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SCIA 2017

20th Scandinavian Conference on Image Analysis 12-14 June, 2017, Tromsg, Norway
SCIA 2017 12-14 JUNE Conference Topics

The 20th conference in the long tradition The conference invites paper submissions
of Scandinavian Conferences on Image presenting original high quality work
Analysis will take place in Tromsg, within the following topics:
Norway on June 12-14, 2017. e 3D vision

e Color and multispectral image analysis
¢ Computational imaging and graphics
Faces and gestures
Feature extraction and segmentation
Human-centered computing
Matching, registration and alignment
Medical and biomedical image analysis
Motion analysis
Object and scene recognition
e Machine learning and pattern recognition
¢ Remote sensing image analysis
¢ Robot vision
¢ Video and multimedia analysis
¢ Vision systems and applications

Important dates:

Photos: www.visittromso.no Submission of full papers:
January 14, 2017

Paper Submission

Proposals for tutorials/workshops:

The submissions will be reviewed by JantianEsaetty

three anonymous reviewers. Papers will
be accepted for oral or poster
presentations.

Notification of acceptance:
March 10, 2017

. e ot :
Tutorials and Workshops v o4 2017 L

There will be tutorials and workshops in Registration for paper presenters:
addition to the main program. We invite March 24,2017

proposals for the tutorials and workshops Proceedings published in Springer
in topics related to the main conference. Lecture Notes in Computer Science

Qre info: www.scia2017.org @ Springer
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An example

Basic idea of kernel methods
— Support vector machine
— Kernel PCA

Spectral clustering — graph view & embedding view

Kernel entropy component analysis
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* N. Cristianini: Kernel methods for pattern analysis

V. Zografos and K. Nordberg: Introduction to spectral clustering
A. Singh: Spectral clustering, Carnegie Mellon

D. Hamad and P. Biela: Introduction to spectral clustering

M. Hein and U. Luxburg: Short introduction to spectral clustering
J. Gao: Lecture on spectral methods, SUNY Buffalo



European Aviation Safety Agency OF NORWAY
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Safran is an international high-
technology group and tier-1
supplier of systems and
equipment in its core markets of

Machine Learning techniques
applied to FDM

Hélder Mendes Nicolas Chrysanthos
FDM Expert Aerospace, Defense and
A 7 Security.
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Operating worldwide, Safran has
EOFDM Conference 2013 over 70,000 employees and
logged sales of 17.4 billion euros

in 2015.
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-« When considering a population of flights, an
atypical flight is a flight which is in a sense different
from the majority of the other flights ».

= Atypical flights may present operational or safety issues and thus need
to be studied by an FDM expert!

o\
24/ 23 January 2013 DAV/AIS S s A FR A N
Ce document et le: rmation: ’ ient Sté 5 ié 5c 4 ’ B . . 4
Sagem. Sagem est

s informations qu il contient sont la propriété de Sagem. lIs ne doivent pas étre copiés ni communiqués a un tiers sans | autorisation préalable et écrite Sagem
nom commercial de la société Sagem Défense Sécurité. 9
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< We have studied 721 flights from Porto to Orly 26, from Transavia France, same
aircraft, from approach till touch down (10000 feet to 0).
Black boxes (flight recorders)
- 14 parameters, in first pass we studied the CVR L D)
. : : , Cockpit Voice Recorder
= Position (latitude, longitude) \ e rantere tions
= Altitudes, heading, o between crew members
= Roll. Pitch W and with air traffic control
’ ; 2 hours of recording time

= Accelerations (angular and along axes)
= Speeds (vertical and longitudinal)

- N Casing
Can withstand

e 1 month
immersed in water
at a depth
of 6,000 metres

e 1 hourat1,100°C

Underwater

31/ 23 January 2013 DAV/AIS
Ce document et les informations qu’il contient sont la propriété de Sagem. lis ne doivent pas étre copiés ni communiqués & un tiers se LOCatOI'
de Sagem. Sagem est le nom commercial de la société Sagem Défense Sécurité. F D R a B eacon
Flight Data Recorder Eriité ilasanic

Records technical flight pulse on immersion

data including temperature, for up to 90 days.
speed, altitude and trajectory Pinger detectible
25 hours of recording time 2 km from surface

Source: BEA AP



A word on the mathematics

- We have used our own detection method:

= Based on Kernel Entropy Component Analysis, a recent (2010)
dimensionality reduction technique,

