extended the representation–learning framework to sequence–
based major–flare forecasting. In this phase, the representations of AR LoS
magnetograms produced by the reconstruction–only encoder were organized
into temporal sequences and used as input to a recurrent classifier to predict
whether an AR would produce at least one M– or X–class flare during a fu-
ture forecasting window. This step was motivated by the fact that flare pro-
ductivity depends not only on the instantaneous magnetic configuration of
an AR, but also on its evolution. The build–up, persistence, and reorganiza-
tion of magnetic structures can contain information about the preflare state
that is not fully captured by a single static observation.

The results support the use of temporal modeling. The sequence–based
framework achieved strong performance for major–flare prediction, demon-
strating that the temporal organization of the learned magnetogram repre-
sentations contains useful predictive information. Among the temporal con-
figurations considered, the combination of a 12 h observational window, a
12 h forecasting window, and static undersampling provided the strongest
overall test–set performance, with the best model reaching a TSS of 0.892
while maintaining a balanced trade–off between Recall and Specificity. This
suggests that, among the tested configurations, an intermediate temporal
window provided enough context to capture relevant preflare magnetic evo-
lution without introducing excessive variability from longer histories or re-
lying only on short–term fluctuations.

The main contribution of this phase was to demonstrate that learned spatial rep-
resentations of AR LoS magnetograms can be extended to the temporal domain and
used effectively for major–flare forecasting.

The main limitation of this phase is that the forecasting model relied ex-
clusively on temporal sequences of encoded LoS magnetograms. Although
these representations contain useful information about the evolution of the
photospheric magnetic field, they provide only one view of the preflare evo-
lution of an AR. Since flare initiation involves magnetic energy stored in non–
potential coronal fields and a coupled response across multiple layers of the
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solar atmosphere, a more complete description of the preflare state requires
observations beyond LoS magnetograms alone. This limitation motivated
the multimodal extension developed in Chapter 6.

Chapter 6 moved from single–modality flare forecasting to short–term
multimodal spatio–temporal flare forecasting. The model combined tempo-
rally ordered Solar Dynamics Observatory (SDO)/Helioseismic and Mag-
netic Imager (HMI) and SDO/Atmospheric Imaging Assembly (AIA) ob-
servations, including LoS magnetograms, continuum intensity images, and
extreme–ultraviolet (EUV) images in the 193 Å and 304 Å channels. These
image sequences were complemented by scalar physical parameters derived
from vector magnetograms, specifically the total unsigned magnetic flux and
the total unsigned current helicity. In this way, the model integrated local
spatial information learned directly from image data with global physical
descriptors related to the size, strength, and non–potentiality of the active–
region magnetic field.

The results show a clear improvement as additional sources of informa-
tion are incorporated. The baseline configuration using only LoS magne-
tograms already achieved good performance, confirming the result of Chap-
ter 5 that temporal photospheric magnetic information has predictive value.
Adding continuum and EUV information further improved the results, in-
dicating that multiwavelength observations provide complementary infor-
mation about the preflare state of ARs. The best performance was obtained
when the physical parameters were also included. In this full multimodal
configuration, evaluated on the balanced test set, the model reached an Ac-
curacy of 92.74%, a Recall of 97.56%, and a TSS of 0.86. The improvement in
recall is particularly important in the context of flare forecasting, because it
indicates that fewer flaring sequences were missed by the model.

The diagnostic analyses support the same conclusion. The predicted–
probability distributions showed increasingly clear separation between flar-
ing and nonflaring sequences as the input configuration became richer. The
ROC curve analysis confirmed that the multimodal configurations improved
threshold–independent discrimination, while the threshold–dependent per-
formance curves showed that the full model maintained strong skill over a
broad range of decision thresholds. The calibration analysis indicates that
the predicted probabilities were generally informative, although deviations
from perfect calibration remained, especially at intermediate probability val-
ues. This result is important because operational forecasting requires not
only accurate classifications, but also reliable probability estimates that can
be interpreted according to different risk tolerances.

The main contribution of this phase was to show that multiwavelength observa-
tions and parameters summarizing the magnetic state of the system can be integrated
within a common short–term forecasting framework, with the richer input configu-
rations yielding higher performance on the present test set and providing a more
complete data–driven description of active–region preflare evolution.

