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Abstract

We use transfer learning for auroral image classification into the six classes "arc",
"diffuse", "discrete", "cloud", "moon" and "clear" or the two aggregated classes
"aurora" and "no aurora". This method achieves classification with near human-
like accuracy mostly limited by the disagreement on aurora classes among the
space physics community. A natural by-product of the classification process is a
numerical feature vector for each image that we found to be a good descriptor
of the image on a machine level. These features show potential for further
analysis of the images on a physical level, would allow for querying for images
in feature space for example to find similar images and offer a space-efficient
storage solution of images for preprocessing or collaboration between research
groups.
The classified images show potential for the future with regard to substorm
forecasting. Our experiments show that – based on predicted images’ classes
and later images’ features in combination with solar wind data – it is possible
to forecast the local onset of substorms; there is however a significant lack of
training data available to us that cannot be remedied easily.
In these experiments, we manage to independently confirm the findings of a
previous study investigating the forecasting of global substorms based on solar
wind data. Further collaborations in these areas could lead to a better and
improved model that unifies the potential of local forecasting with the already
proven precision of global forecasting. Research in unsupervised learning for
feature extraction might be an important step in this and similar processes to
further allow for easier collaboration and embed machine learning tools deeper
into space physics research.

Sammendrag

Vi bruker overføringslæring for å klassifisere nordlys i de seks klassene "arc", "dif-
fuse", "discrete", "cloud", "moon" og "clear" eller de to aggregerte klassene "aurora"
og "no aurora". Denne metoden oppnår klassifisering med nesten menneske-
lignende nøyaktighet, hovedsakelig begrenset av uenigheten om nordlysklasser
i romfysikk miljøet. Et naturlig biprodukt av klassifiseringsprosessen er en
numerisk egenskapsvektor for hvert bilde som vi fant å være en god beskrivelse
av bildet på maskinnivå. Disse funksjonene viser potensiale for videre analyse
av bildene på et fysisk nivå, vil tillate å søke etter bilder i funksjonsrom for
eksempel for å finne lignende bilder og tilby en plasseffektiv lagringsløsning av
bilder for forhåndsbehandling eller samarbeid mellom forskningsgrupper.
De klassifiserte bildene viser potensiale for fremtiden med hensyn til varsling
av substorm. Eksperimentene våre viser – basert på forutsagte bildeklasser og
senere bilders funksjoner i kombinasjon med solvinddata – at det er mulig å
forutsi den lokale starten av substormer. Det er likevel en betydelig mangel på
treningsdata tilgjengelig for oss som ikke kan rettes opp på en enkel måte.
I disse eksperimentene klarer vi uavhengig å bekrefte funnene fra en tidligere
studie som undersøker prognoser for globale substormer basert på solvinddata.
Ytterligere samarbeid på disse områdene kan føre til en bedre og forbedret modell



som forener potensialet til lokal prognose med den allerede beviste presisjonen
til global prognose. Forskning i uovervåket læring for funksjonsekstraksjon kan
være et viktig skritt i denne og lignende prosesser for ytterligere å tillate enklere
samarbeid og integrere maskinlæringsverktøy dypere i romfysikkforskning.
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Chapter 1

Introduction

Originating on the solar surface, the solar wind and Interplanetary Magnetic
Field (IMF) are the driving force of Space Weather Events on Earth. When the
solar wind interacts with the Earth’s magnetosphere, it can deform the Earth’s
magnetic field to a measurable degree and particles can precipitate onto the
Earth’s atmosphere to create phenomena such as the aurora.
Originally based on studies on images of aurora [1, 2], satellite observations
identified the model of substorms driven by the solar wind [3, 4]. During
the "growth" phase of a substorm energy is stored in the magnetotail, in the
"expansion" phase energy is suddenly released and the system returns to its
initial state in the "recovery" phase.
The main driver of energy storage is believed to be the coupling of the IMF with
the magnetosphere, however the solar wind velocity seems to be an important
factor as well [5, 6]. The mechanism triggering substorms is not identified and
there is still much discussion around it. Originally believed to be dependent on
a rapid northward turning of the IMF Bz component [7], substorms have been
found to occur during quiet times as well [8, 9, 10].
Visually, the aurora follows a pattern where it starts as a simple east-west arc,
becomes brighter and larger, expands poleward and breaks up into smaller,
chaotic structures [1]. Different mechanisms during a substorm can lead to
different ways of energy release, which in turn leads to different aurora [11, 12,
13]. The visual study of aurora has therefore been an important tool in auroral
research before satellites became available and still is to this day. For example
the University of Oslo operates all sky imagers taking pictures of the night sky
every few seconds in Ny-Ålesund and Longyearbyen on Svalbard, NASA operates
the THEMIS imager array in Canada and Alaska [14] and there is the MIRACLE
array in Fennoscandia operated by the Sodankylä Geophysical Observatory.
Altogether, hundreds of millions of images have been taken so far. Often they
can be summarised in keograms, which allows users to have a glance at a time
series of image data, identify potentially interesting times and then analyse these
more in-depth. This is however a quite superficial method and does not allow for
analysis of many events on a statistical level. Preprocessing image data with a
machine can drastically improve the time it takes to preprocess images, identify
interesting times and is more consistent in its approach than a human would be.
Before the advent of neural networks for image classification, Syrjäsuo and
Pulkkinen [15] determined the topological skeletons of the shape of aurora in
images to find images showing auroral arcs [16, 17]. They later used a kNN
classifier based on the images’ mean and maximum brightness to classify the
images into "aurora" and "no-aurora" [18] which they improved over the years
[19, 20, 21].
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1. Introduction

AlexNET’s approach to classify images using neural networks trained on graphics
processing unit (GPU) made many of the classical image classification methods
obsolete [22]. Deep neural networks nowadays allow us to classify images with
human-level of precision in a short amount of time. Clausen and Nickisch [23]
were the first to use transfer learning for classification of aurora images. In
transfer learning, a previously trained classifier’s knowledge is transferred to a
similar but different task. Because the classifier is already proficient in image
classification, it can be trained on smaller samples in shorter timeframes. This
method was picked up by Kvammen et al. [24] to remove non-aurora images from
their dataset and train a classifier on various classes of coloured aurora images.
The aurora’s distinct visual pattern during a substorm is still used as an identifier
for substorms [25, 26]. Because observations are not always possible due to
weather or the arctic summer, a list of substorms compiled using this method
is usually incomplete. Using a substorm’s geomagnetic footprint, we can also
identify them measuring deviations in the Earth’s magnetic field [5, 27, 28].
Understanding when and where various space weather events occur is important
for research and security reasons. If we can accurately predict the time and
location of space weather events, we will have better means to study them further,
for example by launching rockets into regions of interest, setting satellites into
safe mode or adjusting optical instruments’ field of view. There are however
also negative consequences, that need to be considered. The global navigation
satellite system (GNSS) relies on having an unobstructed view of the satellite
sending the signal. GNSS receivers calculate the distance to multiple satellites
by measuring the travel time of the signal. Ionospheric disturbances can change
the travel time by the order of microseconds, which gives inaccurate results
for the location or might lead to a loss of lock altogether [29]. Satellites in a
lower orbit might be subject to increased drag because the atmosphere heats up
and expands [30] and geomagnetically induced currents may affect conductive
man-made structures such as power lines, pipelines or communication cables
[31].
In recent years efforts have been made to forecast substorms or space weather
events in general. Maimaiti et al. [32] for example use a neural network to predict
substorms on a global level based on satellite observations of the solar wind.
In this Thesis I will present my work over the last three years. Sado et al. [33]
uses transfer learning to improve the previous classifier developed in Clausen
and Nickisch [23]. We evaluate several neural networks for their viability as a
feature extractor and then use these features to train a support vector machine
(SVM) for classification of aurora images. We find that the features extracted
by the neural network not only can be used for image classification but also can
be used to model physical properties aligned with the aurora. In Sado et al. [34]
we use the image classifier we developed before to classify four seasons of aurora
images. The classified images are then used to forecast substorms. Lastly, we
merge this technique with the one developed by Maimaiti et al. [32] to create a
forecasting model that uses global features such as solar wind and IMF data as
well as local information from ground based imagers.
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Chapter 2

Background
To physicists, many of the machine learning aspects of this project might seem
strange whereas the physics might be complex to machine learning researchers.
I will try and bridge this gap in the following chapter as well as possible
making both aspects understandable to researchers coming from either of these
backgrounds. A book by E. Camporeale, J. R. Johnson, and S. Wing, Machine
learning techniques for space weather, does an excellent job of going into more
details beyond my project’s scope and illustrates many great examples and the
benefits of using machine learning in space weather applications.

2.1 Plasma Physics

"A plasma is a quasi neutral gas of charged
and neutral particles which exhibits
collective behaviour."

F. F. Chen, Introduction to Plasma Physics
and Controlled Fusion

Plasma physics is a fundamental field of physics from which space weather
originates. I will give an overview of the most important terminologies used
here and how they are derived. Good works of standard literature that explain
the field of plasma physics and space weather more in depth are F. F. Chen,
Introduction to Plasma Physics and Controlled Fusion, M. A. Lieberman and
A. J. Lichtenberg, Principles of Plasma Discharges and Materials Processing,
A. Brekke, Physics of the Upper Polar Atmosphere and W. Baumjohann and
R. A. Treumann, Basic Space Plasma Physics.

2.1.1 Frozen-in Condition

Magnetohydrodynamics is a description of electrically conductive fluids such as
plasmas. First outlined by Alfvén in 1942 it unifies Maxwell’s equations with
fluid equations [40]. We will use this principle here to derive the concepts of the
"frozen-in condition" as well as magnetic reconnection.
The generalised Ohm’s law states that:

E⃗ + v⃗ × B⃗ = J⃗

σ
(2.1)

where E⃗ is the electric field, v⃗ the bulk velocity, B⃗ the magnetic field, J⃗ the
current density and σ the conductivity of the medium. We see that for infinite
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2. Background

conductivity such as in an ideal collisionless plasma, the right-hand side is zero
and we obtain:

E⃗ + v⃗ × B⃗ = 0 (2.2)

Using Ampere’s law:
J⃗ = 1

µ0
∇ × B⃗ (2.3)

With Maxwell’s equations we obtain:

∂B⃗

∂t
= −∇ × E⃗

= ∇ ×

(
v⃗ × B⃗ − J⃗

σ

)

= ∇ ×
(

v⃗ × B⃗
)

+ 1
µ0σ

∇2B⃗

(2.4)

The first term describes convection of the magnetic field, the second term
diffusion. Their relative strength can be measured via the magnetic Reynolds
number:

S = |∇ × (v⃗ × B⃗)|
| 1

µ0σ ∇2B⃗|
≃ µ0σv⃗L (2.5)

For highly conductive plasmas on large length scales it becomes very large and
the diffusion term can be neglected. We then obtain

∂B⃗

∂t
= ∇ ×

(
v⃗ × B⃗

)
(2.6)

The time variation of magnetic flux ϕ through a surface S moving with velocity
v⃗ and a closed loop L encircling the surface is a function of the time variation of
the magnetic field and the movement of the field:

dϕ

dt
=
¨

S

∂B⃗

∂t
· ds +

˛
L

B⃗ · (v⃗ × dl)

=
¨

S

(
∂B

∂t
− ∇ ×

(
v⃗ × B⃗

))
ds

= 0

(2.7)

In equation 2.7 Stoke’s theorem is used to rewrite the second term. We can see
that the flux does not change.
The effects of this frozen-in condition are visualised in figure 2.1. Panel (a)
shows a highly conductive blob of plasma in a magnetic field. Because the initial
magnetic field is frozen into the blob, it drags the magnetic field lines with it
when it starts moving (b). In panel (c) we see a similar but unmagnetised blob
entering a region with a magnetic field. This time the field lines are pushed out
of the way of the blob (d).
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Space Weather

Figure 2.1: Effects of the frozen-in condition. A highly conductive blob of
plasma (oval shape moving left to right) is shown moving out of (a and b) or
into a magnetic field (c and d) which is shown as the vertical bars. When the
initial blob of plasma is created, the externally present magnetic field is frozen
into the plasma (a). The moving blob takes the field with it and distorts the
external magnetic field lines (b). When an unmagnetised plasma (c) penetrates
a region with a magnetic field, it deforms the field lines (d). From [38] p. 43.

2.1.2 Magnetic Reconnection

When two antiparallel magnetic fields meet they form a region of near infinite
curl in the boundary region. Ampere’s Law dictates that they form a current
sheet between them. Both plasma regimes in combination with the current
sheet exert a force towards the current sheet. These current sheets are typically
very small which leads to small magnetic Reynolds number in this region. The
frozen in condition can break down, magnetic flux is not conserved and the two
opposing fields can merge. When this occurs, the two antiparallel field lines
will snap together and form two new field lines which are not connected. The
magnetic force exerted by the plasmas pushes these new field lines perpendicular
outwards, away from the location of reconnection. The plasma attached to these
new field lines again obeys the frozen-in condition and can be accelerated to
very high velocities. Magnetic reconnection is visualised in figure 2.2.

2.2 Space Weather

Space physics is the study of naturally occurring space phenomena in our solar
system. Space Weather as a field within space physics focuses on the interaction of
the solar wind with near Earth space. We are especially interested in phenomena
caused by interactions of the solar wind with the Earth’s magnetosphere.

2.2.1 Solar Wind and Interplanetary Magnetic Field

The Sun’s emissions are not only in the form of electromagnetic radiation in
the visible spectrum, but also in ultraviolet and infrared and in the form of
electrically charged particles. These particles are what makes up the solar wind,
which is blowing at any given time, no matter the Sun’s conditions. Solar flares
are regions of intense electromagnetic radiation on the surface of the Sun often
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2. Background

Figure 2.2: The principle of magnetic reconnection. Antiparallel magnetic
field lines are shown as the horizontal lines at the top and bottom of the two
figures going right to left or left to right respectively. A thin but strong current
sheet forms in the boundary layer because of Ampere’s Law. In this region
the magnetic Reynolds number becomes small, magnetic flux does not have to
be conserved and the frozen-in condition can break down. Magnetic field lines
can reconnect and the forces exerted by the magnetic fields and current sheets
accelerate the plasma outwards, away from the region of reconnection. (a) shows
this before reconnection occurs, (b) during reconnection. From [38] p. 163.

accompanied by coronal mass ejections where large masses of magnetised plasma
are ejected from the Sun. More intense solar flares are partially linked to regions
of higher magnetic activity, called sunspots. The strong magnetic field impedes
convection, causing these areas to cool down and appear darker compared to the
surrounding areas. The amount of sunspots varies in an 11-year-cycle from solar
minimum with almost no visible sunspots to solar maximum showing several
tens or hundreds of spots. Figure 2.3 shows the sunspot count over past few
centuries. The first cycle starts after the beginning of good documentation in
the year 1755.
The number of sunspots is often positively correlated to measurable phenomena
in the solar wind or solar radiation and the Sun is often more active during solar
maximum than during solar minimum.
The conditions for the solar wind to reach the Earth are that the speed with which
the particles travel has to be great enough to overcome the Sun’s gravitational
potential. Treating the solar wind as an ideal gas, neglecting viscosity and
magnetism, one arrives at the conclusion, that the solar wind originates on the
Sun at sub-sonic speeds and accelerates to supersonic speeds before reaching the
Earth. Travelling with a velocity of around 400 km s−1 this takes about 4 days
[38].
This solar wind is a highly ionised plasma and is therefore highly conductive.
Magnetic field configurations present during the formation of a region of plasma
will therefore be "frozen" into the plasma as shown earlier. A magnetised blob
of plasma leaving its original region will carry the magnetic field with it, an
unmagnetised blob penetrating a magnetised region will dent the field lines of
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Figure 2.3: The amount of sunspots varies in an 11-year-cycle. The quality
of the data before 1748 is poor, and observations are more sporadic, hence it
is printed in red. The green observations afterwards are given as the monthly
mean of the sunspot numbers. During the Maunder minimum, the cycle can still
be observed even though the total number of sunspots is low. Original image
from [41].

that region [38].
Because of the Sun’s rotation, the magnetic field that is frozen into the solar wind
traces the form of an Archimedean Spiral, also called the Parker Spiral. In the
Earth’s orbit, the angle of the IMF relative to the Earth’s orbit is approximately
45◦ [38]. There are several conventions on how to formulate a coordinate system
to study the solar wind. One of these is the geocentric solar ecliptic system
(GSE). In the GSE the x-axis points from the Earth to the Sun, the y-axis is
in the ecliptic towards dusk and the z-axis perpendicular to the ecliptic. This
coordinate system is visualised in figure 2.4. We can see that when the IMF is
pointing away from the Sun, By turns positive, when it is pointing towards the
Sun By turns negative.

2.2.2 Interaction with the Earth’s Magnetic Field

The Earth is enveloped in a strong magnetic field. In its simplest form, this
magnetic field can be approximated by a large bar magnet placed in the Earth’s
core, tilted at an angle of about 10◦ relative to the Earth’s axis of rotation. The
locations where the axis of this virtual rod breaches the surface of the Earth
are called the geomagnetic poles. The magnetic north and south poles are the
locations where the magnetic field points vertically down. If one held a compass
needle that was able to move in 3 dimensions, these are the only points where it
would point straight down or up. The locations of the magnetic poles do not
align with either the geomagnetic poles or the geographic poles and both types
of magnetic poles are changing location over time. This is illustrated in figure
2.5.
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Figure 2.4: The geocentric solar ecliptic coordinate system of the interplanetary
magnetic field. The x-axis points from the Earth towards the Sun, the y-axis is
in the ecliptic plane pointing towards dusk and the z-axis is perpendicular to
the ecliptic. The coordinate system rotates with the Earth around the Sun. Due
to the frozen in condition, the solar wind’s magnetic field encounters the Earth
at an angle of approximately 45◦ relative to the Earth’s orbit. From [38] p. 47.

