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Electromyography
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EMG Signal Decomposition

• = actual firing

• = detected firing

Signal from MU 0:

Signal from MU 1:

EMG signal:
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Estimation Theory
Optimal estimators

• Block MAP (Maximum a posteriori)

x̂ = argmax
x

p(x|y) = argmax
x

p(x,y)

• Symbol MAP

x̂k = argmaxxk
p(xk|y) = argmaxxk

p(xk,y) = argmaxxk

∑

∼xk

p(x,y)

Key observations

• Summationandmaximizationare the involved operations.

• The probability functionp(x,y) factorizesin most practical systems . . .

• ... which leads to moreefficientcomputations.

• Despite this fact,optimalestimators are ofteninfeasible. . .

• ... and hence one typically resorts toapproximations.
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Our methodology

Our approach rests ontwo pillars

1. A graphical representation ofp(x,y), a so-calledfactor graph.

2. An algorithm (sum-product algorithm) that computesmarginalsp(xk)

and operates on a factor graph that represents the system at hand.

Within this framework

• thefactorizationof p(x,y) is intensively exploited and, as a

consequence, marginalsp(xk) are computedefficiently.

• approximationscan be designed in asystematicfashion.
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Motivation

• Many algorithms incoding, signal processing, andmachine learning
may be viewed as instances of the sum-product algorithm.
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• Many algorithms incoding, signal processing, andmachine learning
may be viewed as instances of the sum-product algorithm.

• Specific instances of such algorithms includeKalman filteringand
smoothing, theforward-backward algorithm for hidden Markov
models, Viterbi algorithm, probability propagation in Bayesian
networks, decoding algorithms for error correcting codes(in
particular iterative decoding of turbo codes and low-density parity
check codes), . . .

• Applications at ISI: Decomposition of EMG signals, signal
processing for hearing aids, synchronization in digital
communications, decoding, estimation/detection with analog circuits,
computation of capacities of communication channels, smartfire
detection, body-state estimation, seismosomnography, . . .

• Factor graphs and message-passing algorithm have been proven tobe
very powerful indecodingandsignal processing.
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Overview

• Factor graphs
• Sum-product algorithm
• Application: decomposition of EMG-signals
• Conclusions
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Factor Graphs (FGs)

• Factor graphsrepresent the factorization of a function.
• Example

f(x1, x2, x3, x4, x5) = fA(x1, x2, x3)fB(x3, x4, x5)fC(x4).
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Factor Graphs (FGs)

• Factor graphsrepresent the factorization of a function.
• Example

f(x1, x2, x3, x4, x5) = fA(x1, x2, x3)fB(x3, x4, x5)fC(x4).

• x1, x2, x3, x4, andx5 are thevariables.
• f is called theglobal function.
• fA, fB, andfC are calledlocal functions.
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Factor Graphs (FGs)

• Factor graphsrepresent the factorization of a function.
• Example

f(x1, x2, x3, x4, x5) = fA(x1, x2, x3)fB(x3, x4, x5)fC(x4).

x1
fA

x2

x3
fB

x5

x4

fC

• Rulesfor drawing a factor graph
• A nodefor everyfactor
• An edgefor everyvariable
• Nodeg is connected to edgex iff variablex appears in factorg
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Equality constraint node

f=(x, y, z) ,

{

1, if x = y = z

0, else

= δ[x − y] · δ[x − z]

X
=

Z

Y
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Block Diagrams and Factor Graphs

U g X
h

Z

W Y

• Block diagram: X = g(U, W ), Z = h(X, Y )
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Block Diagrams and Factor Graphs

U g X
h

Z

W Y

U X Z

W Y

fG fH

• Block diagram: X = g(U, W ), Z = h(X, Y )

• Factor graph: fG = δ(x − g(u, w)), fH = δ(z − h(x, y))

• Global functionf(u, w, x, y, z) = δ(x − g(u, w)) · δ(z − h(x, y))

• f 6= 0 (configurationvalid) iff the configuration isconsistentwith the
functionsg andh of the block diagram.
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Joint Probability Distribution

• Factor graphs are used mostly to representprobabilistic models.
• Given is ajoint probability distribution

pXY (x, y)

of the two discrete random variablesX andY .

