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Presentation outline
• Introduction to motor unit (MU) identification: spatiotemporal 

properties of MU electrical activity

• Spatial, temporal and MU filters

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

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

• Banks of MU filters and their efficiency in different types of 
contractions: isometric, dynamic and elicited contractions
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1997

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 
seductive muse because 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
consequently too easy to 
abuse. 

1997
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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, 

García 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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𝐱(𝑛) = 𝐇 ǉ𝐬(𝑛)

Convolutive EMG model: matrix form

• Matrix of convolution kernels (MUAPs):

• Extended vector of pulse sources:

 
 
 =
 
 
 

H

...

...

...

MU 1 MU 2

ǉ𝐬 𝑛 = 𝑇

MU 1 MU 2

...

Measurement 1

Measurement  2

...

Measurement M

A. Holobar,  D. Zazula:  Convolution Kernel 
Compensation, IEEE Trans. Signal Proc., 2007
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Convolution Kernel Compensation (CKC)

𝐱(𝑛) = 𝐇 ǉ𝐬(𝑛)

𝐂𝐱 = 𝐇𝐂 ǉ𝐬𝐇
𝑇

= 𝐜 ǉ𝐬𝑖, ǉ𝐬
𝑇 𝐇𝑇𝐇−𝑇𝐂 ǉ𝐬

−1𝐇−1𝐇 ǉ𝐬 𝑛

෡ǉ𝑠𝑖 𝑛 = 𝐜 ǉ𝐬𝑖,𝐱
𝑇 𝐂𝐱

−1𝐱 𝑛

= ǉ𝑠𝑖 𝑛

A. Holobar,  D. Zazula:  Convolution Kernel 
Compensation, IEEE Trans. Signal Proc., 2007

HDEMG model:

HDEMG correlation matrix:

MU filter:

MU spike train estimation:

𝐜 ǉ𝐬𝑖,𝐱
𝑇 𝐂𝐱

−1
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MU filter
a spatiotemporal filter 



iterative MU filter

estimation 
estimated MU pulse train t(n)

MU 1

MU 2

MU n

…

high-density surface EMG  Y(n)surface 

electrodes

m
u

sc
le 25 ms
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MU filter

A. Holobar,  D. Zazula:  Convolution Kernel 
Compensation, IEEE Trans. Signal Proc., 2007

Identification of MU spike trains



2011      

Cumulative spike train
Negro & Farina 2011

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, 

García et al. 2004-2005, 

Djuwari et al. 2006

2003

Convolutive EMG mixing 

model (CKC, BSS) 
Holobar & Zazula 2003, 

2004, 2007

2006

Template matching &  

surface EMG 

decomposition 
De Luca et al. 2006

Surface EMG decomposition timeline & evolution of MU filters
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MUs & Cumulative Spike Train (CTS) 

Negro & Farina, JP 2011, Holobar & Farina: Physiological Measurement, 2014

CST



Inputs sampled by single neurons vs. population

Negro et al. J Physiol 2009; Farina et al., J Physiol 2014; 

Farina & Negro, Exerc Sports Sci Rev 2015courtesy of Prof. D. Farina, Imperial College London



20112011-2012

Cumulative spike train
Negro & Farina 2011

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, 

García et al. 2004-2005, 

Djuwari et al. 2006

2003

Convolutive EMG mixing 

model (CKC, BSS) 
Holobar & Zazula 2003, 

2004, 2007

2006

Template matching &  

surface EMG 

decomposition 
De Luca et al. 2006

Surface EMG decomposition timeline & evolution of MU filters
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High MU synchronization: 

pathological tremor
Holobar et al. 2012
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2013

Realtime 

Convolutive EMG  

decomposition 

(CKC, BSS) 
Glaser et al. 2013

2011-2012

Cumulative spike train
Negro & Farina 2011

High MU synchronization: 

pathological tremor
Holobar et al. 2012

2006

Template matching &  

surface EMG 

decomposition 
De Luca et al. 2006
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Electromyography is  a 

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

García et al. 2004-2005, 

Djuwari et al. 2006

2003

Convolutive EMG mixing 

model (CKC, BSS) 
Holobar & Zazula 2003, 
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Surface EMG decomposition timeline & evolution of MU filters





2014

MU identification 

accuracy (Pulse-to-

Noise Ratio – PNR)
Holobar et al. 2014

Surface EMG decomposition timeline & evolution of MU filters
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Residual after subtraction of MUAP trains
(Identified MUs account for 31 % - 57 % of signal energy)
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6 6.1 6.2 6.3 6.4 6.5 6.6 6.7 6.8 6.9 7
0

0.5
1

time (s)

Iteration = 21, PNR = 17 dB

Pulse-to-Noise Ratio (PNR)

0

0.5

1

Iteration = 1, PNR = 6.9 dB

Pulse-to-Noise Ratio PNR MU discharge

discharge

no discharge

Pulse-to-Noise Ratio (PNR):
• applied to EVERY identified motor unit
• no additional experimental costs
• reliable indicator of accuracy of motor unit identification 

Holobar, Minetto & Farina. JNE 2014

A. Holobar, D. Zazula: IEEE TSP 2007

… … …
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Experimental surface & intramuscular EMG
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MU merging: low CoVISI is not enough
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2014

MU identification 

accuracy (Pulse-to-

Noise Ratio – PNR)
Holobar et al. 2014

2015

fastICA framework
Maoqi et al.  2015

2015

Dynamic surface EMG 

– template matching 
De Luca et al. 2015

2016

High-density intramuscular 

EMG decomposition (BSS) 
Negro et al. 2016

2017

Dynamic surface EMG 

– convolutive BSS
Glaser et al. 2017

Surface EMG decomposition timeline & evolution of MU filters
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Shortening of Biceps Brachii

#ISEKtutorials
V. Glaser & A. Holobar, 2018
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V. Glaser & A. Holobar, 2018
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MUAP shape prediction on each HDEMG channel

0.5 mV

Kramberger & Holobar, IEEE Access 2021

1 2
3

We can predict the change of 
MUAP based on already 
identified changes.

