
AGF-351: 
Optical methods in auroral physics 
 DATA ANALYSIS: PATTERN RECOGNITION ET AL. 

 Mikko Syrjäsuo 
School of Electrical Engineering 

Aalto University 
(email: firstname.lastname@aalto.fi) 



Why am I lecturing these things to you? 

•  Worked on spaceflight instrumentation until 1995 

•  Worked on all-sky cameras at the Finnish Meteorological Institute 
(1995-2002) 
–  MIRACLE network’s optical imaging instruments 
–  Doctoral degree in Computer Science 

•  Computer vision, pattern recognition 
•  Worked on all-sky imagers at the University of Calgary (2002-2007) 

–  Auroral image data processing 
–  THEMIS and NORSTAR optical imaging instruments 

•  Worked on spaceflight instrumentation (2007-2011) 
•  Technology Manager at Aalto University’s School of Electrical 

Engineering since September, 2011 



An important note on terminology!! 

•  The terminology that will be used is that of computer 
science and statistical analysis 
–  This differs from what is used in physics, be warned 

•  For example, “model” refers to a mathematical model 
–  In physics, you would call this a “fit” 

•  If something sounds weird, stop me and ask for 
explanations!! 



If you don’t have this book, get it… 
 •  Hastie, Tibshirani & Friedmann: 

Elements of Statistical Learning, 
Springer, 2nd ed., 2009 
–  A comprehensive collection of the 

“standard” methods 
–  Fairly multidisciplinary and reading all 

previous chapters is usually not 
required to be able to use the tools 

–  Almost all demonstrated methods are 
available in R and additional ones can 
be found on the associated website 

http://www-stat.stanford.edu/~tibs/ElemStatLearn/ 

Available for download, too… 



A slightly philosophical introduction 

“We are actually not interested in numbers,  
we are interested in what they represent.” 

(For proper conduction of scientific observations, we need to understand optical 
components, CCD-cameras and image acquisition etc. as they change the 
“numbers”…) 

5 



A less philosophical introduction 
We are trying to understand how the universe behaves by 

observing natural phenomena such as aurora. 
 

In physics, the observations lead to hypotheses whose 
correctness is then evaluated using data (from experiments). 

 
Learning is accomplished by recognising patterns in data. 

 
In computer science, we learn from data by using 

mathematical methods. We also evaluate our learning 
success by error analysis.  

6 



Topics 
•  Overview 

•  Pattern recognition, data mining, computer vision 

•  Terminology and tools 
•  Features, feature space and similarity metrics 

•  Supervised and unsupervised classification 

•  K-means clustering, KNN classification 
•  Curse of dimensionality 

•  Dimensionality reduction 

•  Pattern recognition with auroral images 
•  Ground-based and satellite imaging 
 



What is a pattern? 
•  “An arrangement or sequence regularly found in 

comparable objects or events” 
•  “A regular and intelligible form or sequence discernible in 

certain actions or situations” 
 
Examples: 
•  Human face 

•  Eyes, nose, mouth etc. 
•  What patterns are there in aurora? 



What is pattern recognition? 
•  Computer science → artificial intelligence → machine 

learning → pattern recognition 
•  Assignment of (some sort of) output value to (some sort 

of ) input value 
•  Deterministic: uses a specific algorithm 
•  Predictor/learner: uses data to learn the assignments 
 

Two main types: 
•  Regression (output is quantitative) 
•  Classification (output is qualitative) 
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Regression — fitting a model to the data 

In here, the 
objective (and the 
difficulty) is to 
recognise the 
pattern in data and 
choose a correct 
model… 
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! Data
Linear model 1
Linear model 2
Actual relationship

Regression — fitting a model to the data 

Two linear models 
(polynomial fits) have 
been selected. 
 
The relationship of the 
input and output 
values is actually 
different. Especially 
after adding some 
“measurement noise” 
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Classification — discrete labels 

Depending on the 
values of two 
variables, each data 
point belongs into 
one of two different 
classes (GREEN/
BLUE) 

+ 

What is the class 
of this new 
observation? 



Data mining, computer vision etc. 
•  Pattern recognition is a fundamental tool used in many 

modern applications 
 
•  Data mining, knowledge discovery 

•  Extraction of patterns is used in exploring the data 
•  Clustering, automatic labelling of data 

•  Computer vision 
•  Patterns are used in e.g. recognising and tracking 

objects in images  
•  Two eyes, nose & mouth (in a certain arrangement) 
→ human face 

 



Observations and variables — examples 

•  In auroral all-sky images: 
•  Each image is an observation 
•  Each pixel is a variable 

•  In time-series, 
•  Each time point is one observation 
•  Whatever you measured at that time point are the 

variables 
•  E.g. temperature, pressure, humidity 

 
Dimensionality = number of variables 

a1 a3 a2 

a4 a6 a5 

a7 a9 a8 



Learning from data: data types 
•  Qualitative  — nominal, categorical, discrete, factors 

•  An unordered finite set of values 
• E.g. Ω={hammer, wrench, axe} 
• Typically represented numerically with “dummy 
variables” 

• Hammer ↔ [1,0,0] 
• Wrench ↔ [0,1,0] 
• Axe ↔ [0,0,1] 

•  Quantitative — ordinal, numeric, real-valued 
•  An ordered set of (discrete) values 

• E.g. integer numbers, A/D-conversion results 



Curse of dimensionality 
•  Reliable analysis requires a sufficient number of samples 

(observations) 

•  Sampling density is proportional to N1/p, where p is the 
dimension of the input space and N the number of 
observations 

Dimension Required number 
of observations 

1 20 
2 202 = 400 
3 203 = 8,000 

10 2010 ≈ 1013 

Example: assume that for a 1-D 
data we have concluded that 20 
observations are sufficient and 
we want the same accuracy in 
higher dimensions, too. For 2-D 
data, we need 400 observations 
etc. 