X
pXY

Y
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Factorization of Joint Probability Distribution

• Chain rule
pXY (x, y) = pX(x)pY |X(y|x)

• Factor graph

pX

X
pY |X

Y
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Independent Random Variables

• If the two random variablesX andY areindependent, then
pY |X(y|x) = pY (y) and we get the factorization

pXY (x, y) = pX(x)pY (y).

• Factor graph

pX

X
pY

Y

• If two components areunconnected, then every random variable of
one component isindependentof every random variable in the other
component.
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Markov Chain

• Markov chainof the form

pXY Z(x, y, z) = pX(x) · pY |X(y|x) · pZ|Y (z|y)

• Factor graph

pX

X
pY |X

Y
pZ|Y

Z
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Summary: Factor Graphs

• Factor graphs
• Equal node
• Block diagrams and factor graphs
• Probabilistic models represented by factor graph
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Overview

• Factor graphs
• Sum-product algorithm
• Application: decomposition of EMG-signals
• Conclusions
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Introduction (4)

Our approach rests on two pillars

1. A graphical representation ofp(x,y), a so-called factor graph.

2. An algorithm (sum-product algorithm) that computesmarginalsp(xk)

and operates on a factor graph that represents the system at hand.

Within this framework

• the factorization ofp(x,y) is intensively exploited and, as a

consequence, marginalsp(xk) are computed efficiently.

• approximations can be designed in a systematic fashion.
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Computing marginals

• Given: Discrete probability mass function

f(x1, ..., x8) =
(
f1(x1)f2(x2)f3(x1, x2, x3, x4)

)
·

(

f4(x4, x5, x6)f5(x5)
(
f6(x6, x7, x8)f7(x7)

))

• Wanted: Marginal probability

p(x4) =
∑

x1,x2,x3,x5,x6,x7,x8

f(x1, ..., x8)

• This factorization can be represented by afactor graph.

18/39



Elimination of Variables

f(x1, ..., x8) =
(
f1(x1)f2(x2)f3(x1, x2, x3, x4)

)
·

(

f4(x4, x5, x6)f5(x5)
(
f6(x6, x7, x8)f7(x7)

))
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Elimination of Variables
p(x4) =




∑

x1

∑

x2

∑

x3

f3(x1, x2, x3, x4)f1(x1)f2(x2)





︸ ︷︷ ︸

µf3→x4

·











∑

x5

∑

x6

f4(x4, x5, x6)f5(x5)




∑

x7

∑

x8

f6(x6, x7, x8)f7(x7)





︸ ︷︷ ︸

µf6→x6











︸ ︷︷ ︸

µf4→x4
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Sum-product Algorithm
Sum-product update rule

X1

XN
Y

µX1→h(x1)

µXN→h(xN )

µh→Y (y)

h
...

µh→Y (y) =
∑

x1,...,xN

h(x1, . . . , xN , y)µX1→h(x1) . . . µXN→h(xN ).

Computing marginals

X

µf→X(x) µg→X(x)

f g

p(X) = γµf→X(x)µg→X(x)
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Sum-product Algorithm: Equal Node

f=(x1, x2, y) , δ[x1 − x2] · δ[x1 − y]

X1
=

Y

µ1 µout

µ2 X2

For binary variablesX1, X2, andY we get:

µout(y) =
∑

x1

∑

x2

δ[x1 − x2]δ[x1 − y]µ1(x1)µ2(x2)

= µ1(y)µ2(y)

µout(0) = µ1(0)µ2(0)

µout(1) = µ1(1)µ2(1)
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Sum-product Algorithm
• Factor graphwithout loops

• The sum-product algorithm computes all marginalssimultaneously
andexactly.

