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Resumo

Monitorizar e acompanhar os fenómenos que acontecem no Sol tornou-se cada vez mais impor-
tante com a expansão das atividades humanas para além da Terra, sendo fundamental para garantir:
a segurança dos astronautas, a fiabilidade das telecomunicações, e ainda antecipar outros fenó-
menos que vivenciamos na Terra, como as auroras. Uma parte importante deste processo é a
deteção de manchas solares e regiões ativas do Sol, que estão intimamente relacionadas com out-
ros fenómenos solares que afetam diretamente tais operações. Neste trabalho, apresentamos um
novo método de deep learning para detecção de objectos que visa aproveitar a grande quantidade
de dados de imagens recolhidos de satélites para detectar manchas solares e regiões activas através
da fusão de imagens de múltiplos comprimentos de onda. Para este efeito, utilizamos imagens do
satélite SDO e anotações de manchas solares do dataset DeepSDO para criar um novo dataset
com 3 imagens de diferentes comprimentos de onda, HMI Ic, AIA 211Å e AIA 335Å. Adaptámos
e desenvolvemos um modelo genérico baseado em YOLOv5, capaz de utilizar qualquer número
de imagens de entrada e fundi-las, implementando e testando 2 metodologias de fusão, fusão ini-
cial e fusão final, bem como 3 módulos de fusão diferentes, CatFuse, uma fusão de concatenação
simples, CBAMC, baseado em CBAM, e TransEnc, que implementa o encoder de um transfor-
mador. Conseguimos observar o impacto tanto da utilização de diferentes abordagens de fusão,
como também o das imagens utilizadas, e, ao avaliar criticamente os nossos modelos, obtivemos
um modelo, que utilizando o CatFuse com fusão inicial, obteve um mAP@0.5 de 0.94, sendo
marginalmente melhor do que a melhor linha de base, YOLOv5 com uma única imagem, HMI, e
comparável a outros modelos do estado da arte.

Palavras-chave
Visão por Computador, Deteção de Sunspots, Deteção de Objectos Multiespectral, Fusão de Fea-
tures
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Abstract

Monitoring and keeping up with the phenomena happening in the Sun has become increasingly
important with the expansion of human activities beyond Earth, being key in ensuring astronaut
safety, telecommunications reliability, as well as predicting other phenomena we experience on
Earth, such as auroras. An important part of this process is the detection of sunspots and active
regions, which are closely related to other solar phenomena that directly affect said operations. In
this work, we present a new object detection deep learning method that aims to take advantage of
the large amount of image data collected from satellites to detect sunspots and active regions by
fusing multiple wavelength images. For this purpose, utilizing images from the SDO satellite and
annotations from the DeepSDO dataset, we created a sunspot dataset featuring 3 different wave-
length images, HMI Ic, AIA 211Å, and AIA 335Å. We adapted and developed a generic model,
based on Ultralytics’ YOLOv5, capable of utilizing any number of input images and fusing them,
implementing and testing 2 fusion methodologies, early and late fusion, as well as 3 different fu-
sion modules, CatFuse, a simple concatenation fusion, CBAMC, based on CBAM, and TransEnc,
leveraging the encoder of a transformer. We were able to note the impact of utilizing different
approaches to fusion as well as the impact of the images used, and by critically evaluating our
models obtain a best-performing model, utilizing CatFuse with early fusion, at an mAP@0.5 of
0.94, being marginally better than the best baseline, YOLOv5 with a single image, HMI, and on
par with other state of the art models.

Keywords
Computer Vision, Sunspot Detection, Multispectral Object Detection, Feature Fusion
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Sustainable Development Goals

Working towards a more sustainable future is important in all facets of the research that is done.
With this in mind, as part of this dissertation, we look at the impact that our developments may
incite in the World through the lens of the Sustainable Development Goals (SDGs), outlined by
the UN.

This research contributes to widening our understanding of solar phenomena and how they can
impact technology and the safety of space infrastructure and activities, as well as climate action.
Therefore, out of the 17 goals, this research can ostensibly be of, albeit moderate, impact to:

SDG9: Innovation 3/4

The research directly pushes for our better understanding of solar activity, impacting the
technology and monitoring capabilities related to this area, whilst being of use in many
other fields of computer vision.

SDG13: Climate Action 2/4

Solar phenomena can have a direct impact on climate and weather patterns, a better under-
standing of which is crucial for the sustainability of populations at a global scale.
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Chapter 1

Introduction

This introductory chapter features a general description of the topics, goals, and procedures taken

during the research and development of this dissertation. We progressively build up these topics,

starting by contextualizing the problems that motivate this work and then clarifying, structuring,

and delineating a methodology to tackle them concretely.

1.1 Context

Many space weather phenomena are directly related to active regions on the Sun’s corona, its

outermost layer, making these regions the prime study subjects when forecasting activity in the

star. Understanding their behavior and evolution has become paramount to answering questions

regarding the impact of space weather on the Earth’s magnetosphere, the reliability and stability

of satellite communications, the safety of human operations in space, and its effect on the Earth’s

climate [64].

Understanding the Sun’s internal mechanisms that lead to the formation of active regions is

a complex and challenging task that requires thorough study [19]. However, it may be enough

to envision that the Sun has an active magnetic field generator, which, due to intricate internal

fluxes, produces different magnetic fields with varying strengths and properties. Together, these

fields form magnetic flux tubes and ropes that manifest as dark spots in observations, commonly

referred to as sunspots [77]. These zones of strong concentrated magnetic field activity are fre-

quently related to solar phenomena such as solar flares, radiation flashes, solar energetic particles,

accelerated particles, and coronal mass ejections, ejections of ionized gas, all of which may put

astronauts in danger, affect satellite’s orbits, and disturb Earth’s geomagnetic field [64]. Several

methods have been developed to model the mechanisms of space weather, from cross-sections to

2D and 3D magnetohydrodynamic models, helping us forecast the influence of the Sun’s activity

beyond its initial state, which is dependent on our understanding of active regions [77].

1
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1.2 Motivation

Detection of active regions on the Sun is a complex task that has been evolving over decades,

from manual methods to basic image processing, to machine learning implementations, to, more

recently, deep learning endeavors, which have had a particularly noticeable impact in the domain

of computer vision. The latter, alongside the evolution of computer hardware, namely GPUs, has

been set as the most interesting prospect for future computer vision tasks, such as sunspot detec-

tion [71]. These methods have faced many problems, either regarding needing help maintaining

an accurate baseline of the observations, mainly with manual detections and countings, or with

accuracy metrics, in the case of machine learning methods. This research’s motivation lies in the

opportunity to build upon the knowledge of previous efforts in several different computer vision

tasks and apply it to overcome the limitations of earlier methods of detecting active regions, mak-

ing them accessible and performant enough to act as good indicators for solar weather forecasting.

When looking at images of the Sun, an important consideration is what frequencies of the

electromagnetic spectrum are being studied, or even what is being pictured. Machine learning

and deep learning efforts have largely focused on a single type of image, magnetograms, which

depict the solar magnetic field. In this research, it’s proposed that using both full white-light

spectrum imaging alongside magnetic field intensity images can yield better results, seeing as

many computer vision tasks have already proved successful when handling several different types

of images in the electromagnetic spectrum [33]. The fusion of recent successful endeavors in

multispectral object detection with the best approaches in active region detection introduces a

novel approach to this field, marrying the well-structured scientific approach of solar weather

research with state-of-the-art computer vision methodologies.

Building such a model, while possible, can be a cumbersome task with many hurdles to over-

come, even the simplest issues and questions, such as how to load multiple images at once into the

model. This problem is exacerbated by a general lack of standardized and generic solutions, even

when using some of the most popular tools, like the YOLO family of object detection models. [28]

1.3 Goals

This research explores the problem of detecting active regions on the Sun’s surface, taking advan-

tage of the many imaging instruments directed at the star and utilizing different electromagnetic

spectrum images to their best potential. To achieve a solution that allies computer vision and solar

imaging, our research must be focused on a few goals; these are:

• Understanding current solutions in sunspot detection research and recognizing the trends

and gaps being followed in the field;

• Grasping the state of the art of MSOD models and how these models and methodologies

can be leveraged for the task at hand;

• Developing a solution that complements current research in both fields;
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• Assessing the performance and impact of implementing MSOD methodologies for the de-

tection of sunspots, as well as the different fusion methodologies and modules.

Achieving these goals may help to consolidate and push these two related fields closer together,

fostering a larger collaboration community, bringing the insights of experts in both fields together

that can increase our understanding of solar phenomena whilst stimulating other applications, such

as pedestrian and crop detection.

1.4 Methodology

To achieve the goals exposed in Section 1.3, we approached the problem incrementally, first find-

ing a solar image database that featured image annotations for sunspots, then building a dataset

from these annotations featuring multiple image types, following the creation of a generic and

adapted YOLO model for multispectral object detection tasks, and the development of 3 different

feature fusion modules, as well an evolution of their performance.

The dataset selected for this thesis was the DeepSDO database, which features 4383 full-

disk HMI Intensitygrams of sunspots with annotations, validated by 2 astrophysicists [12]. The

annotations from these were then complemented with images from the other SDO instruments,

namely, AIA images in the wavelengths 335Å and 221Å, in the corresponding time frame.

For the model, the YOLOv5 model implementation by Ultralytics was chosen, as it is not

only lightweight and performant, but also well documented, two characteristics which facilitate

the alterations needed to allow for multiple image input and generic feature fusion methodologies

and modules to be developed; in particular, 2 methodologies were implemented, early and late

fusion, with a tentative solution for middle fusion approaches hypothesised. In order to test and

highlight the modularity of the solution, 3 feature fusion modules were implemented: CatFuse, a

simple concatenation; CBAMC, an implementation of CBAM for feature fusion; and TransEnc,

an implementation of a transformer encoder for feature fusion. Note that with the focus centered

on fusion mechanisms, no changes were made to the underlying YOLOv5 model architecture.

Thorough testing was conducted using the 3-image dataset created across all but one com-

bination of methodology and module, utilizing the implemented solution to showcase its ability

to handle a dynamic number of inputs, as well as each of the individual images as a baseline.

Evaluation and comparison between these models were done through statistical analysis methods,

namely the Friedman test and Wilcoxon post-hoc test, allowing us to discuss and properly evaluate

our results.
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1.5 Document Outline

This document features a total of eight chapters, with the first, the current one, being of an intro-

ductory nature to the context of the research and the goals we pursue in the remaining chapters.

From here, Chapter 2 provides some basic background information on the fields of deep learning,

computer vision, and attention modules, as well as the study object, the Sun; for readers familiar

with one of these topics, the corresponding section can be skipped. Chapter 3 starts by going into

the approach taken for the research portion of the work, and then expounds on the current state

of the art of multispectral object detection and sunspot detection. Chapter 4 properly defines and

explores the problem we aim to tackle and illustrates the general methodology followed for each

step of development, whereas Chapter 5 focuses on the details of the procedure for architecting,

testing, and evaluating the solution. Results are presented in Chapter 5.4, alongside their analy-

sis and discussion, with Chapter 6 wrapping up the entire dissertation, summarizing the results,

contributions, and future directions.



Chapter 2

Background

The present work exists at the intersection of two main disciplines that, despite many times in-

tersecting, hail from different spectrums of the scientific world, namely deep learning and solar

physics. To properly grasp the contributions and place of our advancements in both of these

worlds, it is important to get the necessary context behind their current state. Experts in whichever

area should be able to comfortably skip their corresponding one and grasp all of the discussed

concepts in the remainder of the dissertation.

2.1 Deep Learning

With the constant improvement of computational resources, Machine Learning and Deep Learn-

ing have become two very prominent computer science areas. This, in tandem with the ever-

developing scientific research in these fields, has led to their unconditional place in research in

many other fields, such is the case with solar physics, by which, in order to fully grasp the current

trends and developments in, for instance, solar phenomena detection a basic understanding of its

core concepts is paramount.

Descending from the comparison between their basic structure and that of the human brain,

Neural Networks are the main object of interest and development of any DL research. In their most

basic form, neural networks are composed of multiple connected layers of neurons, their basic

blocks, where each of these blocks computes a weighted sum of weights and biases, their inputs,

with the result being applied to an activation function, which introduces some non-linearity. [45]

By stacking these modules, we are able to model complex relationships between data, which can be

done in multiple ways, in particular Convolutional Neural Networks commonly used in computer

vision tasks, which use kernels that model and respond to different features, such as lines or color

in an image.

5
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2.2 YOLO

Introduced in 2015 by a group of researchers at the University of Washington and Facebook,

YOLO [61], abbreviated from You Only Look Once, is a deep learning object detection computer

vision model that attempts to adapt the way humans can gather, understand, and relate visual

information at a glance by, instead of adapting or repurposing classifiers or generating candidate

bounding boxes and applying models to these, YOLO divides images into regions and predicts

bounding boxes and probabilities for each region, all in a single network pass.

