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From Data to Decision — Our Approach
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[) Optimization in Machine Learning: Multi-dimensional
Particle Swarm Optimization (MD-PSO)
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Multidimensional Particle Swarm Optimization
for Machine Learning and Pattern Recognition
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How to deal with such complex functions?
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Learn to Synthesize Optimal Features —

Approac

Signal Processing and Optimization
X

Feature engineering:
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— Feature selection
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Raitoharju, Neural Computing and Applications, 2016.
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Network Architecture Design:
Evolutionary Artificial Neural Networks

Question: How to design optimal neural networks? MD-PSO
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Kiranyaz, Neural Networks, 2009. (top 5" downloaded paper from Elsevier
Journal)
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Patient-specific Classification of ECG Data by
Evolutionary ANNs
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Common data: 200 beats
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* Ince, IEEE Transactions on Biomedical Engineering, 2009.
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Advanced Patter Recognition and Machine Learning:

Collective Network of Binary Classifiers
Supervised sematic classifier
Evolutionary classifier (deep rooted in mathematical optimization)
Scalable wrt both classes and features (suitable for Big Data)
Incremental as opposed to static classifiers

Dataset Features
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Kiranyaz, Neural Networks, 2012 {c}
Kiranyaz, IEEE Transactions on Systems, Man and Cybernetics - Part B: Cybernetics, 2012
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EEG Classification by Incremental
CNBC Evolution
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Kiranyaz, Journal of Biomedical Informatics, 2014.
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éo
| Synthetic Aperture Radar (SAR)

Data Analysis and Classification

Analysis and Interpretation

Data Processing

Kiranyaz, IEEE Trans. on Systems, Man, and Cybernetics — Part B, 2012.

Uhimann, IEEE Trans. on Geoscience & Remote Sensing, 2014.
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The CNBC test-bed application GUI showing a |
sample user-defined ground truth set over .=
San Francisco Bay area.

BN SFbay EM_FEX CH_O_1_2 (= JE)X] Ground Truth Data
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Patient-Specific Seizure Detection Using
Nonlinear Dynamics and Nullclides
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Average sensitivity 91.15%; average specificity 95.16% on CHB-MIT Database

Zabihi, Journal of Biomedical and Health Informatics, 2018 (under review).
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FACE SEGMENTATION IN THUMBNAIL IMAGES BY
DATA-ADAPTIVE CONVOLUTIONAL

SEGMENTATION NETWORKS

Input Layer

:
(56N;2

2nd Layer

i

wy, 3rd Layer
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Input
Image

(56, 56)

Kiranyaz, Proc. IEEE ICIP, 2016, Phoenix, Arizona.
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Table 1. Mean performances of the FCN-
32s VGG [9] and the proposed L2S with
single and 5 CSNSs.

MPM Acc. F1 Pix. Acc.

L2S (1 CSN) 91.29 70.59 90.23 67.73
L2S (5 CSNs) 94.38 81.05 91.53 72.02
FCN-32s [9] 94.29 77.91 93.91 76.84

Kiranyaz, Proc. IEEE ICIP, 2016, Phoenix, Arizona.
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Combining Quatum Mechanics and
Spectral Graph Theory:
Quantum-Cut for Salient Object
Detection

---------
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 Aytekin Pattern Recognition, 2016

» Aytekin Pattern Recognition Letters, 2016
 Aytekin ICPR 2014. IBM Best Paper Award
. gekin, Best Nordic Thesis Award, 2017
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%

.~ Object Proposals and Labeling 2

person? yes.

tvmonitor? no.
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Combining Deep Learning and 3.