Figure 2.5: The locations of the magnetic, geomagnetic and geographic north
poles. The magnetic pole is located where the Earth’s magnetic field points
vertically up or down, the geomagnetic pole is the location where the virtual bar
magnet’s axis located in the Earth breaks through the surface. The figure also
shows their historical and projected locations. From [42].
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As we introduce before, the solar wind is magnetised and contains electrically
charged particles. When it reaches the Earth, it will interact with the Earth’s
own magnetic field. These interactions are summarised in figure 2.6. The relevant
markings on that figure will be explained in detail.
The solar wind arrives from the Sun left of the figure. When it reaches the Earth
with its magnetic field, the solar wind is compressed, which creates a shockfront.
At this location the speed of the solar wind changes from supersonic to subsonic.
Without the presence of interplanetary medium or other similar influences, the
Earth’s magnetic field would be mostly symmetric. The flow of the solar wind
drags the magnetic field with it and creates an asymmetry, where the field on
the sunward side is compressed and the field on the away side stretched into the
magnetotail. Note that the magnetic field lines downstream are mostly parallel,
but the northern and southern lines point in opposite directions.
The IMF that is carried by the solar wind can interact with the magnetic field
in the magnetosphere. It merges with the Earth’s magnetic field on the sunward
side. The modified field is carried around the Earth’s poles towards the nightside.
On the nightside, the opened field lines reconnect and are carried around the
sides back towards the dayside in their natural configuration. This is called the
Dungey cycle [43].
The deformation of the magnetosphere has a measurable impact on the magnetic
field on the ground. The way the magnetosphere reacts with the solar wind
depends on the parameters of the solar wind such as the strength and orientation
of the magnetic field or the solar wind’s particle density and velocity.
One such interaction that is not yet fully understood and that we are attempting
to study further are substorms. In a substorm, energy is first stored in the tail
of the magnetosphere as part of the growth phase. This energy is suddenly
released in the expansion phase when magnetic field lines reconnect, which
causes particles to be accelerated towards and away from the Earth. Finally,
the magnetosphere returns to its steady state in the recovery phase. Although
the solar wind is the main driving force behind substorms, the exact mechanism
that causes energy storage and release are disputed. [5, 6, 7, 8, 9, 10]

2.2.3 Aurora and All Sky Imagers

The aurora is a direct consequence of Space Weather. The particles that
precipitate down towards the Earth during a substorm excite particles in the
atmosphere which in turn release their energy in the form of visible light. Different
wavelengths of light or shapes of the aurora correspond to different processes. A
good overview of these is provided by Knudsen et al. [45]. Thereby the aurora
give us great insight into the phenomena in near-Earth space and are one of the
many tools we can use to study such phenomena. In order to do this, all sky
cameras are placed in strategic locations all around the world to capture the
aurora during different times. The presumably biggest array of cameras is the
THEMIS array operated by NASA with cameras in Canada and the northern
US, covering most of that area. Figure 2.7 shows the locations of the cameras.
The circle of coverage is projected at a projected altitude of 110 km.

9



2. Background

Figure 2.6: Schematic of the solar wind’s interaction with the Earth’s magnetic
field. The solar wind arrives from the left. When hitting the Earth’s magnetic
field it is compressed and forms a shock front. The Earth’s magnetic field is
deformed, compressed on the sunward side and elongated on the other to form
the magnetotail. From ESA and C. Russel [44].

The University of Oslo operates cameras on Svalbard and Northern Norway and
the Finnish Meteorological Institute operates the MIRACLE array in Finland.
To achieve the best coverage, most cameras are taking images every few seconds.
Since the inception of these systems in the early 2000s, several hundred million
images have been taken. The way how these images were created is however not
standardised. Depending on the application, different hardware may be, images
are taken at different intervals or the input is filtered for certain wavelengths of
visible light.
Images are often taken with a fisheye lens covering the whole sky from horizon
to horizon every 3 s to 15 s, as full colour RGB image, white light or filtered for
630.0 nm or 557.7 nm and converted to greyscale. Taking images in a different
colour range serves different purposes. The 630.0 nm or 557.7 nm lines are
emitted by oxygen in different process which are mainly a function of altitude
[47, 48]. Full colour images are broad in their use, the filtered images serve a
more specific purpose. Typical images are quadratic with a width of 64-256 px
however they are distorted due to the fisheye lens. Auroral arcs spanning the
lower horizon will look straight to the human eye, but appear as crescent arcs
on an image taken by an upwards facing camera. Example images are shown in
figure 2.8.
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Figure 2.7: Coverage of the THEMIS all sky imager array. Cameras are placed
in several locations such that with the overlapping field of view of the individual
cameras most of the sky above Canada can be covered. From [46].

Figure 2.8: All sky images taken in white light. This captures all visible
emissions, regardless of their origin. The middle image shows an arc just above
the horizon which looks distorted due to the fisheye lens. In the third image the
sky is covered by clouds and trees are visible around the edge of the image.
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Figure 2.9: This is an example of a keogram and how it is constructed. The
top row shows a sequence of all sky images taken in Gillam every 5 min over
the span of 90 min. From each of these individual images the middle column is
taken and stitched together with the other images’ middle columns to create the
keogram below. The keogram is constructed from all images at a resolution of
3 s not just the 5 min shown for demonstration.

Images are either presented as they were taken or converted to keograms. A
keogram is a sequence of images where the middle column of each image along
the North-South-axis or along the magnetic meridian has been placed next
to each other in chronological order. They serve as a quick way to identify
interesting events after which the full image coverage can be used for study. The
construction of a keogram is demonstrated in figure 2.9.

2.3 Machine Learning and Neural Networks

For Space Weather research, a vast amount of data from various sources is
available. These are for example ground-based magnetometers, that measure the
deformation of the Earth’s magnetic field. Magnetometer stations are placed
all over the world in a large network to measure the impact of space weather
events locally. All sky imagers take images of the night sky and allow for
qualitative discussion of the aurora. Satellites can measure the solar wind in
real time and give warning of potential space weather events in advance. The
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vast amount of data that is available means that – with conventional methods –
we are either required to perform in-depth case studies of individual events or
perform statistical analyses of large datasets. Machine learning and AI allow us
to conglomerate large amounts of data and train larger algorithms that can find
previously unexplored connections in the data.

2.3.1 Basics of Machine Learning

Machine learning methods encompass a large amount of analysis methods
nowadays employed by researchers. In machine learning, the machine learns how
to perform a task by means of given examples instead of being given explicit
instructions for every step along the way. Artificial neural networks are amongst
the most complex machine learning methods that can be employed, but are not
the only methods that fall under this category. These might for example be
support vector machines (SVM) or linear regression models.
When using machine learning, the model has to fit the task. The more
complicated a task is, the more complex a model has to be to achieve better
performance. This often comes at the expense of missing interpretability of the
model. This is visualised in figure 2.10. Simple models like linear regression
are easy to interpret, but will not be able to model complex behaviour. More
complicated models can grasp non-linear behaviour, but their results are more
difficult to explain.
One of the first and well known success stories of machine learning is the creation
of a neural network created to classify digits [50] trained on the now widely
known MNIST database of handwritten digits. Instead of manually selecting
features from images to feed into a classification algorithm, a convolutional
neural networks learns which features to use for classification by itself. This has
been made possible by the increasing amount of computation power that has
become available at the time and continues to grow even in ours.
Another breakthrough was the conception of AlexNET, which was the first
architecture to successfully and efficiently use parallel computing on GPUs to
vastly improve training time [22]. This enabled the creation of larger models
at lower cost and improved performance for example in the field of image
classification. Benchmarked against the ILSVRC-2012 competition, the network
trained with this method achieves a top-5 test error rate of 15.3% which is almost
10% better than the next best entry achieving 26.2%. This competition uses the
ImageNet dataset, consisting of about 1.3M images in 1000 categories made for
classification [51].
In recent years, machine learning has found its way into every corner of society,
especially when using web-based services. Recommender systems may be used
when shopping, watching movies or videos or finding connections on social media
[52], health services use machine learning for cancer recognition [53] and banks
for fraud detection [54]. Recently, large language models that synthesise text
have gained a lot of attention with the public interface ChatGPT utilising GPT-3
[55] and GPT-4 or LLaMA [56] which is available for open research.
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Figure 2.10: The trade-off between interpretability and complexity. Generally,
more complex models are more capable, but their results are harder to explain
than simpler models. From [49].

A common property of all machine learning methods is that they are measured
against a cost function, also called a loss function. The loss function is a metric
which measures the performance of a model in terms of a simple scalar value.
For a linear least squares fit, the loss is calculated as

L =
∑

i

(yi − f (xi, w⃗))2 (2.8)

Here, L is the loss value, yi is the i-th ground truth value, f is a linear function
with parameters w⃗ for the point xi. If the parameters w⃗ match the problem
perfectly, then f(xi, w⃗) = yi for every i and the loss vanishes. Finding a perfect
solution is usually not possible, due to imperfections in the data. In that case
the machine will optimise the values of the parameters w⃗ in such a way, that the
value of the loss is minimised. In the case of least squares the global minimum
of the loss function can be found analytically.
More complex problems may not be solved analytically or it might be too
expensive to find an analytical solution. Support vector machines for example
divide a volume of space using one or more hyperplanes to classify points in this
space based upon which side of the hyperplanes they are on. This is visualised
for the 2D-case in figure 2.11. In such cases where regularization is employed,
for example when the classes are not linearly separable, the loss function takes
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Figure 2.11: Example of a support vector machine in 2 dimensions with two
non-separable classes. The black line described by the parameters w and b
divides the space into two regions, where all the points on the bottom right are
classified into the blue class and all the points in the top left are classified in the
orange class. One of the blue and orange points each are misclassified because
the SVM cannot fully separate the two classes. Points that lie between the
coloured margins too close to the dividing hyperplane and misclassified points
will have an additional penalty applied to the loss function. This measures how
well the classes are separable.
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the following form:

L = ∥w⃗∥2

2 + C
∑

i

Ii(ξi) (2.9)

where

1 − yiw⃗ ≥ ξi

and

Ii(ξi) =
{

1 if ξi > 0
0 if ξi = 0

ξi is a variable that measures how well the classification has performed. Correctly
classified points will have xii = 0, points within the margins 0 < xii < 1 and
misclassified points have xii ≥ 1. Subsequently, for each sample that is classified
incorrectly or within the margin, the regularization value C is added. Correctly
classified samples outside the margin will not add this value. If the classes
are separable, the resulting margin will divide the space in such a way that
the distance between the margin and the closest points of the two classes is
maximised. For non-separable classes or when the classes lie too close together
in feature space, the regularization parameter can be tuned to allow some
misclassified cases. This reduces overfitting of the problem but means that the
problem cannot be solved analytically any more and numerical methods have to
be employed.
Gradient descent is such a method of numerically solving a problem that has no
analytical solution or the analytical solution is too difficult to find. An optimiser
evaluates the problem’s parameters at a random starting position, calculates the
gradient of the loss function with respect to the parameters and changes the
parameters towards a lower value of the loss function.

w⃗n+1 = w⃗n − γ∇L(w⃗n) (2.10)

Here, the initial guess for the parameters is w⃗n and the gradient of the loss
function at this position is ∇L(w⃗n). The next guess is updated by a fraction
γ called the learning rate of the gradient. Updating the parameters like this
many times will eventually find a local minimum of the loss function. Choosing
the correct value for the learning rate is important. If the value is too low, the
parameters update too slowly and will not converge, choosing at value that is
too large could mean that the solution diverges. This process is also highly
dependent on initial conditions. If the starting location is too close to a local
minimum, the solution might converge to the local minimum instead of a possible
global minimum. The optimisers employed for these kinds of tasks have become
more sophisticated over the years, overcoming problems such as finding the ideal
learning rate or reducing the likelihood of falling into a local minimum, but their
basic operating principle has remained the same, see for example [57].
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Figure 2.12: One of the simplest possible architectures for a feed forward neural
network. The network consists of an input layer with three neurons (red, left),
a hidden layer with four neurons (blue, middle) and an output layer with two
neurons (green, right). Information is passed through the network from left to
right. From [58].

2.3.2 Neural Networks

Neural networks are on the more complicated, less interpretable end of the
spectrum shown in figure 2.10. They are able to describe non-linear problems at
higher accuracies but it is more difficult to understand why and how they arrive
at the results they obtain. Mathematically, they are universal approximators,
which means that for any given function y = f(x), that maps an input x to an
output y, there will be a neural network g(x) that can approximate the function
f such that ∥g(x) − f(x)∥ ≤ ϵ, ∀ϵ > 0.
In their simplest form, feed forward neural networks consist of neurons organised
in layers stacked behind each other as visualised in figure 2.12. Information
enters the neural network’s input layer (red, left) consisting of two neurons. The
input layer and the hidden layer (blue, middle) are fully connected. This means
that every neuron in the hidden layer receives information about every neuron
in the input layer. The output layer (green, right) is again fully connected to
the hidden layer. This way information is passed through the neural network
starting with the input layer, passed to the hidden layer and finally to the output
layer. As a real world example, take a function with two inputs being either true
or false. The result is true if the two inputs are different and false otherwise.
This is also known as "exclusive or" or "XOR". This problem, as simple as it may
seem, cannot be solved by a linear classifier. A neural network to model this
non-linear problem can consist of one hidden layer with two neurons as described
in [59]. Being able to model this behaviour is important for classification tasks
where the input consists of many different variables.
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For this example, the neural network is very small and one can still understand
how the network works by manually observing the neurons’ inputs and outputs.
More complicated problems will however require larger neural networks with more
layers and more neurons and subsequently more data to train them. Herein also
lies the problem of deep neural networks. Even if the network has the theoretical
capability to model a problem, it will require the data and computation power
to do so. At the same time, it is not always wise to add more data to a problem
for the sake of having more data.
New data has to add value to the problem. Increasing the amount of features per
point of data will only lead to an improvement up to a certain point, after this
the performance of the model may even decrease. If there are too many features
available per point of data, it might even be necessary to reduce features and
remove redundancy in order to improve performance. This applies to Machine
Learning in general, not just neural networks and is known as the "Curse of
Dimensionality" [60].
In our works, we only use feed forward neural networks. In these, data is passed
through the neural network once in a single pass. There are other types of
networks like recurrent neural networks (RNN) where a neuron’s output can
create a loop such that the output of one neuron can affect the network’s output
on the next pass.
Layers in a neural network do not need to be fully connected as in the example
shown before. In a convolutional neural network (CNN), the input to a neuron
is not based on a connection to all the neurons of the previous layer but rather
a convolution of the previous layer’s neurons’ outputs. These convolutions allow
the network to obtain information shared between neighbouring inputs. For
image recognition, this can be used to detect gradients or certain textures. In
time series data CNNs can obtain information about the evolution of the data
in the series and its derivatives. There are also residual neural networks, where
a layers output is only partially processed and some parts bypass a section of
the network [61].
Most neural networks for image recognition start with convolutions, where spatial
information in the image is extracted. Several layers of convolutions are put in
series, reducing the dimensionality of data with each step but increasing the
amount of features extracted along the way. This way, first larger structures and
information about them is extracted, then smaller structures. The information
extracted by the convolutional layers is finally passed onto fully connected layers,
which combine this information for classification. This is visualised in figure
2.13.
A well-trained neural network is able to generalise from a particular dataset.
When training a neural network on a set of data, the data is split into training,
validation and test data. The training data is used to train the neural network.
The validation data is used to lock in eventual hyperparameters used during the
training process. This can for example be the learning rate, batch size, amount
of epochs or even different network architectures. The validation data is never
used for training the network, it is only evaluated with the network trained on
the training data and decisions are based on the performance of the network
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Figure 2.13: Typical architecture of a convolutional neural network used for
image classification. The original image is passed into a convolutional layer
in the neural network. Subsampling decreases the size of the data by first
analysing broader and then finer structures and increases the amount of features
extracted from the image. The final layer is a fully connected layer that combines
information from all the subsampled convolutional layers for classification of
the image. Typical neural networks for image classification are larger and more
complex than this example but follow the same principle. From [62].

on the validation data. Only after one is satisfied with the model and chosen
hyperparameters, the model is evaluated one last time using the test dataset.
This process ensures that the model is not overfitting to the problem, that means
learning the answers to the training data by heart, but generalises to the problem
as a whole. Taking image classification as an example, a consequence of this
generalisation is that the neural network does not learn information about a
specific image in the training dataset but inherent properties called "features"
about the images and how they are connected to their respective image classes.
The image classification process within a neural network can be described by
two subprocesses. First, the images are processed in such a way that they are
converted into numerical features that can be interpreted by a machine. In
classical image classification, these features might have been "mean brightness"
or "is there a square in the image?". A neural network selects features on its
own and in a much more abstract way. This process takes place in all but the
last layer of the network and is called "feature extraction". The last layer is
responsible for the second step in the process: classification. It takes every
feature extracted for an image, views them in context and classifies the image.
Because the neural network has generalised to a great many images, the feature
extraction and classification process is very universally usable. Feature extraction
will also work on other types of images that the neural network has not seen
before, although the classification will fail for that same reason. Keeping the
extracted features and only retraining or replacing the last layer responsible
for classification is called "transfer learning". Transfer learning makes use of
pretrained neural networks and is therefore computationally less expensive and
requires less training data while still being able to benefit from using large
convolutional neural networks.
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2.4 Summary

Machine learning is a powerful tool to investigate complex, nonlinear systems
where a lot of data is available and analytical solutions are hard to come by.
Computers also excel at doing repetitive tasks with the same precision every
time, where humans would usually fail. We will be working on utilizing current
machine learning tools for space weather prediction purposes. Machine learning
based image classifiers have made vast progress in recent years and we are able
to leverage these advances especially when using transfer learning to create
an image classifier for auroral images. The features that are extracted as a
by-product of this process are evaluated and we use them further for predicting
magnetic field disturbances local to when and where the images are taken. Tools
for feature reduction will allow us to reduce the 1000-dimensional feature vector
into 2 dimensions so that we can visualise parts of the process the images
undergo in classification and can understand the neural network’s processes. The
classified images can further be combined with information about the occurrence
of substorms to begin working on localised substorm forecasting. First, only
with information from images, later with additional information gathered about
the solar wind.
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Chapter 3