The original YOLO’s novel approach over other competing object detection models truly

shone in its metrics, being significantly faster and more accurate, especially at avoiding back-

ground errors, than R-CNN. The logic behind this model is quite simple:

1. divide the image into a grid of S x S cells;

2. if the center of an object is within a grid, that grid is responsible for detecting that object;

3. each cell is then responsible for predicting bounding boxes and the respective confidence

values for these boxes, it comes naturally that if there is no object in the box, the confidence

should be 0;

4. the intersection over union (IOU) of the predicted box, given by its x, y, w, h coordinates,

over the ground truth is computed;

5. lastly, each grid cell predicts the probability of the class of the object in that cell, conditioned

by the previous probability of there being an object.

(a) Detection head process in YOLO [61] (b) Example image showing early YOLO detections
in a grid pattern

Figure 2.1: YOLO detections illustrated; 2.1a schematizes the way YOLO splits detection in a
grid and builds bounding boxes and confidences, merging them afterwards; 2.1b shows a practical
example of the grid pattern YOLO builds for detection, shown along the bottom of the image, in a
image from a very early stage detection on this task

Figure 2.1a illustrates this process, and Figure 2.1b shows an example utilizing this work’s

data, at a reduced dataset size and a single epoch and showing all bounding boxes, where clear
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blocky detection zones are visible along the bottom of the image, showing the grid pattern in which

predictions are done.

The discussed logic mainly operates on the detection head of the network; however, the 2015

implementation of YOLO, being a deep learning model, has many more layers, based on the

GoogLeNet architecture [70], its first 24 convolutional layers serve as feature extractors, where

only the final 2 layers are fully connected and are responsible for the prediction and coordinates

outputs.

YOLO has evolved to be more than just a single model, but rather a core idea with a series

of different implementations and evolutions throughout the years that have iterated over the core

concepts of this approach. From a one-shot object detector utilizing a novel approach to its detec-

tion mechanism, multiple different contributions have been made, from changes in the backbone

and framework utilized, to the implementation of self-attention and transformers, to changes to

the detection mechanisms, such as anchors and dimensional clustering. [9]

Figure 2.2: Full diagram of the YOLOv5 architecture

Out of the many versions throughout the years, it is of special importance for this work,

YOLOv5. This version in particular introduced PyTorch [56] as its framework, making develop-
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ment much easier and user-friendly, as opposed to the previous 4 versions that used Darknet. Fur-

thermore, this version can be easily trained without requiring extensive computational resources,

which makes it ideal for testing and developing solutions for this family of models.

Lastly, it is important to recognize the role of Ultralytics [7] in providing these models in a

well-documented and accessible fashion under an open source license, which has largely helped

in popularizing this method ever since its third version up to the most up-to-date. Current imple-

mentations of YOLO, under Ultralytics, have featured several features that increase accessibility

to model visibility and deployment, as well as altering the model’s architecture, especially with

the YAML configuration file, which is translated into the different PyTorch modules and functions

that run the network. A sample of a configuration file is available in Appendix A.

2.3 Attention

Much like neurons in neural networks, attention gets its name from the brain function of the

same name. The perception of the information in a scene or context, not at once, but rather

with selective and particular concentration, effectively perceiving the more important parts of the

whole more intently, which may help identify these important notions among the noise [53]. In

the domain of deep learning in particular, attention mechanisms, as they are often called, attempt

to model this cognitive function in such a way that neural networks would be able to extend their

pattern recognition and mapping abilities so that, given some information, it would be possible to

distinguish between what is most relevant, not only efficiently but also opening the possibility to

explain the inner workings of many of these models.

2.3.1 CBAM

(a) Channel attention module

(b) Spatial attention module

Figure 2.3: CBAM submodules
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Figure 2.4: CBAM module

There is a wide variety of approaches to incorporating attention into CNNs, ranging from building

entire networks, like a Residual Attention Network, to lightweight modules. One such case of

the latter is the Convolutional Block Attention Module, commonly referred to as CBAM (Figure

2.4). [79]

This module approaches this challenge by decomposing the process into two stages: the chan-

nel attention and the spatial attention, respectively, Figures 2.3a and 2.3b. The first focuses on

encountering “what” is relevant in the feature map, utilizing max-pooling to find the most dis-

tinctive features and average-pooling to keep information about the spatial relationship between

said features. Complementing this, the spatial attention module applies average and max pooling

to the channel dimension, capturing information of “where” the most informative features are.

The intuitive logic separation between the focus of the “what” and the “where” is not only easy

to understand but, by relying on relatively simple operations, allows for a low computational re-

quirement and does not largely inflate the parameter count of the network, keeping it light-weight

and easily adaptable into any pre-existing architectures.
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2.3.2 Transformer

Figure 2.5: Transformer Architecture [75]

Perhaps the most well-known attention mechanism among the general public, given its use in most

state-of-the-art large language models, the transformer is a model architecture that relies on sev-

eral attention mechanisms and notions to model relationships between multiple relevant features,

even across large distances between them. [75] In essence, transformers are capable of distinguish-

ing between ambiguous feature references by modeling the relationship and attention shared be-

tween them, something particularly useful when dealing with text tasks that feature cross-relevant

information, commonly using pronouns; this is accomplished by the self-attention mechanism.

However, this is not the only feature of transformers that makes them the powerful tool they are;

the multi-head attention mechanism takes the self-attention mechanism a step further by shifting

the input and parallelizing it in multiple dimensions, effectively working as if paying attention to

different features.

Multi-head attention creates multiple layers of regular self-attention modules that work to-

gether to map information along multiple features. These mechanisms are part of an encoder-

decoder architecture, as illustrated in Figure 2.5, similar to other sequence-to-sequence, p.e, sentence-

to-sentence tasks, with a flexible number of encoder and decoder layers. Utilizing this architecture

enables the decoder to have memory over all of the positions that are in the input sequence, sim-

ilarly to what already happens in the encoder, where each self-attention layer can reference its

previous layer. Crucial for the entire procedure to function properly is the embedding of input
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Figure 2.6: ViT [25]

features in N-dimensional vectors, which would otherwise be too massive to be modeled in the

key, query, and value linear transformations that are used in the model.

This powerful architecture mutated and evolved over the years, eventually spawning imple-

mentations for particular tasks such as the family of vision transformers, ViTs, [25] for computer

vision tasks, and having its components, encoder and decoder, further modularized and utilized as

parts of other networks, as illustrated in Figure 2.6.

2.4 The Sun

Figure 2.7: Diagram of the Sun and its inner layers [6]
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From the disappearing light in the sky to the massive ball of plasma we nowadays know it as, the

Sun has been an important object of study for humanity for millennia, and its importance has not

diminished, with human activity and technology escaping the bounds of Earth, understanding the

mechanisms behind its inner workings has become crucial for human activities.

Classified as a yellow dwarf star, the Sun is a layered mass of plasma, mainly Hydrogen and

Helium, at the center of the solar system. The photons emitted by the Sun, in all wavelengths of

the electromagnetic spectrum, originate either at its surface or in its atmosphere. Otherwise, the

interior of the Sun is completely opaque. Only neutrinos, particles that interact weakly with matter,

can travel from the very center all the way through its layers and space and be detected on Earth,

allowing us to gather direct information about the solar interior. Detecting the aforementioned

particles, be they neutrinos or photons, allows us to carefully model the interior of the Sun through

mathematical relationships that translate conservation laws that take into account and rely on very

precise measurements of physical quantities like the total mass of the Sun, total luminosity, surface

temperature, and others. We are also able to gather information on the frequency and separation

of solar oscillations, due to acoustic waves that end up trapped in the star’s interior, which give

us valuable indirect information on the interior of the Sun. Combining all of this information

has allowed us to devise an internal structure that can be divided into multiple regions, from the

innermost to the outermost: [50] [4]

• core — the source of all of the Sun’s continuous energy, with a high temperature and pres-

sure environment that allows for nuclear reactions to take place;

• radiative zone — a zone where the cooler temperature, compared to the core, allows atoms

to receive energy in the form of radiation and transfer it through the upper layers;

• convection zone — a point at which the temperature and pressure dynamics make it no

longer possible for energy to travel through in the form of radiation. Instead, energy is

transferred by convection, enabled by the macroscopic motion of plasma volumes ascending

and descending in the gravitational potential of the Sun;

• photosphere — the final observable frontier of the Sun, where gases stop being too opaque

to observe through. In this region, sunspots and active regions lie;

• chromosphere — an even cooler but denser zone of the Sun, only observable via narrowband

filters;

• corona — the outermost layer, not very dense but extremely hot, where many solar phenom-

ena are visible, solar flares, prominences, and coronal mass ejections (CMEs).

Additionally, the Sun, much like Earth, also has a magnetic field, induced by the movement

of its innermost layer; this field shifts and is deeply correlated with the many solar phenomena we

study.
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Figure 2.8: Sunspots close up, to scale, these are several times the size of Earth [27]

The active nature of our stable star is not only noticeable by its apparent brightness and lumi-

nosity, but also by the regular occurrence of the excitation and de-excitation of electrons in atoms,

and by several previously mentioned solar phenomena:

• sunspots and active regions — sunspots are regions where very intense magnetic fields

crossing the surface of the Sun, almost vertically, are able to prevent hot plasma volumes,

driven by convection, from reaching its surface, and span anywhere from 10000 km to

30000 km. This, in turn, makes the central part of the sunspot cooler, around 1600K, than

the surrounding photosphere, giving it its characteristic darker color and namesake. This

central darker area, the umbra, is usually accompanied by a penumbra, more filamentary in

nature, which is the result of the opening of the magnetic field lines in all directions, almost

horizontal and accompanying radial magnetic field lines. These phenomena are commonly

created in pairs, forming much larger active regions that accompany the Sun’s rotation and

have lifetimes that oscillate from weeks, for the smallest, to months, for the biggest groups

(see Figure 2.8);

• solar flares — short, massive ejections of material from the chromosphere and corona that

release a large amount of energy, with an accompanying flash of light;

• prominences — large gas structures suspended by the magnetic field lines above the Sun’s

surface;

• coronal mass ejections (CMEs) — lengthy ejections of material that can expel material at

high speeds, which escape the Sun’s gravitational pull and travel the Solar System.

Lastly, it is relevant to note that solar activity is not static and fluctuates in cycles, with intensity

periods coinciding with the number of sunspots in the Sun’s corona. [47] These are commonly

related to many of the other phenomena, from solar flares to coronal mass ejections, which may
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directly impact life in the rest of the Solar System and in particular on Earth and Earth-bound

operations.



Chapter 3

State of the Art

Multispectral computer vision tasks, despite often seeming to inhabit a niche, are an actively re-

searched area. Computer vision techniques and solar phenomena detection are not only an evolv-

ing area but also have a long history. In this chapter, we dive into the current state of the topics

tackled in this dissertation: solar image sources and databases, sunspot detection, and multispec-

tral object detection.

The following sections will begin by outlining the structure of the research, followed by the

methodology of the search, and finally, a thorough analysis of the state-of-the-art in each field.

Summarized tables of all references are presented at the end of the chapter.

3.1 Literature Review

Like many fields of astrophysics, active region detection and similar tasks are currently very active

areas, with many new methodologies and techniques being investigated.

To gain a clear understanding of this field, we began by adopting a systematic approach that

aligns well with the specific focus of this work. Not only are we studying the Sun within a deep

learning framework, but we are also particularly focusing on the study of sunspots and active

regions. Later on, once we thoroughly engaged with the material pertaining to the critical areas of

knowledge, we shifted to a snowball approach.

3.1.1 Search Research Questions

Before querying databases and repositories, we must first define what information we may want to

obtain from our search. In the case of this work, we are looking for information on the following

questions:

SRQ1 What is the current state of sunspot and active region computer vision tasks, specifically

detection, tracking, and prediction? — This is the general field of interest that we are

exploring;

15
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SRQ2 What databases and data sources are currently used for computer vision sunspot detection

tasks? — The data sources and how to structure such data in our field of interest;

SRQ3 What is the state-of-the-art of multispectral object detection research? What methodolo-

gies and techniques are prevalent in the literature? — The methodologies explored for

combining images in different bands of the electromagnetic spectrum for an object detec-

tion task;

SRQ4 What are the current multiple object tracking solutions being explored in literature? —

Novel deep learning techniques for tracking multiple objects in a scene;

3.1.2 Search Queries

Each of the questions stated in Section 3.1.1 can be translated into a generic search query that a

search engine may interpret, respectively, as follows:

Search Query 1 (SQ1):

( "sunspot" OR "active region" ) -- domain

AND

( "detection" OR "tracking" OR "prediction" ) -- task type

AND

"solar" -- related to the Sun

AND

( "computer vision" OR "deep learning" )

Search Query 2 (SQ2):

( "sunspot" OR "active region" ) -- domain

AND

"solar" -- related to the Sun

AND

"database"

Search Query 3 (SQ3):

"multispectral object detection" -- technique

AND

( "white-light" OR "EUV" OR "ultraviolet" OR "IR" OR "infrared" ) --

electromagnetic spectrum bands

AND

( "computer vision" OR "deep learning" )
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Search Query 4 (SQ4):

( "multiple object tracking" OR "MOT" ) -- technique

AND

( "small" OR "low-frame-rate" ) -- task constraint

AND

( "computer vision" OR "deep learning" )

It is important to note that the search queries were slightly adapted to optimize the quality of

the search results in each source’s search engine.