Remember that in star calibration, you wanted to have stars evenly 
distributed over the whole field-of-view. This is what is meant with 
“sampling density” 



Features — compact representation 
The dimensionality of a 512×512 auroral image is 262144  J 
•  Numeric features are extracted from data to facilitate analysis 

•  Obtaining compact numeric representations of complex 
data 

•  In some cases, the variables can be the feature (e.g. 
magnetic field components as a 3-element vector) 

•  APPLICATION DEPENDENT!!! 
•  Computer scientists still looking for a perfect general-use 

feature... 
•  Domain expertise can help if you already know what you 

are looking for 
 
 



An example of a compact feature — 
normal distribution parameters 
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All data points can 
be described as 
random samples 
from a population. 
 
Rather than 
providing a large 
number of 
observations, we 
just give the mean 
and standard 
deviation. 



The observations are points in the 
feature space 

•  The features form the basis of 
the feature space 

•  Following the previous 
example, the space is two-
dimensional 
–  One axis is the mean value 
–  The other axis is the standard 

deviation 

•  Each observation is a point in 
this feature space Mean 

S
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(µ=2,σ=1) 

(µ=3,σ=5) 



The semantic gap — low and high-level features  
•  The human concepts need to be transformed into 

something we can process with computers 
–  One of the grand challenges in Computer Science… 
–  How do you quantify similarity? This knowledge is required for any 

computation requiring ordering etc. 

•  Low-level (primitive) features 
–  Colour, texture, shape, location (e.g. “bright”, “green”) 

•   Medium-level features/semantics 
–  Objects/targets identified by low-level features (e.g. “auroral oval”) 

•  High-level semantics 
–  Abstract concepts (e.g. “substorm”) 



Possible features in an all-sky image 

SHAPE 

TEXTURE 

INTENSITY VALUES 

NUMBER OF 
OBJECTS 

SALIENT 
REGIONS 

META-DATA 



Preprocessing (1): 
•  The data are represented as a matrix 

•  Images (matrices) are reshaped into vectors (1×D) 
•  Usually each row is an observation and the variables 

are in columns 
•  Handling of missing/bad values. Some possibilities: 

1)  Remove/ignore the whole observation if one variable 
is missing 

2)  Compute the missing value by, e.g., averaging 
3)  Use NaNs (often works in Matlab and R) 

•  NEVER replace with 0 or 999999 or -1 etc.!! 
•  If this is how you got your data, replace these special 
values with NaN before calculations… 



Preprocessing (2): 

•  Normalising variable ranges (subtract µ, divide by σ) 
•  Needed if the variables are not comparable, of the 

same type or in the same range 
•  E.g., the variables are velocity (m/s), electron 
density (1/m3), Kp-index (0–9) 

 
•  Dealing with correlated variables → dimensionality 

reduction 
•  E.g. the 262144 variables in an all-sky image are 
obviously not uncorrelated!! 



Illustration of variance in 2-D data 
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● Principal component 1 

Principal component 2 

NOTE: PCA is computationally expensive and requires 
careful preprocessing to avoid “weird results”… 



Dimensionality reduction 
Standard tools exist, here are the most common ones 
•  Principal Component Analysis (PCA) 

•  Projection matrix rotates the data 
•  The principal components are usually ordered based on their 

significance in explaining the variation in the data 

•  In R’s MASS-library:    pca <-prcomp(x) 
•  Linear Discriminant Analysis (LDA) 

•  “Relative” of PCA 
•  Explicit attempt to model the differences between the classes of 

data 

•  In R’s MASS-library:    lda <-lda(x,classes_of_x) 
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Random projection 
A computationally very light method 
•  Reduce the dimensionality by using a random projection 

matrix 
•  In high dimensions, randomly selected unit vectors 

are approximately orthogonal (Johnson-
Lindenstrauss Lemma) 

•  Given a D-dimensional data vector X (size D×1),  reduce 
the dimension from D to K, where K<<D 

•  Generate a random R matrix (size K×D) 
•  Normalise the rows of R into unit vectors (1×D) 
•  Project the data to a lower dimension by XLOW = R X 



Computing with observations — metrics 
•  In order to compare observations, one usually computes the distances 

between data points in the feature space 
•  A goodness measure or metric needs to be chosen 

• The squared error and the Euclidian distance (L2-norm) are 
commonly used 
• …but may not be optimal (e.g. histogram comparisons!) 

•  Normalisation → all variables (dimensions) become equally 
important 

 
•  Similarity is associated with distance 

•  Smaller distances mean more similar data (observations) 
•  Good features and other dimensionality reduction methods 

preserve similarity 



Regression — using metrics in validation 

!

!
!

!

!

!

!

! ! !

!

!

!

!!

!

!

!

! !

!

!

!

!

!

!

!

!

!

!

! !

!
!

!

!

!

!

!

!

!! !

! !

!
!

!

!

!

−10 −5 0 5 10

−1
.0

−0
.5

0.
0

0.
5

1.
0

1.
5

2.
0

Input

O
ut

pu
t

! Data
Linear model 1
Linear model 2
Actual relationship

The residual sum of 
squares (RSS) of 
the Linear model 2 
is smaller than that 
of the model 1. 
 
Hence, the model 2 
is better according 
to this metric.  
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Classification — using distance 
When analysing the 
data visually, this 
previously unseen 
data point is clearly 
“inside” GREEN 
data. So, it likely 
belongs to the same 
class. 
 
We can easily 
determine that the 
nearest neighbours 
are all GREEN when 
using Euclidian 
distance as metric. 

+ 



Decision boundary — a trip to probability 

•  Given N different classes, the probability that a sample x 
belongs to class Gi is 

pi = Pr(Gi | X=x) 
•  It is reasonable to classify the sample to the most 

probable class — this is known as the Bayes classifier 
•  Equally well one can classify the sample to the class of 

the closest known samples → density estimation!! 