The main limitation of this phase is that, although the multimodal model
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improved forecasting performance, suggesting that the additional informa-
tion was in some way relevant for prediction, the model remained an intrin-
sically black–box predictor whose decisions are difficult to interpret directly.
This limitation motivated the interpretability analysis developed in Chap-
ter 7, where an attribution method was used to examine the model decisions
in relation to the model inputs.

Chapter 7 addressed the interpretability of the multimodal forecasting
model. This step was essential because the scientific value of a forecasting
model depends not only on its predictive skill, but also on whether its pre-
dictions can be examined in relation to the physical properties of ARs. The in-
terpretation method selected for this phase was Layer–wise Relevance Prop-
agation (LRP), which consists of propagating the model’s output backward
through the network to assign relevance to the input variables. This made it
possible to analyze the contribution of different image modalities, spatial re-
gions, time steps, and physical parameters to the flare/no–flare decision and
to examine whether the model relied on physically meaningful information.

This interpretability step is particularly important because deep–learning
models can achieve high performance for reasons that are not necessarily
physically meaningful. A model may learn biases related to data selection
or correlations that do not directly reflect flare–producing mechanisms. At-
tribution analysis cannot by itself eliminate this possibility, but it provides a
diagnostic tool for examining whether the learned decision process is con-
sistent with the physical interpretation of the problem. In this thesis, inter-
pretability therefore served not as an optional visualization step, but as part
of the scientific evaluation of the forecasting model.

The main contribution of this phase was to demonstrate that attribution analysis
can be used to examine the internal decision process of the multimodal forecasting
model and to assess whether its predictions are supported by features that are physi-
cally consistent with known properties of flare–productive ARs.

Generally speaking, attribution methods identify relevance, not causality.
Consequently, a region or a global physical descriptor receiving high rele-
vance can be important for the model prediction, but this does not prove
that it is the physical cause of the flare. Attribution maps also depend on
the architecture, the propagation rules, and the distribution of the training
data. Therefore, interpretability results must be understood as model–based
evidence rather than direct physical proof. Their value lies in helping to test
whether the model behaves consistently with known solar–physics expecta-
tions and in identifying cases where the model may rely on unexpected or
potentially spurious information.

Taken together, the four experimental phases show that deep learning
can contribute to flare forecasting in a physically informative way when the
modeling framework is designed around the specific characteristics of the
solar flare forecasting problem. The thesis began with the learning of com-
pact representations of photospheric magnetic fields, then used the resulting
representations to model active–region evolution, expanded the framework
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to include information from multiple atmospheric layers and magnetic sum-
mary parameters, and finally interpreted the trained model in terms of rele-
vance patterns. This progression supports the broader implication that flare
forecasting should be treated as a spatio–temporal and multimodal problem.
ARs are not static entities, and flare occurrence is not determined by a single
scalar parameter or a single static observation. Rather, flares arise from the
evolving magnetic and atmospheric state of the AR. In this context, deep–
learning models are particularly suitable because they can combine different
sources of information by design. The results of this thesis show that they
are most useful when this flexibility is accompanied by an interpretability
analysis that supports scientific understanding.

8.2 Future Perspectives

The results presented in this thesis suggest several directions for future
work. A first direction concerns the representation–learning stage. Chapter 4
showed that explicitly constraining local magnetic–field gradients improves
the reconstruction of LoS magnetograms and the temporal consistency of the
derived physical parameters, particularly for physical parameters that de-
pend on small–scale features and steep gradients. However, the analysis
also showed that reconstruction quality is not determined only by pixel–
wise residuals or local morphology. Future work could therefore investi-
gate additional terms in the reconstruction loss designed to preserve struc-
ture across spatial scales, for example by reducing discrepancies between the
Fourier–domain representations of the original and reconstructed LoS mag-
netograms. Such an approach could allow different spatial frequencies to be
weighted differently, or specific spatial scales to be targeted, while preserv-
ing the local magnetic morphology needed for physically meaningful active–
region representations.