3.1.3 Inclusion & Exclusion Criteria

Properly querying sources is not enough to obtain useful results, more stringent criteria must be

defined.

Inclusion & exclusion criteria are understood as metadata constraints that any result must obey

to be considered; these can usually be filtered using advanced search tools of online databases. The

following criteria were selected for our search:

• Must have been publicized after 2015 (SQ1 & SQ2) or 2019 (SQ3 & SQ4);

• Must have been accepted in a publication/conference/...;

• Must not be a book;

• Must not be a survey;

• Must be in English;

• Must be available (open access);

The difference between the publication year constraint lends itself to the type of information

that the two groups of queries are retrieving. While the first two focus on the particular develop-

ments of machine learning and databases in the solar domain, the latter’s focus lies on more general

deep learning research, which has been more predominant in the last 5 years, making more recent

research more common and relevant. All other criteria are applied equally to all search queries.

3.1.4 Selection Criteria

To retrieve the most relevant results, we must look into their content and how it fits into the

overarching goals of the search. Selection criteria aim to systematically solve this issue. For each

query, a set of standards were defined, by which the title and abstract of the result must contain

such information.
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Search Query 1 (SQ1):

• Focus on active regions/sunspots

• The Sun is the object of study

• Computer vision detection/tracking/prediction task

• Dataset used properly disclosed

Search Query 2 (SQ2):

• The Sun is the object of study

• Database/Data related

• Dataset used properly disclosed

Search Query 3 (SQ3):

• Computer vision detection/tracking/prediction task

• Dataset used properly disclosed

Search Query 4 (SQ4):

• Generic one-class computer vision tracking task

• Dataset used properly disclosed

• Not 3D

3.1.5 Sources

Lastly, having good sources with capable search functionalities is important to retrieve useful

information, the following databases and repositories were selected:

• ACM

• IEEE

• Scopus

• Springer

Other options were also tested and were not contemplated in the final search, either by lack of

content or lackluster search options.
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3.1.6 Methodology

Work on the literature review began by doing the previously mentioned structural steps, starting

by defining goals and then queries, testing these queries for refinements in several sources, and

defining all the inclusion/exclusion/selection criteria.

Results were then gathered and distributed as shown in Table 3.1. This process was done

by going to each of the selected sources querying, with the proper query for its search engine,

and exporting the results directly into Zotero or to an RIS file which was then imported into the

application. The following table illustrates the number of results for each source and query.

Sources SQ1 SQ2 SQ3 SQ4 Total

ACM 1 54 6 16 77

IEEE 33 17 4 20 74

Scopus 51 54 8 67 180

Springer 10 – 3 80 93

Total 95 125 21 183 424

Table 3.1: Search results

Results for SQ2 in Springer were not obtained, as, despite our best efforts, the search did not

yield any meaningful content upon closer inspection, which could be attributed to problems in the

search mechanisms of the database or simply poor querying.

It should be noted that there was no filtering of results done in each source’s search, this was

a conscious decision that aimed to allow for some contact with topics that, while not necessarily

going to be contemplated, may be useful to contextualize the problems that are tackled on this

document.

Following this process, an initial screening was done still in Zotero, where papers that did

not have titles that fit into the selection criteria of their query were excluded, this thinned out the

results by roughly 64%, as presented in Table 3.2.

Sources SQ1 SQ2 SQ3 SQ4 Total

ACM 1 4 5 13 23

IEEE 17 16 4 18 55

Scopus 33 18 8 57 116

Springer 5 – 3 71 79

Total 56 38 20 159 273

Table 3.2: Initial screening results
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The references from these papers were then exported from Zotero as a CSV file and imported

into a Google Sheets file for the selection process, during which a more thorough analysis of the

paper’s abstract and title is conducted. Duplicate papers are resolved at this stage, and the inclu-

sion and exclusion criteria are enforced, all while reevaluating their fit according to the selection

criteria. This process allowed for iterative refinement and adjustment of criteria with the final

distribution of papers illustrated in Table 3.4.

Sources SQ1 SQ2 SQ3 SQ4 Total

ACM 0 2 2 0 4

IEEE 4 5 4 3 16

Scopus 10 9 7 10 36

Springer 1 – 2 2 5

Total 15 16 15 15 61

Table 3.3: Selection results

While all queries had satisfying selection results, with a total of 61 papers remaining for further

exploration, the results of SQ3 stick out. This query tackles a particular and very new area in

computer vision, multispectral object detection, meaning there is not as much research as any

of the other queried areas and that which exists is usually useful, leading to fewer papers being

excluded.

Following this, a snowball approach was adopted, by which related and connected papers

were added to the list of relevant documents. This approach was combined with further reading

of several of the aforementioned papers, where some ended up being dropped, and the final list of

documents was drafted.

At this point, as we read and delved deeper into each of these fields, and simultaneously began

to plan the development of a solution, we eventually strayed away from multiple object tracking,

meaning that SQ4, alongside the corresponding search research question SRQ4, and its results

would no longer be meaningful to include in a state of the art discussion or, in general, in our

work. This decision was motivated by several factors, paramount among them the lack of time-

contiguous datasets featuring annotations of sunspots, a further discussion on this is present in

Chapter 4. Table 3.4 features the final number of papers for each search query.

SQ1 SQ2 SQ3 SQ4 Total

13 7 11 - 31

Table 3.4: Final Search Query results after snowball and reading
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3.2 Multispectral Object Detection

Multispectral, also sometimes referred to as multimodal, object detection is a particular topic in

object detection that concerns the detection of relevant image features using multiple different

wavelengths simultaneously. This task is common in environments where RGB image quality be-

comes compromised, may it be due to bad lighting or environmental conditions, where additional

instruments simultaneously capture images in different electromagnetic spectrum bands, such as

infrared (IR), near-infrared (NIR), or even thermal. [67] [85] Scenarios such as autonomous driv-

ing systems, surveillance, and crowd counting are the most common in literature and datasets

used to train and evaluate these models end up covering images of these types of real-world sce-

narios. [38]

Research on this topic is quite extensive and has been very active in the last few years, as

the limitations of traditional object detection networks start being reached, with many of the new

networks addressing different problems when dealing with this sort of data. One of the most perva-

sive issues across most literary references is that of when to fuse the features of these images, with

three approaches emerging, early, middle, and late, attempting to solve the problem as such: [37]

• Early fusion — Join the images from the very start, for example, creating a 4-channel input

or replacing one of the channels in an RGB image;

• Middle fusion — Run an algorithm or model for each input, stopping before detection,

joining the features of each network, and then running the detection portion of the entire

process on the concatenated;

• Late fusion — Each input runs its own model until the very end, including detection, and

these are then merged;

In particular, for the present work, and given the many times confusing and differing naming

conventions of these methodologies, we will be referring to these methods as follows:

• Early fusion — Fusion that happens before the proper beginning of a network, i.e., the

backbone of a YOLO model, or even before the start of the network;

• Middle fusion — Fusion that happens exclusively by interrupting a network’s “regular” flow,

i.e., amidst its backbone, and where the results of it are reutilized in that part;

• Late fusion — Fusion that happens exclusively at the end of a part of a network, that may

utilize values from any prior parts of the network as inputs, but ultimately is only run at the

very end;

• Mixed fusion — Fusion methods that are employed and involve more than one of the pre-

vious moments, mixing approaches, or splitting fusion into a combination of these multiple

parts;
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These approaches are similar in the process by which their features are effectively merged,

concatenating the vector values at a given pixel, but end up being limited when dealing with het-

erogeneous data. A few more compact solutions have been developed to deal with this problem

and the sparsity of the resulting features: using an encoder-decoder approach where features are

merged and reconstructed (En-De/Encoder-Decoder fusion); updating parameter values on sub-

networks by crossing the weights and features from different modalities (Cross fusion). [37] Cross

and En-De fusion have both proved to be more performant than their concatenation-based coun-

terparts, of course, with some trade-offs regarding their complexity and ease of implementation.

These solutions are commonly incorporated within the architecture of a pre-existing object de-

tection network, such as YOLO or by adapting and combining with networks such as ResNet [35]

and Faster R-CNN [17]. Other architectures and feature fusion combinations have also been ex-

perimented with, namely cross fusion combined with self-attention mechanisms for fusion, such

as CPCF [38] and CALNet [35], leveraging different backbone networks like RT-DETR [81] and

YOLOv5, and developing new mechanisms with cyclic fuse-and-refine blocks [85]. However, not

all work focuses solely on adapting currently existing networks, but on comparisons of current

methods [32].

3.2.1 YOLO

In this field, YOLO is quite popular as it offers a very solid baseline for object detection, espe-

cially with the many versions that have been developed throughout the years. Specific imple-

mentations such as YOLO-MS [82] and MRD-YOLO [67], which utilize YOLOv5 and YOLOv8,

respectively, have enhanced this network by introducing complex attention mechanisms for feature

fusion, proving this approach to be one of the best for this task.

When discussing YOLO, its evolution, application, and modifications for multispectral object

detection, the 2024 survey by Gallagher and Oughton stands as a comprehensive description and

compilation of the history, current solutions, and future directions for YOLO in this field. It illus-

trates and highlights both the breadth of different areas that utilize YOLO and the emerging trends,

alongside their respective works, for feature fusion as a whole. The highlighted models that im-

plement YOLOv5 in this paper stand out in particular, due to the way they perfectly encapsulate

the breadth of different techniques that can be utilized to tackle fusion: GMD-YOLO [68] uses

a fusion module comprised of simple convolutions for fusion, whereas MOD-YOLO [65] devel-

ops a Cross Stage Partial Cross-Modality Fusion Transformer (CSP-CFT), leveraging the encoder

portion of transformer modules with other operations.

As we have seen, attention-based techniques and middle or mixed fusion are not the only

ones being studied; some YOLO models incorporate simpler fusion techniques, such as early

fusion/pre-processing [14] or different approaches to fusion, such as gated weighted normative

fusion [80].

Researching this field’s particular implementations of YOLO highlighted some trends such

as the utilization of late, middle, or mixed fusion, as well as some common issues, mainly the

trouble of handling a higher number of inputs, as most of the focus is on just 2 images, and the
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lack of a generic platform to handle diverse spectral image input without the necessity for large

architectural changes. [28]

3.2.2 Datasets

A common issue in any deep learning field is the sourcing of data. In the particular case of multi-

spectral object detection, there is, in fact, no shortage of environments where this type of approach

can be considered useful; the problem instead becomes selecting where to evaluate the models.

Among the research presented, Table 3.5 shows the datasets most commonly used, allowing for

comparisons between models.

Reference Name Image Types Description

[1] FLIR Visible + Infrared Pedestrian and multi-class vehicle de-

tection in automated driving scenarios

[40] KAIST Visible + Infrared Pedestrian detection in automated driv-

ing scenarios featuring day and night

images

[41] LLVIP Visible + Infrared Pedestrian detection in automated driv-

ing scenarios in low-light scenarios

[60] VEDAI Visible + Near-Infrared Multi-class vehicle detection from

aerial images

[49] M3FD Visible + Infrared Pedestrian and multi-class vehicle de-

tection in automated driving scenarios

in multiple scenarios (daytime, over-

cast, night, and challenge)

[69] DroneVehicle Visible + Infrared Multi-class vehicle detection from

drone images

Table 3.5: Comprehensive list of the most common datasets used in multispectral object detection
tasks

While most of the models we featured handle similar tasks, there is a wide variety of other

datasets available, featuring other types of image data such as lidar and SAR (Synthetic Aperture

Radar) [37], and different objects, such as pineapples [32]. Note that these datasets usually also

feature their own detection method, be it utilizing novel deep learning techniques or other methods,

used to create the necessary annotations for their images.
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3.3 Sunspot and Active Region Detection

As previously discussed, solar imaging has been a practice for many years, generating massive

amounts of data, especially in recent years. However, having data by itself can prove to not be that

useful, and solar imaging, particularly, can give us a substantial amount of information regarding

the Sun’s properties, behavior, and events that can affect us back on Earth, but we must still be

able to handle this data properly. In the particular case of sunspots, it is especially relevant to keep

track of their number and position, given their relationship with other solar phenomena. With the

evolution of computer processing power, methods for sunspot detection evolved in tandem, from

manual counting and dealing with issues regarding potential ambiguities in counting and subpar

image quality resulting from adverse atmospheric conditions, to leveraging deep learning models

for automatic detection, it is on the latter that we will set our focus.

