AARHUS
¥  UNIVERSITET

Machine Learning approaches
for Computer Vision applications

Alexandros losifidis
Aarhus University, Department of Engineering, ECE
alexandros.iosifidis@eng.au.dk



AARHUS
NP  UNIVERSITET Alexandros losifidis

LINCS
23/05/2018

Short bio

Academic positions

2017 - Assistant Prof. of Machine Learning and Computer Vision, Aarhus University
2018 - Adjunct Prof. (Docent) of Machine Learning, Tampere University of Technology
2017 - Adjunct Prof. (Docent) of Data Management & Data Analytics, Lappeenranta

University of Technology

2016-2017 Academy of Finland Postdoctoral Research Fellow
2015-2017 TTY Foundation Postdoctoral Research Fellow

Education

2014 PhD in Informatics (Computer Science), Aristotle University of Thessaloniki
2010 M.Engq. in Electrical & Computer Engineering, Democritus University of Thrace
2008 Diploma in Electrical & Computer Engineering, Democritus University of Thrace

Research interests
» Statistical Machine Learning and Artificial Neural Networks
» Image/Video/Signal analysis, Computer Vision, Computational Finance



AARHUS LINCS
¥ UNIVERSITET Alexandros losifidis
Overview

Computer Vision applications

> Image analysis/recognition/segmentation
Video analysis/segmentation
Face recognition/verification and affective computing
Human action recognition/localization/segmentation
Domain-specific image/video analysis

vV VvV Vv
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Recent contributions
> Graph-based analysis/recognition/clustering
> Max-margin Classification

Discriminant Learning

Kernel-based learning

Multi-view/modal Data Analysis

Neural Network (Deep Learning) acceleration

Data-driven (Deep) Architecture Learning

vV VvV VvV VvV VvV

Extensions to applications of other domains
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Computer Vision applications
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Human Face Analysis

Face recognition

A. losifidis, A. Tefas and I. Pitas, “Kernel Reference Discriminant Analysis”, Pattern Recognition Letters, 2014
A. losifidis, A. Tefas and I. Pitas, "Class-specific Reference Discriminant Analysis with application in Human
Behavior Analysis", IEEE Transactions on Human-Machine Systems, 2015
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Human Face Analysis
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Face verification o
Face identification
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A. Tosifidis and M. Gabbouj, “Class-Specific Kernel Discriminant Analysis revisited: further analysis and extensions”,
IEEE Transactions on Cybernetics, 2017

A. Tosifidis and M. Gabbouj, "Scaling up Class-Specific Kernel Discriminant Analysis for large-scale Face
Verification", IEEE Transactions on Information Forensics and Security, 2016
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Human Face Analysis

Facial expression recognition (Affective Computing)
MOBISERV FP7

A. losifidis, A. Tefas and I. Pitas, “Class-specific Reference Discriminant Analysis with application in Human
Behavior Analysis”, IEEE Transactions on Human-Machine Systems, 2015


http://cordis.europa.eu/project/rcn/93537_en.html
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Human Face Analysis

Visual Voice Activity Detection = Assign the correct face to the observed voice

3DTVS FP7-ICT

F. Patrona, A. losifidis, A. Tefas, N. Nikolaidis and I. Pitas, “Visual Voice Activity Detection in the Wild”,
IEEE Transactions on Multimedia, 2016


https://cordis.europa.eu/project/rcn/100975_en.html
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Human Face Analysis

Face - Sketch recognition

——

Photo image Viewed Sketch lhour Sketch 2dhour Sketch Unviewed Sketch
l =
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G. Cao, A. losifidis and M. Gabbouj, "Multi-modal Subspace Learning with Dropout regularization for Cross-modal
Recognition and Retrieval ", IPTA 2016 (Best Student Paper Award)
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Image Analysis