Results and Discussion
Our goal is to extend our understanding of space weather by improving forecasts
of space weather events such as geomagnetic substorms. In an effort to promote
open science, each publication is accompanied by publicly available data and
code published under open source licences. Given the necessary hardware, our
results can be replicated with few lines of code or modified to fit one’s own
needs.
This thesis consists of the following three publications with their respective
datasets:

• Sado, P. et al. “Transfer Learning Aurora Image Classification and
Magnetic Disturbance Evaluation”. In: Journal of Geophysical Research:
Space Physics vol. 127, no. 1 (2022), e2021JA029683. doi: 10.1029/
2021ja029683
Sado, P. Transfer Learning Aurora Image Classification and Magnetic
Disturbance Evaluation (TAME) - Dataset. 2021. doi: 10.11582/2021.
00071

• Sado, P. et al. “Substorm Onset Prediction using Machine Learning
Classified Auroral Images”. In: Space Weather vol. 21, no. 2 (2023),
e2022SW003300. doi: 10.1029/2022SW003300
Sado, P. Substorm Onset Prediction using Machine Learning Classified
Auroral Images - Dataset. 2022. doi: 10.11582/2022.00070

• Sado, P. et al. “Localised Magnetic Substorm Forecasting using Machine
Learning”. In: ESS Open Archive (2023). doi: 10 . 22541 / essoar .
168394730.08937615/v2
Sado, P. Localised Magnetic Substorm Forecasting using Machine Learning
- Dataset. 2023. doi: 10.11582/2023.00023

3.1 Transfer Learning Aurora Image Classification and
Magnetic Disturbance Evaluation

Transfer Learning Aurora Image Classification and Magnetic Disturbance
Evaluation (TAME), presented in our first paper [33], explored the viability
of automated classification of all sky images and the subsequent usefulness of
the extracted image features for physical uses. We found that the classification
of images performs at human levels of accuracy when distinguishing between
"aurora" and "no aurora". Classification between different classes of aurora "arc",
"diffuse", "discrete" proves to be a problem for the classifier. We attribute this to
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Figure 3.1: A selection of classified images shown in a 2D embedded feature
space as demonstrated in [33]. The individual dots are a random selection of
the classified images. For representation the feature space is reduced from 1000
dimensions to 2 using the UMAP algorithm [67]. Some regions of interest are
highlighted and random images from these areas are shown on the side. We can
see that visually similar images have similar features and are similarly and often
correctly classified. This demonstrates not only the viability of the classification
but also the usefulness of the feature extractor for image queries. From [33].
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disagreements in the training data and the inherent complexity of the problem.
Very often it is not possible to simply label images as either of these categories
alone or none of the categories match the image at all.
In terms of preprocessing for other purposes, the classifier excels at removing
images with cloud coverage or a visible moon and can be fine-tuned to the desired
levels of precision. This can for example be used to prepare a dataset of images
in such a way that only images with visible aurora or a clear night sky are left
to study the temporal development of auroral morphology during substorms.
A by-product of the classification process are numerical image features. These
features describe the image on a machine-processable level and we are able to
model the behaviour of localised magnetometer measurements based on features
extracted from images during a substorm.
Figure 3.1 is figure 6 from TAME [33] and demonstrates both the classifier’s
capabilities and the potential we see in the feature extractor. The numerical
features that are extracted by the neural network are a 1000 dimensional vector,
which we have reduced to 2 dimensions using the uniform manifold approximation
and projection for dimension reduction (UMAP) algorithm [67].
This unsupervised algorithm places points with similar features next to each
other and points with dissimilar features far apart. A few regions of interest
are highlighted and some random images from these regions are shown on the
outside around the embedding, the images’ classifications are written below each
time. We can see that the classifications are correct most of the time and that
visually similar images are placed in proximity to one another. Because UMAP
places images that have similar features next to each other, we conclude that the
feature extractor manages to extract the most important visual features from
the images.
Both the high and low dimensional feature space have their use cases. The low
dimensional representation is useful for human-level understanding of similarities
in images as we have shown here. The high dimensional feature representation
or a reduction to medium ranges for easier storing and processing can be useful
for image queries in feature space. Because visually similar images have similar
feature vectors, the distance in feature space can be used as a metric to calculate
the similarity of images.

3.2 Substorm Onset Prediction Using Machine Learning
Classified Auroral Images

In our second paper Substorm Onset Prediction Using Machine Learning
Classified Auroral Images (SOP) [34] we use our previously developed classifier
to predict substorm onsets. The preprocessing capabilities of the classifier allows
us to query for long periods of time of coverage uninterrupted by weather or
the moon. Images from these periods are aggregated into 5 min bins. A simple
linear classifier is trained to forecast the onset of substorms half an hour into
the future based on 60 min of image data. Because there are more times when
substorms do not occur than when they do, our data is highly imbalanced, which
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Figure 3.2: A classified time series of images with predicted substorm onset.
The top row shows the magnetometer measurements taken at the time the images
were taken near the camera’s location in Gillam, Manitoba, Canada. The second
row shows the keogram of images and the row below the classifier’s output
for each image. The bottom three rows show the substorm onset prediction
probability at first, the thresholded prediction second and lastly the ground
truth data for the time series. The forecasting is based on aggregated predicted
image classes. From [34].
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leads to problems during training and evaluation of the data.
An example of the model is given in figure 3.2 taken as figure 5 from SOP
[34]. The figure shows the Earth’s magnetic field disturbance (top row) during
a time series of images taken in Gillam, Manitoba, Canada shown as keogram
in the second row. The third row shows the classifier’s output for each image
in the keogram. Below are the substorm onset prediction probabilities and the
thresholded probability as well as the ground truth data. The forecasting is
based on 5 min aggregated predicted image classes, not the original images or
extracted features. The forecasting model misidentifies an onset at the beginning
of the time series, but predicts the actual onset at 09:00 correctly, albeit 5 min
early. It still shows promise that with more data or a more sophisticated model
a better result can be obtained.
We also performed superposed epoch analysis of predicted image classes during
a substorm to show that our classifier’s prediction aligns with the expected
behaviour of auroral morphology during substorms, again confirming the viability
of the classifier.

3.3 Localised Magnetic Substorm Forecasting using
Machine Learning

Maimaiti et al. [32] have shown that using purely solar wind data to forecast
the global onset of substorms with neural networks can be a viable approach to
this problem. In our final publication Localised Magnetic Substorm Forecasting
using Machine Learning (LOCATE) [65] we combine solar wind data with imager
data to create a localised forecast.
Figure 3.3 is figure 2 from LOCATE [65] and shows how the input data differs
from the previous approach. Instead of classifying images and binning them
into 5 min intervals, we use our classifier to remove cloudy images and those
with the moon visible. Using the extracted features we retain more information
than when using just the predicted classes, but do not have to process the raw
images each time. With principal component analysis (PCA) we reduce the 1000
features to the most prominent 10 components, combine these features with
solar wind data and forecast the occurrence of substorms within 30 min intervals
of 120 min of data.
Our model is of a similar makeup as the model used for global predictions and
we are able to replicate and thereby confirm the previous findings if we restrict
ourselves to using only solar wind data. Furthermore, our model is smaller, built
on a newer standard and we explore the viability for using a global forecasting
model under real-world conditions.
The imbalanced nature of the localised forecasting problem as well as a lack of
training images show to be problematic for our forecasting model. We explore
several options to avoid this obstacle for example by using synthetic oversampling
methods, but ultimately have to cede to the fact that the 4 years of data available
to us are not sufficient for training this model.
We detail options on how to improve on our model, that are not available to use
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Figure 3.3: The data used in LOCATE [65] for substorm onset forecasting. A
crucial difference is that instead of using aggregated image classes, the forecasting
is based on the images’ features, reduced to the 10 most prominent features using
PCA. We also use solar wind data to support the local prediction with global
information. The blue shaded area’s data will be labelled positively because
there is a substorm occurring at 09:21 which is a few minutes after this batch of
data ends, the red shaded area is not followed by a substorm and will therefore
be labelled negatively. From [65].
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yet for various reasons. Our data and code are published along with our results
such that when in the future better methods or more data become available,
people can continue our work.
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Chapter 4

Summary and Outlook
Machine learning for auroral image processing is a tool which has shown great
potential. We are able to create a versatile classifier that can be used to process
millions of images in a matter of hours. The images’ extracted features can be
stored much more easily on physical media and take up less space by a factor
of about 100-1000. The fact that the features can be used for tasks of physical
value, makes them especially interesting for global collaboration. The groups
that are maintaining imagers taking these images could agree on a standard
of feature extraction and classification. Instead of sharing raw images where
each group does their own preprocessing, images could be queried for their
classes, time or even similar images could be identified by querying feature space
directly. Given more time and computing power, exploring ways to improve the
feature extraction with unsupervised learning methods like autoencoders could
be interesting.
The forecasting of substorms is a task of great scientific interest. Being able to
precisely forecast the time and location of an onset could allow for in-situ studies
of these phenomena leading to a better understanding. However, our attempt at
creating a model forecasting local onsets does not reach the necessary precision
for such purposes. While we believe that the model is capable of performing
such a task, the data that would need to be processed is too much for our study
to perform in the timeframe allotted to this project.
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1. Introduction
Created by particles precipitating into the ionosphere, the aurora are a direct consequence of interactions between 
the solar wind and the magnetosphere. A connection between different auroral shapes and behaviors simultane-
ously across the polar region has been first shown in 1964, when analyzing auroral images taken across northern 
continental America and Antarctica (Akasofu, 1964). The established model of auroral substorms, describes the 
activity of the aurora from its beginning, when the aurora is calm, over active phases toward another calm phase. 
This model was later refined to include the three currently used phases “growth”, “expansion” and “recovery” 
(McPherron et al., 1973). Interaction between the solar wind and the interplanetary magnetic field lead to storage 
of energy in the magnetosphere during the growth phase. In the expansion phase energy is released, before the 
magnetosphere returns to normal conditions in the recovery phase.

Since the beginning of auroral research, images have therefore been an important tool to analyze and diagnose the 
complex processes in the ionosphere and magnetosphere, often supplemented by magnetometers measuring the 
local Earth's magnetic field or satellites performing similar measurements. All Sky Imagers, taking pictures of the 
night sky and capturing aurora in regular intervals, can for example, be found in Ny-Ålesund and Longyearbyen 

Abstract We develop an open source algorithm to apply Transfer learning to Aurora image classification 
and Magnetic disturbance Evaluation (TAME). For this purpose, we evaluate the performance of 80 pretrained 
neural networks using the Oslo Auroral THEMIS (OATH) data set of all-sky images, both in terms of runtime 
and their features' predictive capability. From the features extracted by the best network, we retrain the last 
neural network layer using the Support Vector Machine (SVM) algorithm to distinguish between the labels 
“arc,” “diffuse,” “discrete,” “cloud,” “moon” and “clear sky/ no aurora”. This transfer learning approach yields 
73% accuracy in the six classes; if we aggregate the 3 auroral and 3 non-aurora classes, we achieve up to 91% 
accuracy. We apply our classifier to a new dataset of 550,000 images and evaluate the classifier based on 
these previously unseen images. To show the potential usefulness of our feature extractor and classifier, we 
investigate two test cases: First, we compare our predictions for the “cloudy” images to meteorological data 
and second we train a linear ridge model to predict perturbations in Earth's locally measured magnetic field. 
We demonstrate that the classifier can be used as a filter to remove cloudy images from datasets and that the 
extracted features allow to predict magnetometer measurements. All procedures and algorithms used in this 
study are publicly available, and the code and classifier are provided, which opens possibility for large scale 
studies of all-sky images.

Plain Language Summary In the interest of auroral research and space physics, many images 
capturing the night sky have been taken automatically over the last decades. Sifting through these images 
manually takes a lot of time and is generally impractical. We use Convolutional Neural Networks (CNN), which 
are good at image classification to extract a set of numbers per image (“features”) that capture the essential 
contents of the image. A Support Vector Machine (SVM) is trained to interpret these features and assign labels 
to the images. We search for the best configuration between different CNNs and SVMs and achieve up to 91% 
accuracy. To show that our method can be extended to other datasets, we classify half a million images from 
a different dataset and evaluate the performance of our classifier based on these results. We show that our 
classifier also excels at detecting clouds in images. It can therefore be used to filter unusable images from this 
kind of datasets. Based on the images' features, we create a model to predict disturbances in the Earth's local 
magnetic field. To enable other researches to work with our results, we use industry-standard, open-source 
software and make our algorithms and results available the same way.
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on Svalbard, operated by the University of Oslo (UiO), in Canada and Alaska as part of THEMIS operated by 
NASA (Mende et al., 2009) and at the Yellow River Station in Ny-Ålesund operated by the Polar Research In-
stitute of China.

Since their establishment in 1997, the imagers operated by the University of Oslo (UiO) have taken approximate-
ly 8 million images. We estimate that THEMIS is worldwide the largest producer of images. Taking one image 
every 3 s on 20 different imagers produces 24,000 images every hour. If a season has 12 weeks of days with 
12 hr operation time each, 24 million images are taken each season. Analyzing and labeling images manually and 
consistently would take many humans to even keep up with the production of images, which is why researchers 
usually select smaller events on the timescale of a few hours or days and manually analyze the images in combina-
tion with other sources (see e.g., Murphy et al., 2013; Rae et al., 2017). Large-scale image data analysis requires 
automation to select the images.

First attempts have been performed by Syrjäsuo and Pulkkinen (1999) who determined the topological skele-
tons of the shape of aurora in auroral images which they later used to find images showing auroral arcs (Syr-
jäsuo et al., 2000; Syrjäsuo et al., 2001). Later Syrjäsuo and Donovan (2002) proposed an algorithm utilizing 
a kNN-classifier based on the images' mean and maximum brightness to differentiate between images showing 
aurora and images not showing aurora for which they reported 92% accuracy. The classifier has been improved 
over the years (Syrjäsuo et al., 2002; Syrjäsuo & Donovan, 2004) for example, by using Fourier descriptors on a 
segmented image (Syrjäsuo et al., 2004). This allowed them to obtain a rotation invariant descriptor of the auroral 
features present in the image and building a database upon which similar images could be identified and queried 
for. Further improvements (Syrjäsuo & Donovan, 2005) led to an automated classifier (Syrjäsuo et al., 2007) 
making use of Basic Gray Level Aura Matrices (BGLAM) to classify images into six classes (unknown, cloudy 
and four types of aurora) with 70%–80% accuracy.

Another approach is to use convolutional neural networks to categorize the images. A common benchmark for 
convolutional neural networks is the dataset provided for the ImageNet Large Scale Visual Recognition Challenge 
(ILSVRC) (Russakovsky et al., 2015), which provides over one million labeled images in 1,000 classes. This 
database can be used to train networks without the costly process of having to label large amounts of training 
images. The 2012 winner of ILSVRC was the AlexNet convolutional network, which was the first to demonstrate 
GPU-based computing to train the network and achieved a top-5 error of 15.3%, compared to the second best 
entry of 26.2% (Krizhevsky et al., 2017). This was an important step forward, since the GPU computation al-
lowed for much faster training of networks. When the original challenge retired in 2017 to focus on other objects, 
the top-performing network SENet achieved a top-5 error below 5% (Hu et al., 2020). These networks are made 
available publicly in their trained form and allow others to be used for validation of their results, comparison and 
further research.

Using the AlexNet architecture, Yang et al. (2018) finetuned the pretrained network with auroral images, taking 
local, regional and global features in the image into account and provide an algorithm that retrieves images simi-
lar to that one queried with an accuracy of 65%–70%. This was further improved by detecting regions of interest 
aligned along the magnetic field first (Yang, Wang, et al., 2019). To extract key local structures around the aurora 
also allows for retrieval of similar aurora images with an accuracy of up to 92% (Yang, Tao, et al., 2019).

Kvammen et al. (2020) used results obtained by Clausen and Nickisch (2018) to remove non-auroral images from 
their data and trained different established neural network architectures on the seven auroral labels they intro-
duced earlier (McKay & Kvammen, 2020). The performance of their neural networks is compared to a support 
vector machine (SVM) and k-nearest neighbor classification trained on the histogram of oriented gradients and 
the method by Clausen and Nickisch (2018). With the best performing network they report up to 92% precision 
and 90% recall and F1-score displaying the neural network's ability to recognize challenging classes.

While these methods become more and more accurate, the underlying models are getting more sophisticated and 
are therefore difficult to implement or require expensive training or finetuning. They often also require filtered 
input data such that only images of aurora are shown. A convolutional neural network (CNN) predicts an image 
class, by first extracting a numerical representation of the image–the image features–which it then uses to predict 
the class label. In transfer learning, these features are used to train a model with a similar objective to the original 
model at greatly reduced training cost. This method has already been shown to be promising by Clausen and 
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Nickisch (2018), who reported 82% accuracy distinguishing aurora images between 6 classes - 3 different classes 
of aurora and 3 different non-aurora classes - and 96% for distinguishing between aurora and no-aurora.

Using the same dataset, we propose an improvement to this technique, by evaluating different pretrained networks 
to select the one best suited for this task and use an SVM instead of ridge regression for training the last classi-
fication layer of the network. We achieve 91% aggregated classification accuracy when distinguishing between 
images that show aurora and images that do not show aurora and 73% accuracy in the same 6 classes as the 
previous publication. We also show that the features extracted by the neural network can be used to infer infor-
mation about the local magnetic field. The data supporting our Transfer learning Aurora image classification and 
Magnetic disturbance Evaluation (TAME) is made available under the Attribution 4.0 International (CC BY 4.0) 
license (https://creativecommons.org/licenses/by/4.0/) and can be used to classify vast amounts of all sky images 
in a short amount of time.

2. Description of Data Sources
The first of our three data sources is an All Sky Imager, taking images of the sky when the Sun is below −9° 
elevation in intervals of 10–60 s in wavelengths of 5,577 Å and 6,300 Å, located in Ny-Ålesund near Sverdrup 
Research Station (78.92°N 11.93°E). The imager uses an electron multiplying CCD camera (EMCCD) with a 
filter with a spectral bandwidth of ≈2 nm allowing only the desired wavelengths to pass, taking images through a 
fisheye lense with a field of view of 180°. The camera produces images at a resolution of 460 px by 460 px which 
are stored as 16-bit gray level files. In order to protect the camera from saturation it is turned off when the Sun or 
Moon are within the field of view.