P
robability 

Decision boundary 



Classification errors — false positive/negative 

Auroras visible 
in the image 

No aurora 
visible in the 
image 

Computer says 
“aurora in 
image” 

Correct False positive 
(Type I error) 

Computer says 
“no aurora in 
image” 

False negative 
(Type II error) 

Correct 

Type III error: 
Correctly rejecting 
the null 
hypothesis for 
wrong reasons; 
Getting a correct 
answer to a wrong 
question… 
 — ill-defined 
problems with 
insufficient 
statistics! 



Risk of misclassification 

P
robability 

Decision boundary 

The decision boundary need not be at the location where the class 
probabilities are equal!! 

An alternative decision 
boundary for cases where the 
“cost” of false-negatives for 
blue population is too much 



K-nearest classifier (KNN) 
•  Given a new observation, find the K nearest observations 
•  Based on the (known) classes of these K neighbours, compute the class for 

the new observation 
•  SIMPLE AND WORKS WELL!! 
•  Approximates the Bayes classifier 
•  In R’s class-library: results <- knn(train,test,classes,k=K) 
•  A good value for K is needed — usually the choice is not critical J 

? 

The previously unseen 
sample is classified to 
the class of the 
majority of the 
neighbours: here  



0 2 4 6 8 10

0
2

4
6

8
10

Variable 1

Va
ria

bl
e 

2 !
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!
!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!
!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

! !

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

 0.5 
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Classification — decision boundary 
The decision 
boundaries 
determined using 
KNN with K=5. 
 
The new sample is 
inside the GREEN 
region. 
 
NOTE: there are 
classification errors!! 

+ 



Supervised learning — learning with a teacher 

•  If you have a number of samples (observations) whose 
class you know, this can be used in training a classifier 
•  In mathematical terms this is an “optimisation problem” 

•  You are searching for an optimal solution minimising 
a cost function 

•  In practice, you need to find any minimum that provides 
a sufficiently good performance 

•  Popular classifiers: 
•  K-nearest neighbours 
•  Support vector machines 
 



Unsupervised learning 
•  You have data but you do not know its internal structure — or whether 

it has an internal structure… 
•  In mathematical terms this is also an “optimisation problem” but 

• You do not know the correct answers (cost function) 
• You do not know how many classes there are… 

•  Problem approached by grouping observations based on their 
similarity and analysing the results 

•  The challenge can be anything from trivial to impossible… 
 
•  Popular methods: 

•  Association rules, principal and independent component analysis 
•  Clustering: K-means (K-medoids), hierarchical trees 
 



0 2 4 6 8 10

0
2

4
6

8
10

Variable 1

Va
ria

bl
e 

2 !
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!
!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!
!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

! !

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

Unsupervised learning 

What is the internal 
structure here?? 
 
How many different 
groups (classes) are 
there? 
 
Are there different 
groups in the first 
place? 

The “pathological” data 



K-means clustering 
•  Most popular clustering method 

•  YOU need to provide the number of clusters K 
•  Standard in R: km<-kmeans(x,K) 

•  For Matlab, free versions + Statistics Toolbox 
 

•  Outputs K cluster centres and cluster assignments for data 
•  Minimises the “within cluster sum of squares” (WCSS) 

•  Uses Euclidian distance 
•  K-medoids works also if a proper metric cannot be defined but a value 
for similarity/dissimilarity can be determined (in R’s cluster-library) 

•  Iterative 
•  The initial cluster centres are usually selected randomly 

•  Several runs → pick the “best” clustering with the smallest WCSS 
 



0 2 4 6 8 10

0
2

4
6

8
10

Variable 1

Va
ria

bl
e 

2 !
!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

! !!

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

!

!

!

!

!

!

!! !

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!
!

!

!

! !

!

!
!!

!

!
!

!

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!

!!

!
!

!

!

!

!

!

!

!

!

!

!

!

! !

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

! ! !

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

K-means with K=2 
The “true” classes 
are obviously not 
visible here!! 
 
 
Average WCSS≈730 

Cluster centres 

The “pathological” data 
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K-means with K=3 
The “true” classes 
are obviously not 
visible here either!! 
 
 
Average WCSS≈330 
 
 
Note: the WCSS 
decreases as we 
increase the number 
of clusters. Why? 

Cluster centres 
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Clustering — a less pathological example 

The original 
observations contain 
three obvious data 
clusters. 



Clustering with K=2 
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WCSS≈2090 



Clustering with K=3 
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WCSS≈540 



Clustering with K=4 
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K-means — using WCSS to choose K 

2 4 6 8 10
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The “pathological” data 

The data with three clear clusters 

Many (heuristic) 
algorithms for choosing 
K can be found in the 
literature. 
 
Intuitively, if K is too 
small, each cluster 
contains observations 
from multiple “true” 
clusters. 
If K is too large, each 
“true” cluster is divided 
into sub-clusters. WCSS 
decreases more slowly. 

There is a clear “kink” at K=3 

In R: wcss<-kmeans(x,K)$tot.withinss 



Supervised learning — error estimation 

There are NO EXCUSES for not 
conducting an error analysis in 
any scientific research!! 



Error estimation — “ideal case” 

Training set Validation set Test set 

- Fitting models 
- Training classifiers 

- Prediction error 
- Model selection 
- Choosing parameters 

- Final error estimate 
- Generalisation error 

Set aside and use 
only at the end of 
the data analysis 

~50% of data ~25% ~25% 



Sampling with replacement 

Data 1 2 3 4 5 6 7 8 9 

Sampled 
without 

replacement 
(permutation!) 