= Strong theoretical guarantees from nonparametric statistics,
= Better results than state of the art One-Class SVIM,
= Very robust even with highly « polluted » dataset.

a
32/ 23 January 2013 DAV/AIS
3 SAFRAN

Ce document et les informations qu'’il contient s t/ la propriété de Sa g m. lls d ent pas étre copiés ni 6s & un tiers sans |’ i préalable et écrite S
ngmngeH nom commercial de la société Sagem Défense Sécurité. agem
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We have used our own detection method:
, a recent (2010)
~=<uction technique,
n . v e
8 Group ~anarametric statistics,
Deep /eam,ng Fung
Peop “Unding
Spe: /e Publications ealth anayc K
alizeq Courseg Research focus crmel Machines
Sem”am/mee( N
Ings

Search;

—

32/ 23 January 2013 DAV/AIS

R. Jenssen, Kernel entropy component analysis, IEEE Trans. Pattern Analysis and Machine Intelligence, 2010
R. Jenssen, Entropy-relevant dimensions in kernel feature space, IEEE Signal Processing Magazine, 2013

R. Jenssen et al., Kernel maximum entropy data transformation, NIPS 2007
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- Atypical flight 2: pvalue = 0.0004, altitude plot
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ay
40/ 23 January 2013 DAV/AIS
& SAFRAN

Ce document et les informations qu'il contient sont la propriété de Sagem. lis ne doivent pas étre copiés ni 6s & un tiers sans |’ i préalable et écrite S
de Sagem. Sagem est le nom commercial de la société Sagem Défense Sécurité. agem
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- Atypical flight 2: pvalue = 0.0004, trajectory plot

49
489
48.8-

48.7-

LATPC

48,51

484+

1.6 1.8 2 22 24 26 28 3 3.2
LONPC

39/ 23 January 2013 DAV/AIS (
5 SAFRAN

Ce document et les informations qu'il contient sont la propriété de Sagem. lis ne doivent pas étre copiés ni 6s & un tiers sans |’ i préalable et écrite S
de Sagem. Sagem est le nom commercial de la société Sagem Défense Sécurité. agem




Example of atypical flights

- Atypical flight 2: pvalue = 0.0004

= Classical analysis:
= No event detected with the classical analysis.

= Diagnostic:
= Meteo: thunder; cumulonimbus clouds, towering cumulus clouds observed

= Meteorological constraints: the pilot had to lower his altitude to avoid the
cumulonimbus cloud.

o
41/ 23 January 2013 DAV/AIS
b SAFRAN

Ce document et les informations qu’il contient sont la propriété de Sagem. lls ne doivent pas étre copiés ni communiqués a un tiers sans |’ autorisation préalable et écrite S
de Sagem. Sagem est le nom commercial de la société Sagem Défense Sécurité. agem
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=< Of the 721 flights, 35 are detected: each flight is given a pvalue:
= « A pvalue is the probability that, under normal conditions, a flight at least
as extreme could occur by chance alone »

= Aflight with a pvalue<0.01 is considered very likely to be an atypical flight,
= A flight with a pvalue<0.001 is considered extremely likely to be an atypical
flight.

7N
33/ 23 January 2013 DAV/AIS
“y SAFRAN

Ce document et les informations qu il contie rsoi!apop degm!ls e doivent pas étre copiés ni communiqué: n tiers sans |’ autorisation préalable et écrite
a e Sécurite. Sagem

de Sagem. Sagem est le nom commercial de iété Sagem Défen.



Data

UiT

THE ARCTIC
[< UNIVERSITY
OF NORWAY

MACHINE LEARNING
GROUP

Kernel matrix
| (Affinity matrix)

(Covariance matrix)
I Function for
e C(Classification

N
f(x) = Z aik(xi,x) Prediction
v * Embedding




Input space ——_——— Information
, “ . .
X ,7 Feature space ) S theoretic:
)/ W(x) \ Kernel ECA
M' ! b
: Fish pincipal I
k() 1aCTIIT II
o ' analysis ¢
P, \ ’
[ N ~ //

Kernel methods: % K ?