Salient object seqmentatlon - Unsupervised (generic) case NSF-CVDI 2016

ll I

C. Aytekin, A. Tosifidis and M. Gabbouj, "Probabilistic Saliency Estimation", Pattern Recognition, 2018


http://nsfcvdi.org/wordpress/cvdi_personnel/alexandros-iosifidis/
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Image Analysis

Salient object segmentation = Supervised (User-directed case)

CKN \

CKN NSF-CVDI 2016
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C. Aytekin, A. Tosifidis, S. Kiranyaz and M. Gabbouj, “Learning Graph Affinities for Spectral Graph-based Salient
Object Detection”, Pattern Recognition, 2017


http://nsfcvdi.org/wordpress/cvdi_personnel/alexandros-iosifidis/

AARHUS
NP  UNIVERSITET Alexandros losifidis

LINCS
23/05/2018

Human Action Recognition

How to combine action observations from various views/cameras

Restricted application scenario - Movie production
i3DPost FP6

A. losifidis, A. Tefas and 1. Pitas, "View-invariant action recognition based on Artificial Neural Networks", IEEE

Transactions on Neural Networks and Learning Systems, 2012

A. losifidis, A. Tefas, N. Nikolaidis and I. Pitas, "Multi-view Human Movement Recognition based on Fuzzy Distances
and Linear Discriminant Analysis", Computer Vision and Image Understanding, 2012.


http://www.i3dpost.eu/
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Human Action Recognition

How to combine action observations from various views/cameras
Restricted application scenario - Movie production
Localization of people and classification of their actions

i3DPost FP6

A. losifidis, A. Tefas and 1. Pitas, "View-invariant action recognition based on Artificial Neural Networks", IEEE
Transactions on Neural Networks and Learning Systems, 2012

A. losifidis, A. Tefas, N. Nikolaidis and I. Pitas, "Multi-view Human Movement Recognition based on Fuzzy Distances
and Linear Discriminant Analysis", Computer Vision and Image Understanding, 2012.


http://www.i3dpost.eu/
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Human Action Recognition

Human action recognition for assisted living of the elderly

MOBISERV FP7

A. losifidis, E. Marami, A. Tefas, I. Pitas and K. Lyroudia, “The MOBISERV-AIIA Eating and Drinking multi-view
database for vision-based assisted living”, J-IHMSP, 2015.


http://cordis.europa.eu/project/rcn/93537_en.html
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Human Action Recognition

What can we do for complex actions in complex/cluttered scenes?
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Human Action Recognition

What can we do for complex actions in complex/cluttered scenes?
We focus on Space-Time Interest Points (STIPs) and follow the similar approaches

A. losifidis, A. Tefas and I. Pitas, "Discriminant Bag of Words based Representation for Human Action Recognition",
Pattern Recognition Letters, 2014

A. losifidis, A. Tefas and I. Pitas, "Distance-based Human Action Recognition using optimized class representations",
Neurocomputing, 2015
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Human Action Recognition

When enriched visual information is available = Stereo Cameras

3DTVS FP7-ICT

Left Right
channel channel
Disparity zone 2
Disparity
map

Disparity zone 1

A. losifidis, A. Tefas and I. Pitas, “Human Action Recognition in Stereoscopic Videos based on Bag of Features and
Disparity Pyramids”, EUSIPCO, 2014 .


https://cordis.europa.eu/project/rcn/100975_en.html
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Human Action Recognition

When enriched visual information is available = Stereo Cameras 3DTVS FP7-ICT

Original DT-based

description

Disparity-enhanced DI-

based description

[. Mademlis, A. losifidis, A. Tefas, N. Nikolaidis and I. Pitas, “Exploiting Stereoscopic Disparity for Augmenting
Human Activity Recognition Performance”, Multimedia Tools and Applications, 2016


https://cordis.europa.eu/project/rcn/100975_en.html
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Video analysis

Object tracking

HLIDS" (AvSS 2007)

\‘--‘-X-"f

m—

A. lTosifidis, S.G. Mouroutsos and A. Gasteratos, “A hybrid static/active video surveillance system”, International
Journal of Optomechatronics, 2011
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Video analysis