Automatic sunspot detection did not suddenly get to its current state; its evolution was pro-

gressive, accompanying and reflecting many of the trends in computer vision. Methodologies such

as mathematical morphology, and region growing pioneered efforts in this particular field, with

some works focusing on simple image processing techniques such as edge detection and thresh-

olding. [18] [22] One of the main issues tackled at this time was the effect of limb-darkening, by

which the solar disk appears to have a gradient intensity where the center is brighter and the limb

dimmer, in detection capability, with the proliferation and increased accessibility of sophisticated

machine learning methods new and novel solutions for this problem are still popping up. Bridg-

ing the gap from the image processing methodologies to ML-oriented solutions was a progressive

effort [36] with many works using image processing to create suitable images to then use in a

support vector machine (SVM) algorithm for classification tasks. [8] [16] [21]

A popular approach for many of the networks developed was to use a Faster R-CNN network

as a basis for the detection task. [58] [55] This particular architecture gained much of its popularity

thanks to its adaptability, as it is comprised of 3 modules: a deep convolutional module, which

produces a feature map of potential image features and can be swapped by any DNN backbone

network; a region proposal network, which takes in the feature map and generates rectangular

object proposals which are passed onto a pooling layer where they are merged with the previous

feature maps; and finally an output classifier layer, which can also be changed to fit the goals of

the task. [52]

This is not the only sophisticated solution, as the You Only Look Once (YOLO) [61] network

has also been used and compared with other methods, including Faster R-CNN. This network

approaches the object detection problem as a pure regression problem, only looking once and de-

ciding if an image’s pixel is at a bounding box coordinate or not. YOLO has been iteratively

updated and changed, adopting new features and sophisticated methods that improve overall per-

formance throughout its versions, with versions 3 and 5 in particular having been explored for

sunspot detection. [58] [63]

By far the most complex solution currently proposed is the ReDetGraphTracker network [31],

which features both a detection and a tracking module. The former employs the encoder-decoder
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DLA-34 network as a backbone, featuring an attention mechanism, CBAM, to retain global in-

formation on the features. The detection is tailed by three prediction branches, each responsible

for detecting a different feature, namely a heatmap, a center offset of the target, and a detection

box. Since this is a feature tracking network, the detection step of the tracking has a re-detection

module alongside the aforementioned base detection module, backboned by a ResNet-18 network,

in which missed detections are attempted to be recouped by utilizing the results of the base detec-

tion as inputs with the detection regions zeroed, avoiding re-detection, it is important to note that

wrong detections are not as problematic in this task as they will end up not being tracked through-

out the entirety of the image sequence. Lastly, the outputs of these two phases are combined and

used for tracking in a sophisticated tracking module. This network’s different parts were validated

independently by an ablation study, where certain parts of the network are removed, allowing for

analysis of the particular key points of an entire complex network. Results were compared with

other established tracking methods and were satisfactory for both tracking and detection.

While it is true that currently sunspot and active region detection is dominated by deep learning

techniques, there is still some work being published that attempts to match the speed at which we

can receive images from our space-borne instruments by ditching the usually slower machine

learning approaches and opting for a mathematical morphology method. [48] Similarly, some

“non-deep learning” methods that are not commonly tied to object detection tasks have also been

experimented with, most notably the Simulated Annealing Genetic method, where the Genetic

Algorithm metaheuristic, inspired by natural selection and the evolution, selection, and mutation

of genes, is combined with the Simulated Annealing algorithm, commonly used in global optimum

problems, where this new method is used in tandem with image processing techniques to define

the boundaries of a sunspot in a white-light image. [83] Another approach was to use the Scale-

Invariant Feature Transform (SIFT) algorithm, which is able to find the key points of an image,

alongside clustering by the Density Peak Clustering (DPC) algorithm. [15]

It is also worth noting that most of these methods singularly use magnetogram images, even

though the satellites and telescopes that take these images also feature many other instruments

simultaneously imaging in other electromagnetic spectrum bands. Regardless, there are still some

noteworthy contributions that use some of these other-specter images, namely the spectroheli-

ograms, in the Ca ii K line, using a mathematical morphology and thresholding technique similar

to those previously discussed [18], and Hα continuum, with a deep learning approach leveraging

YOLOv5, of Coimbra’s observatory [63].

3.3.1 Multispectral Detection

Some methods take their data choice a step further and, instead of just using a single wavelength

image, take advantage of CNN architectures and the large number of astronomical images gath-

ered, using all of these images together as inputs for their networks, effectively treating this prob-

lem as a multispectral object detection task.

In 2017 Kucuk et al., introduced the concept of using multi-wavelength images for solar event

detection in a CNN, much like in previous works, with a Faster R-CNN. In this work, two areas
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of particular interest for the present document are investigated: the performance and suitability of

common neural networks, different ResNet, Faster R-CNN, and MobileNet, in active region and

coronal hole detection tasks, and an approach to combining different wavelength images. For the

second effect, 3 different wavelengths (193Å, 171Å, 131Å) AIA images were combined into each

channel of a single RGB image, resulting in a single multi-wavelength RGB image. These images

were then used in a faster R-CNN, using a ResNet-101 for the feature extraction portion of the

network. The authors remark that even if the influence of the multi-wavelength features on the

model’s performance may be minimal, it is still a novel and important feature as it allows to join

and complement information for multiple event types.

By 2021, the challenge of leveraging several different wavelength images had already settled

itself among computer vision literature, which pushed Almahasneh et al. to publish their paper fea-

turing a framework for object detection and segmentation in multi-layer and multispectral images,

MLMT-CNN, consolidating itself in the following year with MSMT-CNN [11], designed specifi-

cally for the task of active region detection. In this paper, a Faster R-CNN approach is used, which

takes in multiple different images, each of them is then passed on to a feature detection network,

and all the results are concatenated into a single feature vector used throughout the rest of the rest

of the network. This approach allows for a lot of flexibility in the amount and type of images

being used, even going as far as to be somewhat modular and disabling certain inputs. For this

document, it is relevant to note that full-disk images from several different sources and instruments

were used, namely 171Å, 195Å, 284Å, 304Å, and magnetograms from the SOHO spacecraft and

3934Å from the Paris-Meudon Spectroheliograph (PM/SH). The original paper goes into further

detail on the exact implementation of the architecture, concluding with a positive outlook on the

effectiveness of using these multiple-wavelength images to improve detection performance.

Although of a similar problem framework, multispectral object classification, as of writing this

dissertation, the most recent advancement was published in September 2024, by Mkwanda et al.,

where a dual stream CNN based on attention mechanisms is proposed. The network features

two separate networks, based on ResNet50 altered to feature an attention mechanism, where each

network takes in a single image of a particular wavelength, and the features outputted by each of

these parallel networks are spliced and processed in a flatten block, a result which is then passed

to a fully connected layer and finally a Softmax layer for classification. The images for this work

come from the SOLAR-STORM1 sunspot group dataset, featuring white-light and magnetic field

images. It is important to note that these images are not full-disk; instead, they feature solely

the sunspot group. The paper also compares the effectiveness of two attention mechanisms, the

convolutional block attention module (CBAM) and the squeeze-and-excitation Network (SE-Net),

with the former producing better results overall. Despite not exactly tackling a detection task this

particular work employed, to great success, multiple wavelength images.
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3.4 Solar Image Sources & Databases

The first solar images were taken from ground-based telescopes. However, these machines, even

the most complex, have limitations set by the very fact that they must be placed on Earth, which

means that they necessarily must observe the star through Earth’s atmosphere, which can distort

or obscure it. Ground-based telescopes are still producing many images to this day, such as the

Geophysical and Astronomical Observatory of the University of Coimbra [30], which has been

collecting solar data for nearly 100 years, the Kawaguchi Science Museum [34], and the Einstein

Tower [54]. This data is also publicly available and is still used in solar event computer vision

tasks.

With these limitations in mind, many missions dedicated to studying the Sun have been sent

out into space, launching different satellites to different reaches of the solar system to study the

Sun specifically. Many of these missions are still currently operational and transmitting data and

images from the many equipment aboard the spacecraft back to Earth, most notably for this work,

and most of the work developed in this area, the missions on Table 3.6 prove to be the most

relevant, as they have transmitted information for several years and decades which has been made

publicly accessible.

Mission Launch
Year

Data Gathered Space Position

SOHO [24] 1995 Magnetograms, white-light im-
ages, ...

Sun-Earth L1 Lagrangian point

SDO [57] 2012 Dopplergrams, Magnetograms,
EUV images

Geosynchronous orbit

Table 3.6: Solar missions used by state-of-the-art research and their information

Having this information stuck in a satellite thousands of kilometers away from Earth is not

particularly useful; the goal is to process and analyze it, using it to help us draw conclusions. As

such, it must be transmitted back to Earth, where we have the necessary computational resources

available to do so. This rate of exchange of data between the instrument and Earth is commonly

referred to as cadence, with SDO in particular being able to transmit data nearly every 15 minutes,

thanks, in large part, to its geosynchronous orbit.

It is still important to note that many other missions have been launched with other instruments

retrieving different valuable data, such as the Parker Solar Probe, which is capable of solar wind

data collection and even solar imaging. [59]

Building a database of solar from the images and data captured from these sources is no easy

task, accounting for multiple sources and types of images and the different phenomena captured

can become a big undertaking. Furthermore, images by themselves can be insufficient to properly

study the phenomena they illustrate, and as such, the challenge of creating a database that simul-

taneously provides access to high-quality images, with proper search capabilities, and adequate
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complementary information, to accompany the developments and necessities of the automation

methodologies, was raised.

Adequate search tools are paramount in any database, but particularly when dealing with solar

images, the relevance of this task is exacerbated by the very nature of the field of study, such that

tools that correlate image data across different data sources are essential. From scripts that sync

image data across SOHO and SDO missions [66], preparing it for machine learning applications,

to tools that directly correlate CMEs to filaments and flares, based on NGDC data, providing the

groundwork necessary for sophisticated machine learning algorithms to study their relationships

and predict them. [84]

Many databases foster tabular data regarding the physical properties of the Sun in a particular

observation. This information may come directly from the instruments on the previously discussed

spacecrafts and telescopes or be obtained through processing of that same data. One such example

is that of image annotations, such as bounding boxes, of solar phenomena, while these are not

processed directly by the instruments capturing the images, databases such as the Heliophysics

Event Knowledgebase (HEK) [39] feature this information, and much more, for a large collection

of events spanning many years and different sources. With this in mind, the Large Scale Solar

Dynamics Observatory Image Dataset (LSDO) [44] has joined the data from HEK with SDO

images, generating a massive amount of annotated image data for computer vision tasks. Similarly,

the Korean Data Center for SDO developed an, albeit smaller, dataset for deep learning computer

vision tasks, aptly named DeepSDO [3], from SDO images, using a labeling tool, LabellImg, and

employing the aid of two experts to cross-validate the generated annotations and values. [12] SDO

is not the only satellite having its images get this type of treatment; the Interface Region Imaging

Spectrograph (IRIS) and the Swedish Solar Telescope (SST) have also been treated in a joint effort

to create a database that features co-aligned images from both instruments alongside other relevant

data. [62]

3.5 Summary

Tables 3.7, 3.8, and 3.9 provide an overview of all of the previously discussed solutions and

research, allowing for a condensed inspection of the current solutions and gaps.
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Reference Year Contribution

[85] 2020 Introduce a novel feature fusion mechanism, using cyclic fuse-

and-refine

[37] 2021 An analysis of current feature fusion methodologies as well as a

proposal of 2 new feature fusion methodologies, namely encoder-

decoder and cross-fusion

[14] 2022 Fusion of 3 different spectrums (visible, NIR, and thermal) using

YOLOv3 and experimenting with other architectures

[17] 2023 Implementation featuring channel switching and spatial attention

[35] 2023 Rectification of conflicts between different modality detections,

using attention mechanisms, introducing CALNet

[32] 2023 Comparison of different fusion techniques, with feature extrac-

tion and alignment via SIFT and ORB

[82] 2023 YOLOv5 based solution that integrates self-attention mechanisms

for feature fusion, introducing a feature interaction and attention

fusion network as a backbone

[67] 2024 Further exploration of the possibilities of feature fusion via the

introduction of BIC-Fusion blocks on the YOLO architecture

[81] 2024 Utilizing the DETR network as a backbone for a feature fusion

approach using a modality-specific feature interaction module

[80] 2024 Feature fusion via gated normative weights

[38] 2024 A novel cross-fusion model channel-path cross fusion, us-

ing channel-wise cross-attention, patch-wise cross attention and

adaptive gating, all introduced in this paper

[28] 2024 Survey condensing information regarding multiple state-of-the-

art YOLO models in the realm of multispectral object detection

in multiple fields

[65] 2024 Based on YOLOv5, implements an encoder from a transformer

(CSP-CFT) and following a middle fusion methodology

[68] 2024 Leverages YOLOv5 to add a simple and lightweight cross-fusion

module and late fusion

Table 3.7: Overview of multispectral object detection research and main contributions of each
solution to the field, synthesizing Section 3.2
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Reference Year Contribution

[43] 2017 Multispectral solar event detection early-fusion and a faster R-

CNN deep learning model

[83] 2018 Sunspot detection using a unique technique combining genetic

algorithms and simulated annealing

[18] 2020 Comparison of mathematical morphology and pixel intensity

methods on CaiiK images

[48] 2020 Mathematical morphology approach for sunspot detection

[58] 2021 Comparison of faster R-CNN and YOLOv3 approaches for active

region detection

[55] 2022 Faster R-CNN approach for sunspot detection

[11] 2022 Multispectral solar active region detection via a modified faster

R-CNN architecture, allowing for input of different spectrum im-

ages and feature fusion

[21] 2022 Alexnet and SVM based classification of sunspots

[15] 2022 SIFT and DPC approach for automatic sunspot detection

[63] 2023 Sunspot detection using H-α images and YOLOv5

[52] 2024 Sunspot detection and segmentation via mask R-CNN, similar to

an altered faster R-CNN, and U-Net

[31] 2024 Introduction of the ReDetGraphTracker architecture, featuring

several state-of-the-art deep learning techniques and mechanisms,

for active region detection and tracking on full-disk images

[51] 2024 Multispectral sunspot detection and classification on non-full-

disk images via a dual stream CNN

Table 3.8: Overview of sunspot detection research and main contributions of each solution to the
field, synthesizing Section 3.3
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Reference Year Contribution

[44] 2017 LSDO dataset, based on data from the SDO satellite

[62] 2020 Dataset featuring IRIS and SST data combined and aligned

[12] 2021 DeepSDO dataset, built using data from SDO and object detec-

tion models, with generated data being validated by experts

[84] 2022 Cataloging and association of solar flares, filaments, and CMEs,

preparing such data for computer vision tasks

[54] 2020 Database of solar full-disk images from the Einstein Tower ob-

servatory

[30] 2022 Database of solar images in several bands in the Geophysical and

Astronomical Observatory of the University of Coimbra

[34] 2023 Database of solar images from the Kawaguchi Science Museum

Table 3.9: Overview of databases and datasets for solar images research and main contributions of
each solution to the field, synthesizing Section 3.4

3.5.1 Search Questions & Literature Gaps

After thoroughly exploring the state-of-the-art on multispectral object detection, sunspot detec-

tion, and databases and data sources of solar images, we can go back to the research search

questions established in Section 3.1.1. It is important to note that, as stated at the end of Sub-

section 3.1.6, SRQ4 will not be explored.