Support vector machine (SVM)
Kernel PCA ++

C i N
1 Q Bayesian:

Ce® / Gaussian processes

| _——" Syl — PXP)

(3 . Graphs: Cuts, random walks p(X)
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Kernel methods: SVM

One of the most used classifiers over the last 10-15 years

« Convex optimization problem

Machine Learning, 20, 273-297 (1995)

Support-Vector Networks

CORINNA CORTES corinna@neural.att.com
VLADIMIR VAPNIK vlad@neural.att.com
AT&T Bell Labs., Holmdel, NJ 07733, USA

Editor: Lorenza Saitta

decision surface ensures high generalization ability of the learning machine, The idea behind the support-vector
network was previously implemented for the restricted case where the training data can be separated without
errors. We here extend this result to non-separable training data,

High generalization ability of Support-vector networks utilizing polynomial input transformationg is demon-
strated. We also compare the performance of the support-vector network to various classical leamning algorithms
that ali took part in a benchmark study of Optical Character Recognition.

Keywords; pattern recoonition aff s 5. .
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« SVM: Create a classifier that puts a linear decision boundary “midway”
between the classes!

/ ‘\2/k| | w || (max margin)!
/4
/4
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« SVM: Create a classifier that puts a linear decision boundary “midway”
between the classes!

2/l w||] (maxmargin)!

LABELS
® ») SUPERVISED
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« Want to solve:

min HWH2
w,b

such that

fory. = 1: WTXZ' +b2>1

fory,=-1: WTXi + b < —1

« This is a constrained optimization problem = Need to know Lagrange
optimization theory!

R. Jenssen, M. Kloft, A. Zien, S. Sonnenburg and K.-R Muller, “A scatter-based prototype framework and multi-class
extension of support vector machines,” PLoS ONE, 2012.
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« Lagrange multipliers only active for constraints corresponding to data
points “on the margin”: Support vectors @) (SV)

 Atsolution: W = Z )\ZyZXZ
x;, €SV

« Insert into primal, get dual

N 1 NN
=
max E )\z 75 Tt iy E E )\ZAJyZijZ Xj
A . 2 e
i=1 i=1 j=1 \_'_)
/ Wow! Inner-product

Quadprog



Input space

X Feature space

(x)
SVM v

{1127 component
wwwwwwwwwwww

* Inner-product dependency is key.

\\\\\\\\\

« Certain functions can realize k(xf,;,Xj) = <¢(Xz)a w(XJ»

» Doing this enables the SVM to be trained in feature space yielding a
nonlinear classifier since the mapping is nonlinear.

« How to classify unknown x? Check:

WTX—I—b: Z )\Zyzk(Xz,X)—Fb
x; €SV
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« What functions k(.,.) can be used?

* Any function that makes

K

Positive semidefinite
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What functions k(.,.) can be used?

Any function that makes

K

Positive semidefinite

How to check it?
Kei = 57;92'
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« Kernels are functions that return inner products between the images of
data points in some space.

« By replacing inner products with kernels in linear algorithms, we obtain
very flexible representations

* Choosing k is equivalent to choosing the embedding map

« \Very often

1% — x;]°
k(x;,x;) = exp (— 52 4

Note: Similarity measure, affinity



Kernel methods
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Nonlinear

Kernel SVM
Kernel Ridge regression

Kernel Canonical correlation
analysis

Kernel Fisher discriminant
analysis

Kernel K-means
Kernel PCA
Etc (inner-product)

More important than nonlinearity

Kernels can be defined on
general data types

Classical algorithms can then
work on non-vectorial data!

Sequences
Trees

Graphs

Kernels over pdfs
Etc
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« Now quite standard and many libraries exist

 LibSVM
 Kernlab
* Shogun
« Weka
 Matlab

— Statistics and Machine Learning Toolbox
— Neural Networks Toolbox



Machine learning in Python

http://scikit-learn.org
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Home

Classification

Identifying to which set of categories a new
observation belong to.

Applications: Spam detection, Image
recagnition.

Algorithms: SVM, nearest neighbors, random
forest, ... — Examples

Dimensionality reduction

Reducing the number of random variables to
consider.
Applications: Visualization, Increased

efficiency
Algorithms: PCA, Isomap, non-negative matrix

factorization. — Examples

Installation Documentation ~

Examples

qle™ Custom Search Search x

scikit-learn

Machine Learning in Python

Regression

Predicting a continuous value for a new
example.
Applications: Drug response, Stock prices.

Algorithms: SVR, ridge regression, Lasso, ...
— Examples

Model selection

Comparing, validating and choosing
parameters and models.

Goal: Improved accuracy via parameter tuning
Modules: grid search, cross validation,
metrics. — Examples

Clustering

Automatic grouping of similar objects into sets.

Applications: Customer segmentation,
Grouping experiment outcomes
Algorithms: k-Means, spectral clustering,

mean-shift, ... — Examples

Preprocessing

Feature extraction and normalization.