Object detection/recognition NSE-CVDI 2015

Scene analysis

M. Waris, A. losifidis and M. Gabbouj, “CNN-based Edge Filtering for Object Proposals”, Neurocomputing, 2017


http://nsfcvdi.org/wordpress/cvdi_personnel/alexandros-iosifidis/
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Multi-view/modal Data analysis

Image and Text (12T and T2lI) Retrieval NSE-CVDI 2016

Image Query Text Query
1. A very big building with many windows and a clock on it
2. A wvery old tall building with a large clock tower sticking out of it,
1 3. The clock tower stands high above the city.
4. A clock that is on the side of a large building.
5. The bridge is in front of a huge building with a clock tower in the middle of it

Precision: 53.33% Precision: 86.67% Precision; 100%

(a) Query by original image feature (b) Query by projected image feature (c) Query by text
Image Query Text Query

1. An open laptop sits on a desk in front of a window.

2. An Apple laptop sitting on a wooden desk.

3. An Apple laptop sitting on a wooden desk in an office.

4. An Apple laptop on a desk in an office.

5. A desk with a laptop sitting on top of it

Precision: 60.00% Precision: 86.67% Precision: 66.67%

z P I -

(a) Query by original image featurc (b) Query by projected image feature

G. Cao, A. Iosifidis, K. Chen and M. Gabbouj, "Generalized Multi-view Embedding for Visual Recognition and Cross-
modal Retrieval", IEEE Transactions on Cybernetics, 2018


http://nsfcvdi.org/wordpress/cvdi_personnel/alexandros-iosifidis/
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Domain-specific Media Data Analysis

Classification of Aquatic Macroinvertebrates (bugs in lakes) AoF DETECT
Rotating I - 100n
Mechanism
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J. Arje, S. Karkkainen, K. Meissner, A. losifidis, T. Ince, M. Gabbouj and S. Kiranyaz, “The effect of automated taxa

identification errors on biological indices”, Expert Systems with Applications, 2017
J. Raitoharju, E. Riabchenko, K. Meissner, I. Ahmad, A. losifidis, M. Gabbouj and S. Kiranyaz, “Data Enrichment in

Fine-Grained Classification of Aquatic Macroinvertebrates”, ICPR, 2016


http://www.syke.fi/en-US/Research__Development/Research_and_development_projects/Projects/DETECT
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Recent Contributions
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Discriminant Learning

Class-specific kernel Discriminant Analysis
> Data represented as vectors

> Vector to vector transformation/mapping
> Find a data mapping that maximizes discrimination of the class of interest from the rest of

the world
Intra-class scatter S, Out-of-class scatter S,
4 e ® o0 ® o 4
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Discriminant Learning

» Traditional CSKDA:
1. Data mapping to the feature space:

X; € RD — ¢(Xz) e F

2. Application of the linear projection in

S =L O S,=® L,
WISW = ATOT® L @TPA = ATK L KA
WTS W =ATOT® L OTOA = ATK L, KA

» A is calculated by applying eigen-analysis to the matrix
(KL, K)'(KL;K) < scaling to big data issues!
stability issues!
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Discriminant Learning

We showed that the standard CSKDA solution is equivalent to:

J = ||WT¢I> — T3, s.t.:rank(W)<d

J =|B"(Q"®) - T||7 = |B"(ATK) - T3
using data-independent targets T!