1 3 2 4 5 7 9 8 6 

Sampled 
with 

replacement 6 1 2 2 4 6 7 2 7 

newOne <- sample(x,size=N, replace=FALSE) 
newOne <- sample(x,size=N, replace=TRUE) 
 

In R: 



Error estimation — bootstrap 

Original data 

New datasets 
sampled with 
replacement 

Set 1 Set 2 Set 3 Set 4 Set 5 

Model 1 Model 2 Model 3 Model 4 Model 5 

→ examine the behaviour of the replications 

Bootstrap 
replications 

CHAPTER 7.11 IN ELEMENTS OF STATISTICAL LEARNING  

Size N 

Size N 

NOTE: it’s not this simple in practice as there is a bias in the estimated error — 
don’t re-invent the wheel but use existing software tools (e.g. R’s boot-library) 



Now, let’s revisit the regression plot 
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We choose the 
linear model 2 
(green curve) and 
estimate the fitting 
error 



Error estimation — bootstrap 
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Linear model 2 
fitted with 20 
replications of the 
observations. 



Error estimation — bootstrap 
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Linear model 2 
fitted to 50 
replications of the 
observations. 
 
The 5% and 95% 
confidence levels 
and the median 
value are shown. 



Error estimation — cross-validation 

Training Test Training Training Training 

Training Test Training Training Training 

Training Test Training Training Training 

Training Test Training Training Training 

Training Test Training Training Training 

→ average the test error 

Ite
ra

tio
ns

 1
…

5 

Fit the model / learn classification Test the results 

CHAPTER 7.10 IN ELEMENTS OF STATISTICAL LEARNING  



5-fold cross-validation 

Pathological data 
classification with 
KNN. 
 
The 5% and 95% 
confidence levels 
and the median 
value are shown. 
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10-fold cross-validation 

Pathological data 
classification with 
KNN. 
 
The 5% and 95% 
confidence levels 
and the median 
value are shown. 
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On the importance of features 
No statistical analysis works if the input is garbage… 
•  Extract meaningful features from your data to 

•  Reduce noise, complexity and dimensionality 
•  Separate natural groupings, emphasise differences 

•  Computer scientists generally agree that 
•  If features are well-chosen, the classifier choice is 

usually not critical from the accuracy point of view 
•  It is useful to have many different features: an 

optimal subset is selected for any particular 
application 

•  This is also a learning problem… 



A review of automated analysis of 
auroral images 



Literature review — general observations 
•  We found 38 research articles (1989–2011) applying computer science 

methods to auroral image data 
–  Practically all studies were motivated by the excess amounts of data 
–  Neural networks were “fashionable” in the 1990’s J 

•  The early studies often relied on heuristics in feature extraction, error 
analysis and validation 
–  In more recent papers, rigorous methodology from Computer Science is 

used ← peer-reviewed by computer scientists J 

•  There were no data mining or exploration studies 
–  Supervised classification is still the norm 
–  Manual labelling of data is still required 

⬅ error analysis possible!! 



Possible features in a satellite image 

SHAPE 
- oval 
- θ-aurora 

INTENSITY VALUES 

EDGES 

META-DATA 
- e.g. pole location 

Dynamics Explorer - 1 (DE-1) 8 Nov 1981 (81/312) 14:12–17:02 UT 



1270 

ing the location of the center of the expected auroral oval and 
defining a small circle around that point. Then, during the 
iterative solution proces, the snake grows towards its natural 
rest length. The snake will stop growing when it reaches the 
inner boundary of the auroral oval because of the image forces 
exerted on it. The location of the snake in this state represents 
the automated estimate of the boundary. 

The block diagram of the system is shown in figure 3. The 
inputs are the intensity image_ and the satellite ephemeris in- 
formation. The intensity image has 256 gray scale levels, and 
a typical size of 150 by 120 pixels. The satellite provides an- 
cilliary information with each image. For example, the satel- 
lite location, sun location, time, detector filter wavelength are 
given. 

(module 31 

SIMULATION 

I I 

Figure 3: Block diagram of the aurora boundary estimation 
system. 

The ephemeris data are used in two different ways. First, 
in order to eliminate the interference of the daylight illumi- 
nation with the auroral oval extraction, a model is generated 
for the Earth illuminated by the sun (module 1 in figure 3). 
This illumination model is subtracted from the original image 
and facilitates the detection of the auroral ova.1. The sphere 
illumination model was implemented assuming a Lambertian 
surface. In this model the intensity detected at the observer 
position is proportional to the angle between the normal of the 
illuminated surface and the vector from the illuminated sur- 
face to the light source. The light source is considered to be a 
point source located at infinity. With this model, the detected 
intensity is independent of the observer position. The images 
used in this paper show auroras in the winter hemisphere of 
the Earth which do not suffer from the daylight interference. 
For this reason, the solar illumination stage was not used here. 

The second use of the ephemeris data is to obtain an esti- 
mate of the auroral oval location (module 2 in figure 3). The 
estimate places the auroral oval centered at 5 degrees anti- 
sunward of the magnetic pole. Thirty points are specified on 
a circle with colatitude of 5 degrees. This circle lies on the 
surface of the spherical Earth. The ephemeris data allow the 
mapping of these three dimensional space points into the cor- 
responding image cooLdinates, x and y. The mapping projects 
the circle into an ellipse on the image. This ellipse defines the 
starting position of the snake. After the daylight illumination 
removal and initial auroral oval estimation are performe4 the 
snake iterations are started and the snake moves towards its 
equilibrium position (module 3 in figure 3). 