Second, we use data from a magnetometer in Ny-Ålesund operated by Tromsø Geophysical Observatory (TGO) 
https://geo.phys.uit.no/, 2021, obtained through IMAGE (Tanskanen,  2009). The magnetometer is located in 
close proximity to the all sky imager and takes measurements of the earth's local magnetic field X-, Y-, and 
Z-component. We use data with 60 s resolution.

Third, we use data from a ceilometer operated by AWIPEV Research Base at the Ny-Ålesund Research Station 
(Maturilli & Herber, 2017) that are described in Maturilli and Ebell (2018). This instrument measures the base 
height of clouds every 60 s. While this only gives the measure of cloud base height (CBH) right above the instru-
ment, it is expected to be a good indicator of the cloudiness of the sky for a given time interval.

Although there are all sky images available since 2006, we will restrict ourselves in this analysis to the season 
of Nov 2010 to Feb 2011, because this is the year when the ceilometer reports the highest chance to have clear 
skies at any given time. This restriction still covers magnetic events of down to −800 nT, which is low enough 
to cover most major events. When we will later predict disturbances in the magnetometer measurements, we use 
the mean off all values in this timeframe as a baseline. For a timeframe of 4 months we can use this as a baseline, 
data covering several seasons would need more preprocessing. This could introduce unwanted or unforeseen 
biases into the data.

The ceilometer has been replaced several times over the years of operation, as well as the cameras taking the im-
ages. The cameras have been calibrated, ensuring that the measured brightness is the same with different cameras 
within known margins of error. The data obtained from the ceilometer may however be subject to inhomogenei-
ties due to the replacements and long-term studies based purely on these measurements are discouraged (Maturilli 
& Ebell, 2018). Using only a timeframe of 4 months we do not need to account for these potential problems when 
validating the classifier.

In our analysis of the predictors in Section 4 we will analyze the representativeness of our data in its own context. 
If this method would be expanded to more years, a more in-depth analysis of the representativeness of the sample 
would be required. Information on how to explore the representativeness of a dataset for machine learning can for 
example, be found in McGranaghan et al. (2021).
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3. Methods
3.1. Preprocessing Images

Our images are scaled linearly between the 0.5% and 99.5% intensity percentile. Values below or above are set 
equal to the boundary of the percentile. The lower boundary ensures a more even background, the upper boundary 
removes very bright outliers not more than a few pixels large like bright stars or meteors but does not change 
bigger objects like the moon.

After scaling, we resize the images using bilinear interpolation to reduce the size of the images to the required 
input size of the neural network.

The images are then transformed by mean and variance as per the documentation of the neural network.

3.2. Image Classes

Table 1 shows the different classes, their labels and explanations. We differentiate between the three aurora class-
es “arc,” “diffuse,” “discrete” and three non aurora classes “cloud,” “moon” and “clear sky”.

Arcs are defined by bright bands of aurora spanning the whole image in a continuous line. These bands are 
well-defined with sharp edges, homogeneously bright and usually appear in the east-west direction. If multiple 
arcs are present, they are parallel and do not cross over each other.

Diffuse aurora are fuzzy or patchy. There is no clear structure or shape in the aurora. They are not as bright as 
the arc or discrete aurora.

Discrete aurora are similar to arcs in that they show bright features with well defined edges, but discrete aurora 
allow for inhomogeneous brightness, discontinuous bows, swirls or crossing features.

The non aurora classes show different features of the night sky when no aurora are present. The “cloudy” class 
covers a night sky covered in clouds, the “moon” class images where the moon is visible and the “clear sky” class 
when there is a clear night sky.

The color scheme we have used to label the classes in this table is the same used throughout the whole publication.

Several classes might be present in the same image for example, a partially cloudy image on an otherwise clear 
night sky. Images in the training dataset are however always assigned to a single class only corresponding to the 
class with the highest probability. The classifier will at a later stage return probabilities for each class, which we 
will discuss and show use-cases of in Sections 4.2 and 4.5.

Table 1 
The Different Class Labels, Their Explanations and Machine-Returned Labels
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3.3. Feature Extraction

To evaluate the images, we make use of the ShuffleNet V2 neural network pretrained on imagenet to extract 
numerical features from the images (Ma et al., 2018). The ImageNet database contains labeled sample images of 
different categories (e.g., animals, household objects, vehicles), which the neural network is trained to detect and 
classify such as to be able to classify a previously unknown image into one of the trained categories.

Neural networks originally trained for classification of images on a large set of image data like ImageNet do not 
have the ability to classify all sky images by themselves. The weights adjusted in the learning process however are 
tuned such that intrinsic image features like edges, basic shapes or patterns are recognized and receive a numerical 
description independent of the input image. For our purposes, we remove the last layer of the neural network - the 
classification layer - and are left with a 1,000 dimensional feature vector � �⃗� = �⃗(��) = (��,0, ��,1, ��,2,… , ��,999)

for every image xi, that contains features of the image as numerical values. Under the premise that these values 
are a descriptor of the image, we use these values for further processing.

This transfer learning approach uses the fact that the core representation of images for a neural network are always 
similar. Similar to how a child learns that a square with a triangle on top is a house, the classifier can learn that 
if it sees an image whose features are 50% of the feature representation of a cat and 50% of that of a spoon, then 
these features represent an image showing auroral arcs.

This transfer learning approach is necessary, because we rely on a dataset with only 5,824 labeled images. We 
therefore do not have enough data to train and validate a new neural network and have to rely on a pretrained net-
work. Training a non-linear algorithm, like finetuning a neural network for classification, on such a small sample 
size could easily lead to overfitting on the training data. The network would only learn the given images by heart 
and not understand the differences between the images. Instead of finetuning an existing and pretrained neural 
network to our liking, we therefore expand on the approach brought forward by Clausen and Nickisch (2018). 
While they showed the validity of this approach as a proof of concept, we want to evaluate more tools and validate 
the classifier on unseen data, while keeping the same philosophy of simple and out-of-the-box solutions.

Compared to classic image processing methods, where features are extracted by deterministic algorithms instead of 
by neural networks, the features we use are more abstract and not directly connected to the original image any more.

3.4. Classification

Because the neural network's classification layer was pretrained on classes different to ours, we replace the last 
layer with a different, easy to train algorithm. The two methods we will be using in this last layer will be ridge 
classifiers and support vector machines (SVM) (Wang, 2005).

Ridge classifiers are a special case of Tikhonov regularization, where the parameters used to describe the classi-
fier are regularized equally to prevent overfitting and thus yielding a better result when presenting the classifier 
with previously unknown data (Raschka, 2015). A linear predictor might optimize the following loss functions 
measuring the discrepancy between a binary target label t ∈ {0, 1} or t′ ∈ {±1} a predicted function value � � ∈ ℝ

�2(�, � ) = (�′ − � )2, �′ = 2� − 1

�ℎ(�, � ) = max(1 − �′� ),

��(�, � ) = −�log� − (1 − �)log(1 − � )

(1)

where ℓ2 is the L2-norm used in ridge regression and classification, ℓh is the hinge loss used by SVMs and ℓc is 
the binary cross entropy used in neural networks and logistic regression. For ridge classification, the regularized 
objective function becomes

� =
1

�

�∑

�=1

�2(��, �⃗
� �⃗�) + � ⋅ ||�⃗||2

2
(2)

where N is the number of samples, yi the target value ({−1, +1} for two-class classification or a binary label 
for multi-class), �⃗ the vector of weights that is optimized to find the best classifier and � �⃗� the vector of features 
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belonging to the image and training value. Depending on the regularization parameter λ, the additional term 
� � ⋅ ||�⃗||2

2
 regularizes the magnitude the values of �⃗ can take. SVMs work by spanning the datapoints into an N-di-

mensional hyperspace divided by hyperplanes into as many regions as there are different labels (Wang, 2005). A 
new point is classified depending on which division of the hyperspace it falls into or might be rejected if it is too 
close to one of the hyperplanes.

SVMs employ a regularization parameter C substituting λ = 1/(2 CN) in Equation 2 to weigh misclassified train-
ing data. The larger C (the smaller λ), the more accurate the training data will be classified but the more vulner-
able the SVM is to overfitting. If data cannot be separated by hyperplanes, a kernel can be used to transform the 
points into a higher dimensional space which can in turn be divided by hyperplanes. The radial basis function 
(RBF) kernel is one of the most commonly used kernels for this kind of application.

�(�⃗, �⃗′
) = exp(−�||�⃗ − �⃗′||2) (3)

The kernel measures the similarity between the two points � �⃗ and � �⃗′ where 1∕
√
2

√
2

√
�  corresponds to the effective

length scale between two points up until which the kernel is effective. The larger the parameter γ > 0, the fewer 
points in the vicinity are taken into account. Ridge classifiers are easier to use and fine tune and SVMs require 
computation to train but are generally more precise. The ridge classifier is a linear classifier and can be optimized 
in closed form by solving a linear system, while the SVM requires a numerical approach to optimize its convex 
but non-linear hinge loss function ℓh(t, f) (Hastie et al., 2009).

We are aware that other loss functions like label regression could be applied, but followed the literature with bina-
ry cross entropy as a well established method. For noisy data the ℓ2 norm will harshly penalize outliers, whereas 
binary cross entropy and hinge loss do not.

In Figure 1, we show the flow of how the images and other data are processed at a later stage. The training images 
(blue) are processed by the neural network (purple) to train a classifier (blue) using the known training labels. 
Previously unknown images (cyan) are preprocessed such that they are normalised to their maximum value the 
same way the training images are, before their features are extracted by the same neural network. These features 
can then be used to predict the images' labels (yellow) or predict for example, magnetometer data (green).

The OATH training images in the top corner (X0 − X5) also show examples of each class detailed in Table 1.

Figure 1. The flow of data (images and magnetometer) used in this work.

 21699402, 2022, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021JA

029683 by U
niversity O

f O
slo, W

iley O
nline Library on [20/04/2023]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License



Journal of Geophysical Research: Space Physics

SADO ET AL.

10.1029/2021JA029683

7 of 38

4. Results
4.1. Creating a New Classifier

To find the best pretrained neural network suitable for our work, we evaluated several network architectures avail-
able in PyTorch (an open source machine learning framework for Python, see Paszke et al., 2019) based on the 
accuracy of the prediction using the extracted features in a linear ridge classifier and the time it took to extract the 
feature vector. First using the network for feature extraction and then predicting the classes with a linear classifier 
or SVM using the extracted features effectively replaces the network's last layer that is used for classification with 
a different algorithm. This approach allows us to extract the images' features quickly on GPU, store them and 
resume processing on CPU. The process is easier to apply because feature extraction has to be done only once and 
training does not require expensive hardware. The extracted 1,000-dimensional feature vector is also more space 
efficient and therefore easier to access and use for later processing, for example, to predict other values from the 
images. Further improvements of a classifier like this one would also not require all features to be extracted again 
but could be run against the existing features, saving time. One terrabyte of images will be reduced to features 
the size of a few gigabytes, which can be loaded completely into the memory of an average desktop computer.

PyTorch provides its own library of pre-made neural network architectures, datasets and pretrained neural net-
works called “torchvision” (https://pytorch.org/vision/stable/index.html), which is usually installed alongside Py-
Torch. In addition to the pretrained neural networks provided through torchvision, we used pretrained networks 
provided by the python package “pretrained-models.pytorch” (Cadene, 2020).

The images we used were part of the OATH dataset as described by Clausen and Nickisch (2018). They were each 
normalised according to the value specified in the documentation provided with the pretrained model. Because 
neural networks in general require input images to exactly match their desired input size, we either zero-padded 
or resized our images using bilinear interpolation to match this requirement. Most neural networks we tested 
required an input size of 224 px × 224px, about half the size of our original images of 460 px × 460px. We 
provide a full list of all tested neural networks including the used parameters in the appendix in Table A1.

In Table 2 we show an overview of some of the tested pretrained networks. Accuracy was calculated once for two 
class labels (“aurora” and “no aurora”) and for six class labels (“arc”, “diffuse”, “discrete”, “cloudy”, “moon”, 
“clear sky/no aurora”). For this, we trained a ridge classifier on the features extracted by each neural network. The 
categories, their labels and explanations are shown in Table 1.

For each set of extracted features, the data was split into 10 sets of 70% (4,077 images total) training and 30% 
(1,747 images total) testing data each. The mean accuracy and standard deviation of the 10 trained and predicted 
runs is given as the accuracy and standard deviation in the table.

Ideally one wants much information in the training set to ensure the best classifier possible and much information 
in the testing set to accurately measure the performance. A balance between these two has to be achieved. For 
datasets in the millions like ImageNet (Russakovsky et al., 2015) commonly 5%–10% of the data are used for 
testing, for smaller datasets like ours (cf. Kvammen et al., 2020) 20%–33% of data are commonly used for testing.

Because the training images have been taken as time series with images usually 1 min apart, most images succeed 
images nearly identical to themselves. In a randomly split set of training and testing data, images in the testing set 
will therefore have an almost identical counterpart in the training data. This could allow bleeding of the training 
data into the testing data and a skewed representation of the testing accuracy. Instead of being split randomly, our 
testing data for cross-validation are 10 sets of consecutive images, each equal to 30% of the whole dataset, begin-
ning at each 10%-marker. That is, the first testing set is equal to the first 30% of images, the second set of images 
from 10% to 40%, etc. After we have selected our hyperparameters using this method, we have chosen a split of 
consecutive images whose image classes are as close to the distribution of classes in the training class as possible.

Every neural network was given a ranking based on how the features extracted by the neural network performed in 
classification. The features extracted by the dpn68b for example, performed best in classifying the images in six 
classes and they were the 26th best features in classifying the images in 2 classes when using a Ridge Classifier. 
The table is sorted by the accuracy for six classes.

We can see, that for our method the features extracted by the top-performing neural networks show no significant 
difference in their predictive capability, neither in the 6 class accuracy, nor in the combined 2 class accuracy. As 
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long as a current state of the art network is used, the extracted features carry equally good information for clas-
sification. In terms of accuracy, all networks are therefore equally suited for transfer learning for the purpose of 
classifying images. Therefore the classifier itself has to be improved, in order to obtain a significant improvement 
for classification.

We also see that the InceptionV4 model performed significantly worse than the results reported by Clausen and 
Nickisch  (2018). While they achieved 96% for two classes and 85% for six classes, our implementation only 
reached 90% and 67% respectively. We attribute this to the fact that they used a random split of training and 
testing data, not accounting for the time-series nature of the data. Repeating their experiment with our method we 
achieve 90.07 ± 2.25 and 66.87 ± 3.87, which confirms this within the margin of error.

Another metric besides classification accuracy is the time taken for extraction. Here, “ShuffleNet V2” (Ma 
et al., 2018) performed best over all and it was able to extract features from all 5,824 images in 41 s. We also see 
fast performance for MNasNet with similar accuracies, because it was built with high performance especially on 
mobile devices in mind (Tan et al., 2019).

We then chose ShuffleNet for further processing because it was the fastest without performing worse in the 
classification task.

To improve on the classification, we evaluated SVMs with a linear kernel and an RBF kernel. Using tenfold 
cross-validation we perform a grid search for the optimal hyperparameters (See Appendix B for more informa-
tion). We found that the performance of the SVM with RBF kernel was not better than the linear SVM. We have 
therefore chosen an SVM with linear kernel.

This also keeps the classification a linear problem. The non-linear RBF kernel could more easily overfit on our 
sample size.

For C ≈ 1.58  10−4 we see the highest accuracy of 73.00 ± 5.22% for six-class and 91.27 ± 2.83% for two-
class classification. The approach using cross-validation with several consecutive splits does not guarantee 
train- and test-splits with similar distributions of the different classes. For the final classifier we have therefore 
chosen a consecutive split in such a way that the distributions of classes in the training and testing split are 

Model name Time (s) Images processed per second 2 class acc (%) 6 class acc (%) 2 class acc ranking 6 class acc ranking

dpn68ba (Chen et al., 2017) 52.38 111 92.21 ± 1.53 72.83 ± 4.80 26 1

MNASNet 1_0b (Tan et al., 2019) 47.87 122 92.14 ± 2.25 72.39 ± 4.78 27 2

ResNeXt101_32x8db (Hu et al., 2020) 76.84 76 92.44 ± 1.79 71.91 ± 5.08 23 3

PolyNeta (Zhang et al., 2017) 136.72 43 93.40 ± 1.31 71.70 ± 4.77 1 7

DenseNet161a (Cadene, 2020) 64.70 90 93.24 ± 1.60 71.26 ± 4.80 6 19

DenseNet161b (Huang et al., 2017) 60.50 96 93.24 ± 1.60 71.26 ± 4.80 5 20

ShuffleNet V2 x1_0b (Ma et al., 2018) 40.65 143 91.77 ± 2.50 70.93 ± 4.71 46 25

SE-ResNet101a (Hu et al., 2020) 57.30 102 93.30 ± 1.55 70.68 ± 4.55 2 29

MNASNet 0_5b (Tan et al., 2019) 42.29 138 91.80 ± 2.10 70.58 ± 4.24 45 32

SE-ResNet50a (Hu et al., 2020) 50.68 115 92.50 ± 1.70 70.30 ± 4.78 20 40

SE-ResNet152a (Hu et al., 2020) 67.71 86 91.99 ± 1.57 70.29 ± 5.13 31 41

InceptionV3b (Szegedy et al., 2016) 60.57 96 91.27 ± 2.04 69.94 ± 4.36 61 50

InceptionV3a (Szegedy et al., 2016) 59.16 98 91.27 ± 2.04 69.94 ± 4.36 60 51

VGG-19b (Simonyan & Zisserman, 2015) 56.42 103 90.72 ± 2.98 68.52 ± 5.06 69 71

InceptionV4a(Szegedy et al., 2017) 73.14 80 90.44 ± 2.75 67.15 ± 4.95 72 78

Note. The last two columns show the ranking of the networks' features' performance for classification and the table is sorted by the ranking in the 6 class classification. 
Only a subset of the tested networks is shown. A full list can be found in the appendix in Table A1.
aNetworks have been installed through “pretrained-models.pytorch” (Cadene, 2020). bNetworks have been installed through “torchvision”.