SRQ1 What is the current state of sunspot and active region computer vision tasks, specifically

detection, tracking, and prediction?

The vast majority of solutions in this field have explored deep learning approaches (YOLO,

Faster R-CNN, ...) with results that position it as a very useful tool, with some, even though

few, also exploring utilizing multiple images as a feature.

SRQ2 What databases and data sources are currently used for computer vision sunspot detection

tasks?

Most research seems to use images from the SDO or the SOHO satellites, and a few datasets

have been published that combine those images with image annotations, essential for com-

puter vision tasks.

SRQ3 What is the state-of-the-art of multispectral object detection research? What methodolo-

gies and techniques are prevalent in the literature?

Multispectral object detection is a very recent area with much research being published,

as such, it is hard to nail down the specific state-of-the-art, however, most recent solutions
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seem to leverage deep learning models, such as YOLOv5 or DETR, alongside attention

mechanisms and one of the several methods for feature fusion, with most solutions utilizing

late, cross, or encoder-decoder fusion.

Looking at the vast history of efforts in this area as a whole and comparing it to the current

state of object detection in other computer vision applications, we can point out some gaps:

• Lack of a common ground model or methodology between MSOD approaches, meaning that

a lot of research must do the same groundwork, since there are no generic implementations;

• Few methods utilize the large number of different image bands in tandem, effectively never

contextualizing the task of sunspot and even solar phenomena detection, as a multispectral

object detection task;

• The few methods that do treat the task as one of multispectral object detection do not seem

to be leveraging the advancements made in that field across other application contexts;

• The most recent methods for multispectral object detection tasks seem to feature at most

just 4 different images, with the large majority focusing on 2 different wavelengths;

Investigating the state-of-the-art of these fields allowed us to gain insight into the current

landscape of both MSOD and sunspot detection, setting the stage for the development of this

dissertation with a focus on addressing the lack of generic and scalable implementations and con-

textualizing sunspot detection as a multispectral object detection task, aiming to utilize better the

potential of the data that we have at our disposal.
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Problem Statement

In this chapter, we outline the problem and hypothesis we are addressing by first defining them

and then delving into the particulars of the methodology used to validate our hypothesis.

4.1 Problem Definition

Modern deep learning computer vision techniques can be used to improve performance when

detecting sunspots by leveraging multiple different wavelength images simultaneously and uti-

lizing novel fusion methods to combine the features of each image.

As we have seen throughout the previous sections, when studying the Sun and its multiple phe-

nomena, a common task is to detect said phenomena, be it through the usage of solar images or

other analytical methods; this task is especially common for sunspots, which given their deep re-

lationship with many of the other solar phenomena are prime candidates to the early stages and

detection and prevention of solar activity that can disturb human activities on Earth, in the case

of power outages, and even space endeavors, such as in space astronauts and satellite communi-

cations. [64] With this in mind, and to learn more about the star, multiple different approaches to

sunspot detection and counting have been employed over the years, in particular to the images we

gathered: from manual counting, to simple mathematical transformations and machine learning

approaches [18] [8], to, more recently, more sophisticated deep learning models [31] [11]. The

fact is that, despite this long history and the multiple different methods employed, there have been

some considerable restrictions to the type of data that is being used to evaluate such intricate and

correlated processes. To date, most approaches solely use HMI, intensitygrams, although many

modern instruments currently deployed in these satellites can image sunspots utilizing different

tools [63]. This scenario highlights the fact that we may perhaps be passing out on utilizing the

data we already have available to its fullest potential, within the best of our capabilities.

With developments in computer vision and deep learning methodologies achieved over the

past decades, powerful and sophisticated models have never been as accessible, and within the

outline of the aforementioned situation, the opportunity of building or adapting a model capable

of combining multiple solar images to detect sunspots poses itself as an interesting problem, also

33
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creating an opportunity to bridge state of the art computer vision methodologies, in particular,

multispectral object detection, with the studies of solar phenomena. Furthermore, it would be

ideal that this model, in particular, could be moldable and adaptable to a variety of scenarios, both

directly related to sunspot and solar phenomena detection, and even potentially to other scientific

areas where it can be of use.

Once we explore the nuances of multispectral object detection, questions regarding the mech-

anisms connected to this domain, the methods used to fuse multiple features, become paramount

considerations to the overall performance and capabilities of the model, creating yet another

prominent issue to be addressed.

Given this problem, we can delineate the following research questions for this thesis:

RQ1 How does the type of solar image used (electromagnetic spectrum wavelengths) influence

model performance?

Satellites take pictures of the Sun in several different wavelengths of the electromagnetic

spectrum, which show several correlated solar phenomena; how can they affect sophisticated

machine learning models?

RQ2 How does combining images from different spectra affect model accuracy?

Many current methods for sunspot detection only use a single image as their input; what

could we achieve by combining multiple available images as a feature of these models?

RQ3 How can advanced multispectral object detection techniques be applied to the task of sunspot

detection?

Contextualizing the sunspot detection task within the computer vision field of multispectral

object detection (MSOD) opens up the possibility to implement some of the sophisticated

solutions from this field; how can MSOD techniques aid in an automatic sunspot detection

task?

4.2 Methodology

We must have a well-defined procedure to ensure the development of the solutions and the execu-

tion of the necessary experiments that answer our research questions and validate our hypothesis

are properly structured and sound, ensuring our results come about not from chance but from a

thought-out approach. We split the entire process into three parts: dataset, model, and fusion;

however, these were not static phases of the entire work, but instead, the whole of the presented

process came about through constant iteration and incremental evolution of certain parts.

4.2.1 Dataset

We created a personalized dataset containing images for the specific task of multispectral object

detection, which by its definition necessitates multiple wavelength images of the same objec-

t/event, that is to say, the same object, from the same position, in the same time frame. Taking
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into account the size and time scale at which we operate when dealing with this type of solar phe-

nomenon, images from the same satellite taken roughly within the same time interval are suitable

for the creation of such a dataset. We need a dataset that features multiple wavelength images

of the same solar event in a particular time frame. Furthermore, given the nature of an object

detection task, a supervised training one, we also require annotations of the targets in the images.

Unfortunately, no datasets with these specifications are immediately usable. This puts us at a

crossroads, either:

• generate a new dataset from scratch, having to fetch both images and annotations from large

space data aggregators, such as the HEK database, which then need to be validated, and

whose events must first and foremost be picked;

• bootstrap the process from a pre-existing dataset, which may not include all of the wave-

lengths we aim to use, but is a basis of both annotations and events to complement.

While the first option is certainly feasible and has its merit, even if simply by creating an

entirely new dataset, and potentially tools to extend/create more datasets, we elected to go for the

latter option, as it would otherwise represent too much of a time and effort investment to something

outside of the goals of the dissertation.

We started from the DeepSDO dataset [12], developed by the KDC in 2021, which features

images from the SDO satellite from 3 different solar phenomena alongside annotations that have

been validated by a team of astrophysicists. Such a basis of work provided us with a set of not only

images but, most importantly, annotations, which we then built a script around to fetch different

wavelength images from the JSOC database, utilizing SunPy [73] alongside its drms [29] package

and performing any necessary alterations. In particular, we complemented DeepSDO’s annota-

tions with 3 different images, HMI Ic, the same as the original dataset, and AIA 211 and 335,

seeing as these are the only SDO images that feature the sunspot phenomena we aim to detect.

4.2.2 Model

Developing a personalized own implementation of a network was an interesting proposition and

challenge, however, upon investigating the state of the art in the particular field of sunspot and ac-

tive region/solar phenomena detection, a gap was found where no solutions leveraging the YOLO

architecture were developed or adapted, an architecture that has not only evolved throughout over a

decade now, but also remained in the zeitgeist of many developments in different computer vision

tasks and fields, while being characteristically performant and efficient.

Looking into the specifics of implementing YOLO in a multispectral object detection task

inevitably leads to the search for efforts in utilizing this architecture in dual-stream, or even, and

more of our interest, multi-stream scenarios, where, despite some results, the particular challenge

posed by utilizing 3 different images had no previous implementations or proposed solutions.

After experimenting and studying some implementations for dual-stream object detection tasks,

a multi-stream modular YOLOv5 was done based on Ultralytics YOLOv5 [42], not only due to
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its popularity, but most importantly its usage for many different tasks [28], the existence of some

openly available dual-stream implementations [86], and the ease of access to the original’s source

code and good documentation.

An important goal going into this adaptation was to keep everything as generic and close to

the original as possible, meaning that the code should:

• be similar to the style of the Ultralytics team, readable and well structured;

• allows for any number of input images, meaning that not only should it be backwards com-

patible with 1 image, but also be able to adapt to 3 or more images;

• minimize changes to the codebase, ensuring that alterations are only made to the most es-

sential parts of the process.

(a) Basic/single image YOLO method

(b) YOLO early fusion diagram — fusion is the
first operation of the network, before the backbone,
which makes the overall network closer to a regular
YOLO architecture

(c) YOLO late fusion diagram — where fusion is
done after the backbone, omitting the connections
between the middle of the backbone and the fusion
module for simplicity

(d) YOLO mixed/middle fusion diagram — high-
lighting the complexity and connections between
the backbone and the fusion module

Figure 4.1: Simple diagrams of the different YOLO fusion methodologies

The philosophy of keeping our code as close to the original as possible extends to the imple-

mentation of the fusion methods, which are kept as modular as possible, and, while they may be

in of themselves developed specifically for a certain input type or even number of inputs, they are

ultimately much like any other module utilized in the model. This implementation allows not only

for easy iteration but also integration of them into the network, while keeping them close to the

already documented and well-understood “vanilla” YOLO models. However, this comes at the

cost of a flexible fusion method, meaning that modules with the currently implemented methods

follow one of 2 options:
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• Early fusion — a single module is run directly on the image inputs of the network;

• Late fusion — a list of fusion modules is used, where each module takes in an input from

some step of the backbone, fuses those features, and passes them onto the neck and head.

These implementations allow for a certain degree of flexibility, but never achieve the level

of granularity or control only possible with a dedicated implementation, for instance, only using

the last layer of the backbone for late fusion. In particular, an implementation for a middle fu-

sion methodology is missing, not only due to the increased difficulty in implementing such an

approach, but also given the variety of possible ways that such implementations end up interacting

with the network as a whole, where values may be passed to other fusion modules, back to the

backbone, or to the neck, and even any combination of the former, effectively becoming mixed

fusion approaches, which are even more difficult to model in such a generic way.

To achieve better training times and take advantage of the underlying network of YOLO that

is being utilized, transfer learning was implemented for both fusion methods. While this is built

into Ultralytics YOLO, and more specifically PyTorch [56], achieving proper transfer of weights

for the altered networks of early and late fusion requires a more involved process.

An important part of our approach to properly evaluate our models was to avoid altering the

underlying YOLOv5 model implementation, allowing our evaluation to focus on the impact of

the fusion mechanisms at play rather than the particularities of the overall model. A key part of

this process was the statistical analysis, which set a proper basis for comparison and was overall

decisive in our understanding of the results.

The implementation details of the entire process are discussed further in Section 5.

4.2.3 Fusion

Fusion between the different features is governed by the particular fusion module used, allowing

for faster iteration of possible solutions. In this section, we explore the rationale behind each of

the developed and implemented fusion modules, as well as presenting a possible structure for a

module. Other than the final modules presented in this section, we attempted to adapt and feature

other modules during development, such as GMD-YOLO’s Multilevel Fusion (MLF) module [68].