Application: Transforming input data such as

text for use with machine learning algorithms.

Modules: preprocessing, feature extraction.
— Examples
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Detection of seals in aerial images
Courtesy Arnt-Bgrre Salberg

To estimate the population of harp and
hooded seals, the Institute of Marine
Research counts the number of seals
pups regularly.

Aerial photos are aquired, and the animals
are counted.

Currently the process is manually and very
time-consuming.

Goal

Develop an algorithm that automatically
counts the number of harp and hooded
seals in aerial images.
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Detection of seals using CNNs and SVMs

Two step approach:

1. Detection of potential objects. These
objects define the set of candidate
detections available to the classifier.

2. Feature extraction. This is based on a
deep CNN that extracts fixed-length
feature vector corresponding to the image
patch that covers each potential object.

3. Classification of potential objects. The
classifier is based on a SVM classifier that
classifies the feature vectors into the
desired classes.
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Detection of seals using CNNs and SVMs

Detection of potential objects

Potential objects were detected using the constrained energy
minimization (CEM) classification methodology.
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Detection of seals using CNNs and SVMs

Feature extraction

« A 97x97 sub-image covering each detection is extracted.

« This is then rescaled to 256x256 and sent into the CNN (ImageNet
2012 winner network).

 The 4096 element CNN feature vector of each sub-image is stored.
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Detection of seals using CNNs and SVMs

Classification

« Classes: Adult, pup and
non-seal

« A SVM s trained on the
4096 element feature
vectors using R library

Total Accuracy > 95%

(20-fold cross-validation on
training data)
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X5
uj

Correlation/Covariance matrix Scholkopf, SmoTa, Muller,
Neural Computation, 199
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PrOJul ...us X5

>e]_
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S
>
S

Empirical kernel map!
Creates a new representation
New data set of possibly lower dimensionality
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Frey faces example



Kernel PCA: Looking ahead
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~

~

You can do whatever you want on these
embedded data!

E.g. Clustering!

Frey faces example
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~

~

You can do whatever you want on these
embedded data!
E.g. Clustering!

__

4 . . , N
Caution! It is not Kernel PCA’s job to
preserve group structure in the new

representation...

o /

Frey faces example /
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Kernel PCA: Looking ahead
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~

You can do whatever you want on these
embedded data!
E.g. Clustering!

~

4

representation...

Caution! It is not (Kernel) PCA’s job to
preserve group structure in the new

/

0.2 7/

There are other ways to embed data!

~
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Hierarchical
(] Major themes in

/\ Jain 2010

Agsl i Divisi Not at all in
gglomerative ivisive Paitin S Jain et al., 1999
Mixture Function Competitive Graph Mode seeking
models optimization learning theoretic Density
Gmm SO Mean shift
Latent Dirichlet DBSCAN
Information Spectral Minimum
Square error .
theoretic clustering spanning tree
K-means Information bottleneck Normallzed cut

K-medoids KECA
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« Treats clustering as a graph partitioning problem

» Makes no assumptions on the form of clusters

« Cluster points using eigenvalues and eigenvectors of matrices derived
from data

 Embed or map data to a low-dimensional space and do the clustering
there (e.g. by k-means)

Dominant direction in modern clustering!

Y. Han, M. Filippone, Mini-batch spectral clustering, 2016
C. Boutsidis et al., Spectral clustering via the power method - provably, ICML 2015
E. Izquierdo-Verdiguier, R. Jenssen et al., Spectral clustering with the probabilistic cluster kernel, Neurocomputing, 2015



Graphs

« Natural graph structure very
common
— Web pages, links (PageRank) = Sm
— Protein structures i T Tou;mph
— Citation graphs

« Other data sets can be easily transformed into similarity, or affinity,
graphs
— Affinity encode local structure in data

* Represents data by pairwise relationships

* A positive and symmetric matrix is equivalent to a graph /



Graphs

« Natural graph structure very
common
— Web pages, links (PageRank) o5
— Protein structures TouchGraph
— Citation graphs

« Other data sets can be easily transformed into similarity, or affinity,
graphs
— Affinity encode local structure in data K

* Represents data by pairwise relationships

* A positive and symmetric matrix is equivalent to a graph
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Parallel Spectral Clustering

To give a hint

S 1 Segmentation of cDNA Microarray Images using
Mouysset, S. et @ £
i es
Segmentation of cDNA Microarray Imag
Clustering

AY sing Parallel Spectral

illes” niel
Mouysset’, Ronan Guivarch®, Joseph Noailles’, Dai

Sandrine
. b
Ruiz
aUniversity of Toulouse - uPs
b University of Toulouse - INPT(

- IRIT,
ENSEEIHT) - IRIT.