No downstream comparison among the alternative representation–learn-
ing objectives evaluated in Chapter 4 was performed. Therefore, future work
should assess whether the improvements in reconstruction quality and in
the temporal consistency of the derived magnetic–field parameters observed
with the gradient–regularized objectives translate into improved forecasting
performance.

A related direction concerns how representation learning is integrated
with the downstream forecasting task. In this thesis, the image encoders
were trained separately and then kept fixed and used as feature extractors
for the forecasting models, allowing the representation–learning and fore-
casting stages to be separated while reducing the computational cost of the
supervised training stage. However, no direct comparison with end–to–end
training or fine–tuning of the encoders was performed. Therefore, apart from
the computational advantage, no additional benefit of this training strategy
can be established from the present results. Future work should compare
these training strategies to determine whether adapting the encoders directly
to the forecasting objective provides additional predictive benefit.
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A second direction concerns the temporal formulation of the forecasting
problem. Chapter 5 showed that the temporal organization of learned mag-
netogram representations contains useful information for major–flare fore-
casting, but the optimal relation between observational–window length and
forecasting–window length remains an open question. Future work could
therefore perform a more systematic temporal sensitivity analysis. One study
could fix the forecasting window and vary the observational–window length,
in order to identify how much temporal context is most informative for the
model. A complementary study could fix the observational–window length
and vary the forecasting window, in order to determine how predictive per-
formance changes with the forecasting horizon. This would help separate the
effect of available temporal context from the intrinsic difficulty of forecasting
flares over longer lead times.

A third direction is to move toward more operationally realistic forecast-
ing tasks. In this thesis, the goal was to distinguish between flaring and
quiet active–region sequences and, to this end, a relatively simplified label-
ing strategy was introduced to produce a clearer separation between the two
classes. In particular, the construction of the negative class excluded se-
quences with decaying flare activity and sequences leading to flares below
the chosen threshold. Future work should therefore test the model under
broader task definitions. Including the recent flaring history of each AR as an
additional input could provide useful context for distinguishing truly quiet
regions from regions that remain flare–capable. This extension would make
the forecasting problem closer to the conditions encountered in operational
settings.

A related issue concerns class imbalance. Balanced datasets are useful
for evaluating the intrinsic discriminative capability of a model, but real
flare forecasting is characterized by a strong imbalance between flaring and
nonflaring examples. Future work should therefore evaluate the proposed
models on datasets with realistic class distributions and compare different
imbalance–handling strategies. This should be accompanied by a careful
analysis of decision thresholds, since the preferred operating point depends
on the relative cost of missed flares and false alarms. The calibration anal-
yses in Chapters 5 and 6 showed that classification skill and probabilistic
reliability do not necessarily coincide. Post hoc calibration methods could
therefore be useful when the predicted probabilities are intended to support
operational decision–making.

Future work should also consider practical extensions of the multimodal
framework. In particular, the model could be evaluated on a larger dataset,
ideally including observations from multiple solar cycles, and the effect of
longer temporal sequences could be tested. These extensions could pro-
vide the model with a richer description of active–region evolution and more
varied training examples, but they would also increase computational cost,
memory requirements, preprocessing demands, and constraints on batch size
and model architecture. Therefore, future work should assess whether such
extensions provide additional predictive information that justifies the higher
computational complexity.
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More generally, future work could complement the reported point–estimate
comparisons with systematic uncertainty quantification across the experi-
mental phases. This would help assess the robustness of the results.

Overall, future developments should aim to make flare–forecasting mod-
els more physically consistent, operationally realistic, and probabilistically
reliable. The directions outlined above address complementary aspects of
this goal: improving the preservation of magnetic structure in learned rep-
resentations, clarifying the role of temporal context and forecasting horizon,
testing the models under broader and more realistic task definitions, account-
ing for class imbalance, improving probability calibration, and, particularly
in the multimodal setting, evaluating whether larger datasets and longer
temporal sequences provide additional predictive value. Together, these ex-
tensions would move the work presented in this thesis beyond the controlled
experimental setting toward forecasting models that are not only accurate,
but also better suited to the complexity of operational solar–flare forecasting.