Benefits
> Much stable and fast solutions can be calculated
> Approximation schemes are readily available and extremely efficient/effective
> Incremental/Decremental solutions are available
> Hierarchical (deep) models for class-specific learning are now possible

A. Tosifidis and M. Gabbouj, “Class-Specific Kernel Discriminant Analysis revisited: further analysis and extensions”,
IEEE Transactions on Cybernetics, 2017
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Discriminant Learning

Deep Class-specific Discriminant Analysis model:

H = RLX_-"\'T

Feedforward Neural Network

DxN

XeR

T e R XN

G. Cao, A. Tosifidis and M. Gabbouj, “Neural Class-Specific Projections for Face Verification”, IET Biometrics, 2017
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Classification

Max-margin based classification
> Find the decision hyperplane discriminating the classes with maximum margin
> Theoretical guarantees for generalization error
> One (global) solution
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Classification

» Binary classification:

min —W T'w+c E i

w.b

S.t.: | T
Wik +b) > 1—&, &>0, i=1.. N

y. € {-1,1} are the binary labels.

» Multi-class classification:

min Z iwk W + ¢ Z Z

wp.bp
' 1=1 k#l;
S.t.:

WEX@ + by, > ngi 4+ b +2— Qf‘ ff‘ >0, i=1,....N, k#1.



AARHUS
N UNIVERSITET Alexandros losifidis

LINCS
23/05/2018

Classification

In order to increase class discrimination
> Discriminant data mapping
> Max-margin classification
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Classification

Discriminant max-margin based classification
> We proved that these two processing steps can be applied at once!
> Max-margin to a discriminant (kernel) space

. . . Discriminant Term
> Multi-class classification:

main E w;vw;b—l—cg E 1;4‘
“‘rk'bk

S.t.: i—1 kA,

wix;+b, > wix+ b +2-6F, >0, i=1....N, k#l,

» Joint optimization of K decision functions {w,, b, },
k=1, ..., K.

A. losifidis and M. Gabbouj, “Multi-class Support Vector Machine Classifiers using Intrinsic and Penalty Graphs”,
Pattern Recognition, 2016
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Probability-based Visual Saliency

Saliency model:
> The probability of an image region (pixel/super-pixel) to be salient is obtained by:

argmin Z(P(x = xi))zvi + %Z (P(x =x)—P(x= xj))z w; i

P(x)

Properties
> Global optimum solution
> Generic framework for visual saliency:

> Diffusion methods are special cases of PSE
> PSE optimally refines the solution of QCut (SoA unsupervised saliency estimation method)

> Now Saliency Estimation can also be modelled as an One-Class Classification
Problem

C. Aytekin, A. Tosifidis and M. Gabbouj, “Probabilistic Saliency Estimation”, Pattern Recognition, 2018
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Supervised Visual Saliency

End-to-end learning for visual saliency that:
> Exploits successive learnable feature transformations
> Optimizes the end-to-end model using global information

Trainable parameters

EQCUT

C. Aytekin, A. Tosifidis, S. Kiranyaz and M. Gabbouj, “Learning Graph Affinities for Spectral Graph-based Salient
Object Detection”, Pattern Recognition, 2018
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Multi-view/modal Data Analysis

Generalized Multi-view Embedding

Image Space 1
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Linear or Non-Linear Subspace Learning

G. Cao, A. losifidis, K. Chen and M. Gabbouj, “Generalized Multi-view Embedding”, IEEE Transactions on
Cybernetics, 2018
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Multi-view/modal Data Analysis

Generalized Multi-view Embedding
> We showed that most multi-view embedding methods can be modeled using the
Raylegh Quotient

P Q
0 Xy - Xy ¥, 0 -~ 0
¥y 0 - Ty 0 Xp - 0
CCA _
T _E'v’l Evg 0 i 0 0 vV
j = darg max TF(W PW) [0 T - Xy I 0 - 0
w TF(WTQW) BLS 2 0 - Xy 01 --- 0
Zyi Xv2 0 00 |
P11 P12 Piv Qu O 0
P P P2 0 Qx» 0
LDA _ _
Pyi Py2 Pw | 0 0 Qw

G. Cao, A. Tosifidis, K. Chen and M. Gabbouj, “Generalized Multi-view Embedding”, IEEE Transactions on
Cybernetics, 2018
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Multi-view/modal Data Analysis