KEYWORD ABSTRACT
s of ssion level of genes to
Microarray technology generates large afno.un[s. of e)fprean-ay et
specrt churerns imultaneously. This analysis implies micro: cement
’ B et e nformation from spots. Spectral clustering 13

gather data without a priori

tion to extract the quantitative 1
images a

i o
of the most relevant unsupervised methods able t

Domain Decomposition
e nropose and test on microarray

Y tion
fage senes information on shapes
parallel strategy for the
tion with a criterion to ¢

Microarray Image

—
-

1 Introduction

mentation in microarray analysis is @
titative information from

[USLAN, 2010}, [CHEN,
e used to separate the
from the pixels of the

Image seg
crucial step to extract quan
the spots [RUEDA, 20091,
2011]. Clustering methods ar

i t

ixels that belong to the spo
l;ackground and noise. Among these, some methodsf
ive assumptions on the shapes 0
01], [RUEDA, 2005). Due t0 the

pots in a microarray image have

imply some restrict
the spots [YANG, 20
fact that the most of s
irregular-shapes, the
be adaptive to arbitrary
clustering [GLEZ-PENA,
not depend on many input
these requirements, the spe

icular the spectral clusterin; :
et Weiss [NG, 2002], are useful to par

shape of spots such as fuzzy
2009], but it should also
parameters. To address
ctral methods, and in par-
g algorithm introduced by

Accepted: 15 July 2016

This CVPR2()

The authoritative version of thi

15 paper is the
> paper is the Open Access version

provided by the ( ‘omputer Vision

. : , ;
S paper is available in IEEE Xplore oundation,

Su . . .
perpixel Segmentation using Linear Spectral Clustering

Zhenggin Lj
i
Department of Electronic Engineering
llfquz@mails.tsinghua.edu.cn ’

Abstract

We in thi,
present in this paper q superpixel segmentation algo-

i o .
rithm called Lineay Spectral Clustering (LSC ), which pro-

duces com, .
'pact and uniform gy, . -

Z erpix g
tional costs, Basically, iperpixels with low computa-

an . o 5
the‘ superpixel segmentarinnoirsm;lgj;i; MI? e ok
larity metric thay measy "
proximity between imag,
the traditional eigen-baq,
similarity metric using

plicitly mappi, ixe

sed on imi-
res the color similarity an; s;l::e
¢ pixels. However, instead of usin

sed algorithm, we approximate thi
a kernel function leading 1o an ex-

ng of n

www.nature.com/scientificreports

SCIENTIFIC REPLIRTS

A multi-similarity spectral
clustering method for community
clustering based-method should : detECtiOn in dynamic networks

Received: 28January 2016 yanmei Qin?, Weidi Dai?, Pengfei Jiao?, Wenjun Wang? & Ning Yuan?

Published: 16 August 2016 Community structure is one of the fundamental characteristics of complex networks. Many methods
tition ' have been proposed for community detection. However, most of these methods are designed for static
: networks and are not suitable for dynamic networks that evolve over time. Recently, the evolutionary

Ng-Jordan- _ - ori on the shapes. Spec-
subsets of data with no a.pm“ o £ a Gaussian clustering framework was proposed for clustering dynamic data, and it can also be used for community
tral clustering exploits cigenvectors © Zimensional : detection in dynamic networks. In this paper, a multi-similarity spectral (MSSC) method is proposed as
affinity matrix in order.to define a lof-ll clustered. " an improvement to the former evolutionary clustering method. To detect the community structure in
space in which data points can be ea:\gydewd the . dynamic networks, our method considers the different similarity metrics of networks. First, multiple
re o g . similarity matrices are constructed for each snapshot of dynamic networks. Then, a dynamic co-training

But when very large data sets a

algorithm is proposed by bootstrapping the clustering of different similarity measures. Compared with a

number of baseline models, the experimental results show that the proposed MSSC method has better
performance on some widely used synthetic and real-world datasets with ground-truth community

. structure that change over time.

Special Issue #4

http: adcaj.usal.es ‘
L Camnley metwarkc have heen otitdied in many damaine areh ac oenemice nefwnrke cnrial metwnrle cammimiea.