The boundary estimation system was developed on a Sun 
3/260 Workstation running the Berkeley Unix 4.2 operating 
system, and the SunView graphics library for building the 
graphical interface. The system may be used in an interac- 
tive mode or in a batch mode with no user interaction. The 
interactive mode uses a graphical interface that allows the user 
to observe the evolution of the snake in the graphic display and 
to change in real time the parameters, such as rest length, arc 
length, curvature and image contrast, that control snake be- 
havidr. The batch mode allows the user to select a large set 
of images. The system then processes these images without 
any further intervention by the user. The results presented in 
this paper were obtained using the batch mode without any 
user intervention. The default parameters were set according 
to the experience gained previously when using the interactive 
mode. The same parameter values a and p were used with all 
the images, and the rest length was considered proportional to 
the perimeter of the initial auroral oval location. The weight- 
ing factors a and p were constant for the whole snake. We 
are, however, considering methods that will allow the auto- 
matic settings of the values of a: and p for each image and the 
modification of these parameters during the evolution of the 
solution. 

Figure 4 shows the automatically generated curves for 16 
of the test images. The manually generated results are shown 
in figure 2. Both figures show a superposition of the auroral 
images and their estimated inner boundaries. 

Figure 4: Automatically generated boundaries 

3 Comparisons 

To evaluate how the automatic technique performs we com- 
pare the areas inside the manually generated and automatically 
generated curves. This is done by counting the number of pix- 
els enclosed by the curves. The area provides both a simple 

Auroral oval — boundaries and shape 
•  The main objective is to segment the image into the foreground 

(aurora) and background (everything else including dayglow) 
•  Most successful approach: fitting a shape to data 

 

A
B C

D E

Figure 6. Results from adaptive thresholding experiment for September 14, 1997  
image at 09:05:48 UTC. (A) Original Image (B) Mixture Modeling (C) Entropy  
(D) Fuzzy Sets and (E) Gradient. 

A

B C

D E

Figure 7. Results from adaptive thresholding experiment for September 14, 1997  
image at 08:31:27 UTC. (A) Original Image (B) Mixture Modeling (C) Entropy  
(D) Fuzzy Sets an (E) Gradient.
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Li et al., “Comparing different thresholding 
algorithms for segmenting auroras”, Int. 
Conf. Information Technology: Coding 
and Computing, Vol. 2, pp. 594–601, 
2004. 

Mihovilovic et al., “Evaluation of an elastic 
curve technique for automatically finding the 
auroral oval from satellite images”, Proc. Int. 
Geoscience and Remote Sensing 
Symposium, Vol. 3, pp. 1268–1272, 1989. 
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Auroral oval detection — state-of-the-art 

C. Cao et al. / Pattern Recognition 42 (2009) 607 -- 618 613

97010_021647

Star
boundary

big gap

Fig. 13. LLS-RHT ellipse detection when early processing produces sub-par information. (a) UVI image; (b) extracted boundary; (c) extracted outer boundary with noise and
a big gap; and (d) detected ellipse using LLS-RHT overlaid on the outer boundary.

010_012021* 010_013237 010_014149 010_015101 010_020013

010_022408* 010_024005 010_024309* 010_024613 010_024727

010_031045 010_032301 010_033213* 010_034125 010_035037

010_040253 010_041205 212_052353 212_052507 212_053950

Fig. 14. UVI images (all from 1997) used in the experiment. Year prefix has been omitted from image labels.

where

r1 = 1
2

(
A + B +

√
(B − A)2 + C2

)
and

r2 = 1
2

(
A + B −

√
(B − A)2 + C2

)
,

where A,B,C,D, E, J, and ! are as defined in Eqs. (5) and (6). In
the binning procedure, 2D accumulators AC and AA are used for
storing center and semi-axis length evidence, respectively. One 1D
accumulator AR is also used (for rotation angle). For example, if the
detected parameter tuple is (ai, bi, xci , yci ,"i), the accumulator bins
AC[yci ][xci ], AA[ai][bi], and AR["i] are incremented. After the selecting

614 C. Cao et al. / Pattern Recognition 42 (2009) 607 -- 618

010_012021:

010_022408:

010_024309:

010_033213:

Fig. 15. Auroral oval segmentation results. Each row contains the segmentation results obtained by (left to right) manual, HKM, PCNN-based, AMET, and shape-based
segmentation methods for an image (i.e., the ones for Fig. 14(a), (f), (h), and (m), which are marked with a star in Fig. 14).

and mapping procedure iterates N times, the highest count bins are
taken as the parameters of the best fitting ellipse. (We determined
empirically that N = 10000 was suitable.)

4. Experimental results

This section reports some segmentation results. First, we report a
study of applying the existing and new methods to the set of 20 UVI
images from January and July 1997 (shown in Fig. 14) whose PCNN-
based segmentations were reported previously by Richards et al.
[32]. The images were retrieved from an online archive [10]. We have
access to the HKM and AMETmethods' codes, so this image collection
provides a suitable testbed for benchmarking. (The version of PCNN
that produced prior results (and the precise parameter values it used)
is no longer extant.) To our knowledge, our study is the first attempt
at a unified benchmarking of the existing auroral oval segmentation
methods. We also present results of a study on a large set of images
that benchmarks the new method's qualitative performance versus
the best existing method.

4.1. Experiments' background

The vast majority of UVI image pixel intensities range from −35.0
to 255.0 (e.g., in a study on 1504 images, only 1.3% of the images con-
tained 15 or more pixels with values larger than 255). We converted
the intensities to 8 bit values in a typical way by normalizing the in-
tensity range to [0 . . . 255]. The normalization involves first clamping
to 0 and 255 and then rounding each value to the closest integer,

although for images with many (e.g., more than 1%) negative-valued
pixels, a small positive value is added to each pixel in the image
prior to clamping. All pixels outside of the FOV oval are also set to
0 since the sensor provides no useful information there.