In MLF’s particular case, we were not able to find a source for this paper’s code or re-implement

their proposed module.
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4.2.3.1 CatFuse

Figure 4.2: CatFuse module diagram

The first, and simplest, module developed concatenates inputs along the 1st dimension and passes

them through a convolutional layer with a kernel size of 1, preserving the image dimensions while

adjusting the depth of the image to match the intended depth for the next layer.

4.2.3.2 CBAMC

Figure 4.3: CBAM module fusion module adaptation diagram

Inspired by previous research made in the specific field of sunspot object detection [51], we im-

plemented and adapted a Convolutional Block Attention Module (CBAM) for feature fusion. Un-

fortunately, this previous research did not delve into the specifics of their implementation, nor did

it provide any source code; as such, and upon searching for more implementations of this attention

module in this context, without any luck, we developed the structure presented in Figure 4.3. We

take each image and feed it into the CBAM module, with the goal of enhancing through attention

the more relevant features before concatenating the result.

4.2.3.3 TransEnc

Figure 4.4: Transformer encoder implementation based on the proposed module



4.2 Methodology 39

Based on the CFT Fusion module from MOD-YOLO [65] and further inspired by the original

Attention is All You Need transformer [75], this module uses a transformer’s encoder to fuse the

incoming features. As with any transformer adjacent implementation, the first step of embedding

is quite important, taking a page from ViTs, we encode the features via patch embeddings [74],

this process splits the original input into patches, where each patch is a part of the fully encoded

tensor, we add a positional encoding to this tensor. The encoder is quite simple, being directly

inspired by the original Attention is All You Need paper, much like in MOD-YOLO.

A tentative implementation for a more complex module was conceptualized but never fully

realized once the limitations became apparent. This implementation would ideally utilize cross-

attention, much like CrossViT [20], to its full advantage and merge features similarly to what we

find in DeepFusion [46].



Chapter 5

Experimental Procedure & Results

After completing an all-encompassing look at the methodology undertaken for this work, this

chapter will extend that focus into the particular details behind, and in order: the dataset creation

process, the model and fusion modules development process and details, and the strategy followed

for training and evaluating the models.

5.1 Dataset Creation

Figure 5.1: Dataset creation workflow

Dataset creation was done via a Python script, which was built incrementally as different features

were needed for the entire process. In its most basic use case, the script offers options to take in the

original dataset of full-disk solar images and annotations, specifically DeepSDO’s, and, utilizing

the name formatting convention defined by the original authors, <YYYYMMDD>_<HHMMSS>

_SDO_<Instrument>_<Wavelength/Type>_512, extracts the necessary information to identify

that sunspot observation, more specifically, the date and time. DeepSDO includes both “train”

and “test” datasets, which we made full use of both, creating our training dataset from the corre-

sponding “train” data and using the original “test” dataset as our validation dataset, meaning that

40



5.1 Dataset Creation 41

the entire process described in this section is done once for each split, training and validation, with

the entire process for one of these shown in Figure 5.1.

The identifying information is then used to fetch the closest possible image to that timestamp

in the JSOC database [2]. This database features a multitude of different data and can be accessed

through SunPy’s drms [29] package, which offers a powerful Python interface for requests to this

database, making its integration with the remainder of the processing of the script much easier

and seamless than many other alternatives, such as direct querying through SunPy’s Fido data

search and retrieval tool or direct HTTP requests. The tool selected also comes with the benefit

of retrieving images already in an image file format, instead of the common FITS format used for

many solar images, which in turn reduces the amount of processing we must do for each image.

The flexibility of this image retrieval method makes it effortless to fetch whatever instrument and

wavelength images we need.

Initially, seeing as the particular base dataset we selected for the project, DeepSDO, features

full-disk images of different solar phenomena, and our focus lies solely on sunspot detection, using

the script, we discarded all instances of non-sunspot observations from the original dataset, a task

made easier by the fact that all relevant data was adequately annotated as HMI_Ic. This initial

preparation step allowed us to more easily iterate through the original dataset.

For this project, we aimed to create a dataset that featured 3 different types of images: HMI,

AIA 211Å, and AIA 335Å. These instruments/wavelengths were selected since these are the only

SDO images where sunspots are clearly and directly visible [57] [5]; this does not rule out the

possibility of other images from this satellite being useful to our goals. However, the chosen ones

set a good starting point for being the bare minimum picks for such. Complementing the sunspot

annotations was done by not only downloading AIA images in the necessary wavelengths but also

redownloading the HMI images, as opposed to reutilizing the images in the DeepSDO datasets.

Seeing as we will be using images from a potentially different source database from the original

dataset, it’s sound to make sure that all data being utilized is provided by the same source, as much

as it is possible, evidently.

Gathering the original annotations was, as previously stated, easy; however, these annotations

were in a PASCAL/VOC format [26] and, to use them for a YOLO model in mind, had to be

translated into this format. As such, the Pascal-VOC Python package was utilized. In addition to

properly handling annotation translation from these competing formats, the file and folder struc-

ture of the dataset had to be planned from the start to accommodate the particularities of how

images are consumed by YOLO’s dataloaders. Figure 5.2 illustrates the final file structure of the

multispectral dataset utilized.
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dataset

images

train

20100901_000000

AIA_211.jpg

AIA_335.jpg

HMI_Ic.jpg

20100902_120000
...

val
...

labels

train

20100901_000000.txt

...

val
...

dataset.yaml

Figure 5.2: Tree diagram of the file structure implemented to enable YOLO dataloaders to con-
sume multiple image files related to a single observation.

In order to ensure that annotations from DeepSDO remained consistent with the new images,

and despite JSOC having a multitude of resolutions available, images were downloaded at the

original 512 by 512 pixel resolution. While it would be possible to upscale the annotations and use

better resolution images, we elected not to do this as it raised concerns with the dataset and image

sizes, the latter need to be loaded into memory by the model. However, comparing the different

fetched images showed that AIA images and HMI images had the sun positioned at different scales

in the image; that is, on HMI images, the border between the edge of the Sun and the border of

the image was smaller than the same distance for AIA images. This would mean that annotations

on AIA images would be misaligned, effectively annotating that there is a sunspot where there is

no Sun or in a completely different place than their HMI counterparts; this phenomenon was not

present on the redownloaded HMI images. To combat this issue, a processing step was added to

AIA image fetching where the images are cropped by 35 pixels around all sides, which effectively

scales the sun to, sensibly, the same size as HMI images and eliminates the misalignment of the

annotations (see Figure 5.3). It is important to note that all of this is potentiated by the fact that

we are utilizing images from the same exact satellite, SDO, which in turn is extremely small in

comparison with the object being pictured, the Sun, and where the small discrepancies in the exact
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moment, or even the ever so slight position of the cameras, of the pictures being taken becomes

negligible, especially at these resolutions.

Figure 5.3: AIA 211 and HMI image overlayed, showcasing the spacing difference between the
Sun and the image’s border

Running the dataset creation script, despite our best efforts, is not 100% reliable or expeditious.

The script is prone to crashing due to connection timeouts with the JSOC database, which causes

the entire script to halt and must be resumed, necessitating the validation of its results. This

problem is only exacerbated by the large amount of time needed to download a single image,

taking anywhere from 30 seconds to several minutes, even upwards of 3 minutes, and, for the better

or worse, having multiple retry attempts, which all take a large amount of time. The possibility of

addressing this issue by parallelizing image download was posed, but it was eventually dropped,

seeing as JSOC necessitates an email address associated with each request, and each user is limited

to a single email address, making such an approach not only cumbersome but also unfeasible.

Validating the dataset was done, not only by manual inspection, but also by retrying the download

of all missing images; we were able to achieve this by verifying if there were any missing images

in their respective folders and only attempting to redownload those images, this was done until

the number of missing images remained the same between iterations. Taking all of the issues

just exposed into account, it took us several days to create and validate the dataset for both the

validation and training sets.

In the end, from the 3500 sunspot observations in the original DeepSDO training dataset, we



Experimental Procedure & Results 44

ended up retrieving 3397 instances, and from the 883 observations in the validation dataset, we

retrieved 861 results. The missing results were excluded as they were missing at least one of the

necessary HMI or AIA images. The possibility of reutilizing the original DeepSDO images at

this point was considered, as it would complete a few more observations; as previously discussed,

doing so would introduce images with different origins, which would introduce irregularities to

the overall quality of the dataset, something we were not happy with. This argument was further

compelled by the small number of results that it would add to the already quite respectable total.

From here, and for this dissertation in particular, we split up the multispectral dataset into its

3 image components, HMI, AIA 211, and AIA 335. All of the generated datasets are publicly

available over HTTP. 1

5.2 Model & Fusion Modules Creation

Figure 5.4: Diagram showing the overall flow of running the training script, including the transfer
learning logic added to accommodate MSOD

As discussed throughout Section 4.2.2, we aimed to build an adaptation of YOLO that not

only would be easy to modify and expand but also modular enough to serve as a generic test

bench for the different fusion experiments that are the centerpiece of this dissertation. In order

to tackle this challenge, it was important to have a good grasp on the inner workings of YOLO,

and most importantly, the implementation of Ultralytics, from the way models are built, to how

data is loaded, to how the training and validation processes work. As such, we looked at both

the original Ultralytics source code and some dual-stream approaches, with the initial intention

of using them as the basis for the remainder of the work, notably SuperYOLO [86]. Despite

not coming to fruition, this step was immensely important as by comparing and contrasting these

implementations, a mental model of how Ultralytics handles all of the different parts of the process

was incrementally built, with Figure 5.4 showcasing this procedure alongside the features added

to accommodate MSOD tasks.
1Datasets

https://zenodo.org/records/16029938
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Changes started from the creation and definition of the model, that is, the model configuration

file. YOLO uses a YAML file to declare and structure its models, which, just like our approach, are

defined by different modules that can be strung together to create the necessary components of a

YOLOv5 model. In this configuration file, a series of changes were made to the base configuration,

including new variables (a full example is provided in Appendix A):

• fusion_type - type of fusion, either “early” or “late”;

• ni - number of expected model inputs, which translates into the number of direct inputs for

an early fusion module and the number of backbones for a late fusion module;

• fuse_steps - list of indexes of the backbone where the inputs for the fusion modules come

from, only used for late fusion;

• fuse - list of fusion modules, in the case of early fusion, only one item must be given,

otherwise, in a late fusion instance, as many items as fuse_steps must be given;

The changes that were made for the fusion methodologies to work reach out to more than just

a few new variables, having effects particularly on the way the model’s segments are connected.

Before diving into the particulars, it is important to understand what the composition of a module

call inside a segment of a YOLO model looks like in its configuration definition. Ultralytics

YOLO divides its implementation of YOLO into a backbone and a neck (Figure 4.1a), where the

outputs of the first are fed as inputs of the second, through a list of saved states. To keep track of

which input is used where, module configuration calls have the following format: [from, number,

module, args]. The from item in particular corresponds to the index of the source of that input in

this section’s list of input values.

While in early fusion, no major changes are necessary, a module is run before the backbone,

which is then passed onto a regular YOLO architecture; in late fusion scenarios, the ordering of

values passed onto the neck and head are effectively different, where the values no longer come

directly from the backbone but instead from the fusion segment, and no longer have the regular

placement in the input list. This, in turn, means that the first N (where N is the number of fusion

steps done in the fusion segment) features passed onto the head are the results from the fusion

module, effectively changing the way that the backbone is indexed.

It is also worth mentioning that the fuse list’s modules should have their from values set to

the order in which they are expected to run, that is, the module that takes in the first tensor from

fuse_steps should be set to 0, and so on.

Once a means to properly alter the configuration and its parsing to build the model within the

requirements of the fusion methodologies implemented was implemented, we moved onward to

implementing the main logic of any model, the forward method. In particular, this method of our

model had to be especially thought out, as we aimed to allow regular YOLO architectures to work

within the same codebase as the fusion alternatives. Both of the implemented fusion methods

possess some particularities that require special attention.
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For early fusion, the process is similar to a regular implementation of YOLO, and it could even

be achieved by simply adding a module to the beginning of the backbone. But that is where the

peculiarities of multi-stream networks come in; the fact that there are multiple inputs presents a

big challenge, as PyTorch [56] and most other frameworks expect inputs to be single tensors, not

a group of them, even more so when we want them to accept a generic number of such inputs.

We resolved this issue by having the input tensor, when in a fusion network, have the following

shape: [Batch Size, N×Depth, Width, Height], where N is the number of inputs, which in our

dataset’s case is 3. Essentially, the input tensor is a concatenation of the different inputs along the

depth dimension, and by utilizing the information that the model gets upon creation, we can split

these inputs and process them accordingly if necessary. Late fusion illustrates this necessity as

inputs do not share the same backbone or initial module and are instead passed on to their own

backbone, where it is up to it to save the necessary layer results to then perform each fusion, once

all backbones finish, and from there the model proceeds as regular.