Jiansheng Chen
Tsinghua University, Beijing, China

Jschenthu@mail. tsinghua.edy cn

Fi a
1gure 1. Images [13] segmented into 1000/500/200

16i0g the proposed LSC algorithm, Superpixels

$ properties of supe
rable. First, superpixels should adhere well to the natural

ixel segmentation algori 5

lly based on the anaglysi?:fs ’13221}1 i?;abe][z s
Thgse methods may fail to correctly 'sge

ms with high intensity variability [3] £

» address this issue, o

1 algorithm, Lineqr

information
ment image
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« Given data points X7 ...X N and pairwise affinities

kij = k(Xz',Xj) node j

* Build similarity graph

» Clustering by finding a cut through the graph
— Define cut cost function
— Solve it (find groups)
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Spectral clustering — embedding view N

« Given data points X7 ... X and pairwise affinities

kij = k(xi, ;)
* Find a low-dimensional embedding

» Project data points to new space

° o
® O

® O

.... >

@ ...

0®, o a
O O Data space O o

> -

» Cluster using favorite algorithm! _ _
Low-dimensional space
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Spectral clustering — embedding view N

« Given data points X7 ... X and pairwise affinities

— o . - o o o
— - — -
- _—
- -y

—

-
‘"—— ————
e e mm omm mm mm wm w—

@0
Data space —>
> %o

» Cluster using favorite algorithm! _ _
Low-dimensional space
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Adjacency matrix W

* NxN symmetric and binary

 Rows and columns represent vertices and entries represent presence of
edges in the graph

o|1]/o|o|0|1]|1]|0]1
w(i,j) =1 ifi,j are connected 1|(of1]1]|1]|0|0|0]O
w(i,j) =0 ifi,j are not connected o|l1|/0|1]|1|0|0]|0O|O
o|1|1]|0|1]|0]|0]|0]O
o|1|1|1]|0|0|0]|0O]O
1|lo|l1|o|ofof1|1]0O
1|/o|lofofof1]0|1]1
olo|o|o|o|1]|1]|0]0
1|/o|lo|ofofof1|0]0O




Graph basics

Affinity matrix K

"

* NxN symmetric and positive

«  Weighted adjacency matrix P
o|1]{o|o|o0|1]|1]0]1
a(i,j) = k(i,j) ifi,j are connected! 1{o|1|1]|1|0|0|0]O
a(i,j) =0 ifi,j are not connected o|l1|/0|1]|1|0|0]|0O|O
o|1|{1|o0|1|0|0]|0O]O
o|1]{1|1|0|0|0]|0O]O
1|(of1]o|o|0|1|1]0
1|loflojo|o|1|0|1]1
olo|o|o|o|1]1]0]0O
1(o|lo|o|o|o|1|0]0O




Graph basics

Affinity matrix K

* NxN symmetric and positive

«  Weighted adjacency matrix P

O(1(0(0|0|1|1|0]1

a(i,j) = k(i,j) ifi,j are connected! 1{o|1|1]|1|0|0|0]O
a(i,j) =0 ifi,j are not connected o|l1|/0|1]|1|0|0]|0O|O
0O(1(1(0}1]0|0|0]|0

0O(1(1(1(0{0|0|0]|O0

1{0(1|{0|0|0(2(21{O

1/{0({0|0|0|1|0]1 |1

Fully connected/complete 0(0jo0oj|ojoj1|1(0jo0

graph is also common 1lololololol1lolo
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Graph basics

Degree matrix D
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Laplacian matrix L=D - K

* NxN symmetric and positive semi-definite (real and positive eigenvalues)
« The smallest eigenvalue is 0 and the corresponding eigenvector is
constant

* The eigenvector corresponding to the second smallest eigenvector is
special: Fiedler vector. It is related to graph cuts!

-

Many spectral clustering methods use the
Laplacian matrix (or a version of it) to embed

data for then to perform clustering!

N /
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The Laplacian and graph cuts o

* Min-cut problem: Find C, and C, such that the cut is minimized

CUT(C1,Co) =Y Y k(i,7) C,

1€Cq g€l




UiT

THE ARCTIC
UNIVERSITY
OF NORWAY

The Laplacian and graph cuts o

« Does not always lead to reasonable results if the connected components
are imbalanced

« Ensure that clusters are sufficiently “large”

- Normalized cut
J. Shi, J. Malik, IEEE TPAMI, 2000 O

M. Meila, J. Shi, A random walks view of spectral
segmentation, AISTATS, 2001 Cl
R. Jenssen et al., The Laplacian PDF distance, NIPS 2005