Table 2 
Time Used for Feature Extraction and Classification Performance Using a Ridge Classifier Based on the Features Extracted From the OATH Data by Several Neural 
Networks
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as similar as possible (cf. Figure C1) To measure similarity, we have taken 
the Manhattan Norm between the different distributions as a measure. This 
returns a simple count of the differences between the distributions with-
out giving different weights to classes that appear more often that others 
by using for example, the euclidean norm. Classifying the testing data we 
observe the following confusion matrix (Table 3):We see that the biggest 
confusion arises between the different classes of northern lights. The accu-
racy is 68.21%. If we aggregate this into two classes - aurora and no aurora 
- we achieve an accuracy of 89.00%. In Table 4 we have summarized some 
important metrics of the classifier. We can see that there are differences in 
the performance of the classifier for the different auroral classes. The recall 
for diffuse and discrete aurora with 0.73 and 0.78 is almost double the value 
of arcs. The precision of diffuse aurora is however also lower than the other 
auroral classes. In the confusion matrix we can see, that cloudy images are 
often mistaken for diffuse aurora but not the other way around. Similarly,
arcs are often mistaken for discrete aurora. The cloud and moon classes

both show high precision values, the misclassified images are also almost all in another non-auroral class. The 
classifier could therefore be a good tool to remove images with uninteresting features. This is supported by 
again aggregating the images into aurora and no-aurora, where we see high recall of aurora images and high 
precision for no-aurora images.

Another issue is that northern lights images are classified as images showing clear skies and vice versa. In 
Figure 2 we see an explanation why the classifier might have problems discerning between images showing 
clear skies and different types of aurora. Each row in the figure shows two almost identical images, where the 
left image has been assigned the “clear skies” label and the right image one of the different classes of aurora 
each. All of the images show a strong feature near the border of the image but an otherwise almost clear sky. 
Some of these images still labeled as “clear skies” already show aurora. Near the border of the image, aurora 
might also be cut-off and what is visible always appears as an arc, although the cut-off part of the aurora 
might require labeling as another class. Because so little of the aurora is visible and it is often distorted by the 
fish-eye lense near the edge of the image, it is safer to reject them. These borderline cases are already ambig-
uous when labeled by a human, because different people would draw the line between usable and not-usable 
somewhere else.

4.2. Evaluating Unknown Images Using the New Classifier

With the new classifier we are now able to classify any image taken with an all sky imager. On a dedicated com-
puter with a GeForce GTX 1080 Ti, extracting features and applying the classifier to all 8 million images taken 
by UiO and available to us took less than a week, the bottleneck being the hard drive. We make the classifier and 
supplementing code available with this publication. Applying it to the THEMIS images could classify all images 
in about 3 months on our computer. On other computers, the speed of the application will vary depending on the 
available hardware.

We use the previously mentioned timeframe (cf. Section 2) to show some 
examples and test how well the classifier has performed. We obtain the 
distribution of classifications for the images as shown in Table  5. We 
can see that about 35% of the images are classified as showing some 
form of aurora, almost 50% are classified as cloudy and the remaining 
15% classify a clear night sky. Only 26 images in total were classified 
as showing the moon, which is the first sign that the classifier works as 
designed, because the camera is turned off when the moon is visible to 
avoid over-saturation.

Out of the 198,438 images classified as aurora, less than 5% are classified as 
arcs, diffuse and discrete aurora are almost equal. This might either mean, 
that arcs are not prevalent in our dataset and that arcs are therefore overrep-

Note. The rows contain the exact classes, the columns the predicted classes, 
that is, “arc\diffuse:60” means that 60 images showing “arcs” in the test set 
were predicted “diffuse”.

Table 3 
Confusion Matrix for the Classifier Applied to the Final Hyperparameters 
and Testing Values

Table 4 
Summary of Metrics for the Classifier, Taking Different Classes Into 
Account
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resented in the training dataset or that our classifier failed at detecting and classifying arcs. Considering the low 
recall values for arcs on the testing data (cf. Tables 3 and 4), we think that this is a problem with the classifier, 
not our data.

Figure 3 shows the six images with the highest confidences in each class. The probability for each class is plotted 
as bar graph on the right-hand side of each individual image. The bars are normalized to the maximum value 
in each image and sum up to 1. The dashed line is drawn at a probability of 16.7%, which is the probability the 
classifier is correct by pure chance. The bars are ordered the same way we present the names, classes and corre-
sponding colors in Table 1.

Figure 2. Labeled images of the OATH dataset. (a) Image 00868, (b) Image 00869, (c) Image 02052, (d) Image 02053, 
(e) Image 03955, (f) Image 03956. Images (a, c, e) are labeled “clear skies/ no aurora” each, Images (b, d, f) are labeled 
“discrete”, “arc” and “diffuse” respectively.
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The images are shown after preprocessing as seen by the feature extractor. 
Although the resolution has decreased because the images have been reduced 
in size, the auroral features are still well distinguished.

In Figure 3f we can see that the images are grainy. Because we removed outli-
ers in brightness and then scaled the image toward its minimum and maximum 
remaining brightness, if the minimum and maximum brightness are close to 
each other, small differences in brightness are more easily visible, giving the 
impression of a grainy image. The same is true in the other direction, meaning 
that a grainy image indicates an image with low variance in brightness.

We cannot trace back the original brightness of these images, but in general 
a homogeneously dark image is more likely than a homogeneously bright im-
age, because there are no natural sources of light that would cause homogene-
ous lighting in times the camera is turned on.

The only exception could be a snow-covered dome, where the snow scatters the light to illuminate the whole 
dome evenly. In that case images would look similar to a pitch-black but clear night sky or homogeneous cloud 
coverage.

For the images classified as arcs (Figure 3a) we see different images of arcs. All images show one well-defined 
bow of auroral arcs against an otherwise clear and dark background. Arcs often follow an east-west direction but 
can also appear in north-south direction. In this demonstration we can only see east-west arcs, but the images 
used to train the classifier have been randomly rotated before extracting their features. We therefore assume that 
the classifier's bias toward rotation of the images has been minimized.

In Figure 3b we can see images classified “diffuse” with high probability. While there is some underlying struc-
ture remaining - for example, two bows going from left to right in the image in the middle right - there is no 
clear boundary between these structures and the background and much of the aurora is not a lot brighter than 
the background. The image in the middle left also shows some structure near its bottom, but there is again no 
clear boundary between the aurora and the background and the overall brightness is again low compared to the 
background.

Figure 3c shows the discrete, but not arc-like aurora. The top left image shows two bow-like structures. The 
brightness of these bows is uneven and in some places they break up, before continuing at the previous bright-
ness-level. The upper structure also has a very bright patch near its top-right edge. The top right image is similar 
in makeup, with two bows in uneven brightness and a bright patch near one of the edges.

The images in the middle row show bows with uneven brightness. The structures of the images in the bottom row 
are larger than in the previous images but again uneven in brightness.

The characteristic feature of all images shown here, is that they show elongated, sometimes curly structures with 
well defined edges against a dark background. The brightness along the structure fluctuates down to almost 
background level at some points. These fluctuations and curls distinctively distinguish these structures from arcs.

Figure 3d corresponds to cloudy images. We can see that there was auroral activity in the background of some 
images, but in every case the aurora is obstructed by clouds.

Figure 3e was to label images as showing the moon. To avoid oversaturation, the camera is disabled when the 
moon is in the field of view of the imager. The whole dataset therefore does not contain a single image showing 
the moon and only 26 images out of the subset of 550,286 of the 2010/2011 season in total were labeled as such. 
What the classifier seems to have picked up on are images that show a clear background with single, very bright 
but small spots. In all 6 images presented here, the second highest class is for discrete aurora. These images fit 
the definition of discrete aurora, because the structures are bright against the background and show well defined, 
sharp edges. Because these misclassifications are so rare, they can safely be neglected.

Figure 3f shows a clear night sky with some very faint auroral activity near the bottom left field of view of the 
imager. These images would have likely been rejected by a human because they do not show enough and clear 

Table 5 
Distribution of Predicted Classes in Images Taken in the 2010/11 Season

 21699402, 2022, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021JA

029683 by U
niversity O

f O
slo, W

iley O
nline Library on [20/04/2023]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License



Journal of Geophysical Research: Space Physics

SADO ET AL.

10.1029/2021JA029683

12 of 38

Figure 3. Images with highest confidences for each class (a) arcs, (b) diffuse aurora, (c) discrete aurora, (d) cloudy, (e) moon 
(f) clear sky. The probability assigned to each class are given as bar graph normalised to the highest probability for each 
image beside each image. The dashed lines indicate equal class probability of 16.7%. The colors of the bars correspond to the 
colors of the classes shown in Table 1. Images are shown after preprocessing as seen by the feature extractor.
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aurora to be useful for classification. Aurora appearing near the edge of an image have some of their features cut 
off, therefore all auroral classes look the same or at least similar, when near the edge of an image.

The examples show auroral images that clearly belong in the classes they have been assigned by the classifier. 
There are some false positives for the “moon” class, but those images are rare and the classifier is not very con-
fident in them. The classifier is therefore very confident in images that would have been labeled with the same 
confidence by a human operator.

The same way we analyzed the images the classifier had its highest confidence in, we can analyze the images with 
the lowest probability of being in each while still assigned that class. From every class we selected those images, 
where the image was assigned that class, but with the overall lowest probability of all images in that class. This is 
a measurement how confident the classifier was in this specific image and class relative to the other classes. We 
have plotted the images in Figure 4, the style is the same as for Figure 3.

For the three aurora classes and the clear sky class we see that there are mostly images with bright crescent shapes 
aligned with the edge of the image on an otherwise clear sky. These are similar to the edge cases in the training 
dataset we demonstrated above. For arcs the middle left and bottom right as well as the middle left image for the 
diffuse class deviate from this pattern. The aurora visible in these images are very small and can barely be made 
out against the background. Most likely images with faint or small aurora are underrepresented in the training set. 
The image labeled diffuse has been classified correctly, albeit with very little confidence.

For the cloudy and clear sky classes we see the same pattern as in most of the aurora images. For all of these 
images the probabilities of the different classes are very close. The last image in the bottom left is almost com-
pletely dark. The probability for the moon-class is very high in this image compared to previous examples. This 
might be, because the only time the classifier has seen completely dark images without any stars, clouds or aurora 
has only been when the moon was visible in the image. Dark images without any features are not present in the 
training dataset.

We would like to point out that this method of min-maxing - selecting the classes by their lowest probability 
where this probability was the largest compared to the remaining probabilities - is just one heuristic technique to 
explore situations where the classifier is unsure. Another method could be to look for images where the probabil-
ities show high entropy. This should give similar results to the images shown in Figure 4, because the probabilities 
shown there are almost equally distributed.

At last we show examples of tiled images. These are given in Figure 5. After the original preprocessing, the im-
ages were tiled into 16 56 × 56px sized squares. For the images in the left column (Figures 5a, 5c, 5e), these tiles 
were replaced by black tiles, thus removing all information previously present in this part of the image. For the 
images on the right (Figures 5b, 5d, 5f), the classification given below each tile corresponds to a classification 
based only on each specific tile. To do this, all other tiles but the tile to be classified were replaced by black tiles. 
Therefore only information present in a given tile was kept and used for feature extraction and classification. If the 
classification of the tile differs from that of the whole image, the class is written in bold letters to emphasise the 
change. In the second form of processing only 1/16 of the original image and information remains. The classifier 
has not been trained on images on this format and the results obtained from this have to be treated cautiously.

The images in the top row (Figures 5a and 5b) correspond to the last image in Figure 3e (high confidence in 
moon), the images in the middle row (Figures 5c and 5d) to the fourth image in Figure 3a (high confidence in 
arc) and the images in the bottom row (Figures 5e and 5f) to the third image in Figure 3c (high confidence in 
“discrete”).

In Figure 5a we can see that most of the image can be removed and the classification as “moon” remains. Only 
when the second tile in the third row is removed, the classification changes to “discrete”. This tile only shows a 
clear background with some clouds, but some information contained in this tile seem to be crucial for the clas-
sification. The classifier could have learned that the moon is often brighter than aurora and illuminates clouds 
in its proximity. Because we have replaced the tile with a black tile, it would correspond to a clear background, 
unusual for the classifier.

The features in the middle tiles in the bottom row in Figure 5b are what we previously attributed to cause the 
misclassification. Now we see that when isolating these features, the image is not classified as containing the 
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Figure 4. Images with lowest confidences for each class (a) class 0, (b) class 1, (c) class 2, (d) class 3, (e) class 4 (f) class 
5. The probability assigned to the label by the classifier is given below each individual image. The dashed lines give a 
probability of 16.7%. The colors of the bars correspond to the colors of the classes shown in Table 1. Images are shown after 
preprocessing as seen by the feature extractor.
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Figure 5. Classified images after tiling. Left column (a, c, e): the tiles were replaced by black tiles, for the right column (b, d, f), the classification is based on one tile 
only. The images in the top row correspond to the last image in Figure 3e; the images in the middle row to the 4th image in Figure 3a and the images in the bottom row 
to the 3rd image in Figure 3c. The respective predicted classes are printed below each tile, if the class is written in bold letters, the tiled classification differs from that of 
the original image.
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moon, although the first tile matches the moon in size and brightness against the background when compared to 
the training images.

We conclude that more than just a bright object of roughly the same size is necessary for the classification. This 
could be a presence of clouds in the image, reflections of the moonlight on clouds or on the dome of the camera, 
or even lens flares, which can be found on some of the training images (cf. Figure C2). We also see that many 
of the single remaining tiles are classified as “arcs”. Because we want to preserve scale, we have to replace all 
the remaining tiles with black ones instead of resizing the desired tile to full image size. This replacement may 
introduce sudden, large gradients on the edges of the tiles. Because arcs show well defined and sharp edges, the 
images will have large gradients in these parts. If the classifier has learned this behavior, this might be a reason 
why these tiles are misclassified as “arcs”.

In Figure 5c we have an image previously labeled as “arc”. We can see that we can safely remove the tiles that 
make up the background in the top right part of the image without changing classification. The first tile in the 
second row and last image in the fourth row are the tail of the arc and can also be removed without changing the 
classification. If we however remove any of the parts within the arcs and therefore break the arc apart, classifica-
tion changes to “discrete”. This suggests that the classifier has successfully learned that arcs and discrete aurora 
are similar, but that one important difference is that arcs need to be connected.

When observing tiles by themselves in Figure 5d we see again that some of the background tiles in the top right 
are classified as arcs, but also sometimes correctly classified as “clear sky”. The arcs in the bottom part of the 
image are correctly classified but because we have seen how false positives are generated by this type of analysis, 
we cannot be certain that this analysis of padded tiles translates well to the performance of the classifier on whole 
images.

This image also illustrates well why we decided to resize our images, instead of cropping toward the center. Based 
on our original image size and the desired input size of the neural network, when cropping our image only a part 
about as large as the four center tiles would have remained. Any information about the aurora outside would have 
been lost.

At last we show the third image in Figure 3c which was previously classified as “discrete”. No matter which tile 
is removed in Figure 5e, the image retains its correct classification. In the third tile of the second row, we remove 
about half of the visible aurora. This and Figure 5c suggest that the classifier is robust and works even if only 
small parts of the image show aurora, as long as the aurora follows a known shape. If we observe the classification 
based on the tiles in Figure 5f, we see that the classification in the parts that show aurora often does not hold. 
The top left and bottom right parts of the aurora are classified as diffuse aurora or arcs, whereas the main part in 
the middle is classified as cloudy. The two tiles directly below and one to the right have been classified correctly 
as “clear”.

Again, we cannot be certain that the classifier picked up on information previously trained on, due to the way the 
padding affects the feature extraction. Another way would have been to again scale the image to the input size, 
which would have removed problems with detecting the background, but any information about the scale of the 
structures would have been lost.

In the previous we have demonstrated an improved way to classify all sky images by first extracting their features 
using a convolutional neural network before using these features in an SVM for classification. The classifier 
performs well on the testing data with 73.00% ± 5.22% six-class and 91.27% ± 2.83% two-class accuracy. While 
this number is lower than in previous publications, we found that the choice of training and testing data on this 
type of images is very important and the test-results need to be validated thoroughly. We are therefore confident, 
that there is little bias toward our training data and that our classifier will be able to handle unseen images from 
different sources with similar accuracy as the training and testing data.

When analyzing our classifier, we find that the biggest confusion for the classifier arises from images that are 
ambiguous to humans as well. These are often image with aurora near the edge of the image.

We also found that the classifier picks up on subtle, but important information, such as that arcs need to be con-
nected or that images of the moon are not just a bright patch against a dark background but show reflections on 
the image.
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4.3. UMAP of Features

Next, we want to understand how the extracted features relate to the images and their predicted classes. In the 
middle of Figure 6 we show how the features can be mapped into a 2D space using Uniform Manifold Approxi-
mation and Projection for Dimension Reduction (UMAP) (McInnes et al., 2018). We chose UMAP over T-SNE 
because this way global structure is preserved in the mapping. While we do not need this for further processing, 
this algorithm is good at picking out similarities and differences in numerical features and therefore allows us to 
display the 1,000-dimensional feature space condensed into a 2D space. All 550,286 images have been used to 

Figure 6. Features embedded into a 2D Space using the UMAP algorithm. Some areas of interest are highlighted by red boxes with four random images from within 
each area shown around the mapping. The numbers by the figures on the outside correspond to the numbers of areas marked in the 2D space. Images are shown after 
preprocessing as seen by the feature extractor.
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create the map and a random selection of 3,000 images has been used to create the figure. Each point in the plot 
represents one of the 3,000 selected images. The colors represent the classes they belong to, using the same color 
scheme as explained in Table 1 and used in Figures 3 and 4.

The UMAP algorithm calculates a lower-dimensional feature representation of the original high-dimensional 
feature representation, grouping points of data with similar high-dimensional features close together and those 
with different features far apart. This means that points which lie close together in this mapping represent im-
ages which show similarities in their original features, images that are placed far apart are also far apart in their 
features. If the neural network succeeded in extracting the most important information out of the images into the 
features we expect to see visually similar images close to each other and visually different images to be far apart.