Because of the randomness trait of the RHT, LLS-RHT may detect
slightly different ellipses for the inner and outer boundaries of the
auroral oval in an image at different times. To achieve a fair com-
parison between methods, Monte-Carlo testing with 1000 segmen-
tation trials for each image was also done for the new method. In
each trial, the new method finds two ellipses, EI and EO, which cor-
respond to the inner and the outer auroral oval boundaries, respec-
tively. The averages of the parameters of the ellipses, EI and EO, over
all the trials were calculated and taken as the final parameters. The
region between EI and EO is taken as the auroral oval segmentation
result for the new method. Although 1000 trials were done for each
image, the parameters recovered for an image do not differ much
among different trials (e.g., parameter !'s of the detected outer el-
lipses ranged from 0.000008 to 3.11 (with average of 0.648) for trials
on reasonably segmented images).

4.2. Comparison of methods' results

Next, we report the results of the study in Fig. 14 images. In addi-
tion to comparing segmentation quality on a relative basis between
the methods, we consider quality versus manually segmented re-
sults (from a skilled reader of UVI images). Some results are shown
in Fig. 15. The figure's first column shows manually segmented re-
sults for the four images of Fig. 14 marked with ∗ in the caption

Cao et al., “New shape-based auroral oval 
segmentation driven by LLS-RHT”, Pattern Recognition, 
Vol. 42, 607–618, 2009. 
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Possible features in an all-sky image 

SHAPE 

TEXTURE 

INTENSITY VALUES 

NUMBER OF 
OBJECTS 

SALIENT 
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META-DATA 
FMI emCCD ASC in Kilpisjärvi, 2009-2011. 



Ground-based imaging — seminal studies 
•  Syrjäsuo and Donovan, “Diurnal auroral occurrence statistics obtained 

via machine vision”, Annales Geophysicae, Vol. 22, pp. 1103–1113, 
2004. 
–  Several features including texture were used to classify single images into 

multiple classes 
–  258 labelled images, 350000 images classified 
–  Automatic pruning of images without aurora 

•  Wang et al., “Spatial texture based automatic classification of dayside 
aurora in all-sky image”, Journal of Atmospheric and Solar-Terrestrial 
Physics, Vol. 72, pp. 498–508, 2010. 
–  Local Binary Pattern texture feature used for the first time in auroral 

research 
–  38044 labelled images, 71595 images classified 
–  Manual pruning of cloudy and bad images 
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data labeling procedure is further introduced in Section 3.1. In the
second experiment, in order to quantitatively evaluate our
method, both the training and testing images are labeled and all
images are from the 2003 observations at YRS. The widely used
k-nearest neighbor (k-NN) classifier (Theodoridis and Koutroum-
bas, 2006) was adopted. The results are presented in Section 3.3.

In the third experiment, in order to evaluate its effectiveness
and feasibility we applied our method on a larger scale, with
lower correlation and a more speculative dataset. The occurrence
distributions of different auroral types were obtained to investi-
gate dominant morphological characteristics in different regions
of dayside oval auroral morphology. The results are presented in
Section 4.

3. Automatic recognition of dayside aurora

3.1. Data labeling

The dayside auroral oval was divided into four active regions
by Hu et al. (2009) based on spectral characteristics of dayside
auroral emissions at 427.8, 557.7 and 630.0 nm. They also pointed
out that the spectral characteristics are closely related with the
morphological characteristics of dayside aurora in all-sky images,
and in one case, they presented some typical dayside aurora data
with spectral variety. Based on the results in Hu et al. (2009), we
classified discrete dayside aurora into four primary categories
based on its spectral and morphological characteristics. Detailed
descriptions of the four primary categories are as follows.

(1) Arc aurora (Fig. 4a) is single or multiple longitudinally
extended discrete arcs with intense emission at 557.7 nm. The arc

structure may extend from a few to 1000 km in an east–west
direction, and from several hundred meters to more than 10 km in
width (thickness), causing east–westward bands or stripes on the
ASI images. The arc may be twisted occasionally into auroral curls,
spirals and folds (Hallinan, 1976).

(2) Drapery dayside corona (Fig. 4b) is an auroral display
presenting multiple, east–west elongated rayed bands with weak
emission at 557.7 nm and pulsant, gauze-like diffuse auroras. The
pulsating, gauze-like diffuse auroras are often present at equator-
ward, near the dayside drapery corona.

(3) Radial dayside corona (Fig. 4c) presents as a radially-rayed
structure with weak emission at 557.7 nm, but appears strong at
630.0 nm. Rays in the ASI image are radially directed from the
zenith in all directions that change rapidly.

(4) Hot-spot aurora (Fig. 4d) is a complex auroral structure,
including rayed structures, with transient brightening rayed
bundles, spots and irregular patches with intense emission at
427.8, 557.7 and 630.0 nm. The life-time of a hot-spot aurora is
only a few minutes (not more than 10 min) and the scale is
normally 100–300 km.

Based on the above descriptions, ASI images at 557.7 nm from
December 2003 to January 2004 are manually labeled as the four
primitive types, meanwhile referring to the synchronous ASI
images at wavelengths 427.8 and 630.0 nm. We manually label
the auroral images at the three stated wavelengths simulta-
neously on the computer screen and assign them to a category.
The images are shown in temporal order. Although multiple
wavelength images are used in the labeling procedure, we only
use images at 557.7 nm in the following experiments. Using
multiple spectral and dynamic information will theoretically
improve the classification performance, but these topics are

Fig. 4. Sample images at 557.7 nm from the four categories.
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M. T. Syrjäsuo and E. F. Donovan: Diurnal auroral occurrence statistics 1109

Fig. 4. Sample images from the three main auroral shape categories.
Rows from top to bottom: auroral arcs, patchy auroras and Omega-
bands.