8.3 Final Remarks

This thesis investigated solar flare forecasting as a task that requires not
only accurate prediction, but also physical interpretation. The results show
that deep–learning models can learn compact representations of active–region
magnetic structure, use the temporal evolution of such representations for
major–flare forecasting, improve predictive skill by combining multimodal
solar observations with global magnetic descriptors, and provide interpretable
relevance patterns that can be compared with known properties of flare–
productive ARs.

The main conclusion is therefore not only that deep learning can improve
flare prediction, but that it can do so in a way that remains connected to so-
lar physics. Solar flare forecasting remains difficult because flare initiation
is governed by complex, nonlinearly evolving magnetic conditions, while
direct observational access to the coronal magnetic field, which is essential
for understanding this process, remains limited. Nevertheless, the work
presented in this thesis shows that physically informed deep–learning ap-
proaches, accompanied by interpretation techniques, can contribute to this
challenge. By linking representation learning, temporal forecasting, multi-
modal modeling, and attribution analysis, the thesis provides a step toward
forecasting models that are not only accurate, but also scientifically meaning-
ful.
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Data Availability

All image data products analyzed in this work are publicly available through
the Joint Science Operations Center (JSOC) at http://jsoc.stanford.edu/.
Data retrieval was performed using the open-source SunPy library (The SunPy
Community et al., 2020).

The list of solar flare events (class C5.0 and above) used to construct the
dataset was compiled by Li et al. (2021) from the Geostationary Operational
Environmental Satellite (GOES) flare catalog.

The curated dataset defining the positive and negative samples used in
this study is publicly available via Zenodo at (Doria Rosales et al., 2025).
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Appendix B

Temporal Distribution of the
Datasets

This appendix provides a complementary description of the temporal dis-
tribution of the datasets used in the experimental phases of the thesis. Chap-
ters 4 and 5 use an active–region–centered dataset, whereas Chapter 6 uses
an event–centered dataset. Details of the dataset construction are provided
in the corresponding sections of each chapter. In both cases, the training,
validation, and test partition is performed at the active–region level, which
means that all sequences associated with a given AR are assigned exclusively
to a single split, preventing the same AR from contributing samples to differ-
ent subsets.

B.1 Active–Region–Centered Dataset: Chapters 4
and 5

The dataset used in Chapters 4 and 5 contains 800 ARs satisfying the
adopted selection criteria. These ARs span from May 2010 to December 2022,
covering most of Solar Cycle 24 and the early phase of Solar Cycle 25.

The dataset is divided at the active–region level into 559 HARPs for train-
ing, 144 for validation, and 97 for testing. Figure B.1 shows the temporal
distribution of the ARs in each partition together with the monthly sunspot
number for reference. The three subsets contain ARs distributed throughout
the temporal coverage of the dataset.

B.2 Event–Centered Dataset: Chapter 6

The multimodal dataset used in Chapter 6 is constructed at the sequence
level from alist of flare events and quiet active–region observations. The final
dataset contains 1206 sequences, comprising 562 positive and 644 negative
samples distributed across the training, validation, and test partitions.

The retained positive sequences extend from June 2010 to September 2017
and therefore belong entirely to Solar Cycle 24. The negative sequences ex-
tend from May 2010 to September 2024 and include observations from both
Solar Cycles 24 and 25. Of the 644 negative sequences, 372 belong to Solar
Cycle 24 and 272 to Solar Cycle 25.

190



Appendix B. Temporal Distribution of the Datasets

FIGURE B.1: Temporal distribution of the ARs used in Chap-
ters 4 and 5 across the training, validation, and test partitions.
The upper panel shows the monthly sunspot number, while
the lower panel shows the observation epoch of each AR. The
dashed vertical lines indicate the approximate boundaries of

Solar Cycles 24 and 25.

Figure B.2 shows the temporal distribution of the positive and negative
sequences in each data partition. Marker shape distinguishes the two classes,
while color identifies the training, validation, and test subsets.

FIGURE B.2: Temporal distribution of the Chapter 6 positive
and negative sequences across the training, validation, and test
partitions. Marker shape distinguishes positive and negative
samples, while color indicates the data partition. The upper
panel shows the monthly sunspot number for temporal refer-

ence.
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