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Presentation outline
ÅIntroduction to motor unit (MU) identification: spatiotemporal 

properties of MU electrical activity

ÅSpatial, temporal and MU filters

ÅBlind source separation approach to MU identification: learning of 
MU filters and their application to HDEMG signals

ÅBanks of MU filters and their efficiency in different skeletal muscles: 
isometric conditions

ÅBanks of MU filters and their efficiency in different types of 
contractions: isometric, dynamic and elicited contractions
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Electromyography is  a 

seductive muse 
C.J. De Luca (Boston): 

Surface EMG decomposition timeline & evolution of MU filters
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Electromyography is  a 
seductivemusebecause it  
provides  easy  access  to  
physiological processes that  
cause  the  muscle  to  generate  
force, produce movement, and  
accomplish the countless 
functions  that  allow  us to  
interact  with  the  world  
around  us.

To its detriment, 
electromyography 
is too easy to use and
consequentlytoo easy to 
abuse. 
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Surface EMG mixing models: signal -based approach

Holobar & Farina, Physiol Measur 2014 #ISEKtutorials



1997

Electromyography is  a 

seductive muse 
C.J. De Luca (Boston): 

1999

Early attempts 
Xu et al. (Hong Kong)

Gazzoni et al.(Torino), 

Zazula et al. (Maribor), 

Blok et. al. (Nijmegen)

2001

Instantaneous EMG 

mixing model (BSS) 
Nakamura et al. 2001, 

Garc²a et al. 2004-2005, 

Djuwari et al. 2006

2003

Convolutive EMG mixing 

model (CKC, BSS) 
Holobar & Zazula 2003, 

2004, 2007

Surface EMG decomposition timeline & evolution of MU filters
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Surface EMG mixing models
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High-density EMG: convolutive model
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A. Holobar,  D. Zazula:  Convolution Kernel 
Compensation, IEEE Trans. Signal Proc.,2007
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ὀὲ ἒȇἻὲ

ConvolutiveEMGmodel: matrix form

ÅMatrix of convolution kernels (MUAPs):

ÅExtended vector of pulse sources:
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A. Holobar,  D. Zazula:  Convolution Kernel 
Compensation, IEEE Trans. Signal Proc.,2007
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Convolution Kernel Compensation (CKC)
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A. Holobar,  D. Zazula:  Convolution Kernel 
Compensation, IEEE Trans. Signal Proc.,2007

HDEMG model:

HDEMG correlation matrix:

MU filter:

MU spike train estimation:
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MU filter 2
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MU filter
a spatiotemporalfilter 