Signal Processing —
Object Proposals

Conv5 CNN Maps  Normalized Summed CNN maps

Filtered Edge Images

sliding window

Structured
Edge
detector

Waris, Neurocomputing, 2017.
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Object(s) Recognition &
Localization
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50
Person Car Bicycle & Bus Detection

EST. 195—

Gabbouj/ 12/14/2018
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Real-Time Motor Fault 20
Detection by 1-D Convolutional
Neural Networks

Real-time Motor Condition Monitoring
Offline Training

1D CNN
Q Back-Propagation Q

-------------
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Kiranyaz, IEEE Transaction on Industrial Electronics, 2016.
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Real-time Motor Fault Detection by 1D CNN
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240 msec to detect and classify faults from a 2-sec signal sampled at 12.8kHz
(5min for training)

Kiranyaz, IEEE Transaction on Industrial Electronics, 2016.
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Real-Time Patient-Specific ECG
Classification by 1D CNN
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Kiranyaz, IEEE Transactions on Biomedical Engineering, 2015.
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Real-Time Patient-Specific ECG
Classification by 1D CNN

Table 11: VEB and SVEB classification performance of the proposed method and comparison with the four major
algorithms from the literature. Best results are highlighted.

Methods yED 2328
Acc Sen Spe Ppr Acc Sen Spe Ppr
Hu et al. [10] ! 948 789 968 758 N/A N/A N/A NA
Jiang and Kong [15] ! 988 943 94 958 975 749 988 788
Ince et al. [16] ! S 903 988 922  96.1 818 985 634
Proposed ! 98.9 95.9 99.4 96.2 96.4 68.8 99.5 79.2
Jiang and Kong [15] 2 981 8.6 993 933 966 506 988 679
Ince et al. [16] 2 976 834  98.1 874  96.1 62.1 98.5 56.7
Proposed 2 98.6 95 98.1 89.5 964 64.6 986 62.1
Ince et al. [16] 3 98.3 846 987 874 974 635 990 53.7
Proposed 3 99 939 989 906 976 603 99.2 635

IThe comparison results are based on 11 common recordings for VEB detection and 14 common recordings
for SVEB detection.

2The VEB and SVEB detection results are compared for 24 common testing records only.
3The VEB and SVEB detection results of the proposed system for all training and testing records.

Kiranyaz, IEEE Transactions on Biomedical Engineering, 2016.
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SCIENTIFIC REPQRTS

OFEN Personalized Monitoring and
Advance Warning System for
“Cardiac Arrhythmias

ed: 30 December 2016 - Serkan Kiranyaz(?, Turker Ince? & Moncef Gabbouj?

Kiranyaz, Scientific Reports, 2017. (Springer Nature)

Common Causes of Heart Arrhythmia

e Congenital heart
Healthy Ak Unhealthy

Coronary artery
disease

High blood pressure
Diabetes

Smoking

Excessive use of
alcohol or caffeine

e Drugabuse :
% StrﬁgncefGabeJj




a Common Causes of Heart Arrhythmia c g
Personalized Training
Person-Y
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a) Modelling common causes of cardiac arrhythmia in the signal domain.

b) Symbolic illustration of an abnormal S beat synthesis for Person-Y using the
degrading system designed from the ECG data of several Patient(s)-X.

c) Illustration of the overall system, where a dedicated CNN is trained by
Backpropagation over the training dataset created for Person-Y (top). Once the 1D
CNN is trained, it can then be used as a continuous cardiac health monitoring and
advance warning system (bottom) for Person-Y.
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Results

» Sen =82.51%, Spe = 99.55%, Ppr = 95.55%, Acc = 97.75% and FAR = 0.45%,

Ground Truth

N S v F Q
N 564118 1443 7447 2721 60
S 1362 12913 9752 447 17

Real

Vv 856 217 28145 210 20
F 224 16 1254 22
Q 120 11 2032 0

Table 1. Cumulated CM for the test dataset over 10 runs.

Ground Truth
N A
Real N 564118 11671
A 2562 55059

Table 2. 2 x 2 confusion matrix deducted from the CM in Table 1.
» 34 patient with 63,341 ECG beats were used in the evaluation.

* Average probability of missing the first abnormal beat is 0.174

* The average probability of missing three consecutive abnormal beats is around 0.0053.