To illustrate this, we have selected some parts or clusters of the mapping and plotted some images contained in 
these areas. Those areas are marked by red rectangles in the mapping and assigned a number which connects them 
to one of the groups placed around the mapping. Each of the groups consists of four randomly selected images 
with the predicted class given below the image and the number assigned to the group in the middle between the 
images.

We see a butterfly-like shape, with images mostly labeled as aurora between the wings. The wings themselves 
contain mostly images labeled as non-aurora. Because there are only a handful of images labeled containing the 
moon, there are none of these in this randomly selected split present.

Images labeled as arcs show no preferred location in the mapping, whereas all other classes are grouped together 
in one or more clusters. The images labeled discrete for example, are mostly between the wings, the images labe-
led diffuse between the discrete aurora and the wings on each side and cloudy and clear images can be found in 
several groups of both wings.

The first selected area near (1, 11) in the coordinate system of the mapping contains most of the images labeled as 
arcs. The images belonging to this group show arcs like we have seen them in Figures 3a and 3b. The image in the 
top left is ambiguous and could also be labeled as clear, whereas the other images are correct. Area 3 to its bottom 
right near (3, 10) is close to these images in the feature space and also shows similar images but much of the visi-
ble aurora spans more of the image and more patches are visible in general. One of these images has been labeled 
incorrectly as cloudy, but also shows its features near the edge of the image. The other images have been labeled 
correctly as aurora but whether discrete or diffuse is the correct label for these images is an ambiguous choice.

The images to its top right near (5, 12) in Area 2 are similar to those in Areas 1 and 3, but have all been labeled 
as clear. The important difference seems to be that the brightness of the aurora in the crescent shape near the 
edges is low compared to the background, whereas the shapes in Area 1 have been bright against the background.

The images in Area 4 near (5, 8), Area 5 near (1, 8) and Area 11 near (−1, 6) have all been classified correctly 
as diffuse or discrete. They show high resemblance to the images classified with high confidence as presented in 
Figures 3b and 3c.

Area 7 near (−5, 6) shows images classified as clear with some diffuse images present in the area. Because the 
images have been normalised to their highest and lowest values and these values lie close together, they appear 
grainy. This means that the brightness of the visible aurora was very low. The classification as clear skies would 
align with a human classifier due to the low brightness if presented with the unprocessed image. In area 8 near 
(13.5, −1.5) we see an example of images taken of a clear night sky. This area is far away from any images labeled 
in auroral classes

The groups near areas 2, 7 and 8 give 3 clusters of images labeled mostly clear, that lie far apart but are classified 
correctly in their context. Those clusters show distinct differences in their images, which is represented in their 
features and therefore visible in the mapping. Only the images in area 8 are true images of a clear night sky, the 
other images are edge cases or near-edge cases that lie close to auroral images in this mapping. These images are 
also closest to the images classified with high confidence in Figure 3f.

While it is possible to draw boundaries around these clusters, especially in a higher dimensional space much like 
an SVM does, these cases are difficult to discern in the feature space of the images.
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Area 6 near (11, 3) shows images labeled as cloudy. While the classification 
is correct, the images suggest that there are aurora visible behind the clouds.

Area 9 near (−5, 2) and area 10 near (−4, −3) also show images classified as 
cloudy. The images in area 9 suggest that there are again aurora behind the 
clouds, but this time the clouds seem to be thinner or the aurora brighter than 
in area 6. The clouds in area 10 show no visible aurora behind them.

At last area 12 near (−2, 3) is located between area 9 showing clouds and area 
11 showing discrete aurora. Visually, the images placed here are a mixture 
between the two areas. The aurora are very diffuse or partially obscured by 
thin clouds which scatter the light and make them appear diffuse but also 
show those elongated bows with uneven brightness usually present in images 
classified with high confidence as discrete aurora. The misclassification of 
the image in the top right is most likely due to the big, fuzzy patch in the top 
right part of the image. The other images have been classified as diffuse, but 
it is difficult to determine only from the images whether they are truly diffuse 
or discrete and obscured by clouds.

Now that we have analyzed images in the clusters, we can see differences, that might be present in the features 
that are reflected in the mapping created by the UMAP algorithm. In the very middle between the wings (areas 5 
and 11) bright structures on a dark background are mostly visible. Toward the right wing (ares 4, 6 and 8) these 
structures blend more and more with the background and the images become more homogeneous the further 
along the wing the images are located. On a microscale the images are homogeneous, moving toward macroscale, 
gradients are apparent.

Toward the left wing (ares 7, 12, 9 and 10), we also see blending with the background, but this blending is less 
homogeneous on a microscale and the grainy images indicate lower brightness of the images. Because the images 
are scaled to their highest and lowest brightness (see Section 3.1), only the relative brightness of features against 
the background can be extracted by the neural network.

We have shown that the UMAP algorithm already is able to reduce the 1,000-dimensional feature space of the 
images to a 2D image representation of the features where images are bundled in groups of visually similar 
images. We find that this often corresponds to correctly classified images, but that especially the grouping and 
classification of images in the edge case between clear skies and any aurora class are difficult to represent this 
way. If we were however to draw only a few straight lines through this image, a crude classification into the dif-
ferent classes could already be achieved.

Classification based on higher dimensional features should therefore yield better results. Still, edge cases have 
to be taken into account depending on the application. If for example, the goal was to remove all non-aurora 
images, based on the probabilities all images with combined probability for auroral images less than 90% could 
be discarded.

In Section 4.5 we will show two possible applications of the classifier, one of which could be used as a cloud-re-
moval tool based on this principle.

4.4. Comparison to Human Classification

Out of the 3,000 images previously discussed, we have randomly selected 1,330 images for manual classification, 
which were given a single pass each and assigned one of the six classes. From this we obtain the confusion matrix 
as detailed in Table 6. Although there are no images detailing the moon in the set, we have kept the row and col-
umn for the corresponding classification for completeness. We see that many misclassified images show diffuse 
aurora and have been labeled as discrete aurora or vice versa. Images showing arcs are almost not present in the 
whole set. Misclassification between clouds and clear images is mostly only that way, that clear images have been 
predicted to contain clouds but not that cloudy images have been predicted as clear images. Similarly, images 
manually classified as containing some form of aurora have often been predicted as cloudy.

Note. Overall and two-class accuracy is 56% and 86%, respectively.

Table 6 
Confusion Matrix in the Same Style as Table 3 With Manual Labels Used as 
Ground Truth for 1,330 Randomly Selected Images From Figure 6
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In the previous section we have already seen, that small parts of cloud cov-
erage tend to lead the classifier to predict the images as cloudy. This is again 
confirmed in the high recall, but low precision value for cloud class as de-
tailed in Table 7. This table gives some classification scores, obtained from 
the confusion matrix. The distribution of classes in the manually labeled 
images is similar to the distribution of classes obtained from the manual 
classifier, shown in Table 5. In our sample, 39% have been labeled as some 
form of aurora, the classifier attached an aurora class to 36% of images. For 
our representative sample size and with a significance level of α = 0.05 this 
difference in classification is statistically significant. Performing the signifi-
cance test we saw that a slightly smaller sample size, or just 10 more correct-
ly classified images would have lead to an insignificant result.

A big difference is in the distribution of cloudy images compared to clear 
images in the non-aurora images. The classifier labeled 75% of these to be 
cloudy, in manual labeling only 44% were assigned this label.

For aurora classes, classifier and human labeling agree on the distribution of arcs (5% by classifier, 6% by hu-
man), but the classifier assigns the diffuse and discrete class equally often, while manual classification favors the 
discrete class at 59%–35% for diffuse aurora.

From the scores we can see that the classifier performed poorly compared to our manual classification in the six 
classes. Many of the images in the real set of data are not as clean as the images contained in the test set. Besides 
the ambiguity between the aurora classes and the “clear sky” class, which is a result of image features - mostly 
arcs - near the edge of the image, most images in the training set contain exactly one class of aurora. This class in 
itself might be ambiguous, which lead to most of the training error, but as we have shown in the previous section 
much of the real image data contains two classes, some might even contain three.

The two class scores perform similarly to the scores obtained for the testing set. The accuracy for two classes is 
at 86%, slightly lower than the 89% obtained on the test data, but there is a statistically significant difference in 
the distribution of the classes. This discrepancy could already be explained by a bias to rather exclude edge cases, 
because only 39 more images would need to be classified correctly to achieve the same accuracy.

In Figure 7 we show these manually labeled images in the same mapping as in Figure 6. The color scheme has 
been kept the same, only that this time the points are colored by the classes assigned by human classification. 
Those points marked by “.” have been classified correctly in the two class classification, points classified incor-

rectly have been marked as squares. Comparing the clusters between both 
figures we see that the classes are on the same positions as before. The mid-
dle is dominated by images labeled “discrete”, toward the outside “diffuse” 
images appear and the wings are made up of cloudy and clear images. Images 
labeled as “arcs” still do not follow a pattern or group together. Whereas the 
extended parts of both wings have been clearly classified cloudy before, now 
many images are labeled as clear as well.

The wings still contain mostly images which have been classified correctly in 
the two class case, the same is true for the middle of the image. The crescent 
shaped boundaries between these regions contain 260 of the 285 images, 
which have been classified incorrectly. All remaining 25 images have been 
manually labeled as some form of aurora and have gone undetected by the 
classifier.

It is these edge cases, which account for the low accuracy of the classifi-
cation. Although there is a statistical difference between the classifications, 
there are no apparent systematic problems in the classification that would be 
evident in Figure 7 The classification errors are therefore similarly to differ-
ences arising if the same images would be given to two human classifiers, 
each with their own bias for edge cases. The same way humans ambiguously 

Figure 7. Manually attached labels for 1,330 randomly selected images from 
6. The color scheme and coordinate system is the same as in the previous 
figure. Points marked by “.” have been classified correctly in the two class 
classification, points classified incorrectly have been marked as squares.

Table 7 
Summary of Metrics for Table 6 in the Same Style as Table 4 for 1,330 
Randomly Selected and Manually Classified Images From Figure 6
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differentiate between aurora and non-aurora the classifier has been trained, 
makes decisions and mistakes.

Because the classifier also returns the probabilities of each class for each 
image, it can be finetuned for high precision (e.g., “reject every aurora im-
age below 90% probability”) or high recall (e.g., “accept every aurora image 
above 10% probability”). It could even be quickly retrained by relabeling the 
OATH training images according to one's needs. We will show below how 
finetuning can be applied by comparing our predictions for the “cloud” class 
with meteorological data.

Overall we see good agreement between the classifier and manual classi-
fication when distinguishing between images showing aurora and images 
not showing aurora. In the six-class case we see more problems when dis-
tinguishing between different aurora classes and the classifier's tendency to 
label images “cloudy” even if only small cloud coverage is present. We attrib-
ute this to the fact that many images show features of different classes, for ex-
ample, diffuse and discrete aurora, covered in some clouds all in one image.

4.5. Potential Applications

To show applications beyond image classification we have selected two tasks. 
The first will be comparing our prediction of whether an image is cloudy to 
available meteorological data, the second will be modeling the perturbation 
in Earth's magnetic field as measured locally for every image.

Meteorological data in the form of the Cloud Base Height (i.e., the lowest part of a cloud directly above the ceilom-
eter) is unique for us in such a way that we can obtain a ground truth for whether it is cloudy or not. For the other 
predictions there is no such way to obtain a reliable comparison. The reliability of our classifier with regards to the 
cloud prediction is not necessarily related to the reliability of the prediction for auroral classes, but good performance 
in this task suggests that prediction of other classes may perform equally well. Additionally, if this performs well, 
it can be applied to reliably filter and remove cloudy images from unclassified datasets before further processing.

Magnetometer data is not related directly to any measurable quantity in the images, but as explained in the in-
troduction, northern lights and variations in the Earth's magnetic field show a strong physical connection. The 
aurora are the optical manifestation of how the Earth's magnetosphere is influenced by the solar wind, and how 
ionospheric currents due to energetic particles influence the measurements of the Earth's magnetic field. Being 
able to connect images to physical measurements could allow researchers to analyze many images at once or 
enable large scale statistical analysis of images. Studies that need to analyze many images could therefore be sped 
up or expanded to larger timescales or missing data could be extrapolated from auroral images.

Based on the features extracted by the neural network we therefore try to predict values for the perturbations in 
the Earth's local magnetic field as measured by the magnetometer collocated to the all sky imager.

4.5.1. Predicting Cloud Coverage

We are using the classifier that we previously trained on the OATH images without retraining it on the ceilometer 
data. The images and ceilometer data of this section belong to a new set of data unknown to the classifier at the 
time of training.

It is important to note that the ceilometer only measures the Cloud Base Height (CBH) directly above it, therefore 
the prediction and measurement might disagree slightly, but it is still good for a general evaluation. In Figure 8
we see the distribution for the predicted classes based on the measured cloud base height. Only 195,620 of the 
total 550,286 were assigned a measured cloud base height, for the remaining images the measurement returned 
“cloud free”. Of those, 165,765 lie below a measured cloud base height of 2,000 m. Above this height, the amount 
of clouds measured for these heights reduces a lot and the classifier more often predicts northern lights or a clear 

Figure 8. Distribution of predicted classes by measured Cloud Base Height 
(bar graphs) and occurrence of different measured heights (orange line).
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sky. We have therefore chosen a cut-off of 2,000 m, below which we consider 
an image to be “cloudy” and above which it is not cloudy.

In Table  8 we see the accuracies of the classifier when comparing to the 
thresholded cloud base height classifier. This way only 30% of the images are 
classified as cloudy, whereas our classifier predicted almost 50%. As we have 
shown in the previous section, the classifier assigns the cloudy label already 
to images with small patches of cloud but is otherwise good at assessing 
cloudiness. The classifier overestimating the cloudiness is therefore probably 
not the only factor for this discrepancy, but rather that the point-measurement 
of the ceilometer is not as good an estimator of cloud average as presumed.

Overall can see that this way non-cloudy images are selected with a precision of up to 92%, albeit with a recall 
of only 68%. This suggests that, while the ceilometer and the classifier disagree for patchy clouds, they agree on 
homogeneous cloud coverage. Because the classifier not only returns the final assigned class, but also the proba-
bilities for each class, we can use the probability for each image to be “cloudy”. Ignoring all other probabilities, 
we can slide the threshold above which an image is classified as “cloudy” by our classifier. For each threshold we 
calculate the accuracy of the prediction, that is, how often the predicted label agrees with the label assigned by 
the CBH extracted from the ceilometer.

The result of this is shown in blue in Figure 9a. For a low threshold, every image is classified as cloudy and we 
achieve an accuracy of about 30%, equal to the amount of cloudy images. The maximum accuracy of 85.6% is 
achieved at a threshold of 75.5%. This is a significant improvement of the accuracy of 73.6% achieved without 
adaptive thresholding. Increasing the threshold further, the limit goes toward classifying everything as non-
cloudy, which is the case in about 70% of the images. If we were to randomly predict an image to be either cloudy 
or not at a probability of 30:70 according to the classes' distribution in the dataset, we would obtain a curve as 
shown in orange in Figure 9a. The shape of the curve based on our thresholded prediction suggests that our 
classifier performs significantly better than randomly guessing and that the two classes are well separated by a 
threshold near 50% although there are twice as many non-cloudy images as there are cloudy images.

Classes Precision Recall F1-score
Number 

of images

Not cloudy (CBH > 2,000 m) 0.92 0.68 0.78 384,521

Cloudy (CBH ≤ 2,000 m) 0.54 0.86 0.66 165,765

Note. The total accuracy is 74%.

Table 8 
Prediction of Cloudy by the Classifier Compared to the Values Obtained by 
the Ceilometer

Figure 9. Assessment of the prediction quality for “cloudy” vs. “non-cloudy”. Panel (a) shows the accuracy as a function of the threshold and Panel (b) shows the 
ROC curve. In both plots, the continuous blue line shows our thresholded prediction and the orange dotted line corresponds to a random classifier. In the thresholded 
prediction of Panel (a), a small threshold of 0 is equivalent to predict every image as being cloudy (giving 30% accuracy which is equal to the overall fraction of cloudy 
images). A large threshold of 1 is equivalent to predict every image as being non-cloud (giving 70% accuracy which is equal to the overall fraction of non-cloudy 
images). The two distinguished working points of both Panels correspond to a “cloud removal” (green) and ”cloud extraction” (red) application scenario.
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In Figure 9b we show the true positive rate plotted against the false positive rate. Because we use the ceilometer 
as ground truth, an image is a true positive, if both ceilometer and classifier label it “cloudy” and false positive, if 
the ceilometer labels “not cloudy” but the classifier labels “cloudy”. We see a typical receiver operating charac-
teristic (ROC) curve with an area under the curve of 0.89. The ROC curve summarizes how well the two classes' 
distributions can be separated by the classifier and can be used to tune the classifier to the desired thresholds.

On both curves we have marked two possible scenarios for how to tune the classifier when using it to filter out 
cloudy images in a dataset.

For the red mark, the false positive rate was set to 5%. This corresponds to setting the threshold to 0.88 for which 
a total accuracy of 84% was achieved. In this case, 51% of the cloudy images would be identified correctly and 
the remaining 51% of cloudy images would go undetected. This could be a desirable setting to remove the most 
cloudy images, if some filtering is required but the following processing is robust enough to handle some cloudy 
images or if the sample size of the remaining images should be kept as large as possible.

The green marking shows the opposite case. Here, the true positive rate was set to 95%, meaning that almost every 
cloudy image was detected. Here the threshold is set to 0.14 and returns a total accuracy of 66%. This however 
leads to falsely labeling 39% of the non-cloudy images as well. This approach could be used when rigid filtering 
is required at the cost of reducing the remaining sample size.

Overall we see that our classifier compares well to real-world data where we have a ground truth available to 
compare it to. It will be useful for filtering if there are no other means of filtering available or to support other 
filtering methods. The accuracy of this method will however depend on the distribution of classes in the dataset 
it is applied to. Depending on the application, an initial threshold for filtering can be chosen based on our ROC 
curve but should be refined on some manually labeled test cases. Retraining the classifier on a pure “cloudy” vs. 
“not cloudy” basis could also further improve this technique.