4.3 Automated analysis of temporal distribution

We used the previously described scheme to analyse several
years worth of auroral images automatically in order to deter-
mine the relative temporal occurrence of arcs, patchy auroras
and Omega-bands. For each image a unique ordering of the
training set was determined based on the distances between
the query and training images. Only if the five most similar
images belonged to the same category, the query image was
given the same classification. All other images were rejected
(class “other”). This approach left us with only the strongest
cases of occurrences for each shape category and neglected
more ambiguous auroral appearances. Finally, the individual
occurrence distributions were smoothed and normalised by
the total number of all images with auroral activity for the
same time instant.
Figure 7 shows the resulting distribution curves. The clas-

sification, which discarded ambiguous shapes, detected ap-
proximately 17000 auroral arcs, 9700 patchy auroras and
600 Omega-bands. Because we cannot determine the ac-
tual number of arcs, patchy auroras or Omega-bands in the
whole image set, we studied only the relative occurrence
within each category. Not surprisingly, auroral arcs occur
mostly in the evening sector with a maximum at approx-
imately 21 magnetic local time (MLT). Omega-bands and
patchy auroras have clearly distinct maxima at 03:00 and
06:00 MLT, respectively.

4.4 Error analysis

The experimental error was determined by first re-classifying
the training set. Here, one expects that each image should be

Table 1. The experimental error determined by comparing man-
ual and automatic classification. First, all images in the training
set (258 images) were classified automatically and the results were
compared to their class label. Then, using the results from the auto-
matic classification, 1700 randomly chosen images labelled as arcs
(600 images), patchy auroras (600 images) and Omega-bands (500
images) were manually re-classified to determine the accuracy.

Image test set Correct classification (%)

The training set with strict rules 99±0.5
The training set set with standard KNN 90±3
Auroral arcs (593/600) 99%
Patchy aurora (533/600) 89%
Omega-bands (59/500) 12%

classified to the category it represents. The analysis indicated
that for any practical purposes, the classifier can be consid-
ered errorless. For comparison, we also used the standard
KNN classifier, in which all closest neighbours need not to
be within one category. Now, even the problematic cases –
for example, neighbouring samples are two arcs and three
patchy auroras – are classified instead of being rejected as
shapes which are too ambiguous . This results in poorer per-
formance with a 90±3% correct classification.
To evaluate the classifier performance in the full data set,

we analysed 1700 randomly chosen images and compared
their manual and automatic classifications. Arcs and patchy
auroras were accurately classified, whereas Omega-bands are
clearly more problematic. Table 1 summarises the error anal-
ysis.

5 Discussion

The image contents were analysed without using the tem-
poral context – either in the form of (known) local time
or by analysing the images as a sequence. The concept of
“patchy auroras” is usually reserved for morning sector auro-
ral shapes, and few auroral physicists would classify evening
sector shapes as patchy auroras. However, individual images
may resemble patchy auroras, especially in short-lived auro-
ral activations. This is apparently also true for Omega-bands
and leads to the slow rise in the respective distributions be-
tween 17:00 to 24:00 MLT.
Many auroral images share similar numeric features,

which may provide conflicting information regarding their
actual content category. This behaviour is verified by ob-
serving that only 12% of all ASI images (27 000 of 220 000)
could be classified into one single category with confidence.
We studied images which could not be classified into a sin-
gle category, and, indeed, many of them seemed to contain
visual features from more than one auroral category or other
shapes, such as breakup auroras. An auroral arc may have
brighter sections, which naturally results in numerical simi-
larity to both arcs and patchy auroras.

Category ambiguity 

characteristics of the magnetospheric structure and dynamical
processes in dayside MBLs [10,11]. Our database is composed of
13,225 images of dayside auroras (0300–1500 UT/0600–1800
MLT) which are from November to February to avoid the influence
of daylight. In the database, there are 8332 patchy auroras out of
13,225 ASI images, so the segmentation of patchy aurora is crucial
and their results are of significance for aurora evolvement analysis.
In [11], patch auroras exhibit three different morphologies corre-
sponding to their spectral characteristics. Therefore the patchy
auroras are classified again into three subcategories on the basis
of the spectral properties, named hot-spot, drapery corona and ra-
dial corona aurora as showed in Fig. 2.

! Drapery corona aurora presents multiple, east–west elongated
rayed bands with weak emission at 557.7 nm and looks like
waving curtains layer upon layer.

! Radial corona has radial structure with weak emission at
557.7 nm, but strong at 630.0 nm. Rays in this kind of ASI
images radiate from the zenith to all directions as fireworks
and change rapidly.

! Hot-spot aurora is a complex auroral structure, including radial
structures, transient brightening rayed bundles, spot and irreg-
ular patches with intense emission at 427.8, 557.7 and
630.0 nm.

The patterns of the three subcategories of patchy auroras are
significantly different from arcs and Omega-bands. The Omega-
bands look like a kind of special arc shape and is a small quantity
of aurora images, which are found only 2 from 13,225 images in
the database, so we combine arcs and Omega-bands into one cat-
egory named multi-arc. Thus there are four main categories in
our research i.e., multi-arc, hot-spot, drapery corona, and radial cor-
ona auroras.

Image segmentation has been very active in recent years and a
lot of techniques have been proposed. Otsu [12] method is a clas-
sical segmentation method based on the intensity difference. The
active contours models (ACM) method [13], which is based on

the theory of surface evolution and geometric flows, is one of the
most successful methods. Level set method [14–16] is another
popular approach in the field of image segmentation, especially
in medical image analysis. The idea of level set is to represent a
curve as the zero level set of a higher dimensional function with
the motion of the curve embedded in the motion of the higher
dimensional surface. IPCA has good performance in scene segmen-
tation of video [17].

However, few considerations have been given to applications to
auroral image segmentation. In 1999, to obtain skeletons of aurora
as illustrated in Fig. 3, Syrjasuo utilized fuzzy logic to segment aur-
ora region in preprocessing stage [18]. In 2004, he segmented sali-
ent auroral shapes to get shape features for contented–based
retrieval [19] as demonstrated in Figs. 4 and 5 and then merged
the relevance feedback technology into the retrieval system to
search for one rare auroral form (‘‘north–south structure’’ as
Fig. 6) [20]. All of the work prompts aurora research in machine
vision aspect and is helpful for geoscientists. While these applica-
tions are concentrated on a special part of aurora images which
only consist of clear shapes. The luminance of the salient bands
in this type of images is even and much brighter than sky, which
is comparatively easy to be distinguished from the background
by intensity thresholding techniques. But according to patchy
auroras with extremely complicated morphologies, whose bright-
ness difference varies apparently, the simple thresholding tech-
nique cannot produce desirable segmentation as multi-arc aurora.