Despite not being implemented, for the reasons explored in Section 4.2.2, a tentative imple-

mentation of a middle fusion solution was explored and is presented in Algorithm 1. Please note

that this is a very simplified Python-inspired pseudo-code that only fulfills an implementation

where there is a single fusion module (supporting multiple would require keeping a list of them

and the index of the current one), which always feeds its output into the next backbone layer. This

highlights the complexity and multitude of different possibilities for this particular issue that can

be created, hence the difficulty in creating a generic implementation.

Algorithm 1 Cross Fusion
1: procedure FORWARD(x)
2: stops← [4,6,9] ▷ List of stopping indexes
3: backbones← [BB1, BB2, ...] ▷ List of backbones
4: f usion_module← F1 ▷ Fusion module(s)
5: f usion_results← [] ▷ List of fusion results
6: for idx in len(bacbkones) do
7: backbone_results← []
8: for backbone in backbones do
9: backbone_results← forward_once(backbone[idx], previous_fusion_results[-1])

10: if idx in stops then
11: f usion_results← forward_once(fusion_ module)
12: ... ▷ Continue as with any other methodology

A relevant detail and consideration that was also made at this point was the points at which

fusion would be done, in the case of late fusion. This is a relevant decision that will effectively

be big part of this particular methodology, as such, and keeping in mind the goal of altering as

little as possible of the underlying YOLO structure we elected to fuse on the very same layers that

YOLOv5 passes features to its neck, 4, 6, and 9, effectively creating an extra step between the

backbone and the head for these tensors in particular, this is better illustrated in Figure 5.5.
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Figure 5.5: Generic implementation of late fusion for YOLO; simplified diagram only showing
2 images, more inputs simply add more backbones and their respective connections to the fusion
modules

Moving on to the actual running of the model, our work began with handling the issues in-

evitably related to loading multiple images at once. This was simplified by the initial decision

on how to structure the dataset, which truly paid off at this point, seeing as differences between

loading an item, that is a folder, of a multispectral dataset is mostly the same as loading an image

of a regular dataset, borrow the need to iterate through the directory to collect all images in a list.

Images are kept as such, a list, as long as possible, as it allows us to easily implement mecha-

nisms such as image caching in RAM and on disk, as .npy files, which sped up model training.

Once an “image”, that is an instance of a multispectral dataset, is needed, it is then concatenated

on the depth dimension, as previously explained. It is worth noting that not all available dataset

enhancing mechanisms were implemented, namely:

• mosaics, that while seemingly possible, were left out due to their low priority and general

interest for the goals of this work;

• augmentations, which, given the particularities of sunspot detection, and more broadly,

solar phenomena, and their correlation with the physical characteristics and phenomena

inherent to the object of study, the Sun, may lead to undesired behaviour; in particular,

sunspots positions are correlated to their solar latitude, which may be altered by randomly

augmenting images;

These alterations can not hinder the possibility of running regular YOLO models, as such an

option was added to the dataloader constructor to signal if the dataset being loaded is multispectral.

This option is controlled by the script calling the training routine, and in particular, the loader, in

this project, the train.py script.

The training script had various changes made to it to simplify control over what type of model

is being run. In particular, several CLI options were added:
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• fusion - when present, indicates that the model being run is a fusion model;

• fusion-type - the type of fusion implemented in the model, “early” or “late”;

• tl-fusion - enables models to start their weights by transfer learning from a YOLOv5l

model’s weights;

While the first is used to inform the several parts of the process that do not, and should not,

have direct access to the model configuration, what their task should be, the latter two allow users

to enable the transfer learning implementation developed for fusion scenarios. This is a relatively

straightforward process for most models, but in multispectral fusion runs, this is not the case.

The current implementations are highly dependent on the particularities of the structure of the

implemented model and may not translate as well for more elaborate fusion methodologies or

models. For fusion under early methodologies, the dictionaries of both models, the multispectral

and the regular yolov5l models, are intersected, and those weights are used as starting weights.

Late fusion, on the other hand, requires a much more complex process, given the fact that they

have multiple backbones, the indexing of those modules in the general structure of the model

definition shifts dramatically, which requires manual intervention and debugging to properly set

up, for further details it is advisable to consult the source code. 2

The necessary changes to inform the validation and plotting scripts were simple, as they mostly

mirror passing the necessary values to the correct functions in order to mirror the changes enu-

merated throughout the present section.

For the validation script, another change was made to enable the script to store individual

image/instance metrics, which would be used further along for statistical analysis of results, as

discussed in the next section.

Lastly, seeing as fusion modules are akin to any PyTorch module, and are therefore developed

separately, there are not many noteworthy mentions other than the necessity to correctly alter the

configuration file, according to the structure set by all other modules ([from, number, module,

args]), and the very intuitive and simple process of adding a new module to the parser, which

simply entails writing its code in an accessible Python file and importing it in the yolo.py file.

5.3 Training and Evaluation

With the creation of the dataset and the development of the model, finalized models were trained

and evaluated using the train.py and val.py scripts, respectively. Development of all the previously

discussed solutions was done in a machine featuring 16GB of RAM, a Ryzen 7 1700X @3.4GHz

CPU, and an NVIDIA 1060 6GB GPU, whereas the training and evaluation of the models was

done in a more powerful machine, with 32GB of RAM, an Intel i7-14700 @5.4GHz CPU, and an

NVIDIA 4060 12GB GPU.
2Model repository

https://github.com/toni-santos/FUSE-YOLO
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As previously mentioned, three fusion modules were developed, with increasing complexity:

CatFuse, CBAMC, and TransEnc. All modules were run for both the early and late fusion method-

ologies, resulting in a total of six different runs. However, due to limitations in the processing

capacity of our machine, the run of the TransEnc module with a late fusion methodology was not

done, as it required more than 12GB of memory, hence exceeding the limits of the NVIDIA 4060

12GB graphics card. In all runs, no changes were made to the default hyperparameters of YOLO

other than the batch size, being reduced from the default 12 to 4, due to concerns with memory

capacity; additionally, runs were set for 1000 epochs, with a patience level of 100, enabling early

stopping and avoid overfitting and waste of resources and time. The following command, adapted

to the correct methodology, was used:

$ python3 train.py --weights ’’ --cfg

[early_<module>.yaml|late_<module>.yaml] --data DeepSDO.yaml

--epochs 1000 --imgsz 512 --fusion --fusion-type [early|late]

--tl-fusion --batch-size 4 --save-period 100 --single-cls

Listing 5.1: Command for running fusion models, values in square brackets changed between

corresponding options

Once we had finished development of all modules and features, and we were confident of the

stability of running the model, we created a simple script with the previous command to run all of

our experiments in a batch.

As for the baselines, thanks to our approach to structuring the dataset as well as the effort to

make our model agnostic to the number of inputs, it was trivial to run them, with only some small

tweaks necessary to the previous command.

$ python3 train.py --weights yolov5l --cfg yolov5l.yaml --data

DeepSDO_[HMI|AIA_211|AIA_335].yaml --epochs 1000 --imgsz 512

--save-period 100 --single-cls

Listing 5.2: Command for running baseline models, values in square brackets changed between

corresponding options

This also allowed us to validate that our generic implementation does work, and we can run

models of multiple inputs using the same script.

In order to properly and critically evaluate the results of our models, we conducted a statistical

analysis test utilizing the Friedman test [23] alongside the Wilcoxon post-hoc test [78]. These

methods were selected due to being particularly suited to our data and the type of relationship we

wanted to evaluate among all our models. The Friedman test is suited for nonparametric data, as

is the case with the distribution of sunspot observations within the time range of our datasets, and

ranks 3 or more measurements, in our case models, according to the differences between them.

This method does not give any indication of which of the models outperforms the others or the
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relationship between them; it simply indicates if there are any statistically significant differences

between them. For that purpose, we utilize the Wilcoxon post-hoc test, which can be applied once

we know there are in fact differences between our models, and gives us pair-wise comparisons. In

both cases, it is important to know that the null hypothesis is: “There is no significant difference

between measurements”.

The first step of this process was gathering per-instance metrics, which meant altering the

validation script and adding this functionality once the script is run in non-training mode. A prob-

lem we faced at this time was gathering meaningful results, seeing as YOLO always does a set

number of detections, by default 300, and then ranks them based on the prediction’s confidence,

only picking the best ones, meaning that to get accurate individual metrics, we needed to impose

a minimum confidence bound at 0.25, avoiding near 0 confidence values and getting similar re-

sults as that what the model would get in aggregate detections. Furthermore, a specific metric

is required for this process; we elected to use the F1 score, since it balances both precision and

recall, offering a more holistic evaluation of each model’s results. Once we had gathered these

results, we were able to use them in an adequate Python script and utilize methods provided by

the scikit-posthocs [72] and SciPy [76] packages to compute both of these tests.

5.4 Results

In this section, alongside the baseline set by running the model using just a single wavelength

that make up our whole dataset, akin to a regular object detection task, we explore the results of

the 5 setups we experimented with, that is, all combinations between our fusion mechanisms and

the fusion methodology, except for TransEnc and late fusion. We will begin by discussing our

baseline, helping us contextualize the remainder of the work, followed by a statistical analysis of

the results.

5.4.1 Baseline

Image Type Precision Recall mAP@0.5 mAP@0.5:0.95 Training Time (h)

HMI 0.89 0.88 0.92 0.50 1.325
AIA 211Å 0.63 0.61 0.62 0.23 1.289
AIA 335Å 0.69 0.54 0.58 0.24 1.532

Table 5.1: Baseline results

Utilizing the YOLOv5 large (yolov5l) model with pretrained COCO weights as a basis proved

to achieve some respectable results (Table 5.1), specifically with HMI images. This fact is in ev-

erything to be expected, as it aligns with the already widespread usage of this type of images in

sunspot detection past research; however the results for the both AIA images should not be disre-

garded, even though, these are below the level of HMI images, they certainly indicate the ability of
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the network to learn relevant sunspot patterns in these images. An important consideration when

evaluating any deep learning model is training time, which for each of these models was between

1 and 1.5 hours. Meaning that the simplest implementation can present itself as an interesting

possibility for a basis for further work or simple experiments.

5.4.2 Fusion

Module Precision Recall mAP@0.5 mAP@0.5:0.95 Training time (h)

Early CatFuse 0.90 0.90 0.94 0.52 2.156

Early CBAMC 0.90 0.89 0.94 0.53 2.693

Early TransEnc 0.84 0.81 0.85 0.41 3.667

Late CatFuse 0.87 0.76 0.79 0.39 5.031

Late CBAMC 0.86 0.79 0.80 0.40 4.815

Table 5.2: Fusion results

Table 5.2’s results show that our models were not able to significantly outperform the baselines set,

with the definite highlights being early fusion, in particular, CatFuse and CBAMC. This can most

certainly be interpreted as a surprising result given the simpler architecture of these models, with

TransEnc not showing any beneficial gains from its implementation of a more sophisticated atten-

tion model than CBAMC. Late fusion proved to be a disappointing approach, especially given its

complexity and more thorough fusion mechanisms, which actually happen several times over the

course of the entire model rather than just once at the very beginning, which would mean a more

model-significant conversion of data into features and potentially better results, this complexity

also came at a larger time to train.

5.4.3 Statistical Analysis

As discussed in Section 5.3, we conducted a statistical analysis of our model’s results utilizing

the Friedman test, and once we recognized we had gotten statistically significant differences be-

tween our models, we then further analyzed the relationship between all models via the post-hoc

Wilcoxon test. This process, despite being unexpectedly uncommon among other YOLO research,

was key to understanding the relationships between our different yet close results.

First, performing the Friedman test on all of our models yielded a p-value of 7.12e−237, mean-

ing that there is a very relevant difference between our models, considering the common target

p-value of 0.05. With the null hypothesis rejected, we proceeded to the Wilcoxon post-hoc test

in hopes of understanding the pair-wise differences between our models. Table 5.3 contains the

results of the Wilcoxon post-hoc test.
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Base HMI 1.00 2.57e−74 2.00e−78 0.67 0.67 3.52e−13 2.31e−12 8.97e−11

Base AIA 211 - 1.00 1.72e−04 2.80e−72 6.26e−74 5.25e−33 5.55e−27 7.48e−31

Base AIA 335 - - 1.00 9.94e−79 3.41e−82 5.32e−44 4.21e−39 1.80e−42

Early CatFuse - - - 1.00 1.00 2.79e−29 4.85e−21 2.79e−15

Early CBAMC - - - - 1.00 3.40e−30 7.13e−22 1.69e−15

Early TransEnc - - - - - 1.00 1.00 1.00

Late CatFuse - - - - - - 1.00 0.69

Late CBAMC - - - - - - - 1.00

Table 5.3: Wilcoxon post-hoc test results

Just as before, utilizing a p-value of 0.05, some of these results indicate some relationships

between our model’s results, such that we can create groups as follows:

• Best performers — Baseline HMI, early CatFuse, and early CBAMC can be grouped as

all of these modules are very similar (0.67 to 1.00) and outperform them, with HMI being

particularly different (0.67) than the early approaches;

• AIA approaches — Baseline AIA 211 and 335 are statistically different when compared

to all other approaches, however the p-value between them is higher, indicating a bigger

similarity;

• Worse performers — Early TransEnc, late CatFuse, and late CBAMC, all share high p-

values (0.69 to 1.00), that go in line with what we previously saw with the performance of

these models;

These results complement our initial assessment of the models, where we solely analyzed the

results of precision, recall, and average precision, and prompt us to further manually compare the

results in the actual detection images.
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(a) Early (b) Late (c) Labels

Figure 5.6: Detection results of the CatFuse module in both early and late scenarios, alongside
labels, where we can see the late model struggling to detect and the early model getting an almost
perfect detection

(a) Early (b) Late (c) Labels

Figure 5.7: Detection results of the CBAMC module in both early and late scenarios, alongside
labels, featuring the early model outperforming the late variant, and similar early result to CatFuse

(a) Early (b) Labels

Figure 5.8: Detection results of the early TransEnc approach, alongside labels, highlighting the
shortcomings of this model in capturing the larger sunspot structure
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This comparison, although quite difficult between models, shown in Figures 5.6, 5.7, and 5.8,

revealed some interesting details, such as differences between early and late CatFuse and CBAMC,

showcasing the issues with the late approach, and the poor results of TransEnc, where we can see

missing detections as well as trouble in avoiding detections of smaller structures similar to the

target.