» Therefore, detecting one or more abnormal beat(s) among the first three occurrences is highly probable (>99.4%)

ﬁ- TAMPEREEN TEKNILLINEN YLIOPISTO

Moncef Gabbouj
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We proposed a Progressive Operational
Feedforward Neural network learning
approach

K =Bl ! (W) Data-dr%ven network’s architecture |
Lyl = () » Data-driven network’s parameters tuning
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N UNIVERSITET

Tensor-based CNN f
» Employing multilinet
» Lower number of ne
» Faster classification
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Classification Error (%) on CIFAR-10

Alexandros losifidis 28.11.2018

Efficient CNN Design (Deep Learning)

015

. LRZE CHNN
6 .1 - MLconv
LR
LR ZEi MLconv-i
‘ Y LR-i
85 - MLoonwvl
., LRS3
+ : LR: Low-Rank Regression, Tai arXiv 4
MLcorv Li
8.0 4 . LR10&
*MLEI}H‘JEi
MLconvz2 | NN
7.5 - * LRE 3i MLconvai .
' MLcorvd . MLconve
7.0 * LR 106 * MLconvii
0.2 0.4 0.6 0.8 1.0 1.z 1.4

Number of parameters (10e6)

D.T. Thanh, A. Iosifidis and M. Gabbouj, “Improving Efficiency in Convolutional Neural Network with Multilinear
Filters”, Neural Networks, 2018 (arXiv 2017)
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Long- and Short-memory Neural Bo
W @ovaves (T i

J ) (144 values)
Trading I B .
Decision ra =
[ Temporal BoF
Trader <= + Classif L-.
Mid-price !\_ __] T-BoF {
Forecast Histogram
{up/down/stay (32 values)
Temporal-aware NN provebiites : )

BoF model Tor time-series Fig. 1: Pipeline of the proposed financial forecasting model
data analvsis

Short-Term BoF Block

e
RBF Layer  Accumulation Layer

Time-series

M

Feature

Extractor Long-Term BoF Block

2
RBF Layer  Accumulation Layer

N. Passalis, A. Tefas, J. Kanniainen, M. Gabbouj and A. losifidis, “Temporal Bag-of-Features learning for Predicting
Mid Price Movements using High Frequency Limit Order Book Data”, IEEE Transactions on Emerging Topics in
Computational Intelligence, 2019
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Attention in Multi
(AMLN)

AMLN architecture incorporates

Movement: decrease Mowvement: stationary Movement: increase
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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
A(TABL) in Setup2, horizon H = 10

D.T. Tran, A. losifidis, J. Kanniainen and M. Gabbouj, “Temporal Attention augmented Bilinear Network for Financial
Time-Series Data Analysis”, IEEE Transactions on Neural Networks and Learning Systems, 2019
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Gao, IEEE Transactions on Cybernetics, 2018.
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IEEE NER 2015 BCI CHALLENGE 2015: (3¢ PLACE)

OBJECTIVE:

++P300-Speller is a well-known brain-computer interface paradigm and has great potential to help individuals with neuromuscular
disabilities to communicate. The goal of this challenge was to detect errors during the spelling task by analyzing the subjects’ EEG
recording.

METHODOLOGY:

“+The BCI challenge@NER2015 dataset is used.

%56 EEG channels are used.

++13 different features of approximation coefficients of Daubechies 4 wavelets in 5-level decomposition are extracted (base-level features).
“+The base-level features are classified by 56 different linear discriminant analysis (LDA) classifiers (for each channel) to obtain the meta-
level features which are the posterior probabilities (of the LDA classifiers).

s»For classification of (56-dimention) feature vectors a feedforward neural network with two hidden layers; 15 neurons in the first and 7
neurons in the second hidden layer is used.

lreeder — 7* Neural -
R ES U LTS -~ IEEé Engineering
«*The area under the ROC curve of 0.78 BCIl Challenge @ NER 2015

was achieved for the proposed approach
(this was 0.69 in the private leaderboard).

