University of Brasilia — FGA/UnB
Biomedical Engineering Graduate Program

ELECTROMYOGRAPHIC
SIGNAL PROCESSING USING
MACHINE LEARNING AND ENTROPY

Luiz JosE LucAs BARBOSA

Advisor: Dr. ADSON FERREIRA DA Rocua (FT/UNB)

Gs @



UNIVERSITY OF BRASILIA — FGA /UNB

s
Programa de
Pds-Graduacao em

ENGENHARIA BIOMEDICA

ELECTROMYOGRAPHIC
SIGNAL PROCESSING USING

MACHINE LEARNING AND ENTROPY

Luiz JosE LucAs BARBOSA

ADVISOR: ADSON FERREIRA DA RocHA (FT/UNB)

MASTER DEGREE THESIS ON
BIOMEDICAL ENGINEERING

PuBLicaTION: 133A /2020

BrasiLiA/DF, NOVEMBER 2020

i









Suppose that we were asked to arrange the following in two categories — distance, mass,
electric force, entropy, beauty, melody. I think there are the strongest grounds for
placing entropy alongside beauty and melody, and not with the first three.
Eddington A, The Nature of the Physical World, 1928
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Ao fornecer informagoes a priori para classificacdo de sinais interativamente, o nimero
de classes possiveis para classificacao de sinais diminui bastante. Criar etapas de validacao

menos complexas também aumentou a precisao, permitindo a reducao do tamanho da janela.

As técnicas apresentadas aqui apenas arranham a superficie das aplicacoes em que a
entropia de formagoes pode e deve ser usada. A ideia principal é que uma sequéncia de redes
simples cuja descricao precise de um pequeno nimero de bits e tenha maior probabilidade
de fazer generalizagoes corretas do que uma rede mais complexa, porque presumivelmente
extraiu a esséncia dos dados e removeu a redundancia. Portanto, fornecer ferramentas que

simplifiquem ou fornecam informacoes de dados é muito importante.

Infelizmente, a coleta de dados do sinal EMG pode ser estressante para o paciente.
Portanto, ¢ muito dificil obter grandes bancos de dados de sinais biol6gicos. Por esse motivo,
este estudo foi realizado usando apenas um banco de dados, fornecido junto com a plataforma
BioPatRec. Além disso, o banco de dados utilizado possui poucas repeticoes de movimento,

o que dificulta o treinamento com algoritmos de aprendizado de maquina.
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3xCEPS First Three Cepstral Coefficients

AR Autoregressive Model

ASM Absolute value of the Summation of the expth root
ASS Absolute value of the Summation of the Square root
DWT Discrete Wavelet Transform

IBGE Instituto Brasileiro de Geografia e Estatistica
EMG Electromyography

ER Entropy Representation

GMM Gaussian Misture Model

HCA Hierarchical Agglomerative Clustering

KNN K Nearest Neighbors

LDA Linear Discriminant Analysis

LSTM Long Short Time Memory

MAV Mean Absolute Value

MICI Maximal Information Compression Index

MLP Multi-Layer Perceptron

MSR Absolute value of the Summation of the The Mean
NCA Neighborhood Components Analysis

PCA Principal Component Analisys

PDF Probability Density Function

RMS Root Mean Square

sEMG Superfice Electromyography

SM Spectral Moment

SE Sample Entropy
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SSC Signal Slope Change

UFS Unsupervised Feature Selection
VAE Variational Autoencoder
WFL Waveform Length

WL Wave Length

WNN Wavelet Neuro Network

ZC Zero Crossing
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as possible.

The objective is to use methods of extracting characteristics and classification of
patterns in electromyographic signals, as well as adaptive training for the recognition of
hand movements with varying degrees of freedom, thus increasing the comfort of the user
and giving naturalness to movement. Through these methods, a significant improvement

was achieved in the pattern recognition process.
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Figure 2.3. The basic six classes of movement, the 27 classes are formed by the
linear combination of these six classes. 1 - Open Hand. 2 - Close Hand. 3 - Flex
Hand. 4 - Extend Hand. 5 - Hand Pronation. 6 - Hand Supination
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