Method Description Results

[11] Faster R-CNN adaptation for feature fusion ≥ 0.9 precision/mAP@0.5
(dataset dependent)

[63] Single wavelength YOLOv5 with Spectroheliograph
H-Alpha Images

0.9 mAP@0.5

[55] Combining different deep learning networks for sin-
gle wavelength detection (HMI)

0.66 Precision

[43] Multi-wavelength Faster R-CNN using different
AIA wavelengths (193Å, 171Å, 131Å)

0.3 mAP@0.5

Table 5.4: Results of other sunspot detection state-of-the-art models

Lastly, Table 5.4 presents some results of other models for the sunspot detection task. This

does not allow us to compare results, as no test bench has been developed to properly assess the

actual mechanisms behind the differences in results between ours and theirs. Consequently, the

difference in results could be entirely attributed to dataset differences or other phenomena. This

table does showcase that our results are in the ballpark of what would be generally expected of a

modern deep learning approach to this task.



Chapter 6

Conclusion

In this chapter, we conclude the present thesis by answering and discussing our initial research

hypothesis as well as the accompanying research questions. We also summarize and conclude

with the particular contributions this thesis has made, and we close by looking at some potential

future work in both the current field of solar physics and the larger deep learning space.

6.1 Hypothesis & Research Questions

Initially, we formulated the following research question:

Modern deep learning computer vision techniques can be used to improve performance when

detecting sunspots by leveraging multiple different wavelength images simultaneously and uti-

lizing novel fusion methods to combine the features of each image.

Our results have led us to conclude that modern deep learning computer vision techniques,

particularly in the field of multispectral object detection, are able to have a small positive impact

on the performance of a sunspot detection model, in our test case of roughly 2% to 3%. We have

shown and tested multiple different approaches, utilizing previously established methodologies

for both “When?” and “How?”, as well as successfully developing and adapting attention mecha-

nisms, especially in the case of CBAM, to the task of feature fusion. Furthermore, we conducted a

statistical analysis of our model’s results, utilizing adequate tools and validating our approach and

conclusions. As it was shown, and sustained by the statistical significance of our results, for this

particular task, the proposed approach is beneficial, being at least as good as the simplest method

of utilizing an HMI image in a regular object detection model, and showing results in tandem with

other sunspot detection models.

There is some room for improvement in the work we developed, not only could the dataset be

much larger, which would require sourcing both images and annotations from an additional source,

but we could also have investigated and explored more specialized fusion modules. It is also

important to keep in mind that our results are all based on the simplest possible implementation of

the YOLOv5 model, a model which not only has seen several new iterations and improvements in
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its successive versions, but also a model that can be greatly improved by, for example, changing the

convolution module used on its backbone [68], this would inevitably make it harder to properly

assess the contribution of the fusion methodology to the overall performance, requiring further

ablation studies.

We can now revisit and answer our initial research questions:

RQ1 How does the type of solar image used (electromagnetic spectrum wavelengths) influence

model performance?

We have been able to evaluate the performance of different electromagnetic spectrum wave-

length solar images’ impact on model performance, in particular, comparing the different

results we obtained in our baseline we can see that utilizing HMI images seems to be the

most effective way to conduct sunspot detection, while other images in which these phe-

nomena are present perform more poorly.

RQ2 How does combining images from different spectra affect model accuracy?

Our experiments have shown that combining different spectra images affects model accu-

racy, with varying results to the type of fusion method utilized. This fact does not necessarily

mean that utilizing these different images will hinder the quality of results of a model, but

rather that, in the particular case of sunspot detection, we were only able to see benefits

of utilizing multiple images in instances of early fusion utilizing the CatFuse and CBAMC

modules.

RQ3 How can advanced multispectral object detection techniques be applied to the task of sunspot

detection?

While we can apply and use multispectral object detection techniques in the task of sunspot

detection, these techniques, in particular fusion modules utilizing a transformer’s encoder

(Figure 4.4), did not have a positive effect on the overall model performance when compared

to the other modules. With these results, we are unable to confirm that for this task, such a

technique alone may be capable of improving the performance of a model.

6.2 Contributions

Throughout this document, we have elaborated and explained how we examined and planned an

approach to tackle the problem of utilizing different wavelength images for sunspot detection. We:

• established the landscape of the current state of the art of sunspot detection and ana-

lyzed the gaps in previous deep learning sunspot detection and multispectral object detection

literature;

• created and made available a new multispectral object detection dataset, featuring 3

different image types, by complementing a pre-existing dataset;
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• developed, and made openly available, a generic YOLO model capable of being adapted

to a multitude of different research fields and questions, laying the groundwork to address

one of the key issues in the field;

• developed and properly analysed 3 feature fusion modules alongside the impact of the

methodology behind the fusion of features, early or late.

6.3 Future Work

In this work, we have been able to establish a strong fundamental basis for both the development of

multispectral object detection models and solar phenomena detection research. As such, given the

dual nature of this research, we present some possible future directions found during the research

and the development of our solution.

The potential for studies more closely related to solar studies lies in three different areas:

combining tabular and image data, solar phenomena classification, and object tracking.

• Multi-modal and Physics Oriented Computer Vision — With a good starting point to

adapt YOLO to multi-stream tasks, it could be interesting to look into joining the image

data of our satellites with the numeric/tabular data that is also gathered by these very same

satellites. This could be used not only for image detection but also for more complex pre-

diction tasks. [13]

• Multiple Object Detection & Classification — YOLO is a very capable model that is also

able to do classification tasks, with the overlap of different solar phenomena being present in

different images and the correlations between them, it might be possible to adapt this work to

detect not only sunspots, but also solar flares, etc. in tandem with this it would be intersting

to build a more robust tool to download and build datasets for these tasks, not based solely

on previous annotations and datasets, but instead on date ranges and gathering, or even

creating, its own annotations. It could be interesting to adopt smaller and less performant

models to generate simple annotations that could then be used by the larger fusion model.

• Multispectral Multiple Object Tracking — One of the original ideas for this dissertation

was to track the movement of sunspots across a series of time-contiguous images, either

by building a network with some time tracking capabilities or utilizing videos. However, as

explained in the Literature Review (Subsection 3.1), we found some issues with this method,

mainly pertaining to the creation of the dataset, seeing as for such a task we would need

contiguous images or videos annotated, something that we were not able to find already done

and too complex to adequately generate and develop within the scope of this dissertation.

Regarding the computer vision and deep learning potential fields of further development found

during this work, we suggest either striving for an even more generic multispectral YOLO imple-

mentation or a further commitment to developing sophisticated fusion modules.
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• More Complex Multispectral Object Fusion Methodologies — As we have discussed

throughout this work, the implemented methodologies for fusion are quite simple, there is

then some clear space for improvement in this respect, either by adapting and refining our

presented basis to accommodate more complex methodologies involving middle fusion or

by developing some sort of translation layer between the complexity of the idealized model

and the configuration utilized for YOLO.

• Feature Fusion Module Development — There are many more complex and nuanced mod-

ules, using encoder-decoder approaches for instance, than the ones we have developed and

presented, this field could potentially yield better results not only for this task in particular

but also, given the modular nature of the solution, be adaptable to many other scenarios.
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Appendix A

YOLO Configurations

An important part of the development of our solution was to properly understand the inner work-

ings of YOLO, and in particular, of the implementation of both the configuration file and the

meaning of each option, as well as the methods behind the parsing and creation of the model from

such a configuration. In this appendix, we present an example of the implementation of a regular

YOLOv5 (yolov5l.yaml) model configuration and an example of the modified configuration file

with all the changes made for our solution.

# Parameters

nc: 80 # number of classes

depth_multiple: 1.0 # model depth multiple

width_multiple: 1.0 # layer channel multiple

anchors:

- [10, 13, 16, 30, 33, 23] # P3/8

- [30, 61, 62, 45, 59, 119] # P4/16

- [116, 90, 156, 198, 373, 326] # P5/32

# YOLOv5 v6.0 backbone

backbone:

# [from, number, module, args]

[

[-1, 1, Conv, [64, 6, 2, 2]], # 0-P1/2

[-1, 1, Conv, [128, 3, 2]], # 1-P2/4

[-1, 3, C3, [128]],

[-1, 1, Conv, [256, 3, 2]], # 3-P3/8

[-1, 6, C3, [256]],

[-1, 1, Conv, [512, 3, 2]], # 5-P4/16

[-1, 9, C3, [512]],

[-1, 1, Conv, [1024, 3, 2]], # 7-P5/32

[-1, 3, C3, [1024]],

[-1, 1, SPPF, [1024, 5]], # 9

]
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# YOLOv5 v6.0 head

head: [

[-1, 1, Conv, [512, 1, 1]],

[-1, 1, nn.Upsample, [None, 2, "nearest"]],

[[-1, 6], 1, Concat, [1]], # cat backbone P4

[-1, 3, C3, [512, False]], # 13

[-1, 1, Conv, [256, 1, 1]], # 14

[-1, 1, nn.Upsample, [None, 2, "nearest"]],

[[-1, 4], 1, Concat, [1]], # cat backbone P3

[-1, 3, C3, [256, False]], # 17 (P3/8-small)

[-1, 1, Conv, [256, 3, 2]],

[[-1, 14], 1, Concat, [1]], # cat head P4

[-1, 3, C3, [512, False]], # 20 (P4/16-medium)

[-1, 1, Conv, [512, 3, 2]],

[[-1, 10], 1, Concat, [1]], # cat head P5

[-1, 3, C3, [1024, False]], # 23 (P5/32-large)

[[17, 20, 23], 1, Detect, [nc, anchors]], # Detect(P3, P4, P5)

]

Listing A.1: Ultralytics yolov5l.yaml model configuration

# parameters

nc: 1 # number of classes

ni: 3 # input images (number of backbones)

ch: 3 # input channels

depth_multiple: 1.0 # model depth multiple

width_multiple: 1.0 # layer channel multiple

fusion_type: early # early or late

anchors:

- [10, 13, 16, 30, 33, 23] # P3/8

- [30, 61, 62, 45, 59, 119] # P4/16

- [116, 90, 156, 198, 373, 326] # P5/32

fuse: [

[-1, 1, CatFuse, [3]], # out_channels, number of inputs

]

# YOLOv5 backbone

# [from, number, module, args]
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backbone:

# [from, number, module, args]

[

[-1, 1, Conv, [64, 6, 2, 2]], # 0-P1/2

[-1, 1, Conv, [128, 3, 2]], # 1-P2/4

[-1, 3, C3, [128]],

[-1, 1, Conv, [256, 3, 2]], # 3-P3/8

[-1, 6, C3, [256]],

[-1, 1, Conv, [512, 3, 2]], # 5-P4/16

[-1, 9, C3, [512]],

[-1, 1, Conv, [1024, 3, 2]], # 7-P5/32

[-1, 3, C3, [1024]],

[-1, 1, SPPF, [1024, 5]], # 9

]

# YOLOv5 v6.0 head

head: [

[-1, 1, Conv, [512, 1, 1]],

[-1, 1, nn.Upsample, [None, 2, "nearest"]],

[[-1, 6], 1, Concat, [1]], # cat backbone P4

[-1, 3, C3, [512, False]], # 13

[-1, 1, Conv, [256, 1, 1]], # 14

[-1, 1, nn.Upsample, [None, 2, "nearest"]],

[[-1, 4], 1, Concat, [1]], # cat backbone P3

[-1, 3, C3, [256, False]], # 17 (P3/8-small)

[-1, 1, Conv, [256, 3, 2]],

[[-1, 14], 1, Concat, [1]], # cat head P4

[-1, 3, C3, [512, False]], # 20 (P4/16-medium)

[-1, 1, Conv, [512, 3, 2]],

[[-1, 10], 1, Concat, [1]], # cat head P5

[-1, 3, C3, [1024, False]], # 23 (P5/32-large)

[[17, 20, 23], 1, Detect, [nc, anchors]], # Detect(P3, P4, P5)

]

Listing A.2: Our early_catfuse.yaml model configuration
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