The Third Prize is awarded to

Ali BAHRAMI RAD, Morteza ZABIHI,
A. K. KATSAGGELOS, S. KIRANYAZ, and M. GABBOUJ

EEG Acquisition Visual Stimuli

e
e ?‘W-‘\:\ i -

Pre-processing April 22, 2015 Montpellier, France
Feature Extraction Classification
: cH2 LDAZ Institute for
Toon C:':3 LDA3 Engineering in Medicine
LDA4 Neural
P v S Network ~~" Output UNIVERSITY OF MINNESOTA

CH56 — Y Driven to Discover
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PHYSIONET CHALLENGE 2016: (21 PLACE AMONG 48 TEAMS)
OBJECTIVE:

*sHeart sound has a great potential to be used as a diagnostic test in ambulatory monitoring.
The goal was to detect heart anomalies by analyzing the subject's heart sound waves.
METHODOLOGY:

“*The Physionet challenge 2016 PCG dataset is used.

+»+18 features is selected among 40 features from time, frequency, time-frequency domains.

“*Wrapper-based feature selection scheme using sequential forward selection search
algorithm is used for feature selection.

20 ANN were used with two hidden layers in each, and 25 hidden neurons at each layer.

v Class 0
i Bad Normal Class -1

OGS [l s ) Good/Bad Quality | Normal/Abnormal | s

PCG Signal Feature Extraction | . Classifier . Classifier s Class 1
) IGood Abnormal
RESULTS:

Train Evaluation Metrics _ Challenge 2016:
Dataset Classification of Normal/Abnormal
10 f |d Heart Sound Recordings

-10
Cross- Sen (%) Spe (%) Score (%) 4‘_,1;:.1,‘;2.»1;;{;; 2 (.;nr/:‘r.u’/z_fjrA‘:w.’/‘;‘vwmf\‘(':.
Va"dation 1 DEPELIO) 2s2edin, VRCFUL, PESErIt 1
Ave. 942 888 915 e it
E o o and Aggelos K. Karsaggelos

Train Evaluation Metrics .
Dataset
10-f0|d this cortiftcate of mierit for pearticipation
cross- | Sen (%) Spe (%) Score (%) s datcis o e 7 sl

. . C u/u/v.‘ g i Carr Ve 18l N Cinrlier,
validation -

Ave. 94.2 88.8 915

-a TAMPEREEN TEKNILLINEN YLIOPISTO



PHYSIONET CHALLENGE 2017: (1st PLACE AMONG 75 TEAMS)

OBJECTIVE:

“*The goal of this challenge was to detect Atrial Fibrillation (AF) rhythm using hand-held ECG
monitoring devices, in addition to three other classes: normal or sinus rhythm, other rhythms, and too

noisy to analyze.

METHODOLOGY:

¢+ The Physionet challenge 2017 ECG dataset is used.

%491 hand-crafted multi-domain features are extracted. | icicow
150 features are selected using random forest.
**Hybrid classification (base-level + meta-level) learning

RESULTS:

F1n (Normal)

Flo (Other)

F1(Total)

90.49

75.64

81.85

83

Classification Strategy

________________________________

S0% Training data

Feature Extraction Labels

COMPUTING
IN Ml
CARDIOLOGY ™

Challenge 2017:
AF Classification from a short
single lead ECG recording

Computing in Cardiology and PhysioNet,
in vecognition of ontstanding achievement, present to

Morteza Zabihi, Ali Bahrami Rad,
Aggelos K. Katsaggelos, Serkan Kiranyaz,
Susanna Narkilahti, and Moncef Gabbouj

tied for
First Place

this certificate of merit for participation
with distinction in the 18th annual
Computing in Cardiology/PhysioNet Challenge

Renies, Frace  September 27, 2017
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* Publication Access
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* 90% funds dedicated to research
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Recent books in the field

P —
@ CRC Press
A y Taylor & Francis Group

Multidimensional Particle

Swarm Optimization for
Machine Learning and
Pattern Recognition

Nnnlmear Illgllal
Filtgring..» Python

INTRODUCTION
Runalrl K. Pearson e Moncef Gahhou

é\

TAMPERE UNIVERSITY OF TECHNOLOGY
Department of Automation Science and

Engineering Moncef Ccabhhoi i
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» Novel methods and algorithms for artificial intelligence deeply
rooted in signal processing and pattern recognition,

» New machine learning techniques developed based on the
specific properties of the problems at hand,

» Data-to-Decision Research Community in TUT gathered a
critical mass to make sizeable contributions to the field of Al,

Moncef Gabbou; 14.12.2018