• Factor graphwith loops
• The sum-product rule can be applied repeatedly:iterative

algorithm.
• The iterative algorithm mightnot converge.

• Then another factor graph (factorization) can be tried.
• There are several factor graph design choices.

• The algorithm computes only anapproximationof the marginals
p(xk).

• This approximation is often (but not always!) good enough.
• In some very demanding applications the performance is nearly

optimal.
• The algorithm issuboptimal- but it can handle very large systems.
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Intermediate Summary

• A factor graph is a graphical representation of a mathematical model.
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Intermediate Summary

• A factor graph is a graphical representation of a mathematical model.
• The sum-product algorithm

• runs on a factor graph and calculates messages that are sent along
the edges of the graph and

• is suboptimal on graphs with cycles.
• However, iterative algorithms on graphs with cycles have been proven

to be very powerful.
• Applications of iterative algorithms on graphs are, e.g.,

• Decoding of error correcting codes,
• Signal processing.
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Overview

• Factor graphs
• Sum-product algorithm
• Application: decomposition of EMG-signals
• Conclusions
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EMG Signal Decomposition

• = actual firing

• = detected firing

Signal from MU 0:

Signal from MU 1:

EMG signal:
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Lab History and Objective

• Our lab: 8 PhD students in the field of EMG since1975

• 1992: Richard Gut (Prof. Moschytz)

• 2000: Peter Wellig (Prof. Moschytz)

• 200?: Volker Koch (Prof. Loeliger)

• Decomposition algorithm based on a
• message-passing algorithm (belief propagation) in a
• graphical model (factor graph)

• Preliminary result: decomposition of more than 8 overlapping MUAPs

• Information on the web
• Volker’s Webpage:http://www.volker-koch.de/
• EMG forum:http://www.emg.ethz.ch
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Block Diagram → Factor Graph

T0:

T1:

Y0:

Block Diagram

?

X0

FIR

T0

-

?

X1

FIR

T1

�j

?-W0 j

?Y0
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Block Diagram → Factor Graph

Block Diagram Factor Graph

?

X0

FIR

T0

-

?

X1

FIR

T1

�j

?-W0 j

?Y0

. . .

X0,k
S0,k S0,k+1

C

X1,k

S1,k S1,k+1

C

+

N
W0,k +

Y0,k

. . .

Y0,k =

1∑

i=0

M∑

ℓ=0

Xi,k−ℓ · hi,0,ℓ + W0,k Y0 → X0, X1 ?
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Estimating Motor Unit Firing Times

. . .

X0,k

S0,k S0,k+1

C

X1,k

S1,k S1,k+1

C

+

N
W0,k

+

Y0,k

. . .
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Estimating Motor Unit Firing Times

. . .

X0,k
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Factor Graph for Two Channels

. . .

X0,k

S0,k S0,k+1
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C

X1,k

S1,k S1,k+1

=

C

+

N
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C C

+
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+

Y1,k

. . .
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Preliminary Results

• Simulated signals
• Decomposition of superpositions of more than 8 overlappingMUAPs

• Measured signals
• First tests done

• Changing MUAP shapes in simulated long-term recordings
• First tests done

• MUAP shapes
• Need to be given to our algorithm

• Noise model
• AWGN, tried others
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Results: 1 Simulated Signal, 6 MU

• = actual firing

• = detected firing
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Results: 3000 Simulated Signals, 6 MU

σnoise Number of completely correct decomposed signals

/ total number of signals

0 899/1000

5 836/1000

10 720/1000
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Results: 1 Simulated Signal, 8 MU
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Results: 1 Measured Signal, 9 MU

Thanks to Kevin McGill for providing the EMG signal!
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Overview

• Factor graphs
• Sum-product algorithm
• Application: decomposition of EMG-signals
• Conclusions

37/39



Conclusions

• EMG signal decomposition algorithm

• Based on belief propagation in a graph

• Aim: Resolving difficult superpositions without much a-priori
information
• e.g., no firing statistics

• e.g., dynamic contractions

• e.g., doublets
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