U. Luxburg, A tutorial on spectral clustering, Statistics

and Computing, 2007
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Normalized cut G NG

Normalize the cut by the volumes of the sub-graphs

CUT(C1,Cy) | CUT(Cy, Cy)
VOL(C}) VOL(Cs)

NCUT(C}, Co) =
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Normalized cut G NG

Normalize the cut by the volumes of the sub-graphs

CUT(Cy, Co)f C iR eINES

NCUT i
CUT(CL C2) = <Ly T~ VoL(Cy)
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Solution (relaxed — graph view) to NCUT S

Strangely: ) )
— Form: Lgym = D 2 KD 2

— Compute: Lsymei — 0;€;

— Second largest eigenvector: €2

0.2 021 023 —-0.34 025 —-033 —-04 ...]

T T

positive: x; — C} negative: xg — Cy
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Graph View Cont,d MACng;OLlEJﬁRMNG
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OR use k eigenvectors, and embed the data into a k-dimensional space!
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NCUT (embedding view)

* Do . .
— Form: Lgym = D 2 KD 2

— Compute: Lsymei — 0;€;

i
€1
: - 00
— Select the k largest eigenvectors vy V¥V L 2
and store them as rows in a matrix ﬁ)
E, >

— Lety, be the vector corresponding
to the ith column of E,

— Cluster y, for i=1,...,N with e.g. k-
means

A. Ng, M. Jordan, Y. Weiss, On spectral clustering, NIPS 2002
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Example e

X4 O |051{039| 0 |0.06| O

X, 1052 0 |[050| O 0 0

-~ L !
Xx; [0.39]050| 0 [012] 0 | © Lsym = D ?KD™

X4 0 O (012 O (0.47|0.44

X [0.06| O 0O |047| 0 |0.50

Xg 0 0 O |044(050| O

yi1 Y2 ys3 Y4 ys5 Y6

i
039 | _040 | _0.40 | _0.42 | 042 | _0.39 | ©1

0.40 | _0.45 | 038 | 037 | 0.41 | 042 | e,
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MATLAB
Lsym=D(-.5)*K*D(-.5)
[E,Delta]=eigs(Lsym,2);
y=E";

-0.39 | 040 | 040 | 042 | -0.42 | -0.39
-0.40 | -0.45 | -0.38 0.37 0.41 0.42
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— x :1 SAP
Time Warner,J/’

" / ConocoPhillips_, Chevron
General Electrlcs;)

Exxon

v Bl
CcProcter Gamble o 24 Cablevision

i Glaxee R Auent Total
Kellogg mberly-Clark Ford:) . Hh&fi‘rt}-.\ventus
| li_ova is

M Kraft Foods (O oy
AIG Mc Donalds‘rJ ;)CPflzer Unilever

N )
\Wal-Mart. Xerox B, istar F——-
Bank of America. Q DuPont de Nemours e

)

alero Energy

aterpillar

am WVells Fargo § ©
JPMorgan Chaseyreen, Home Depot

Q
Ryder
Ma rriotto :

an Sony ‘Honda
Goldman Sachs | Mitsubishi - €y

Qe CanoQ
Toyota

node_position_model = manifold.LocallyLinearEmbedding(n_components=2, eigen_solver='dense’', n_neighbors=6)

embedding = node_position_model.fit_transform(X.T).T
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Entropy

A measure of the uncertainty, or information,
associated with a random variable described by a
probability distribution.

/

Hp, = —log/pQ(X)dX

Shape Modes, clusters

A A

EEEEEEEEEEDR
gunusfEEEEEREEE Ty,
ov® Ta,
[%s -
. ‘.
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Kernel Entropy Component Analysis (KECA) # meusiamne

1 N
px) = 5 D kol = x2)
1=1
Gaussian,
Epanechnikov ++
0.12
0.1
0.08
1 0.06
2 "y =T
/p (.’L’)d$ G N2 1 K]‘ 0.04
\_'_’ 0.02
%o
Sum all elements




Sum of elements

KECA

v b
| (@)da Niz[ﬁz-ei 1

/ T, .
Ai€; isa spectral transformation,
or mapping, of data based on

K = EDE'

KECA measures contribution of each dimension to entropy.

Represent data in lower dimensions by selecting entropy-preserving features!
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« Select the kernel function [rule-of-thumbl!] and create K
- Eigendecompose K and compute entropy values

* Represent input data using (lower dimensional) features corresponding
to high entropy values

Selected dimensions depend both on eigenvalue and on structure of eigenvector!