4.5.2. Predicting Magnetometer Values

To show that the features can be used beyond image classification we try to predict perturbations in the Earth's 
local magnetic field. For this, each image is assigned the value measured by the magnetometer closest in time. 
With a resolution of 60 s, the difference in time between when an image was taken and its assigned magnetometer 
measurement is between 0 to 30 s. To define perturbations, we assume a constant baseline value and therefore re-
move the mean. Although the Earth's magnetic field and therefore the baseline changes over the years, we assume 
it is near constant for our short timespan of 4 months. We only used images and their respective features where 
our classifier placed the images into one of the categories showing aurora and where the Cloud Base Height was 
above 2,000 m. This gives 188,458 images for analysis out of originally 550,286 within the timeframe November 
2010–February 2011. This is even more restrictive than relying solely on the classifier's prediction to ensure our 
dataset contains as little noise as possible at the cost of removing some otherwise good images.

We again split training and testing data consecutively, not randomly, to minimize possible bleeding of information 
from the training data into the testing data. We show the resulting distribution of training and testing data in Fig-
ure 10a. For values above −400 nT the training and testing dataset are close to the distribution of the original data. Val-
ues below are only present in the training data. This is because there was only one event of this magnitude in the given 
timeframe. This part of the distribution can therefore only be present in either training or testing data, not in both sets 
at the same time. We then trained a linear Ridge Model on the data. In Figure 10b we show the prediction of the mag-
netic field perturbations for an event on 02-05-2011 between 18:30 and 22:00UTC corresponding to 1,558 of 55,409 
values in the testing dataset. In the whole set of testing data, this was the only event which reached perturbations below 
−50 nT for a significant period of time. Other events were either weaker or only present in few consecutive images.

The blue dots correspond to the testing values, the orange dots are the values predicted by our linear ridge model. 
The green line is a Savitzky-Golay filter of order 5 and window length 51 through our predictions and the red line 
the absolute error between the Savitzky-Golay filtered data and the testing data. The event shows three distinct 
negative peaks of the disturbance of down to −400 nT, each at around 18:50, 20:00 and 21:30 UTC. We can see 
that individual predicted values can match their respective testing values. Especially the second and the beginning 
of the third event (19:45-21:00UTC) can be matched well by individual predictions. The predicted data however 
shows high variance.
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To remove some of this variance, we applied a Savitzky-Golay filter of order 5 and window length 51. To match 
the peaks better, a shorter window length would be required and to filter out the variance of the near-constant 
data better, a longer window length would be required This makes this a compromise for evaluation, not a perfect 
tool for the prediction.

Figure 10. Predictions of the magnetic field disturbance in the horizontal direction for the 2010/ 2011 season, based on features extracted by the neural network. Panel 
(a) shows the normalised densities of our training and testing splits compared to the densities of the whole set of data. Panel (b) shows a selected event on 02-05-2011 
between 18:30 and 22:00UTC. Panel (c) shows a scatter plot for single predictions and smoothed values against their respective testing values, for all testing values. 
The graphs above and to the right show the normalised densities of the distributions, the graph in the top right a combination of all previous distributions and the whole 
set of data. Panel (d) shows a figure in the same fashion as (c), this time only for the selected event from (b) instead of for the whole set of testing data.

 21699402, 2022, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021JA

029683 by U
niversity O

f O
slo, W

iley O
nline Library on [20/04/2023]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License



Journal of Geophysical Research: Space Physics

SADO ET AL.

10.1029/2021JA029683

25 of 38

We can see that in general our predictor underestimates the magnitude of the perturbations but manages to follow 
the direction. Between 18:30 and 19:30UTC the filtered data follows the testing data into the peak and matches the 
point in time where the test data reaches its minimum. It is able to detect that the aurora following afterward at 19:15-
19:40UTC correspond to no meaningfull magnetic disturbance, before it follows the data into the next minimum at 
20:00UTC. This time the model does not underestimate the magnitude of the event but does not match it as well in 
time as before. This is again followed by a correctly identified calm event where between 20:00 and 20:30UTC the 
absolute error of the filtered data reaches near zero, while the magnitude of the data is still around −100 nT.

The last event at 21:00UTC can again be matched in time, while the magnitude is underestimated. The timing of 
the secondary peak at 21:15 UTC is also matched well, but underestimated in magnitude. Afterward the predicted 
values drop off together with the testing data to zero.

In Figures 10c and 10d we show how the distributions of predicted values behave against their corresponding 
true values. Figure 10c shows this for the whole range of testing data, Figure 10d only for the selected event we 
described before. The scatterplot in the bottom left shows the predicted disturbance against their true values, 
once for the single predictions (blue) and once for the filtered predictions (orange). The black line is drawn where 
Btest = Bprediction. On top the normalised density of the single and filtered predictions calculated by a kernel density 
estimate with Gaussian kernel and bandwidth of 10 is shown, to the right is the same plot for the testing data. In 
the top right corner the three densities are overlaid, together with the density of the whole dataset.

For the whole set (Figure 10c) most of the data is near the origin. We see that the single and filtered distribution of 
the testing data are nearly identical. The filtered distribution is narrower and shows more data near its mean value, be-
cause the filter removes outliers. The filtered data however still seems to represent the originally predicted data well 
enough. Overlaid with the testing data and data of the whole dataset we see that all distributions are nearly identical.

The plot in Figure 10d belongs to the previously shown event. The distribution of testing data shows an almost 
even profile over the whole possible range of values. The single and filtered predictions are again close enough 
that the filtered prediction is an accurate representation of the single values with less variance. The distributions 
show more data toward lower negative values and their values of maximum intensity is below that of the full dis-
tribution. This was to be expected, because we chose this set specifically because it showed large perturbations.

Comparing the predicted distributions to the testing distribution we see that the distribution shows more values 
toward predictions of lower magnitude, predictions of high magnitude are underrepresented in the predicted 
distribution. This is also reflected in the scatter plot. Ideally every point would fall on the black line. For points 
with Btest ≥ −100 nT, the filtered predictions are closer to the line, whereas the single predictions show larger 
variance. Toward larger negative test values, the predicted values underestimate the testing values in most cases. 
This suggests that the predictor can predict the direction of the disturbances, but because most of the training 
data is based on low disturbances, it is biased toward predicting events with lower magnitude. This can be im-
proved by providing the predictor with more training data. However as we explained before, this has to be done 
carefully, to find a good representation of the baseline over several years from which the perturbations can be 
defined. Measurements from different cameras and stations can also be used, but again the values have to be 
prepared carefully.

In Table 9 we give the errors and coefficients of determination obtained for the selected event and the whole season. 
For the whole testing set as well as the selected event, the predictor performed better when comparing the filtered data 
to the true values. For all testing data, the mean squared error is below the squared standard deviation (35.82 = 1281.6) 

Figure
Event length (# of 

test-datapoints)
Standard deviation of 

test data (nT)

Mean squared error (nT2) Mean absolute error (nT)
Coefficient of 

determination (R2)

Single 
value

Savitzky-
Golay filter

Single 
value

Savitzky-
Golay filter

Single 
value

Savitzky-
Golay filter

All testing data 56,493 35.8 920.2 626.0 21.1 16.3 0.28 0.51

Selected testing data 10b 2,030 105.2 8319.6 7045.7 68.7 64.9 0.25 0.36

Table 9 
Mean Squared Errors and Absolute Errors for Single Values and the Running Average of the Prediction for the Whole Season and 3 Selected Events
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as well as for the selected event (105.22 = 11067.0). For the mean absolute error we see similarly that the errors are 
below the standard deviation and that the filtered values perform better. For the whole set we reach a coefficient of de-
termination of up to R2 = 0.51 for the filtered data. Overall, we find that that our model cannot predict the perturbations 
on a single-image-basis but when removing variance from the predicted data we find that the filtered values follow the 
direction of the perturbations but in general underestimate them. For small perturbations below a magnitude of 100 nT 
the distribution of predicted data matches that of the testing values, because 98% of the values lie within this range and 
the predictor therefore has much training information available. To more accurately model the larger perturbations, the 
time series nature of the data could be exploited, but more data to train the predictor on is needed as well.

We can also conclude that information beyond that necessary for image classification is present in the extracted 
features, although we used a neural network which was specifically trained for classification. Because all sky 
imagers are often paired with magnetometers, no manual processing (like labeling images) would be required to 
create a dataset consisting of hundreds of millions image-magnetometer-measurement pairs.

While we used transfer learning methods, because our original set only contained 5,824 images, a dataset of that 
size could be used to train or finetune neural networks specific to tasks like these. This could in turn be once 
more used to assist image analysis by searching for specific, interesting events, fill gaps or interpolate in data or 
together with other sources be used for space weather prediction.

4.6. Future Community Efforts

Although the improvement in classification of all-sky images seems minor, we believe there is much potential in 
this method.

With only 5,824 images available for training and testing we achieve precision, recall and accuracy scores around 
90% when distinguishing between aurora and non-aurora, making the classifier suitable for removing non-aurora 
images from large datasets. For classification between auroral classes, there is still an improvement possible, 
but our extensive validation efforts minimize the probability that we overestimate the accuracy of our classifier.

Because our classifier is based on features extracted by a pretrained and unmodified neural network, these fea-
tures are universal and can be stored space-efficiently. The computationally expensive part of feature-extraction 
therefore has to be done only once. On our machine we manage to extract features of approximately 3 million 
images per day. Classifying these images based on their extracted features works at a rate of up to 100 million im-
ages per day, which can be improved by parallelizing the task. If a better classifier becomes available, the stored 
features can be recalled and images re-classified quickly.

We argue that with only minor effort from the community, enough labeled image data can be produced to create 
a universal all-sky image classifier, which can be redistributed and applied to the extracted features.

5. Conclusion and Outlook
Based on the Oslo Auroral THEMIS (OATH) dataset, containing 5,824 labeled all-sky images in six categories 
- “arc,” “diffuse,” “discrete,” “cloud,” “moon,” “clear sky/no aurora,” we have evaluated the performance of 80 
pretrained neural networks in terms of speed of feature extraction and performance of the extracted features for 
classification using a ridge classifier. The best performing network's features have been used to train a linear
support vector machine, where the best hyperparameters have been evaluated using tenfold cross validation. We 
achieve 73.00 ± 5.22% accuracy in the six-class classification, and 91.27 ± 2.83% when aggregating images into 
two classes “aurora” and “no aurora” after classification.

While these values are significantly lower than previous publications, we carefully validated our results, to ensure 
our reported metrics will hold up against unseen data. These steps were not undertaken in previous publications. 
When applying our method to select training and testing data to a recent and similar study, the accuracy decreases 
to a level below our findings. This shows the importance of our validation efforts. For our test images, the biggest 
errors arise from misclassification between auroral classes among each other and between the auroral classes and 
“clear sky”. Both problems can be shown to originate in the training data, where images cannot be identified to 
clearly belong only in either class, resulting in ambiguity in the labels.
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We show the application of our classifier to 550,000 previously unlabeled images taken in Ny-Ålesund between 
Nov 2010 and Feb 2011. To test the classifier, we analyze its confidence in several subsets of the data. We show 
that images are assigned their correct labels with high confidence but that there are also images where aurora is 
only visible in small parts of the sky that are labeled ambiguously by the classifier, most likely because of the 
same problem in the training data as for the testing data. A comparison to manually labeled images also reveals 
good agreement for unambiguous cases but also confirms differences for ambiguous cases.

Expanding the training data by increasing the size of the dataset with labeled images from different sources and al-
lowing multi labeled images (e.g., “arcs & clouds”) or using a multi-stage classifier could lead to an improvement in 
prediction. Because the transfer learning approach works on small amounts of training images already, the classifier 
can also easily be modified based on the application. One could for example, introduce more training images spe-
cifically designed to detect another class of aurora or phenomenon and repurpose the features extracted previously.

It might also be interesting to consult in-situ particle observations or imagery data from which particle informa-
tion can be inferred, such as the Defense Meteorological Satellite Program satellite SSJ and SSUSI instrument 
observations and compare these to the classification of images. This could yield further insights about which 
images and aurora types are classified correctly under which conditions.

To better understand the extracted features, we employ UMAP to create a 2D representation of the 1000-dimen-
sional feature space. This showed that optically similar images lie close together in the mapped feature space.

To show physical application beyond classification and test our classifier's performance on real-world data, we 
compared the predictions of the “cloudy” class to meteorological data and predict perturbations in the Earth's 
local magnetic field based on the extracted features.

We find that the classifier accurately distinguishes between cloudy and non-cloudy images in 82% of the images, 
performing better than randomly guessing. The output of the classifier can easily be finetuned to be used as a 
filter to remove cloudy images from a dataset with desired sensitivity or specificity.

When predicting magnetic disturbance, we find that the predictive capability of a single image is not enough 
to accurately predict the magnetic field values, however a Savitzky-Golay Filter is able to accurately follow the 
measured values' trend. This shows the rudimentary connection between the features extracted from the images 
and underlying physical phenomena. Because auroral images are taken as a time series, modeling of magnetic 
field values could be improved by employing a model that takes the time-series nature of the data into account.

We have therefore shown that the approach demonstrated in a previous paper is viable for large scale application. 
All our methods use publicly available, tested and trustworthy python libraries (PyTorch and scikit-learn), which 
are already used in many other scientific environments and can be applied in just a few lines of code. This use 
of standardised, open-source software allows for a collaborative effort in the community, for example, to create 
standardised classification methods. Extracted features are stored space efficiently and can be transferred more 
easily. Once extracted, they can also be stored and retrieved much faster than images.

The images used for training and the images the classifier was applied to are from different origins, are of differ-
ent size and are in a different format but were compatible to each other without requiring major modifications to 
the code. In the spirit of open science and to foster collaboration, we make our classifier publicly available under 
the Attribution 4.0 International (CC BY 4.0) license. This will allow anyone to access the feature extractor and 
apply our classifier and could facilitate global cooperation toward a common set of classifiers.

Appendix A: Overview of Tested Neural Networks
Table A1 shows all tested pretrained neural networks. The data is taken from the “times.csv” file we provide in 
machine-readable format alongside. This data can therefore be used to recreate our extraction techniques without 
manual modifications to the contents of the file. The “model” column gives the name of the model as used by 
torchvision or pretrained-models.pytorch. and the origin of the model. The suffix “_cadene” marks models from 
pretraine-models.pytorch (Cadene, 2020) and “_torchvision” those from PyTorch's (Paszke et al., 2019) torchvi-
sion (https://pytorch.org/vision/stable/index.html). The “key” column gives the name of the dataset this network 
was trained on. In most cases, this is the “imagenet” dataset, but some networks may differ. “num_classes” is 
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the amount of output classes, equal to the amount of classes in the traning dataset. “size” is the size of the input 
image the neural network requires. This size has to be matched exactly, images therefore might need to be scaled, 
resized, cropped or padded to match this requirement. “mean” and “std” are the mean and standard deviation 
of the training dataset in the RGB-channels of the image. All images have to be transformed according to these 
values. “diff” and “mem” are the time used for extraction of features from all images in the OATH-dataset and 
the amount of memory used during extraction. The last four columns give the accuracy and standard deviation 
for 2 and 6 classes prediction each.

Appendix B: Gridsearch for Hyperparameters
Figure B1 shows how the hyperparameters influence the accuracy achieved by an SVM with linear kernel. For 
C = 10−3.8 ≈ 1.58*10−4 we see the highest accuracy of 73.00 ± 5.22 for six-class and 91.27 ± 2.83 for two-class 
classification.

In Figure B2 we see the training and testing accuracies for 2-class and 6-class classification for different hyperpa-
rameters on an SVM with RBF-kernel trained on the features extracted by the ShuffleNetV2 network. To empha-
size the highest values, we have cut off values below 85% for 2-class and 67% for 6-class classification. We see 
that the highest accuracy of 73.03 ± 5.47% for six-class and 91.03 ± 2.82 for two-class classification is achieved 
for multiple sets of hyperparameters. These values are not higher than those obtained by the linear SVM. The 
linear SVM is however considerably faster to train and less prone to overfitting for such a low relation of training 
values to feature space dimensionality.

Figure B1. Accuracy achieved for a linear SVM for different hyperparameters C.
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Figure B2. Accuracy achieved for an SVM with RBF-kernel for different hyperparameters γ and C. The top row shows the average performance achieved by the testing 
splits and the bottom row by the training splits. The left column shows accuracy for 2-class classification and the right column for 6-class.
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Appendix C: Additional Figures

Data Availability Statement
We thank the University of Oslo, TGO, IMAGE and AWI for publishing their research data and enabling this 
work. The All Sky Imager Data and OATH Dataset used in this work is available through the University of Oslo 
(http://tid.uio.no/plasma/aurora/ and http://tid.uio.no/plasma/oath/), the Magnetometer Data through IMAGE 
(https://space.fmi.fi/image/www/index.php) and the ceilometer data through AWIPEV (https://doi.org/10.1594/
PANGAEA.880300). We provide the data and code supporting TAME openly and freely on http://tid.uio.no/
TAME/ and https://doi.org/10.11582/2021.00071 and encourage anyone to use our classifier.

Figure C1. Distribution of the classes in the training and testing dataset compared to the distribution of classes in the whole 
dataset when training the final all sky image classifier.

Figure C2. OATH Image 00568, an example of an image showing the moon with lens flares and other types of reflections.
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1. Introduction
The solar wind is the driving force of space weather on Earth. Energy can be stored in the Earth's magnetosphere 
and will subsequently be released. These so called substorms are not only cause for the spectacle we know as 
the aurora, but have also the potential to cause serious harm to modern technology. Particularly in view of the 
reliance of today's society on digital communication delivered by satellites has made this a major concern in the 
last few decades.

Heating and expansion of the atmosphere by the aurora can lead to an increase in drag on satellites, possibly 
reducing lifespan, warranting course correction or at the very least cause observations of the changed course 
to avoid collisions (Marcos et  al., 2010). Geomagnetically induced currents can affect man-made electrically 
conducting structures such as the power-grid, under-sea communication cables or pipelines, causing disruption 
in various services (Pirjola,  2000). GNSS systems can provide exact timing and location services, based on 
the distance to the satellite calculated from the known position and travel time of the signal to a ground based 
receiver. However, ionospheric disturbances can change the travel time by several nanoseconds or few microsec-
onds, giving errors in the position by a few meters (Kintner et al., 2007).