Generalized Multi-view Embedding

> We showed that most multi-view embedding methods can be modeled using the
Raylegh Quotient

> Based on this observation, we proposed a new MvVLDA criterion incorporating inter-view
and intra-view variance criteria

I
<
M<
]~
]~

I
=
L.
I
=t
o
Il
[y

(m}, — m,)(m, —m)’

q

T 0o
Sl
0 =

vV C C 1
Sw = Z > W,-TX;(I -y Eece]) X W;

I
™)<

1<
]~
]~

I
=
L.
I
=t
o
I
=
I
=

T T

I
M <
.M"':
]~
]~

I
[y
L.
I
[y
il
Il
=

(my, — mg)(my, — )

T O
Tl
0 =

v VvV C C

=220 2 WiKLEX W,

i=1 j=1 p=1g=

G. Cao, A. Tosifidis, K. Chen and M. Gabbouj, “Generalized Multi-view Embedding”, IEEE Transactions on
Cybernetics, 2018
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Neural Networks (Deep Learning)

Basic idea of neural network-based learning
> Data-driven fine-tuning the parameters of a network to regress inputs to targets using:
> User-defined number of layers
User-defined activation functions (always the same for the entire network, except the last one)
User-defined neuron pooling operator (always the same for all neurons)
User-defined neuron nodal operator (always the same for all neurons)

v

v

v

Layer | : Layer I+1

7 I+1
/'k\yl ‘Phl(yl ’WH] ’/j\\-x'Jr o yi
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[+1 4+ - ~—
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F+1 1+l I+1 41, 1 1+1
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E ly”l(yN ’W1+1 P e {P}’ T e {T}’fz € {F}
! yj,i a
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Neural Networks (Deep Learning)

We proposed a Progressive Operational Feedforward Neural network learning
approach

> Data-driven network’s architecture

> Data-driven network’s parameters tuning

PE in GOPmin(1) PF in GOPmin(2) PF in GOPminy3) )
POPmax (min. MSE = 0.22) (min. MSE = 0.02) (min. MSE = 10°) Final POP
Layer-1 Layiar—1 Input Lg: -1
i H ] Layer-2 "
' Layer-2 H H Input
| _@w g i | ———| X} 'O} @L“""z
; . Layer-3 i i H & Layer-3 ; 7 Layer-3
I g w Layer-4 Input I ] t I E '?Wa E . E
g 0 T El: b oupat | input
! N ] !
R S S S e SO

S. Kiranyaz, T. Ince, A. losifidis and M. Gabbouj, “Progressive Operational Preceptrons”, Neurocomputing, 2017
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Neural Networks (Deep Learning)

We proposed a data-driven neural network architecture learning scheme
> Fully heterogeneous layers

Data-driven architecture learning Best heterogeneous layer

D.T. Tran and A. losifidis, “Heterogeneous Multilayer Generalized Operational Perceptron”, arXiv, 2018
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Convolutional Neural Networks (Deep Learning)

CNN architecture:
> Convolutional layers
> Multilayer Perceptron (vector) layers

Convolu ion Pooling Conwvi lution Pooling Fully Fully Output Predictions
Connected Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

7 P
: L

| [
" _

CL-1 CL-2 MLP-1,2
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Convolutional Neural Networks (Deep Learning)

CNN architecture:
> Convolutional layers
> Multilayer Perceptron (vector) layers

B i3 ] 128 L

256

: : . 3 : 5 i
Y '{_'J:-"-. . |3 : A ' 5
1X]| iy _:l--' i 4 | Cense Dense Derse Derise

12 1 1:'|'l';: e o

Input Cony 1 Cony 2 Conv 3

Real CNN architecture: CLs are tensors!
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Convolutional Neural Networks (Deep Learning)

We proposed a tensor-based CNN filters modeling that can lead to:
> Lower number of network parameters (reduced memory footprint)
> Faster classification (reduced computational cost)

dxdxC dxdxl

D.T. Thanh, A. losifidis and M. Gabbouj, “Improving Efficiency in Convolutional Neural Network with Multilinear
Filters”, under revisions in Neural Networks (arXiv 2017)
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Convolutional Neural Networks (Deep Learning)

