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An ecg classifier designed using modified decision based neural networks *

1[Simon and Eswaran, 1997]
.. T



Biometria 0’ THE
DEVELOPER’S
CONFERENCE

QT

PQ | | ST
d

Ecg analysis: a new approach in human identification 2

2[Biel et al., 2001]
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Sistema biométrico baseado em sinais de ECG:
@ Pré-processamento de dados brutos

@ Extracdo de caracteristicas

® Caracteristicas fiduciais
® Caracteristicas ndo fiduciais
® Caracteristicas hibridas

@ Classificagdo
@ ldentificacdo
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Fonte: [Lin et al., 2007]
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A review on time series data mining 3

15

Amplitude
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Mineracido de dados em séries temporais

3[Fu, 2011]
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Pardmetros: tamanho do segmento = 5

4|Keogh et al., 2001]
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5[Pham et al., 2010]
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7[Fuad, 2012]
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8[Simon et al., 2013]
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9[Sun et al., 2012]
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Symbolic representations of time series applied to
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Abstract—One reason for rescarching new biometric ties  is i y removed to prevent a person from being
is to improve the capabilities of security systems against threats.  jdentif ed. With the increased use of Biometric Systems, these
Biometric modalites based on biomedical signals. in particular  indc of attacks are becoming more frequent and some serious

the electrocardiogram signal (ECG), have been widely adopted. 00 A > o
These can he renresented hv time series. However. in this questions are bEg‘""‘“g to be raised about this [ECh“OIOEY'
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Resultado obtido pelo Ensemble com BCPSO usando a base de dados PTB

Resultados do Ensemble por otimizagdo global

Repr. Tx. treino  Tx. teste EER Wilcoxon Parametro

EFD 99.1687 99.0839 69.1219 V -0.0002 A=110;pu=4,0=2%v =4;k=2
EFVD 98.0843 97.6312 779495 V-0.0002 A=103;pu=1l,a=62;v =8 k=2
ESAX 96.3916 92.8657 87.3971 V-0.0002 A=50;p=4a=46;v=9;k=21
EWD 99.8753 99.7502 93.8373 F-02247 A=1l4pu=4a=36v=1rk=1
SAXTD 99.0176 99.3060 88.7203 V-0.0003 A=125pu=4a=4T,v=2k=14
Ensemble  99.8866 99.8334 96.1969 - Representagdes acima

Resultados do Ensemble por otimizagdo individual

Repr. Tx. treino  Tx. teste EER Wilcoxon Parametro

EFD 99.7355 99.5558 440178 V-0.0004 AX=104pu=4,0=64,v=5Kk=2
EFVD 99.7280 99.7779 79.0321 V-0.0237 A=122;pu=4a=54v=5k=2
ESAX 99.5126 99.6761 82.4558 V -0.0006 A=123;u=4a=62;,v=5krk=1
EWD 99.9622 99.9260 95.4659 F-1.0000 A=125pu=4a=4v=1k=1
SAXTD 99.5126 99.6854 85.0097 V-0.0020 A=116pu=4a=57v=1rk=1
Ensemble  99.9358 99.9260 95.7065 - Representagcdes acima
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@ ldentificacdo (classificacdo)
@ FAR/FRR (biométrica)

@ Ensemble x Representacdes
@ Aplicacdes
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