N
1 — — 2
Different from “all” /pZ(w) N_ Z [ )\iei 1]
other methods! 7 ‘—y—’

E. Izquierdo-Verdiguier, R. Jenssen et al., Optimized kernel entropy components, Entropy values
IEEE Trans. Neural Networks and Learning Systems, 2016
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reqiv 7 917 119 9
kernel ECA

¢
£
g é% 71:‘??;? 1 7

? 12 3 45 6 7 8 910




UiT

THE ARCTIC
UNIVERSITY
OF NORWAY

MACHINE LEARNING
GROUP

QFWQQER%WHEFFWHHEW;_
AR RYIRARA SIS RTE 3
?Etsaiﬁmaﬂmnawqq_
AARARARREREESRARS
?i?ﬁ??ﬁ%ﬂﬂavwma
efeclerbfel Belerlad ol Vs
AERANARERE SRR
?qwaann@ﬂﬂﬂnnw

P

-

.

..I'.'-

L L}

N HIH

v

A
i

50|

I L
-

el U L

% o

e

4Jn'}1q'?"
‘4!‘!‘ '; 1 = 1 ",
w(?]'?q?"i
e e R A S
qm???ﬁ?w
R e o e S S
11w1?1ﬁ?%
~‘4 ylerliler frlarfer o]
17.7 HERES
' w’ il
1"11\‘41‘;'
337717%
arlerli> Brferferlerioe]
“;q“; ‘11‘1,} ‘i'
7]?1q77
7171q?3
7}"?3 43 >

et HEH
l;_fl;_f‘: ’l:

-

CHCHCHEATHCA T JL:I

CHOCH i
ﬂ@ﬁﬁﬁ&lﬁi&i_ﬂ_ﬁLﬂﬁﬂ HE
e e

ILI 'l-

jd
yea
HE
L
"o |
LatdL
127 10
bzl
B
CHUS

b N i
N = I

_ﬁuit_duiul
ﬂxiﬂgidJLdJLd

CHEHCHCATHCHCH IR CATA

ARG

_J 2o by

CHUHL

AL
lll-_.kll‘-.-}‘—ll .

>

-

J&H
1E

AT
3 [arhq (bt

'G'Q'l}:&'g :;%:;1,71':1 1'1@.»1?1
ARERAA AR AR R EAA!
Qﬂﬁﬁﬂﬁﬁﬂﬁﬁﬂﬁﬂﬁ

'ﬁ@ﬁ?‘ﬁﬁ@"i%??ﬁu{q
'9 ek s st
AREBAARREEEREEE
RREBAYARAES qnm
R R
ARABAAAREEARSRES!
ARRENARRRER R ERRE:

e S S e S
CHEHEHEH CH (R CHI

A AEB AN REES
3

L

.

\
—l

|
I

% 8
[
¥

l

'.'-"' ‘.

_ﬁ_:l
I

8 o
| %2

.),

[ _;l e
NAE

ibL;

.s

CHCHCH

_d _;i Ji _Il CHIUH A

CAGACHTHEHCH
_;l

_rlu%_du:l

'l_ —l ~l-

!

SHEREH

|

"

HHH AT

H
_.:1 _05‘ _,d

£
—

i

.




UiT
HE ARCTIC
UNIVERSITY
OF NORWAY
MACHINE LEARNING
GROUP

/

Faces

PCA
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KPCA [Scholkopf et al.]
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Isomap [Tenenbaum et al.]
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KECA [1, 4, 10]
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« KECA Clustering

— Cosine k-means

— Max divergence!

— Initialization

KECA
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Eye chadow Eyes open
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PCA + k-means

4000

-500
-1000 -1000
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52 bands
Chlorophyll
Spain (G. Camps-Valls)
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Hyperspectral e

KPCA t-SNE [van Maaten & Hinton]

100
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Cloud screenin g MACHINE LEARNING

* Morphological features (22)

* (Cloud vs. no-cloud

L. Gomez-Chova, R. Jenssen and Camps-Valls, Kernel entropy component analysis for remote sensing image clustering
IEEE Geoscience and Remote Sensing Society Best Paper Award, 2013
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Test Site k-means Kernel k-means KPCA KECA

(BR-2003-07-14) -

& t{m

; k=0.6231

OA:

OA=96.25% ; k=0.6112 OA=96.22% ; k=0.7540 OA=47.52% ; k=0.0966 OA=99.41% ; k=0.9541

e