We proposed a tensor-based CNN filters modeling that can lead to:
> Lower number of network parameters (reduced memory footprint)
> Faster classification (reduced computational cost)

Classification Error (%) on CIFAR-10
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MLconvz . CHN
* LR53 MLeonvdi .
MLecorivd . MLconve
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0.2 0.4 0.6 0.8 1.0 1.2 1.4
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D.T. Thanh, A. losifidis and M. Gabbouj, “Improving Efficiency in Convolutional Neural Network with Multilinear
Filters”, under minor revisions in Neural Networks (arXiv 2017)
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Extension to applications of other domains
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Other applications

Stock prediction in financial markets
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A. Tsantekidis, N. Passalis, A. Tefas, J. Kanniainen, M. Gabbouj and A. Iosifidis, “Using Deep Learning to Detect Price
Change Indications in Financial Markets”, EUSIPCO, 2017

N. Passalis, A. Tsantekidis, A. Tefas, J. Kanniainen, M. Gabbouj and A. losifidis, “Time-series Classification using
Neural Bag-of-Features”, EUSIPCO, 2017
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Other applications )(x

1 -\

Stock prediction in financial markets

Models | Accuracy % [ Precision % [ Recall % | F1 %
Movement: decrease Movement: stationary Movement: increase Prediction Horizon H = 10
—— — SVM[438] B 39.62 1192 | 35.88
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— 7 f— -7 CNN[47] B 50.08 65.54 55.21
— 6 — e
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Fig. 3. Average attention of 10 temporal instances during training in 3 types of movement: decrease, stationary, increase. Values taken from configuration B(TABL) iﬁw 14'555 73.09 73.64
A(TABL) in Setup2, horizon H = 10 C(BL) 78.96 77.85 77.04 77.40
C(TABL) 79.87 79.05 7704 | 78.44

D.T. Tran, A. losifidis, J. Kanniainen and M. Gabbouj, “Temporal Attention augmented Bilinear Network for Financial

Time-Series Data Analysis”, under minor revisions in IEEE Transactions on Neural Networks and Learning Systems
(arXiv 2017)
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Other applications

Safety/hazard Assessment

Vulnerable

A Ll — e — —
B=%"" 0 o[~ 5
ul m, = o e @ _,@ B
n H B - | | O O O : n
HE B = — et 9
X1 71 Ranking loss 1
n n —
[ .. ] 6 8 O '(_)' TABLE 1: Average Prediction Results (%) on 3 University
OLLIOLLIO B Ranking Datasets in 2015.
- e 7]z > : Q _"@ Methods Kendal's tau  Accuracy
. . o) 1O O @) Best Single View 65.38 E
zz ™ Ranking loss 2 Feature Concat 35.10 -
@ Fused LMvCCA [5] 86.04 94.49
B%"s= 0 O ¢ S B LMvMDA [5] 87.00 9497
a ol 1ol o MvDA [0] 85.81 9434
e Mg HP>(0) B SmVR [4] 80.75 -
o | ol 1ol 1O : DMvCCA [7] 70.07 93.20
Bafads— = 5 O] _ DMvMDA [5] 70.81 9475
Xv ranking loss v MvCCAE (ours) 75.94 94.01
F ¢ MvMDAE (ours) 81.04 94.85
DMvVDR (ours) 89.28 95.30

G. Cao, A. losifidis and M. Gabbouj, “Deep Multi-view Learning to Rank”, arXiv 2018
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Other applications
SVDD-based subspace

Novelty detection
Original data in 3D 045: Transformed data in 2D
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F. Sohrab, J. Raitoharju, M. Gabbouj and A. losifidis, “Subspace Support Vector Data Description”, [CPR 2018
(arXiv 2018)
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