We can integrate this prediction 
into MU filter estimation 
(Kalman filter based prediction 
of MU filters).
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MU tracking (in dynamic 
and/or fatiguing 
contractions)
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Kalman - Kramberger & Holobar, IEEE Access 2021

csCKC - Glaser & Holobar, IEEE TNSRE 2019



2014

MU identification 

accuracy (Pulse-to-

Noise Ratio – PNR)
Holobar et al. 2014

2015

fastICA framework
Maoqi et al.  2015

Negro et al. 2016

2015

Dynamic surface EMG 

– template matching 
De Luca et al. 2015

2016

High-density intramuscular 

EMG decomposition (BSS) 
Negro et al. 2016

2017

Dynamic surface EMG 

– convolutive BSS
Glaser et al. 2017

Surface EMG decomposition timeline & evolution of MU filters

2018

Extension to Convolutive 

model of EEG
Holobar et al. 2018
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EMG to EEG filter transfer
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EMG to EEG filter transfer: pathological tremor
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2014

MU identification 

accuracy (Pulse-to-

Noise Ratio – PNR)
Holobar et al. 2014

2015

fastICA framework
Maoqi et al.  2015

Negro et al. 2016

2015

Dynamic surface EMG 

– template matching 
De Luca et al. 2015

2016

High-density intramuscular 

EMG decomposition (BSS) 
Negro et al. 2016

2017

Dynamic surface EMG 

– convolutive BSS
Glaser et al. 2017

Surface EMG decomposition timeline & evolution of MU filters

2018

Extension to Convolutive 

model of EEG
Holobar et al. 2018

2019

Rapid contractions
Del Vecchio et al. 

2019
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2020

MU identification in 

newborns
Del Vecchio et al. 2020

2020

Deep learning & 

surface EMG 

decomposition
Clarke et al.  2020

Urh et al. 2020

Surface EMG decomposition timeline & evolution of MU filters
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MU identification from HDEMG by deep NNs
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Clarke et al.  2020, Urh et al. 2020, Holobar & Farina: IEEE Sig. Proc. Magazine, 2021
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2020

MU identification in 

newborns
Del Vecchio et al. 2020

2020

Deep learning & 

surface EMG 

decomposition
Clarke et al.  2020

Urh et al. 2020

2021

Motor neuron 

synergies
Tanzarella et al. 2021

Hug et al. 2021

Avrillon et al. 2023

Surface EMG decomposition timeline & evolution of MU filters
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2020

MU identification in 

newborns
Del Vecchio et al. 2020

2020

Deep learning & 

surface EMG 

decomposition
Clarke et al.  2020

Urh et al. 2020

2021

Motor neuron 

synergies
Tanzarella et al. 2021

Hug et al. 2021

Avrillon et al. 2023

2021

Banks of MU filters & 

MU filter transfer
Francic et al. 2021

Surface EMG decomposition timeline & evolution of MU filters

#ISEKtutorials



1.0 mV 

5 10 15 20 0 5 10 15 20

time (s)

0

5

10

15

20

25

M
U

 f
ir

in
g
 r

a
te

 (
H

z
)

1 

3 

5 

7 

9 

11

13

15

17

s
E

M
G

40% MVC

70% MVC

MU filter estimation MU filter application

fo
rc

e
M

U
s

…

…  0% MVC

…  

Francic et al. 2021, Holobar & Farina: IEEE SPM 2021

MU filter reused – pairwise comparisons



Frančič & Holobar, IEEE Access 2021

No. of tracked MUs
Synthetic HDsEMG, SNR = 20 dB

EXAMPLE 1:     
MU tracking 
across different 
contraction levels



Frančič & Holobar, IEEE Access 2021

No. of tracked MUs
First Dorsal Interosseous (FDI) 

EXAMPLE 2:     
MU tracking 
across different 
contraction levels



Frančič & Holobar, IEEE Access 2021

No. of tracked MUs
Tibialis Anterior (TA)

EXAMPLE 3:     
MU tracking 
across different 
contraction levels



EXAMPLE 4:     
MU tracking 
across different 
contraction levels

Frančič & Holobar, IEEE Access 2021

No. of tracked MUs
Biceps Brachi (BB)



2020

MU identification in 

newborns
Del Vecchio et al. 2020

2020

Deep learning & 

surface EMG 

decomposition
Clarke et al.  2020

Urh et al. 2020

2021

Motor neuron 

synergies
Tanzarella et al. 2021

Hug et al. 2021

Avrillon et al. 2023

2021

Banks of MU filters & 

MU filter transfer
Francic et al. 2021

2022

Fully automatic high-

density intramuscular 

EMG decomposition
Muceli et al. 2022

Surface EMG decomposition timeline & evolution of MU filters

2022

Decomposition of 

elicited contractions: 
H reflexes: Kalc et al. 2022a

M waves: Kalc et al. 2022b

TMS: Škarabot et al. 2023
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