Through the observation of the four categories of aurora images,
it is found that the auroras, which are only composed of salient
shapes as Fig. 7a, occupy a small part of the whole dataset. In prac-
tice, most of aurora images are combined with bands (or patches)
and rays as Fig. 7b and c. The proportions of the two parts are differ-
ent according to the categories and images. For instance, the multi-
arc auroras contain one or more apparently brilliant bands and
sometimes include rays as Fig. 7b, the hot-spot auroras consist of
bright patches and some rays as Fig. 7c, while the drapery corona
and radial corona auroras are mainly composed of a lot of rays as
Fig. 7d and sometimes they also contain one or more small patches.

Fig. 1. Three distinct categories of auroras: (a) patchy aurora, (b) arcs, and (c) Omega-bands.

Fig. 2. Three subcategories of patchy auroras: (a) drapery corona, (b) radial corona, and (c) hot-spot aurora.
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Wang et al, 2010 

Syrjäsuo and Donovan, 2004 
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Comparison of different features 

Aurora vs. no aurora 
•  Data from emCCD at 

Kilpisjärvi 
•  30526 manually labelled 

images 
•  Moon visible in images 
•  6…8% test error 
•  Error analysis via cross-

validation 

Syrjäsuo and Partamies,  “Numeric image features for detection of 
aurora”, IEEE Geoscience and Remote Sensing Letters, 2011 

(doi: 10.1109/LGRS.2011.2163616) 



Directions for future research 
•  Shape-based analysis is popular in other applications, too 

–  Active contours, probabilistic shape models 

•  Texture-based methods have been successful but are they sufficient to be 
used without any other features? 

–  Evaluate a large number of different features and their suitability for clustering 
similar images or classifying images correctly → feature selection 

–  Determine a compact set of computationally efficient features for large scale 
automated analysis → search for frequent patterns 

•  Experiments with existing video retrieval  and activity learning methods 
–  The aurora is a dynamic natural process — the temporal auroral activity has not 

really been studied using methods from Computer Science 
–  These topics are of interest to computer scientists who are interested in difficult 

data and participating in major discoveries… 
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Case-study on temporal analysis 

“Retrieval of 5-min events” 
 
Instead of using Singular 
Value Decomposition, we 
used Random Projection to 
reduce the feature vector 
dimensionality from 5120 to 
50. In other words, no need to 
determine the eigenvalues of 
a 5120×5120 matrix J 

Syrjäsuo and Hollmén, unpublished… 



Summary 
•  Error estimation is a must 

–  For measured data, this is actually easy to do, so don’t skip it! 

•  Reduce data dimensionality and complexity by using 
compact numeric features 

•  Features used in the analysis are more important than the 
classification/ clustering algorithms 
–  Form a set of (uncorrelated) features from the same data 
–  Select a subset for trial runs 
–  Use KNN or K-means/medoids first to get an estimate of the 

performance 

LET THE COMPUTER DO THIS WORK… 



Exercise #1 — unsupervised learning (1/2) 
•  In 1973–1995, several film-

based all-sky cameras 
were operated in Finland 

•  The films have finally been 
digitised into DVDs in 2011 

•  We want to automatically 
extract the date-time 
information captured in 
each frame to allow 
convenient data processing 
with computers 

2.2 Images 2 DATA

(a) Camera (b) Frame

(c) Sample Image

Figure 2: Schematic representation of the camera and its field-of-view (a and b) fol-
lowed by an actual image (c).
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Exercise #1 — unsupervised learning (2/2) 
•  Individual video frames 

have already been 
processed 
–  Detection of the clock display 
–  Separation of individual digits 
–  Extraction of features 

•  There are 9328 
observations of 94-
dimensional data 

•  Use K-means to find the 
best number of clusters 



Exercise #2 — supervised learning 
•  There are 9328 

observations of 94-
dimensional data 

•  There are also manually 
determined correct classes 
for each observation 

•  Use K-nearest neighbours 
and estimate the 
classification accuracy (and 
its error) 

2.2 Images 2 DATA

(a) Camera (b) Frame

(c) Sample Image

Figure 2: Schematic representation of the camera and its field-of-view (a and b) fol-
lowed by an actual image (c).
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Exercise #3 — supervised learning 
•  There are 9328 observations 

of 94-dimensional data 
•  There are also manually 

determined correct classes 
for each observation 

•  Use PCA to reduce the 
dimensionality to D<<94 

•  Use K-nearest neighbours 
and estimate the classification 
accuracy (and its error) 

2.2 Images 2 DATA

(a) Camera (b) Frame

(c) Sample Image

Figure 2: Schematic representation of the camera and its field-of-view (a and b) fol-
lowed by an actual image (c).
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Practical details 
•  Half of the students should work on Exercise #1 and the other 

half on Exercise #2 (first) 
 
•  There are two R-scripts for testing the methods 

–  Installing R on your own laptop is highly recommended, but you can 
use any software you prefer, too! 

–  From the command line, use the command source to run the 
scripts 

–  Edit the coefficients and parameters in the script 
–  exercise1_clustering.R for K-means clustering 
–  exercise2_knn.R for K-nearest neighbour classification 
–  exercise3_knn_pca.R is as above but with dimensionality 

reduction via PCA 
•  What is the lowest dimensionality that still “works ok”? 

QUICK HELP IN USING R 
http://www.statmethods.net/ 

http://www.R-project.org/ 