Although there is the potential for global events to occur, these are extremely rare and localized events are much 
more likely. In order to mitigate the risks, it is important to know when and where they will occur.

Originally based on images (Akasofu,  1964; Akasofu et  al.,  1965), the study of substorms has moved on to 
satellite-supported studies (McPherron et al., 1973), giving us the currently used model of substorms. The solar 
wind has long since been identified as the main driving force behind substorms (Caan et al., 1975). A rapid 
northward turning of the Interplanetary Magnetic Field (IMF) Bz component was believed to be the main trig-
ger behind substorms, however this has been disproven in recent years (Freeman & Morley, 2009; Johnson & 
Wing, 2014; P. T. Newell & Liou, 2011). During the growth phase of substorms, energy is stored in the Earth's 
magnetosphere. This energy is released during the expansion phase and the magnetosphere subsequently returns 
to its steady state in the recovery phase of a substorm.

Different phases during a substorm can trigger different mechanism of energy-release which will in turn have 
different outcomes on the visible aurora (Akasofu, 2013; P. T. Newell et al., 2010; Partamies et al., 2015).

Abstract We classify all sky images from four seasons, transform the classification results into time-series 
data to include information about the evolution of images and combine these with information on the onset 
of geomagnetic substorms. We train a lightweight classifier on this data set to predict the onset of substorms 
within a 15 min interval after being shown information of 30 min of aurora. The best classifier achieves a 
balanced accuracy of 59% with a recall rate of 39% and false positive rate of 20%. We show that the classifier is 
limited by the strong imbalance in the data set of approximately 50:1 between negative and positive events. All 
software and results are open source and freely available.

Plain Language Summary When charged particle originating from the sun travel into near Earth 
space, they interact with the Earth's natural magnetic field. These interactions are what leads to the aurora, 
but can also cause problems with electric installations or satellite communications. Knowing when and where 
these occur can be used to mitigate negative effects. Such forecasts are also beneficial for research, as rockets 
could be launched into regions of interest or paths of satellites can be adjusted to arrive at the same time as the 
occurrence of such events. Our model takes images from ground based cameras to predict the onset of such 
strong space weather occurrences.
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In its simplest form during quiet times, aurora are visible in the shape of a single east-west arc, become larger and 
brighter, expand poleward during a substorm and form rapidly westward traveling folds, before breaking up into 
smaller structures, becoming more chaotic and returning to their quiet state again toward the end of a substorm 
(Akasofu, 1964).

Irrespective the origin of substorms, their footprint on Earth stays the same and subsequent identification can be 
performed either visually through all sky or satellite images of aurora or measurements of the Earth's magnetic 
field. Visual identification as performed for example, by Frey et al.  (2004) and Liou  (2010) is still based on 
the definition by Akasofu (1964) consisting of sudden brightening of the aurora followed by poleward motion 
and increase in intensity of the aurora. Forsyth et  al.  (2015);  P.  T. Newell and Gjerloev  (2011); Ohtani and 
Gjerloev (2020) use instrument based identification of substorms, where they used the change in Earth's magnetic 
field.

The lists of substorms originating from this work have found widespread use in the community for prediction 
of a number of space weather effects (cf. https://supermag.jhuapl.edu/publications/), including the prediction 
of substorm onsets by Maimaiti et al.  (2019) using deep neural networks. With their model, the authors also 
confirmed the importance of the Bz component of the IMF (P. T. Newell & Liou, 2011) and the solar wind speed 
(P. Newell et al., 2016) on the occurrence of substorms. Their work shows how well solar wind data can be used 
to forecast onsets of substorms on a global level. Furthermore, Sado et al. (2022) have shown that all sky images 
contain sufficient information that can be extracted by a neural network and be used to model the behavior of the 
Earth's local magnetic field in vicinity to the imager.

Taking the same approach, in this study we obtained approximately 4 million all sky imager data, classified the 
images and used a time series of images representing half an hour of data to predict the onset of substorms within 
the next 15 min after the time series.

Our final classifier operates with a recall rate of 39%, a false positive rate (FPR) of 20% and a balanced accuracy 
of 59%. We show that the classifier often correctly identifies to occurrence of an event, but fails to pinpoint the 
exact location in time and therefore either misses or overshoots the target prediction. The classifier itself is as 
lightweight as possible and makes it therefore necessary to reduce the input information for training to its bare 
essentials.

In Section 2 we give an overview of which data we use and in Section 3 we detail our preprocessing steps for 
the images and substorm data. Finally in Section 4 we present our results and give a summary and outlook in 
Section 5.

2. Description of Data Sources
In this project, we use data from two different sources. Our images are taken from the THEMIS All Sky Imager 
array's camera in Gillam, Manitoba located at N 56°20.24′, W 94°42.36′. The All Sky Camera takes images 
every 3 s at a resolution of 256 px by 256 px. The images are taken in the 2009/2010 and 2010/2011 seasons 
corresponding to conditions of solar minimum and in the 2014/2015 and 2015/2016 seasons for solar maximum. 
This gives us a total of approximately 3.7 million images taken over 4 years. The images were taken with a fisheye 
lense giving a full view of the sky from horizon to horizon. To remove artifacts like trees just above the horizon, 
a ring 20 px wide was removed. The images were then classified according to the method developed by Sado 
et al. (2022).

The images are complemented with physical data in the form of substorm occurrences based on the SuperMAG 
list of substorms. These were created by Forsyth et al.  (2015) using the SOPHIE technique, where substorm 
expansion and growth phases are identified by finding extrema in the derivatives of the SML (Auroral Electrojet 
Index) and by Ohtani and Gjerloev (2020) who based their identification on the local development of the Earth's 
magnetic field as it is influenced by a substorm. From these lists of substorms, we use 245 events that occur at a 
time of image coverage within 10° geographic latitudinal and longitudinal distance to the camera.

3. Methods
3.1. Overview of Dataflow

Figure 1 shows an overview of how the data flows through the system. The all sky images are preprocessed and 
classified according to the classifier by Sado et al. (2022). This process is detailed in Section 3.2. Those images 
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not showing aurora or a clear night sky are removed. The classified images are condensed into bins where we 
average over the images' probabilities in regular 5  min intervals. During periods of full camera coverage, a 
5-min-bin will contain 100 images. However, since coverage is not perfect or images have been removed because 
they were not relevant, bins might contain less images. Each bin is then assigned a binary value based on whether 
a substorm has occurred during this time or not according to the SuperMAG list.

The processing of substorm data and details on the classifier can be found in Sections 3.3 and 3.4 respectively.

3.2. Image Preprocessing

Individual images are classified based on the classifier developed and demonstrated by Sado et al. (2022); Clausen 
and Nickisch  (2018). In this process, the images are analyzed by a pretrained neural network and the image 
features as defined by this network are extracted. A classifier that has been trained on a labeled set of images that 
have undergone the same process of feature-extraction is then used to classify the images. This returns a proba-
bility for each image to be in either of the following six classes:

The probabilities for “cloudy” and “moon” do not contain any physical information and could lead to unforeseen 
biases with the classifier. Images where the probability to show the moon is above 40% or the probability to show 
clouds is above 70% are therefore discarded These probabilities are then removed altogether and we rescale the 
remaining four classes such that their distribution sums up to 100%.

3.3. Substorms

The list of substorms contains substorms measured and registered all over the world. Because we are only inter-
ested in substorms that we will be able to recognize visually based on our images, we remove all substorms outside 

Figure 1. Outline of the workflow. Auroral Images are classified with an established classifier. Based on the classification's result images with clouds or the moon are 
removed. The predicted images' classes are summarized into 5 min bins to remove noise and reduce the overall size of the data set. To these bins, information about 
whether a substorm has occurred during the interval is added from the SuperMAG list and finally a classifier is trained to predict whether a substorm will occur after a 
given interval of images.
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of a 10° region in geographic coordinates around the location of the camera. We also remove any substorms regis-
tered at a time where there is no image data available. Doing this we obtain 245 individual substorms.

3.4. Classification

Our classifier is a simple Linear Ridge Model. As input we use 6 bins of 5 min of image data, giving us an input 
vector containing 6 × 4 = 24 cells of input data. As output to be predicted we use a Boolean value whether there 
will be a substorm within the next 15 min after the end of the input interval.

In Figure 2 we demonstrate how the input is prepared for the model. In the upper row the predicted classes for 
each image up to 60 min before and after a substorm has been identified are plotted. In the middle row, the aver-
age distribution of classes for each of the 5 min bins is calculated and shown. Binning the images is an essential 
part of preprocessing for two reasons. First, there were originally one hundred images taken per interval, the 
information is therefore reduced by a factor of 100. Second, briefly interrupted coverage at for example, about 
30 min after substorm onset and again about 55 min after onset can be safely ignored. The bottom two panels 
show a visualization of the input for the classifier. Each contains a 30-min-interval of data. The first interval ends 
more than 15 min before the substorm occurs and has therefore been given a negative label. The second interval 
ends less than 15 min before the substorm and has therefore been given a positive label. Of course there are many 
more times without substorm onset than there are with. In our method of binning the data into 5 min intervals and 
looking 15 min ahead, 1.80% of our model's input has a positive label. To account for this large imbalance, we 
adjust hyperparameters for the model's class weight and regularization strength to avoid overfitting.

For evaluation of hyperparameters, we have used five-fold crossvalidation with an 80:20 split of train to test data. 
Our final selected model is the one that produces the highest balanced accuracy which is also the model with the 
highest True Skill Score (TSS) (True Positive Rate [TPR]–False Positive Rate).

For the final model's training and evaluation we have split train and test data sequentially in such a way that the 
ratio of positive to negative events in both datasets is as similar as positive.

Figure 2. Predicted classes per image (top), binned distribution of classes (middle) and input for “substorm” (bottom left) or “no substorm” (bottom right).
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4. Results
4.1. Distribution of Image Classes Around Substorms

In Figure 3, we show the average distribution of predicted image classes up to an hour before and after a substorm 
has been observed. We can see that before substorm onset, the average probability for “arcs” rises and shortly 
after onset “discrete” sees a rise. “Diffuse” is a dominant term throughout the whole time series, but strongly 
rising after substorm onset. This is likely because the classifier tends to default to this value when it is unsure 
about the classification task. For clouds illuminated from the back, for example, when the moon is shining behind 
cloud cover, or strong aurora that is blanketed by clouds, the classifier will also often classify these cases as 
diffuse aurora. “Clear sky” is similarly dominant toward the beginning of observation, but decreases over time. 
There are some substorms that will occur without aurora observation in the field of view of the camera. These 
will add a baseline value of “clear sky” to the average presented in this figure.

Overall, we see that the substorms on average follow a pattern that is similar to the observations one would expect 
when detecting substorms manually on images.

4.2. Prediction

For the prediction task, we prepare the classifier as described in Section 3.4.

Table 1 shows the confusion matrix obtained for this classifier. It illustrates the imbalance in the data set of 
approximately 50:1. We manage to correctly identify 41 of the 106 test cases in our data set, giving us a recall rate 
of 39%. The imbalance has a large effect on the precision of the prediction, the ratio of true positive predictions 
to all positive predictions, which is 3.4% in our case. Accounting for the imbalance, and weighting the accuracy 
for both cases with their total amount of cases, we achieve a balanced accuracy of 59%.

In Figure 4, we see a ROC-curve for the prediction. A ROC-curve is created by choosing different thresholds for 
the classifier's output and subsequently plotting the TPR against the FPR. It shows how well in a binary classifi-
cation system positive cases can be separated from negative ones and can be useful to choose a threshold based 
on the applications. In the two extreme cases, all samples are rejected or all samples are accepted as positive. 
Between these, the TPR should increase faster than the FPR to make for a good classifier. This threshold is shown 

as the straight, orange line which would also show the outcome of a classifier 
than was purely based on chance.

Except for the very extreme cases, our model performs better than guess-
ing and overall, the are under the curve is 0.66. We identify two working 
regimes that could be useful in real world scenarios. The first at a balanced 
accuracy of 59% with a TSS, calculated as the difference between TPR and 
FPR, of 0.19, a FPR of 20% and a TPR of 39%. The second has a higher 
balanced accuracy and TSS of 65% and 0.30 respectively, but the higher TPR 
of 77% comes at the cost of increasing the FPR to 47%. The first case is a 
more conservative approach and will create less false alarms relative to true 

Figure 3. Distribution of predicted Image classes around substorms.

Table 1 
Confusion Matrix for the Final Classifier

Prediction outcome

Substorm No substorm Total

Actual value Substorm 41 65 106

No substorm 1,161 4,613 5,774

Total 1,202 4,678
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positive cases than the second approach. The second approach is more accurate overall but will also give more 
false alarms.

Figure 5 displays the classification for a specific date. In the top panel we show ground based magnetometer 
measurements for the evening and the keogram for the timeframe in the panel below. The third panel shows the 
probabilities of individual images over time on which the substorm prediction has been based. The predicted 
probability for “substorm” versus “no substorm” is shown in the fourth panel. The horizontal black line denotes 
our threshold chosen for the final task. It corresponds to the first, more conservative, scenario laid out above. The 
binary output of this thresholded prediction is shown in panel five and the true result we tested against in the last 
panel. The last panel shows the known true test data.

We see that the substorm occurring at 08:56 has been identified correctly, albeit being 5 min delayed on the 
timing. From the keogram we see that at the time there was little to no supporting visual evidence of a substorm 
occurring in the field of view of the camera. Leading up to the substorm the classifier has increasingly classified 
images as “arcs” or “discrete”, similarly to what we saw in Figure 3. To explain this discrepancy, it is important 
to note that the (Ohtani & Gjerloev, 2020) list of substorms algorithmically detects substorms from magnetometer 
measurements. These are supposed to coincide with substorms that have been identified visually, but this method 
is as prone to false identification as any other algorithm. Furthermore, because the definition of a substorm is 

Figure 4. ROC curve for the final classifier.
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based on visual identification, different people will disagree on how to label edge cases. It is therefore possible, 
that the substorm onset identified at this event is not a separate event and still belongs to the previous event or has 
been incorrectly identified altogether. This is supported by the small deviation from the mean of the magnetome-
ter measurements and the missing visual evidence in the keogram. The event could still be a single outlier where 
the classifier has landed a lucky guess coinciding with a false positive event in the database.

On the other hand, observing the image data during the time-period 08:35 to 08:58, there was considerable lunar 
activity near the edge of the image. These images were not filtered because a sufficient amount of the edge of the 

Figure 5. A demonstration of Prediction of a time series. The rows show the following information, from top to bottom: Magnetometer measurement, keogram, 
per-image classifier output, Substorm prediction probability, thresholded substorm prediction, test data.
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images is cut off and these images have therefore not been filtered by the previously mentioned cutoff of a 40% 
change to show the moon. The moon as a bright object in the night sky could have overshadowed aurora as visible 
to the naked eye in the images and keogram. Subsequently, the keogram would look like it would on a quiet night 
and a substorm is not correctly identified. However, because of the process of feature extraction it is possible that 
the classifier “sees” more than the human eye and it might have picked up on the dim background in the image 
and still classified correctly.

In both cases, the discrepancy can be accredited to label noise or plain edge cases. Not knowing the amount of 
noise in the labels or edge cases in the feature data, it is difficult to estimate the extent this can have on the overall 
goodness of the classification. Handling these cases correctly will be an important step forward if one wants to 
improve this classifier (Frenay & Verleysen, 2014).

Between 07:00 and 07:55 another event has been identified. As we can see from the magnetometer measure-
ments plotted alongside, another substorm happened earlier with its onset identified at 06:36 by Ohtani and 
Gjerloev (2020). This substorm is not in our list of true positive data, because it occurred too early before onset of 
observations. Even if it was, it would not have been identified at the correct time, but the classifier has correctly 
identified that there was an ongoing event during the time. The substorm was also a longer lasting event, which 
was picked up by the classifier.

Both of these events show the necessity of implementing a loss function that prioritize the correct identification 
of present events over the precise timings. This could lead to a significant improvement in the model's forecasting 
abilities. (Guastavino et al., 2022) Both cases lead us to believe that the classifier prefers to identify ongoing 
substorms instead of the substorm onsets it was trained on. This is most likely due to the fact that the definition 
of a substorm onset is rather arbitrary with respect to image data and the effect on the images heavily depends on 
the duration and strength of the substorm.

Nevertheless, the fact that the classifier managed to roughly identify the time both events occurred, is a huge 
success given the very limited model and training data. It has been trained on data only giving information about 
the onset of the substorm, resulting in a large imbalance between true and false cases of about 1:50. This means 
that just by guessing “false” all the time the classifier would achieve an accuracy of about 98%. This would corre-
spond to the top-right corner of the ROC-curve.

Using the correct threshold it is possible to obtain a working regime that is performing better than this trivial 
case. Given the fact that the original input for half an hour of data has been condensed down from 600 images at 
256 px by 256 px giving approximately 40M data points total to just 24 input values, this is a good achievement 
for a linear classifier.

5. Conclusion and Outlook
We have shown that a simple linear classifier based on the distribution of image classes of auroral images for 
up to half an hour can predict the onset of a substorm with respectable accuracy. During training of the model a 
lot of input data was discarded to simplify the model and only information derived from images has been used. 
Supplementing the input data with for example, solar wind data, training a more complex model like a neural 
network and implementing a loss function that prioritizes the forecasts' result's value over its precision could lead 
to a more accurate prediction of the local onset and possibly duration of substorms and should be considered for 
future work.

Because this method and underlying source code is made freely available, it can be used to forecast substorms 
live. While we have not undertaken such steps, the time-limiting factor in a project like this would be the image 
preprocessing. Since our methods operate much faster on commercial hardware than the limit of one image every 
3 seconds, an optimized implementation should be possible.

Data Availability Statement
We provide the data and code for this project openly and freely on https://doi.org/10.11582/2022.00070 and 
http://tid.uio.no/SOP respectively.
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